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Introduction to Remote Sensing & GIS 
Nobin Chandra Paul, Ponnaganti Navyasree, K. Ravi Kumar, Prabhat Kumar and Santosha 

Rathod 

ICAR-National Institute of Abiotic Stress Management, Baramati, Pune-413115 

Email: ncp375@gmail.com 
 

1. Introduction 

Remote sensing involves collecting data or information about objects, regions, or phenomena from 

a distance, typically using satellites or aircraft, without direct physical contact. It relies on detecting 

and analyzing electromagnetic radiation that is reflected, emitted, or scattered from the Earth's 

surface or atmosphere. This method enables researchers and experts to study and monitor the 

Earth's features and atmospheric conditions across different spatial, spectral, and temporal 

dimensions, offering critical insights for a wide range of applications. 

2. Principles of Remote Sensing 

Remote sensing is based on the interaction between electromagnetic radiation (EMR) and various 

features on the Earth's surface. When radiation-typically from a natural source like the sun-strikes 

the Earth's surface, it may be reflected, absorbed, or transmitted depending on the material it 

encounters. Sensors on remote sensing platforms detect the reflected or emitted radiation, which 

is then analyzed to derive information about surface characteristics. 

Different surface features exhibit distinct spectral signatures due to their unique physical and 

chemical properties. For example, vegetation tends to reflect strongly in the near-infrared portion 

of the spectrum, while water bodies primarily absorb incoming radiation. By detecting these 

variations in reflectance or emission, remote sensing technologies can effectively differentiate 

among surface types such as vegetation, water, and bare land. 

Stages in Remote Sensing 

▪ Generation of electromagnetic radiation (EMR), either from a natural source like the sun or 

emitted by the object itself. 

▪ Propagation of this energy through the atmosphere, during which it may be absorbed or 

scattered by atmospheric particles. 
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▪ Interaction of the radiation with the Earth's surface, where it is reflected, absorbed, or re-

emitted based on the surface properties. 

▪ Travel of the reflected or emitted energy from the surface back through the atmosphere to the 

sensor. 

▪ Detection and recording of the energy by the remote sensing instrument. 

▪ Transmission of collected data to ground stations, followed by processing, interpretation, and 

analysis 

 

Figure 1. Remote sensing stages (source: https://sl.bing.net/emkyDb8t988) 

3. Types of Remote Sensing 

Remote sensing systems are typically categorized based on the origin of the energy used and 

the nature of the sensors employed. 

1. Passive Remote Sensing: These systems depend on natural energy sources, most 

commonly sunlight, to observe the Earth's surface. They detect the radiation that is either 

reflected or emitted by features on the ground. Because they rely on solar energy, passive 

systems are limited to daytime operations and can be influenced by atmospheric conditions 

like cloud cover. Well-known examples include satellite sensors on platforms such as 

Landsat and MODIS. 

https://sl.bing.net/emkyDb8t988
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2. Active Remote Sensing: In contrast, active systems generate their own source of energy 

to scan the target area. The emitted energy interacts with the Earth's surface, and the 

reflected signal is then captured by the sensor. This approach allows for data collection 

regardless of time of day or weather conditions. Radar and LiDAR are common examples 

of active remote sensing technologies. 

4. Electromagnetic Spectrum in Remote Sensing 

Remote sensing makes use of different parts of the electromagnetic spectrum (EMS) to gather data. 

The EMS ranges from gamma rays to radio waves, with each type of radiation having unique 

properties and interactions with Earth's surface. The most commonly used regions of the EMS in 

remote sensing are: 

• Visible Light: This is the portion of the spectrum that can be seen by the human eye, 

ranging from 0.4 to 0.7 micrometers (μm). 

• Infrared Radiation: The near-infrared (0.7-1.5 μm), mid-infrared (1.5-5 μm), and thermal 

infrared (5-15 μm) are used to detect heat and moisture levels in vegetation, soil, and water 

bodies. 

• Microwaves: These are used in radar systems to penetrate clouds and gather data on 

surface roughness, elevation, and moisture content, independent of weather conditions. 

Each of these regions provides different types of information about Earth's surface, making them 

useful for a variety of applications, including environmental monitoring, land use mapping, and 

agriculture. 
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Figure 2. Electromagnetic radiation spectrum with bands (source: https://sl.bing.net/bQc8kSJheqy) 

 

 

5. Platforms and Sensors 

Remote sensing platforms can be divided into two main categories: spaceborne and airborne. 

• Spaceborne Platforms: Satellites orbiting the Earth capture images and data from a wide 

area. They are equipped with sensors to measure reflected sunlight or emitted radiation 

across different parts of the electromagnetic spectrum. Examples include the Landsat, 

Sentinel, and WorldView satellites. 

• Airborne Platforms: These platforms, including aircraft and drones, are used for more 

localized or high-resolution remote sensing. Airborne sensors, such as those used for 

LiDAR or hyperspectral imaging, provide more detailed and targeted data over smaller 

areas than spaceborne systems. 

Sensors on both spaceborne and airborne platforms vary in terms of their spatial resolution (the 

level of detail in an image), spectral resolution (the ability to capture data across different parts of 

the EMS), and temporal resolution (how frequently the sensor revisits a given area). 

https://sl.bing.net/bQc8kSJheqy
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Figure 3: Platforms in remote sensing (source: https://sl.bing.net/jNwEQbw7wOq) 

6. Types of Resolution in Remote Sensing 

Remote sensing data is often described in terms of three key types of resolution: spatial resolution, 

temporal resolution, and spectral resolution. Each of these resolutions influences the quality and 

usefulness of the data captured by remote sensing systems, and they are essential for understanding 

how satellite and aerial imagery can be used for various applications. 

6. 1. Spatial Resolution 

Spatial resolution, also known as ground resolution, refers to the smallest area on the ground that 

can be distinguished in an image. In other words, it is the size of a pixel in the remote sensing 

image, which represents a specific geographic area. The spatial resolution of a sensor determines 

the level of detail in the images it produces. 

For instance, the Landsat Thematic Mapper (TM) sensor has a spatial resolution of 30 meters, 

meaning each pixel in the image corresponds to a 30-meter by 30-meter square on the ground. 

Higher spatial resolution means more detailed images, which are especially useful for identifying 

smaller features, such as individual buildings or roads. 

https://sl.bing.net/jNwEQbw7wOq
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• Low spatial resolution: Sensors with low spatial resolution capture larger areas, but with 

less detail. For example, weather satellites might have resolutions larger than 1 kilometer 

per pixel, providing a broader view with less fine detail. 

• High spatial resolution: Some satellites or systems can capture images at much finer 

resolutions, such as less than one meter per pixel. These systems are often military satellites 

or expensive commercial satellite platforms. 

In general, higher spatial resolution comes at the cost of reduced coverage, meaning higher-

resolution images cover smaller areas but provide more detail. 

6. 2. Temporal Resolution 

Temporal resolution refers to the frequency with which a satellite or sensor revisits the same 

location on the Earth's surface. This is crucial for applications such as monitoring changes in the 

environment or urban development, as it determines how often updated data can be obtained for a 

specific area. 

• High temporal resolution: Satellites with high temporal resolution have frequent revisit 

times, sometimes capturing images multiple times per day. This is typical for weather 

satellites or certain earth observation satellites that monitor rapidly changing phenomena, 

such as storms or crop growth. These satellites can revisit the same spot several times a 

day to capture time-sensitive data. 

• Low temporal resolution: Satellites with low temporal resolution revisit the same area 

only a few times per year. For example, the Landsat TM satellite revisits a given area about 

8–20 times per year, which is suitable for applications like land-use and land-cover change 

detection where frequent monitoring is not essential. 

The frequency of satellite pass depends on factors such as satellite orbit, its operational design, 

and its specific mission objectives. In many cases, satellites in polar orbits (which pass over the 

Earth from pole to pole) can offer consistent temporal resolution, ensuring wide global coverage 

over time. 
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6. 3. Spectral Resolution 

Spectral resolution refers to the ability of a sensor to capture data in multiple bands across the 

electromagnetic spectrum. The more spectral bands a sensor has, the higher its spectral resolution. 

Each spectral band represents a specific range of wavelengths of electromagnetic radiation, such 

as visible light, near-infrared, or thermal infrared. By capturing data in multiple spectral bands, 

remote sensing sensors can identify and analyze different surface materials and features based on 

their unique spectral signatures. 

• Low spectral resolution: Sensors with low spectral resolution might have only a few 

bands, such as just one band for visible light. These systems produce simple images that 

represent the Earth's surface in terms of broad categories, similar to black-and-white 

photographs. 

• High spectral resolution: Sensors with high spectral resolution capture data across many 

narrow spectral bands, including those outside the visible range, such as near-infrared or 

thermal infrared. The Landsat TM sensor, for example, has seven spectral bands, 

including visible light and several infrared bands. This allows the sensor to distinguish 

between different land cover types, such as water, vegetation, and soil, and provides a 

richer dataset for environmental monitoring, agriculture, and other applications. 

Sensors with high spectral resolution can distinguish subtle differences in surface materials that 

may not be apparent to the human eye. This is especially useful in applications like vegetation 

health monitoring, mineral exploration, and land cover classification. 

7. Applications of Remote Sensing 

Remote sensing has a wide range of applications across various fields, including: 

• Environmental Monitoring: Remote sensing plays a vital role in tracking changes in the 

environment, such as deforestation, land degradation, and water quality. 

• Agriculture: It helps monitor crop health, estimate yields, and detect issues like water 

stress, pests, and diseases. 



 

Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data 
Analysis Using Open Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-8- 

 

• Urban Planning: Remote sensing data is used for land use/land cover mapping, urban 

growth monitoring, and disaster management. 

• Natural Resource Management: This includes monitoring forests, wetlands, and water 

bodies, as well as supporting mineral and petroleum exploration. 

• Climate Change: Remote sensing is key in studying atmospheric conditions, sea level rise, 

temperature variations, and other phenomena associated with climate change. 

• Forestry Applications: Satellite imagery maps tree species, monitors forest health for diseases 

or stressors, and tracks forest extent, aiding conservation and environmental management. 

• Vegetation Health: Changes in spectral reflectance, driven by chlorophyll and stressors like 

drought or pests, allow early detection of vegetation health issues using narrow bands (0.4–0.9 

μm). 

• Biodiversity: Satellite-derived vegetation data, combined with GIS, maps ecosystems and 

supports biodiversity assessments for conservation planning. 

• Change Detection: Imagery tracks vegetation cover changes due to clearing, wildfires, or water 

scarcity, enabling timely environmental management. 

• Geology: Remote sensing aids mineral/petroleum exploration, geomorphological mapping, 

and volcanic monitoring using spectral and thermal data. 

• Land Degradation: Imagery identifies degraded areas from saline soils or overgrazing, 

supporting restoration efforts. 

• Meteorology: Satellites map cloud types and temperatures, supporting weather forecasting and 

climate monitoring. 

Geographic Information System (GIS): An Introduction 

A Geographic Information System (GIS) is a powerful tool for collecting, managing, analyzing, 

and visualizing spatial (location-based) and attribute (descriptive) data. It integrates hardware, 

software, data, people, and methods to support spatial analysis and decision-making. 
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Unlike traditional mapping, GIS allows users not only to visualize maps but also to ask complex 

spatial questions, analyze patterns, model changes over time, and integrate data from multiple 

sources. In simple terms, it helps us answer questions like: 

• Where is this happening? 

• What is near this location? 

• How is this place changing over time? 

GIS is used across domains including agriculture, forestry, urban planning, environmental 

monitoring, disaster management, public health, and transportation. 

Vector and Raster Data Models 

GIS data are represented in two primary formats: 

• Vector Data Model: Represents spatial features as discrete objects (points, lines, 

polygons) using x-y coordinates. Points (e.g., wells) have location; lines (e.g., roads) have 

length; and polygons (e.g., land parcels) have area and perimeter. Vector models are precise 

for discrete features and support topological relationships, ideal for mapping infrastructure 

or boundaries. 

• Raster Data Model: Uses a grid of cells (pixels) to represent continuous phenomena, 

where each cell holds a value reflecting characteristics like elevation or temperature. Raster 

is suited for continuous data (e.g., satellite imagery, elevation models) but may lose detail 

at lower resolutions. 
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Figure 4: Vector & raster data model (source: https://sl.bing.net/izbrtPTsLPE) 

DN Values, Spatial Resolution, and Pixel 

• DN Values (Digital Numbers): In raster data, particularly from remote sensing, DN values 

represent the intensity of electromagnetic radiation recorded by a sensor for each pixel. 

These values, often ranging from 0 to 255 in 8-bit imagery, correspond to reflectance or 

emittance and are used to derive information like land cover or vegetation health. 

• Spatial Resolution: The size of the ground area represented by a single pixel, determined 

by the sensor's instantaneous field of view (IFOV). For example, Landsat Thematic Mapper 

has a 30 m resolution, meaning each pixel covers a 30 m x 30 m area. Higher resolution 

(smaller pixel size) provides finer detail but increases data volume. 

• Pixel: The smallest addressable unit in a raster image, representing a specific ground area. 

Pixel size directly relates to spatial resolution, influencing the level of detail visible in GIS 

analyses. 

Components of GIS 

A functional GIS comprises five core components, each of which plays a crucial role in the 

successful operation of the system: 

https://sl.bing.net/izbrtPTsLPE
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✓ Hardware: Refers to physical devices required for GIS operations: 

o Computers (desktops, laptops, servers) 

o Data storage devices (external hard drives, cloud storage) 

o GPS units for field data collection 

o Printers and plotters for map outputs 

o High-performance computing enables handling of large geospatial datasets. 

✓ Software: GIS software enables users to input, manipulate, analyze, and display 

geospatial data. 

• Examples: 

o Commercial: ArcGIS, ERDAS Imagine 

o Open-source: QGIS, ILWIS 

• Functions include spatial analysis, geo-statistics, 3D modeling, remote sensing integration, 

and web-based mapping. 

✓ Data: The core of any GIS project; can be spatial or non-spatial. 

o Spatial data: Geographic coordinates representing physical features. 

o Attribute data: Descriptive information about spatial features (e.g., population, 

land-use type). 

• Data sources include: 

o Satellite imagery, aerial photographs 

o Survey data, GPS recordings 

o Scanned maps and digitized vector layers 

✓ People: Users who manage, analyze, interpret, and apply GIS outputs. 

• Categories: 
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o GIS analysts and technicians 

o Developers and system administrators 

o Decision-makers and domain experts 

• Their expertise shapes how GIS is used in real-world applications. 

✓ Methods (or Procedures): Refer to the workflows, standards, and documented 

protocols used in GIS projects. 

• Include: 

o Data collection and quality control methods 

o Spatial analysis techniques 

o Metadata documentation 

o Reproducibility protocols 

 

Figure 5. GIS components (source: https://sl.bing.net/bmWaz6tl1Eq) 

Applications of GIS 

GIS supports a wide range of applications by integrating and analyzing spatial data: 

https://sl.bing.net/bmWaz6tl1Eq
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• Urban Planning: Maps infrastructure, land use, and population density to guide city 

development and zoning. 

• Environmental Management: Monitors land cover changes, deforestation, and 

biodiversity, supporting conservation efforts. 

• Agriculture: Analyses soil properties and crop health i.e., digital soil mapping. 

• Disaster Management: Assesses flood or drought impacts by overlaying thematic layers 

(e.g., topography, water resources) to predict inundation or identify vulnerable areas. 

• Transportation: Optimizes routes through network analysis, such as determining efficient 

bus routes. 

• Public Health: Maps disease spread or resource allocation, using spatial queries to identify 

high-risk areas. 

 

Practical Application: Mapping and Assessment of Abiotic Stresses by Integrating Remote 

Sensing and Machine Learning Techniques 

Abiotic stresses such as drought, heatwaves, and soil degradation significantly hinder agricultural 

productivity, especially in hot semi-arid regions like Pune district in western India. These stresses, 

driven by non-living environmental factors such as temperature extremes, erratic rainfall, and poor 

soil conditions, affect the growth, yield, and health of crops, making farming riskier and less 

predictable (Minhas and Reddy, 2017). In this context, accurate mapping and identification of 

abiotic stress-prone areas become essential for better planning, risk mitigation, and improved 

agricultural management. This study introduces a novel integrated approach that combines the 

Analytical Hierarchy Process (AHP) with machine learning (ML) models to map and assess abiotic 

stress zones. The methodology incorporates multiple satellite data as raster layers, including 

climate, soil, terrain, and vegetation indices such as soil depth, soil pH, land use/land cover 

(LULC), NDVI, SAVI, VHI, slope, land surface temperature (LST), and mean annual rainfall 

(MAR). These factors were weighted using AHP based on expert input and combined through a 

weighted sum method to generate the final abiotic stress map. The use of AHP ensures that expert 

knowledge is systematically incorporated, while ML models like Random Forest and Support 

Vector Regression enhance the accuracy of classification and prediction. The stress map was 

validated using high-resolution Google Earth imagery at randomly selected locations, ensuring 
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reliability and real-world relevance.  From a practical perspective, the results revealed that tehsils 

such as Purandar, Baramati, Indapur, and Daund are highly stress-prone due to shallow soils and 

low rainfall levels (<550 mm). The findings are in line with those from the Central Ground Water 

Board (CGWB), reinforcing the credibility of the approach. This methodology enables the 

identification of high-risk areas where targeted interventions can be planned. For instance, farmers 

in stress-prone zones can be guided to adopt drought-tolerant crop varieties, implement soil 

moisture retention practices like mulching, and invest in efficient water management techniques 

such as drip irrigation and rainwater harvesting. These location-specific strategies can help farmers 

reduce crop losses, optimize resource use, and increase resilience to climatic uncertainties.   

The study’s relevance extends beyond individual farmers. For government agencies, agricultural 

planners, and development organizations, the abiotic stress maps serve as decision-support tools 

for policy formulation, infrastructure development, and allocation of subsidies or schemes. Local 

and regional stakeholders can prioritize investments in areas identified as high stress zones, while 

researchers and agronomists can use the methodology to further study the interactions between 

environmental variables and crop performance. Moreover, the methodology is scalable. Although 

developed for Pune district, it can be extended to other parts of India with similar agro-climatic 

conditions. In the future, this approach can help develop a national-level multiple abiotic stress 

index, robust, replicable, and practical framework for mapping abiotic stresses.  
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Figure 6. Abiotic stress map of Pune district. 

Conclusions 

Remote sensing and Geographic Information Systems (GIS) are complementary and powerful 

technologies that together enable a deeper understanding of the Earth’s surface and dynamic 

processes. Remote sensing provides the means to continuously observe and collect large volumes 

of spatial data using satellite and airborne sensors, capturing valuable information across different 

spectral, spatial, and temporal resolutions. This data is essential for monitoring environmental 

changes, assessing natural resources, and responding to global challenges such as climate change, 

deforestation, and urban expansion. Together, remote sensing and GIS empower researchers, 

planners, and decision-makers to make informed, timely, and sustainable decisions. Their 

integration is vital for applications in urban planning, agriculture, disaster management, 

environmental conservation, and many other fields, paving the way for more resilient and data-

driven solutions in the face of global environmental and societal challenges. 
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Introduction to QGIS 
Nobin Chandra Paul, Ponnaganti Navyasree, K. Ravi Kumar, Prabhat Kumar and 

Santosha Rathod 

ICAR-National Institute of Abiotic Stress Management, Baramati, Pune-413115 

Email: ncp375@gmail.com 

1. Introduction 

A Geographic Information System (GIS) serves as a comprehensive toolset for collecting, 

managing, analyzing, and visualizing spatial or geographic data. It combines hardware, software, 

and data to handle information that is tied to specific locations on the Earth’s surface. Among 

various GIS tools, QGIS is a widely used open-source desktop application known for its ability to 

view, edit, and analyze geospatial datasets. Its adaptability, user-friendly interface, and cost-free 

accessibility have made it a preferred choice among researchers, urban planners, students, and 

policymakers alike. 

2. What is QGIS? 

QGIS (Quantum GIS) is an open-source, freely available Geographic Information System 

designed for viewing, editing, and analyzing geospatial data. Launched in 2002, it has grown 

significantly through global community contributions. QGIS supports numerous raster and vector 

formats, leveraging libraries like GDAL and OGR. Its flexible, plugin-based architecture enables 

customization, making it ideal for applications in fields such as agriculture, forestry, urban 

planning, hydrology, and disaster management. 

3. Graphical User Interface of QGIS 

The QGIS Graphical User Interface (GUI) is designed for ease of use, comprising five main 

components: the Menu Bar, Toolbars, Panels, Map View, and Status Bar. The Menu Bar provides 

hierarchical access to functions like project management, layer operations, and geoprocessing 

tools, with customizable keyboard shortcuts (Settings > Keyboard Shortcuts). Toolbars, such as 

Project, Map Navigation, and Attributes, offer quick access to common tasks like zooming, 

panning, or editing. Panels, including the Layers and Layer Order Panels, allow users to manage 

datasets and their display order. The Map Canvas is the central canvas for visualizing spatial data, 
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while the Status Bar displays coordinates and scale information. Users can customize the interface 

by rearranging toolbars and panels to suit their workflow, enhancing efficiency. The QGIS 

interface is user-friendly and customizable. It consists of several key components: 

• Menu Bar: Provides access to all major functionalities and tools. 

• Toolbars: Quick-access buttons for commonly used tools. 

• Panels: Including Layers, Browser, and Map Legend. 

• Map Canvas: Where spatial data is displayed and interacted with. 

• Status Bar: Shows coordinate positions, scale, and rendering status. 

The interface is fully customizable. As users become more experienced, they can add or hide 

panels and toolbars according to their workflow. 
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Figure 1: QGIS main GUI. 

Download and Installation 

Follow these steps to download and install QGIS from the official website 

(https://qgis.org/download/): 

(a) Visit the QGIS Website:  

o Open your web browser and navigate to https://qgis.org/download/. 

o This page provides download options for various operating systems (Windows, 

macOS, Linux, etc.). 

(b) Choose the Appropriate Version:  

o Latest Release (Stable): Recommended for most users. Select the latest stable 

version (e.g., QGIS 3.4 or newer) for reliability and regular updates. 

o Long-Term Release (LTR): Suitable for users needing maximum stability, 

typically updated annually. 

(c) Select Your Operating System:  

o Windows:  

▪ Click the link for the Windows installer (e.g., "QGIS Standalone Installer"). 

https://qgis.org/download/
https://qgis.org/download/
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▪ Choose between 64-bit (recommended for modern systems) or 32-bit 

versions. 

▪ Download the .exe file (e.g., QGIS-OSGeo4W-<version>-setup-

x86_64.exe). 

o macOS:  

▪ Click the macOS download link, typically a .dmg file for the latest version. 

▪ Ensure compatibility with your macOS version (e.g., macOS High Sierra or 

later). 

(d) Download the Installer:  

o Click the download link for your chosen version and operating system. 

o Save the installer file to your computer (e.g., Desktop or Downloads folder). 

(e) Run the Installer:  

o Windows:  

▪ Double-click the .exe file. 

▪ Follow the installation wizard, accepting the license agreement and 

selecting the installation directory (default is recommended). 

▪ Choose components (e.g., QGIS, GRASS, SAGA) if prompted. 

▪ Wait for the installation to complete (requires ~2 GB disk space and 4 GB 

RAM minimum). 

o macOS:  

▪ Open the .dmg file and drag the QGIS icon to the Applications folder. 

▪ Follow any additional prompts for dependencies (e.g., Python or GDAL). 

(f) Verify Installation:  

o Launch QGIS from your applications menu or desktop shortcut. 

o Ensure the interface loads correctly and check for optional plugins (e.g., GRASS, 

SAGA) in the Plugins menu. 

(g) Optional: Install Plugins:  

o Open QGIS, go to Plugins > Manage and Install Plugins. 

o Search for and install plugins like Python consol or Google Earth Engine. 

(h) Keep Updated:  
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o Regularly check https://qgis.org for updates to ensure you have the latest features 

and security patches. 

When beginning a new project, one of the first steps is to set the Coordinate Reference System 

(CRS), which aligns your digital map with real-world geography. You can configure CRS and 

preferred units (distance, area, angle) through Settings > Options > CRS. This setup is crucial for 

data accuracy and interoperability, especially when combining datasets from different sources. 

4.  Data Types in QGIS: Raster and Vector 

GIS systems primarily handle two types of spatial data: 

• Vector data: Includes points (e.g., tree locations), lines (e.g., roads), and polygons (e.g., 

land parcels). Each feature is stored in a layer along with its attributes (e.g., type of land 

use, population). 

• Raster data: Composed of a matrix of cells or pixels, often used to store aerial imagery, 

elevation models, or satellite data. 

QGIS allows you to visualize, edit, and analyze both data types with great flexibility. One of the 

most common vector data formats is the Shapefile, which must include multiple components (.shp, 

.shx, .dbf, and .prj) to be usable. 

5. Key Menu Options and Tools in QGIS 

• Project Menu: Create, open, save, or export projects; manage project properties. 

• Layers Menu: Add new data, style layers, label features, and manage symbology. 

• Vector Menu: Access geoprocessing tools such as Buffer, Clip, Dissolve, and Intersect. 

• Data Management Tools: Merge vector layers, transform projections, and edit fields. 

• Plugins Menu: Access and manage plugins, such as QuickMapServices for basemap 

integration (Google Maps, OSM, etc.). 

6. Data Import and Export in QGIS 

Adding Layers: 

1. Open QGIS. 

2. Go to Project > New to start a new project. 

3. To add data, go to Layer > Add Layer, and select the appropriate type: 

o Add Vector Layer (e.g., shapefiles, GeoJSON) 

o Add Raster Layer (e.g., TIFF, JPEG) 

https://qgis.org/
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o Add Layer from Database (e.g., PostGIS, SpatiaLite) 

o Add Layer from Web Services (e.g., WMS, WFS) 

 

Exporting Data: 

• Right-click on a layer and select Export > Save Features As... 

• Choose the format (e.g., Shapefile, GeoPackage, KML, CSV) 

• Set CRS and file location, then click OK to export. 

7. Installing Plugins in QGIS 

(a) Go to Plugins > Manage and Install Plugins. 

(b) Under the All tab, search for the plugin by name or description. 

(c) Select the desired plugin and click Install Plugin. 

(d) If required, go back to Plugins > Manage and Install Plugins and check the plugin to 

activate it. 
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8. Adding Raster Layers in QGIS 

(a) Go to Layer > Add Layer > Add Raster Layer. 

(b) In the dialog box, click Browse and locate the raster file (e.g., .tif). 

(c) Select the file and click Add. 

(d) The raster will appear as a new layer in the Layers Panel and Map Canvas. 

9. QGIS Analysis Tools (Processing Toolbox) 

QGIS provides a suite of spatial analysis tools available under the Processing Toolbox: 

• Buffer: Creates buffer zones around vector features. 

• Clip: Extracts input layer features within the bounds of another layer. 

• Dissolve: Merges adjacent features based on a shared attribute. 

• Intersect: Returns overlapping areas from multiple layers. 

• Union: Combines geometries and attributes from multiple layers. 

• Field Calculator: Performs calculations using field values or custom expressions. 

• Raster Calculator: Performs cell-by-cell calculations on raster layers. 

• Zonal Statistics: Calculates statistics (mean, sum, etc.) of a raster within vector zones. 

These tools can be accessed via Processing > Toolbox, and support both vector and raster data 

analysis. 
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10. Creating Maps in QGIS 

Maps are essential communication tools. QGIS allows users to design professional maps through 

the Print Layout interface. Key map elements include: 

• Scale bar 

• North arrow 

• Legend 

• Title and metadata 

• Locator or inset maps for context 

After designing, maps can be exported in various formats like JPEG, PNG, or PDF. This makes 

it easy to share outputs with stakeholders or include in reports and presentations. 

11. Essential GIS Vocabulary for Beginners 

To help users get familiar with GIS, understanding basic terms is crucial: 

• Attributes: Descriptive information linked to spatial features. 

• CRS: Coordinate Reference System used to geo-locate features. 

• Projection: Method to represent Earth’s surface in 2D. 

• Features: Mappable objects (points, lines, polygons). 

• Layer: A dataset containing geographic features. 

• Plugin: Extensions that add functionality to QGIS. 

• Raster/Vector Data: Two primary data formats in GIS. 

• Shapefile: A common vector data format (.shp, .shx, .dbf, .prj). 

12. Applications of QGIS in Agriculture 

QGIS, an open-source GIS, enhances agricultural management by integrating spatial data for 

informed decision-making. Its tools and plugins, like SCP and GRASS, support efficient farming 

practices. 

• Crop Health Monitoring: Analyzes spectral data to detect stress from drought or pests 

for timely interventions. 

• Land Suitability Analysis: Assesses soil, slope, and climate to match crops to optimal 

areas. 

• Spatial Analysis: Maps soil types and land use to guide crop selection and planting 

strategies. 
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• Climate-Smart Agriculture: Integrate climate data to identify risk zones and plan 

adaptive strategies for drought or flood-prone areas. 

• Precision Agriculture: Uses satellite imagery to target fertilizers and pesticides, reducing 

costs and environmental impact. 

• Land Parcel Management: Map farm boundaries and land parcels for accurate area 

measurement, legal documentation, and input planning. 

• Yield Prediction: Combines historical yield, soil, and weather data to forecast crop yields 

for better planning. 

 

Conclusion 

QGIS stands as a cornerstone of open-source desktop GIS platforms, offering extensive 

functionality for spatial data visualization, analysis, and cartographic output. With its user-friendly 

interface and rich suite of tools-from geoprocessing operations like buffering and clipping to 

spatial statistics and network analysis-QGIS is accessible to both beginners and advanced users. 

Its robust plugin ecosystem and support for a wide range of data formats further expand its 

capabilities, making it suitable for diverse applications such as environmental planning, resource 

management, and urban development. The active global community and wealth of learning 

resources reinforce its standing as a premier GIS solution. QGIS empowers users to take full 

control of their geospatial data in an offline environment, making it a vital tool for localized and 

customized spatial analysis. 
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What is Google Earth Engine? 

Google Earth Engine (GEE) is a cloud-based platform developed by Google for large-scale 

geospatial and environmental data analysis. It offers access to an extensive collection of satellite 

imagery and geospatial datasets, paired with robust cloud computing tools for processing data at a 

planetary scale. After the Landsat series became freely available in 2008, Google archived these 

datasets and integrated them with its cloud computing infrastructure for open-source use. The 

platform’s data archive now includes imagery from various satellites, as well as GIS-based vector 

datasets, social, demographic, weather, digital elevation models, and climate data layers. 

GEE enables users to perform a wide range of processing tasks on its servers, from cloud correction 

to machine learning-based analyses, allowing regional-scale data processing in minutes. It also 

facilitates seamless handling of time-series data. This section will explore how to access and utilize 

satellite data within the Google Earth Engine editor. With its intuitive and accessible interface, 

GEE provides an ideal environment for interactive algorithm and data development. Users can 

upload and manage their own datasets while leveraging Google’s cloud resources for processing. 

This empowers scientists, independent researchers, and nations to analyze vast datasets for tasks 

like change detection, trend mapping, and resource quantification on Earth’s surface in ways 

previously unattainable. Notably, GEE eliminates the need for high-end computers or advanced 

software, leveling the playing field so researchers in resource-limited regions can conduct analyses 

on par with those in more developed countries. 

The programming interface of GEE enables users to develop and execute custom algorithms, with 

computations distributed across multiple processors to significantly accelerate processing times. 

This allows for efficient global-scale analysis compared to traditional desktop computing. Users 

can export images from GEE in formats like GeoTIFF, including raw or processed images, map 

tiles, tables, and videos, to destinations such as Google Drive, Google Cloud Storage, or as new 

Earth Engine assets. Google Cloud Storage, a paid service, requires users to set up a project, enable 

billing, and create a storage bucket. Users can also upload their own datasets and choose whether 
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to share their data or scripts with others. This vast array of multi-temporal, local-to-global data 

provides researchers with unprecedented opportunities to conduct cost-effective studies with 

minimal equipment. 

GEE’s cloud computing capabilities allow for the processing of petabytes of satellite imagery and 

vector data within its cloud environment, eliminating the need to store or analyze large datasets on 

local computers. This reduces the demand for high-performance computers with substantial 

storage capacity. While specialized remote sensing software like ENVI or ERDAS Imagine may 

still be required for specific tasks (e.g., object-based image analysis) not supported by GEE, the 

platform removes the need to download satellite imagery—a significant advantage in areas with 

limited internet speeds. However, an internet connection is still necessary to access and use GEE. 

The GEE significantly advances the ability to transform vast amounts of Big Data into actionable 

insights for addressing environmental challenges. It is specifically engineered to handle large 

datasets, overcoming a key obstacle for researchers working with satellite imagery. GEE offers the 

added benefit of providing numerous pre-processed data layers, including those corrected for cloud 

cover, converted to top-of-atmosphere or surface reflectance, and georeferenced. The platform 

fosters collaboration by enabling users to share code, reducing the need for advanced proficiency 

in JavaScript or Python, and is supported by a vibrant online community. With its speed, 

versatility, and accessibility, GEE opens up substantial opportunities for the research community 

to leverage it for earth observation studies. It addresses common barriers faced by researchers in 

developing countries, such as limited access to data, funding for hardware and software, and 

resource constraints. By offering a robust solution, GEE empowers these researchers to conduct 

impactful studies. The hope is that more researchers in such regions will embrace this platform, 

leading to the development of innovative applications to better manage our planet’s increasingly 

scarce resources. 

Importance of Google Earth Engine 

• Massive Satellite Archive: GEE provides direct access to petabytes of satellite data from 

Landsat, MODIS, Sentinel, and many others without the need for manual downloads. 

• Cloud Computing: Unlike desktop GIS software like QGIS or ArcGIS, all computations 

in GEE are performed on Google's cloud infrastructure, saving local computing resources. 

• Real-Time and Historical Analysis: Users can analyze recent and historical data 

seamlessly using JavaScript or Python APIs. 
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• Supports Environmental Monitoring: Applications range from deforestation mapping 

and agricultural monitoring to urban expansion and disaster response. 

Why GEE is Advantageous Over Desktop GIS (QGIS/ArcGIS) 

Feature Google Earth Engine QGIS / ArcGIS Desktop 

Data Access Built-in cloud-based satellite data 

catalog 

Manual download and local 

storage 

Processing Power High-performance cloud computing Depends on local hardware 

Ease of Sharing Easily share scripts and outputs Limited to file-based sharing 

Real-time 

Analysis 

Supports near real-time updates Less efficient for real-time use 

Free Access Free for research & education ArcGIS is commercial 

 

 

GEE interface. 

Case Study: NDVI Calculation and Classification for Pune District 

This case study demonstrates how to compute the Normalized Difference Vegetation Index 

(NDVI) using Sentinel-2 satellite data for the Pune district using Google Earth Engine.  

To begin with, create an account using your Gmail ID at code.earthengine.google.com. 

Once you're inside the Google Earth Engine Code Editor, you can begin working with satellite 

data and your region of interest. 

https://code.earthengine.google.com/
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This chapter uses Sentinel-2 multispectral imagery to analyze vegetation health using NDVI 

(Normalized Difference Vegetation Index) over the Pune district in Maharashtra, India. 

1. Importing the Study Area: 

First, you need to upload the shapefile of the study area. Go to the "Assets" tab on the left, 

click on "New", and choose "Shapefile". Upload the zipped shapefile of Pune district. 

Once uploaded, GEE will ingest the file and display the status under the "Tasks" tab on 

the right. After successful upload, refresh the "Assets" tab to find your shapefile listed. 

Import it into your script by clicking on it—by default, it may be named table, but you can 

rename it (e.g., pune or aoi) for clarity. 
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Importing the Pune shapefile to asset 

2. Importing Sentinel-2 Satellite Data: 

Sentinel-2 data is part of the Copernicus Earth observation program. You can import this data 

either by coding directly or using the "Search" tab to browse the data catalog. In this study, we 

use the dataset COPERNICUS/S2_HARMONIZED, which provides harmonized and 

atmospherically corrected Sentinel-2 imagery. 

 

3. Filtering the Dataset: 

In the script, we filter the Sentinel-2 image collection by: 

• Date range (March 1, 2024 to July 7, 2024) 
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• Cloud cover (less than 10% cloudiness) 

• Spatial extent, limited to the Pune district (filterBounds(pune)) 

After filtering, we use .mean() to create a composite image that averages all selected images over 

the time period. This helps in reducing noise and minimizing cloud cover. 

4. NDVI Calculation: 

NDVI is calculated using the Near-Infrared (NIR) band (B8) and the Red band (B4) of Sentinel-2 

using the formula: 𝑁𝐷𝑉𝐼 = (𝑁𝐼𝑅 − 𝑅𝑒𝑑) (𝑁𝐼𝑅 + 𝑅𝑒𝑑)⁄ . The resulting NDVI layer gives a 

continuous index where higher values indicate denser vegetation. 

5. Visualizing the Data: 

Visualization parameters are defined using a color palette ranging from blue (low NDVI) to dark 

green (high NDVI). The NDVI layer is then displayed on the GEE map viewer. 

6. Classification and Analysis: 

The NDVI values are classified into four vegetation classes (Low, Moderate, Dense, Very Dense), 

and a separate visualization layer is added for this classification. We also compute: 

• Histogram of NDVI class frequency using zonal statistics 

• Area (in sq. km) of each NDVI class using pixel area calculations 

7. Exporting Results: 

Finally, both the raw NDVI image and the classified NDVI map are exported as GeoTIFF files to 

Google Drive for further analysis or use in other GIS platforms. 

8. Execution and Output: 

Always remember that GEE is case-sensitive. After entering or pasting the code, click the "Run" 

button at the top. Outputs from print() statements will appear in the Console tab on the right. You 

can click on image layers and expand their metadata to inspect bands, projection, and tile-specific 

information. 

Step-by-Step Explanation of GEE NDVI Code 

This code processes Sentinel-2 satellite imagery to calculate NDVI, classify it into four vegetation 

density classes, compute zonal and area statistics, and export the results as GeoTIFF files for the 

Pune district. Below is a detailed breakdown of each step, explaining the purpose and 

implementation. 
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1. Load the Region of Interest (ROI) 

 

 

2. Load and Filter Sentinel-2 Data 
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3. NDVI Calculation 

 

 

5. Classify NDVI into 4 Categories 
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6. Compute Frequency Distribution (Zonal Stats) 

 

 

7. Compute Area per NDVI Class 

 

• Calculates area in square kilometres for each NDVI class using pixel area. 

• Output gives area distribution per class. 
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8. Export NDVI Maps as GeoTIFFs 
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Complete GEE Code of NDVI: 
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Conclusion 

Google Earth Engine (GEE) has revolutionized geospatial analysis by offering a cloud-based 

platform capable of handling massive datasets, including satellite imagery and climate records. Its 

ability to process petabytes of data on the fly enables users to perform complex computations-such 

as NDVI analysis, land cover classification, and change detection-without needing high-end 

hardware. GEE's integration of machine learning algorithms, global datasets, and time-series 

analytics makes it an indispensable tool for researchers, environmentalists, and policymakers 

aiming to monitor and understand Earth system dynamics at scale. Moreover, its collaborative 

coding environment and export functionalities streamline sharing and reproducibility. In essence, 
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GEE democratizes access to powerful geospatial analysis, bridging the gap between data and 

decision-making. 
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1. Introduction 

Spatial interpolation and spatial prediction are cornerstone techniques in geospatial analysis, 

enabling the estimation of values at unsampled locations based on known data points. These 

methods are critical in fields like agriculture, environmental science, meteorology, urban planning, 

and geology. This chapter provides a step-by-step explanation of spatial interpolation and 

prediction, covering definitions, methods (e.g., Inverse Distance Weighting, Kriging, 

Geographically Weighted Regression), spatial sampling, spatial statistics approaches, advantages, 

and real-world applications. 

2. Spatial Data and Spatial Statistics  

Spatial data, also known as geospatial or geo-referenced data, refers to any dataset that includes 

spatial coordinates associated with each observation, indicating its specific location on the Earth's 

surface. This type of data encapsulates both locational information (such as latitude and longitude) 

and attribute information, which describes the characteristics of the spatial feature being 

represented, for example, a road, lake, mountain, or built-up area. Geospatial data conveys the 

location, shape, and extent of physical or man-made objects on Earth. The attributes linked to these 

spatial features provide essential descriptive information, such as type, condition, or value. To 

manage, visualize, and analyze such data, specialized software tools known as Geographical 

Information Systems (GIS) are widely used. These platforms support a variety of spatial 

operations, including mapping, querying, spatial modeling, and data integration. Conceptually, 

spatial data can be viewed as a realization of a random variable distributed over a two-dimensional 

space. The field of statistics that addresses such data is termed spatial statistics (Cressie, 1993). 

Spatial statistics rests on the fundamental principle that observations located closer together in 

space tend to exhibit more similarity than those farther apart-a concept known as spatial 

autocorrelation. The increasing availability of spatial data and the growing recognition of spatial 

context in research have significantly advanced the application of spatial statistical methods, 
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especially in the agricultural sciences. These methods enable researchers to estimate spatial 

patterns, such as crop yields, soil nutrient levels (e.g., exchangeable potassium), or soil water 

infiltration rates, using a relatively small number of samples taken from strategically selected 

locations (Gupta, 2007). 

 

3. Spatial Interpolation and Spatial Prediction Techniques 

Spatial interpolation estimates values of a variable at unsampled locations using known data points 

with spatial coordinates. It relies on the principle of spatial autocorrelation, where closer points 

are more likely to have similar values. Its main purpose is to create continuous surfaces (e.g., maps) 

from discrete data points, such as temperature or soil properties. For example: Estimating rainfall 

at an unsampled location based on nearby weather station data. 

Spatial prediction is a broader term encompassing interpolation and other methods (e.g., 

regression) to predict values at unsampled locations, often incorporating covariates or spatial 

statistical models. It includes both deterministic and stochastic approaches. Its purpose is to model 

spatial phenomena, account for trends or covariates, and provide uncertainty estimates (in 

stochastic methods). Interpolation focuses on estimating values based solely on observed spatial 

data. Prediction may include external variables (e.g., elevation, land use) and often quantifies 

uncertainty. In general, spatial prediction refers to any prediction method that takes into account 

spatial dependence. Experts in various fields frequently use the terms "estimation" and 

"prediction" interchangeably. The term "estimation" refers to inferences about the value of fixed 

but unknown parameters, whereas "prediction" refers to inferences about the value of random 

variables (Cressie, 1993). Spatial statistical prediction differs from classical prediction in its use 

of spatial models, which account for spatial relationships, while classical methods do not. Spatial 

statistics assumes that the variable of interest varies randomly across space, driven by one or more 

random processes. These processes are captured by models that form the basis for predictions. 

Kriging, often referred to as optimal prediction, is a spatial prediction technique that minimizes 

mean-squared error. It typically relies on the second-order properties of a random process, enabling 

inferences about unobserved values based on the spatial model. 

Spatial prediction involves two steps 

(i) First model the covariance or semi-variance of the spatial process. 
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(ii) Use this dependence model to solve the kriging system at a specified set of spatial points, 

resulting in predicted values and associated standard errors. 

Ordinary kriging is a widely used spatial interpolation technique that generates both predicted 

values and their associated standard errors. It requires a fully defined model of spatial dependence, 

which describes the spatial process and is characterized by the distance between pairs of locations 

within the study area. This dependence is typically modeled using a covariance or semi-variogram 

function. The spatial prediction process involves two key steps: first, defining the covariance or 

semi-variogram model by selecting its mathematical form and determining the parameter values; 

second, applying this model to solve the kriging system at specific spatial points, producing 

predicted values along with their standard errors. 

The aim of kriging is to estimate the value of random variable 𝑍 at one or more unsampled points 

say 𝑌𝑖 for the random variable 𝑍(𝑥𝑖), 𝑖 = 1,2, … ,𝑁 at nearby locations 𝐱𝟏, 𝐱𝟐, … , 𝐱𝐍. The data can 

be distributed in one, two, or three dimensions, though most applications in agricultural sciences 

are two-dimensional. It assumes that the mean is unknown. The value of 𝑍 can be estimated at an 

unknown point x0 by 𝑍̂(x0), using the following equations. 

( )0

1

ˆ
N

i i

i

Z Z
=

=x                                                                                          

where, 𝜆𝑖 are weights subject to condition ∑ 𝜆𝑖 = 1𝑁
1 . The estimate is unbiased, and the expected 

error is ( ) ( )0 0
ˆ 0E Z Z − =

 
x x . The estimation variance is given by   

( ) ( ) ( ) 
2

0 0 0
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Figure 2. Different theoretical variogram models 

4. Types of Interpolation and Spatial Prediction Techniques 

Interpolation techniques can be broadly categorized into deterministic and stochastic 

(geostatistical) methods, based on whether or not they incorporate the statistical structure and 

uncertainty of spatial data. 

Deterministic methods estimate unknown values using mathematical formulas that are solely 

based on the distances between sampled and unsampled points, without accounting for the 

underlying spatial structure or correlation among observations. One of the most widely used 

deterministic methods is Inverse Distance Weighting (IDW). This technique assumes that points 

closer to the prediction location exert a stronger influence than those farther away. The predicted 

value at an unsampled location is calculated as a weighted average of nearby known values, where 

the weights are inversely proportional to the distance raised to a power. Specifically, the formula 

is given by: 

𝑍(𝑥0) =
∑ 𝑤𝑖𝑍(𝑥𝑖)

𝑛
𝑖=1

∑ 𝑤𝑖
𝑛
𝑖=1

,  where, 𝑤𝑖 =
1

𝑑
𝑖
𝑝 

Here, 𝑍(𝑥0) is the predicted value at location 𝑥0, 𝑍(𝑥𝑖) are the observed values at known points, 

𝑑𝑖 is the distance from the known point 𝑖 to the prediction location, and 𝑝 is the power parameter 

that controls how quickly the influence of a point decreases with distance. Although IDW is simple 

and computationally efficient, it does not account for spatial autocorrelation or provide any 

measure of prediction uncertainty. 

In contrast, stochastic or geostatistical methods not only use distance but also incorporate the 

spatial autocorrelation among observations by modeling the spatial structure statistically. These 

methods rely on the concept of a variogram, which quantifies how the similarity between 

observations decreases with increasing distance. The empirical variogram is computed from the 

data as: 
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where 𝛾(ℎ) represents the semi-variance for a given lag distance ℎ, and 𝑁(ℎ) is the number of 

observation pairs at that distance. A theoretical variogram model-such as spherical, 

exponential, or Gaussian-is then fitted to the empirical variogram. These models are 

characterized by key parameters: the nugget (which represents measurement error or microscale 

variability), the sill (total variance), and the range (the distance beyond which spatial 

autocorrelation becomes negligible). 

Once the variogram is established, various forms of kriging-a family of advanced geostatistical 

interpolation methods-can be applied. Simple Kriging (SK) assumes a known and constant mean 

throughout the study area and uses the variogram to compute optimal weights for interpolation. 

Ordinary Kriging (OK), the most commonly used kriging method, relaxes this assumption and 

considers the mean to be unknown but locally constant. Universal Kriging (UK) goes a step 

further by assuming that the mean varies systematically over space (e.g., following a linear trend), 

and it models the residuals using kriging techniques. Lastly, Regression Kriging (RK) combines 

a multiple linear regression model with kriging of the residuals, enabling the incorporation of 

auxiliary variables such as elevation, land use, or vegetation indices (e.g., NDVI). This method is 

especially useful in scenarios where additional explanatory data are available and can enhance the 

accuracy of spatial predictions. Overall, stochastic methods like kriging offer the dual benefits of 

modeling spatial structure and providing estimates of prediction uncertainty, making them a 

powerful choice for spatial analysis in environmental and agricultural sciences. 

Deterministic vs. Stochastic Approaches 

Aspect Deterministic Methods Stochastic Methods  

Definition Predict unknown values from known 

points based on mathematical or 

geometric rules 

Use statistical models to incorporate spatial 

autocorrelation and quantify uncertainty 

Examples Inverse Distance Weighting (IDW), 

Radial Basis Function 

Kriging (Simple, Ordinary, Universal), 

Regression Kriging 

Assumptions No random error or spatial uncertainty; 

relies on distance or fixed trends 

Assumes spatial correlation and includes a 

stochastic component 
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Weighting 

Mechanism 

Based on inverse distance or functions 

of distance 

Derived from semi-variogram/covariance 

models 

Error 

Estimation 

No formal method for quantifying 

prediction error 

Provides a kriging variance (prediction 

uncertainty) 

Data 

Requirement 

Requires only the variable of interest Requires variogram modeling and may 

include auxiliary variables 

Best Use Case When data is dense and uniform; 

exploratory visualization 

When spatial dependence is present and 

error quantification is important 

 

5. Geographically Weighted Regression  

In agricultural surveys, parameters of interest are often tied to specific geographic locations, 

making them spatial data. Due to the homogeneity of neighboring units, this data exhibits spatial 

autocorrelation, meaning it is not independent. Traditional survey estimation methods for 

populations rarely incorporate this geographic information. However, spatially referenced data can 

be integrated to provide more detailed insights. In model-based prediction for survey sampling, 

the finite population total (or mean) is estimated using a regression model with specific 

assumptions. In a linear regression model-based approach, when the parameter is geographic, the 

regression coefficient varies across space, a phenomenon known as spatial non-stationarity. This 

violates the assumption of independent population units when observations are spatially correlated, 

as location is not accounted for in standard modeling. To address spatial non-stationarity, 

Brunsdon et al. (1996) introduced geographically weighted regression (GWR), a local spatial 

statistical method that models spatially varying relationships. Unlike ordinary least squares (OLS), 

where coefficients are fixed, GWR coefficients vary by spatial location. This approach effectively 

handles spatial non-stationarity, leading to improved parameter estimates. Let, 

𝑘𝑖(latitudei, longitudei) denotes the geographical location of 𝑖𝑡ℎ unit in space. We can define a 

GWR model as 

( ) ( )
1

; 1,2,..., ; 1,2,...,
p

i o i l i il i

l

y k k x e i N l p 
=

= + + = =                  

where, 𝑦𝑖 is the dependent variable at location ‘𝑘𝑖’, 𝛽0(𝑘𝑖) is the intercept parameter at location 

point ‘𝑘𝑖’, 𝛽𝑙(𝑘𝑖) represents the coefficient of 𝑙𝑡ℎ independent variable at location ‘𝑘𝑖’, 𝑥𝑖𝑙 is the 

value of 𝑙𝑡ℎauxiliary variable at location ‘𝑘𝑖’ and 𝑒𝑖 is the independent and identically distributed 

random error term with mean ‘0’ and constant variance 𝜎2. 
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Figure 4. Schematic representation of the GWR model along with its spatial parameters. Source: 

Adapted from Feuillet et al. (2015) 

6. Applications of Spatial Interpolation & Prediction Techniques 

6. 1. Agriculture 

• Soil Property Mapping: Spatial interpolation helps map soil parameters like pH, nitrogen, 

phosphorus, and potassium using kriging and regression kriging. 

o Benefit: Enables site-specific nutrient management (precision agriculture). 

o Tools: GWR, Regression Kriging with remote sensing data (e.g., NDVI, LST). 

• Yield Prediction: 

o Combine historical yield data with remote sensing covariates. 

o Use regression kriging to predict crop yield at fine scales. 

6. 2. Hydrology and Groundwater Studies 

• Groundwater Level Interpolation: 

o Kriging is widely used to interpolate water table depth across wells. 

o Ordinary Kriging and Universal Kriging help identify potential zones of water 

scarcity. 

• Water Quality Mapping: 

o Parameters like salinity, nitrate, TDS can be spatially interpolated. 
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o Supports aquifer vulnerability assessments and sustainable groundwater 

management. 

6.3. Meteorology and Climatology 

• Rainfall Estimation: 

o Kriging and co-kriging used for interpolating rainfall between weather stations. 

o Regression Kriging can integrate elevation, temperature, and wind data for 

improved results. 

• Temperature Surface Modeling: 

o GWR or Universal Kriging models are used to generate spatial temperature maps 

incorporating altitude and land cover. 

 6.4. Ecology and Environmental Monitoring 

• Species Distribution Modeling: 

o Interpolating biodiversity indices, species richness using spatial statistics. 

o IDW and kriging both used depending on scale and species behavior. 

• Air Quality Monitoring: 

o Mapping pollutants (PM2.5) with sparse sensor data. 

o Kriging and GWR incorporate meteorological and traffic data to enhance 

estimation. 

6.5. Urban and Regional Planning 

• Land Surface Temperature (LST) Mapping: 

o Using satellite-derived LST and regression kriging to understand urban heat 

islands. 

• Noise Pollution Mapping: 

o Spatial interpolation of sound levels across cities using IDW or OK. 

o Helps in zoning and regulatory planning. 

• Population Density Estimation: 

o Interpolation based on census point data or mobile phone data using GWR or co-

kriging. 

 6.6. Public Health and Epidemiology 

• Disease Incidence Mapping: 
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o Interpolation of disease cases (e.g., dengue, malaria, COVID-19) across health 

centers. 

o GWR used to assess how socioeconomic and environmental factors influence 

disease spread. 

6.7. Geology and Natural Resource Management 

• Mineral Prospecting: 

o Kriging and co-kriging used to model ore grade or mineral concentration over 

regions. 

o Integrates field samples with geophysical or geochemical covariates. 

• Soil Erosion Estimation: 

o Regression kriging with terrain, land use, and rainfall data to estimate erosion risk 

zones. 

Practical: R Code: Spatial Interpolation & GWR 

## Load necessary packages ## 

install.packages(c("sp", "rgdal", "gstat", "automap", "GWmodel", "terra", "caret")) 

library(sp) 

library(rgdal) 

library(gstat) 

library(automap) 

library(GWmodel) 

library(terra) 

library(caret) 

# Step 1: Load your SOC data and prepare the spatial data 

# Replace 'your_data.csv' with your actual data file path 

your_data <- read.csv("your_data.csv") 

coordinates(your_data) <- ~Longitude + Latitude 

proj4string(your_data) <- CRS("+proj=longlat +datum=WGS84") 

 

# Step 2: Create a prediction grid for the study area 

grid <- expand.grid( 

  Longitude = seq(min(your_data$Longitude), max(your_data$Longitude), by = 0.01), 

  Latitude = seq(min(your_data$Latitude), max(your_data$Latitude), by = 0.01) 

) 

coordinates(grid) <- ~Longitude + Latitude 

proj4string(grid) <- CRS("+proj=longlat +datum=WGS84") 

 

# Step 3: Fit the Geographically Weighted Regression (GWR) model 
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# Determine optimal bandwidth for GWR 

bw_gwr <- bw.gwr(SOC ~ elevation + slope + land_use, data = your_data, approach = "AICc", adaptive 

= TRUE) 

# Fit the GWR model 

gwr_model <- gwr.basic(SOC ~ elevation + slope + land_use, data = your_data, bw = bw_gwr, adaptive 

= TRUE) 

# Make predictions using GWR 

gwr_pred <- predict(gwr_model, newdata = grid) 

# Step 4: Calculate residuals for GWR-Kriging 

your_data$residuals <- gwr_model$SDF$gwr.e 

# Fit a variogram model to the residuals 

vgm_residuals <- autofitVariogram(residuals ~ 1, your_data) 

 

# Perform Ordinary Kriging on the residuals 

residuals_kriging <- krige(residuals ~ 1, locations = your_data, newdata = grid, model = 

vgm_residuals$var_model) 

 

# Combine GWR predictions and kriged residuals to get GWR-Kriging predictions 

gwr_kriging_pred <- gwr_pred$SDF$pred + residuals_kriging$var1.pred 

 

# Step 5: Ordinary Kriging 

vgm_model <- autofitVariogram(SOC ~ 1, your_data) 

kriging_pred <- krige(SOC ~ 1, your_data, grid, model = vgm_model$var_model) 

 

# Step 6: Regression Kriging 

reg_krige_model <- krige(SOC ~ elevation + slope + land_use, your_data, grid, model = 

vgm_model$var_model) 

 

# Step 7: Inverse Distance Weighting (IDW) 

idw_model <- idw(SOC ~ 1, your_data, grid, idp = 2) 

 

# Step 8: Performance Metrics Calculation 

# Assuming validation_data has true SOC values and predicted SOC values for each model 

# Replace with your actual validation data 

 

calculate_metrics <- function(true, pred) { 

  rmse <- RMSE(pred, true) 

  r2 <- R2(pred, true) 

  mae <- MAE(pred, true) 

  return(c(RMSE = rmse, R2 = r2, MAE = mae)) 

} 

# Placeholder for validation data (replace with actual validation data) 
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validation_data <- your_data # Use a separate validation dataset in practice 

 

metrics_kriging <- calculate_metrics(validation_data$SOC, kriging_pred$var1.pred) 

metrics_gwr <- calculate_metrics(validation_data$SOC, gwr_pred$SDF$pred) 

metrics_gwr_rk <- calculate_metrics(validation_data$SOC, gwr_kriging_pred) 

metrics_reg_kriging <- calculate_metrics(validation_data$SOC, reg_krige_model$var1.pred) 

metrics_idw <- calculate_metrics(validation_data$SOC, idw_model$var1.pred) 

 

# Step 9: Create Prediction Maps and Save as TIFF files 

# Create SpatialPixelsDataFrame for each prediction 

grid@data$kriging <- kriging_pred$var1.pred 

grid@data$gwr <- gwr_pred$SDF$pred 

grid@data$gwr_rk <- gwr_kriging_pred 

grid@data$reg_kriging <- reg_krige_model$var1.pred 

grid@data$idw <- idw_model$var1.pred 

 

# Convert to raster layers 

kriging_raster <- raster(grid, layer = "kriging") 

gwr_raster <- raster(grid, layer = "gwr") 

gwr_rk_raster <- raster(grid, layer = "gwr_rk") 

reg_kriging_raster <- raster(grid, layer = "reg_kriging") 

idw_raster <- raster(grid, layer = "idw") 

 

# Save as .tiff files 

writeRaster(kriging_raster, "kriging_SOC.tiff", format = "GTiff", overwrite = TRUE) 

writeRaster(gwr_raster, "gwr_SOC.tiff", format = "GTiff", overwrite = TRUE) 

writeRaster(gwr_rk_raster, "gwr_rk_SOC.tiff", format = "GTiff", overwrite = TRUE) 

writeRaster(reg_kriging_raster, "reg_kriging_SOC.tiff", format = "GTiff", overwrite = TRUE) 

writeRaster(idw_raster, "idw_SOC.tiff", format = "GTiff", overwrite = TRUE) 

 

# Step 10: Compare and Visualize Results 

comparison_metrics <- data.frame( 

  Method = c("Ordinary Kriging", "GWR", "GWR-Kriging", "Regression Kriging", "IDW"), 

  RMSE = c(metrics_kriging[1], metrics_gwr[1], metrics_gwr_rk[1], metrics_reg_kriging[1], 

metrics_idw[1]), 

  R2 = c(metrics_kriging[2], metrics_gwr[2], metrics_gwr_rk[2], metrics_reg_kriging[2], 

metrics_idw[2]), 

  MAE = c(metrics_kriging[3], metrics_gwr[3], metrics_gwr_rk[3], metrics_reg_kriging[3], 

metrics_idw[3]) 

) 

# Print the comparison metrics 

print(comparison_metrics) 
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Figure 5. Prediction of ground water level using GWR. 

 

Conclusion 

Spatial sampling, interpolation, and Kriging are pivotal for geospatial analysis, enabling accurate 

predictions at unsampled locations. Spatial sampling optimizes data collection by capturing spatial 

variability, ensuring representative datasets for reliable modeling. Interpolation, such as IDW, 

creates continuous surfaces from discrete data, while Kriging (Simple, Ordinary, Universal, 

Regression) enhances predictions by modeling spatial autocorrelation and providing uncertainty 

estimates. These methods support critical applications like digital soil mapping, crop health 

monitoring, environmental monitoring, meteorology, and urban planning. Challenges include 

designing cost-effective sampling, handling assumptions (e.g., stationarity), and computational 

complexity. Future advancements in machine learning and remote sensing promise enhanced 

precision and real-time applications, solidifying their role in data-driven spatial decision-making. 
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1. Introduction  

Sample surveys are the indispensable tool to know the characteristics of a poulation. A 

scientifically designed sample survey is a true represebtattive of the poulation. Thus, sample 

survey is a data collection technique by which a portion (sample) of the larger group (population) 

is selected to infer the characteristics of that group. Sample surveys are cost-effective, time-saving, 

and often more practical than complete enumeration (census), especially when dealing with large 

populations. 

2. Definitions and Basic Concepts 

2.1. Population  

Population is a collection of all units of a specified type in a given region at a particular point of 

time. Population is also referred to as universe and denoted as U, and the size of the population is 

denoted by N. Example - A population of farmers, livestocks in a region or a population of trees 

or birds in a forest etc. depending on the objectives of the survey. 

2.2. Population Parameter 

Population parameter is a real valued function of the population observations. Let, a finite 

population U=(U1, U2,…,UN) consists of N units and Yi be the value of characteristic under study, 

y corresponding to ith unit of the population, ∀ i=1, 2, … , N. The unit may be a farm household 

and the characteristic under study may be the income of that household. The parameters that are 

of major interest in sample surveys, defined as follows: 

Population mean, 
1

1 N

i

i

Y y
N =

=  , 

Population proportion, P=N1/N, 

Population mean square, ( )
22

1

1
 

1

N

i

i

S y Y
N =

= −
−
 ,and 

Coefficient of variation, CV=
S

Y
. 

where, N1 being the number of population units possessing a particular attribute, say A, out of N 

population units when the characteristcs of interest is binary in nature. 

2.3. Sample 

A sample is a true representative of the population. It is used for inferring about the population 

parameters through estimators. A single element or group of elements considered for selection is 
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known as sampling unit. The sample mean is the unbiased estimator of population mean whereas 

sample proportion is the unbiased estimator for population proportion. These estimators are 

defined as follows: 

Sample mean, 
1

1 n

i

i

y y
n =

=  , 

Sample proportion, p=n1/n, 

Sample mean square, ( )
22

1

1
 

1

n

i

i

s y y
n =

= −
−
 , and 

Estimator of coefficient of variation, ˆCV=
s

y
. 

where, n1 being the number of sample units possessing a particular attribute, say A, out of n sample 

units. Sometimes, CV of the population is known from previous surveys or past records. However, 

such type of information may not be always readily available. In this situation, a small preliminary 

sample (n1) is to be drawn from the population to estimate CV by the ratio of the square root of 

sample mean square (s2) to the sample mean ( y ). 

2.4. Sampling Frame 

Sampling frame is a list of all the sampling units present in the population along with their 

identification particulars. Example: a list of the farm households in a village constitutes a sampling 

frame when objective of the survey is to estimate the income of farmers in that village. The 

sampling frame should be up to date, and deletion and duplication of sampling units should not be 

there. 

2.5. Estimator and statistic 

An estimator is a real valued function of the sample observations that is used for estimating 

population parameter, e.g. suppose a sample of size n is selected from a population of size N, then, 

sample mean, 
1

1 n

i

i

y y
n =

=   is an estimator of population mean. Any real valued function of the 

sample observations is known as statistic. It may or may not be an estimator, e.g. sample median 

is statistic but not an estimator for population mean. All estimators are statistic but all statistic are 

not estimators. The value of the estimator differs from sample to sample. The particular value of 

the estimator for a given sample is known as estimate.     

3. Objectives of Sample Survey 

a) To collect data that represent the characteristics of a population. 

b) To estimate population parameters (e.g., mean income, unemployment rate). 

c) To make decisions based on sample data with acceptable confidence and precision. 

d) To track changes over time (trend analysis) in repeated surveys. 



 

Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data 
Analysis Using Open Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-54- 

 

4. Types of Sample Surveys 

• Cross-sectional Surveys: Data is collected from the sampling units at a particular point of 

time. 

• Longitudinal or Panel Surveys: Data is collected from the same sampling unit repeatedly 

over a period of time. 

5. Types of Sampling Methods 

5.1. Probability Sampling 

When probability is associated with the selection of the sampling units, then it is referred to as 

probability or random sampling. Example - Simple Random Sampling (SRS), Systematic 

Sampling, Two-stage Sampling etc. 

5.2. Non-Probability Sampling  

When selection of sampling units is not governed by laws of probability, then it is referred to as 

non-probability or non-random sampling. Example - Snowball sampling, Convenience sampling 

etc. Non-probability sampling does not gurantee valid estimates of the population parameters as 

probability is not associated with the selection of the sampling units. 

6. Survey Design Components 

1. Defining Objectives and Population 

2. Questionnaire Design 

3. Mode of Data Collection 

4. Training of Enumerators 

5. Supervision and Quality Control 

7. Errors in Sample Surveys 

7.1. Sampling Error 

The difference between the estimate and true value of population parameter is known as sampling 

error or sampling fluctuation. The sampling error is present in every sampling design. The 

sampling design with lower sampling error is preferable and it is inversely proportional to the 

sqaure root of sample size. 
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7.2. Non-Sampling Error 

The errors in the estimate other than the sampling error, grouped together, are known as non-

sampling errors. The major sources of non-sampling errors are: response error, non-response error, 

measurement error, errors introduced by typing mistakes and editing. The non-sampling error is 

directly proportional to the sample size. 

8. Advantages of Sample Surveys 

a) Sample surveys are generally more cost-effective and time-efficient compared to census 

surveys, enabling quicker collection of the required information. 

b) However, cost savings are not the sole reason for choosing a sample survey. 

c) Ensuring an acceptable level of accuracy in the results is equally crucial. 

d) Sometimes, sample surveys are conducted to validate findings from a census. 

e) In certain cases, a well-designed and properly executed sample survey can yield results that 

are even more precise than those from a full census.. 

 

9. Sample Size Determination 

Determining the appropriate sample size is one of the most crucial aspects of survey planning. The 

goal is to select a sample size that ensures the resulting estimates are both reliable and efficient. 

An excessively large sample may lead to unnecessary expenditure of time, effort, and resources, 

making the survey economically and operationally inefficient. On the other hand, a sample that is 

too small may yield estimates that lack reliability. This challenge can be addressed through the 

application of sample survey theory. The precision of an estimate is typically assessed by the 

allowable margin of error and the confidence level desired to ensure that the estimate falls within 

this margin. Several methods exist for calculating the sample size, depending on the availability 
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of prior information, such as the population’s coefficient of variation (CV) and the sampling design 

employed. 

 

The sampling error in estimation of population mean is defined as ( )y Y−  whereas for population 

proportion it is (p-P). The permissible margin of error in the estimation of population parameters 

is denoted by  . In the estimation of population mean,  = y Y−  whereas for population 

proportion,  = p P− . When permissible margin of error (  ) is expressed as a fraction of true 

population parameter value i.e. says 10% (or 5%) of population mean or population proportion, 

then it is referred to as relative error ( ) and it is defined as,  

y Y

Y


−
=  (for population mean), and 

p P

P


−
=  (for population proportion). 

When a permissible margin of error is specified, say, 150, it means that this amount must be added 

to and subtracted from the estimated value of a population parameter to construct an interval where 

the true value is expected to lie. For instance, if a survey estimates wheat productivity in a region 

at 3,500 kg/ha with a margin of error of 150, the actual productivity is likely to fall between 3,350 

and 3,650 kg/ha. Similarly, for population proportions, the margin of error indicates the range 

around the estimated proportion. If a survey estimates that 60% of people in a region consume 

rice, and the margin of error is 5%, then the true proportion is likely to lie between 55% and 65%. 

 

Besides the margin of error (also called relative error), determining the appropriate sample size 

also depends on the confidence level, which reflects how certain we are that the estimated interval 

contains the true population parameter. The confidence level is expressed as (1 − α), where α is 

the level of significance. The level of significance (α) is the probability of incorrectly rejecting a 

true null hypothesis and is commonly set at 1%, 5%, or 10%, depending on the desired precision. 

A confidence level of 95%, for example, indicates a 95% probability that the population parameter 

falls within the estimated range derived from the sample. While higher confidence levels provide 

greater assurance, they also require larger sample sizes, and thus, leading to increased cost of 

survey. For this reason, confidence levels of 90% or 95% are typically used in practice. 

 

9.1. Methodology of sample size determination  

The availability of prior information about the population coefficient of variation (CV) plays a key 

role in determining the appropriate approach for sample size determination. In cases where no 

prior information on the population CV is available, a small preliminary sample of size n₁ is first 

selected to estimate the CV. This estimated CV is then used to calculate the required final sample 
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size n. If the final sample size n exceeds the preliminary sample size n₁, then an additional m=n-n1 

units are selected from the remaining population to augment the sample, ensuring the total sample 

size equals n. Conversely, if the preliminary sample size n₁ is larger than the final sample size n, 

then the initial sample of size n₁ is retained and treated as the final sample. 

9.2 Sample Size Determination for Estimating the Population Mean under SRSWOR 

Sampling Design 

Case 1: Population CV is not known 

In this case, a preliminary sample of size n1 is drawn using simple random sampling without 

replacement (SRSWOR) design and the study variable, y, is observed on n1 units. The estimated 

CV from the preliminary sample is then used for determining the final sample size. For 

determination of sample size, the following information are required: (a) Confidence Level (1-α) 

(in %), (b) Relative error (0 - 1), (c) Population Size (N), (d) Size of the preliminary sample (n1), 

and (e) y-values obtained from the preliminary sample drawn using SRSWOR. Let, 1y , 2y , …, 

1ny  be the values of the study variable y in the preliminary sample. Then, 

Sample mean, 
1

1

11

1
n

n i

i

y y
n =

=  , 

Sample mean square, ( )
1

1 1

2
2

11

1
 

1

n

n i n

i

s y y
n =

= −
−
 , and 

Estimator of CV, 1

1

ˆCV=
n

n

s

y
. 

The resulting sample size is obtained as follows: 

  
( )

( )
1

2

2 2

2

/2, 1

ˆCV
=

ˆCV
n

N
n

N

t



−

+

. 

Example 1 

An investigator is interested in estimating the average number of tractors per village in a 

particular community development block of a district. The block consists of 70 villages. A 

sample of 10 villages is selected in the preliminary sample using SRSWOR and the number of 
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tractors is obtained as 14, 8, 15, 39, 9, 11, 19, 12, 18, and 22. Determine the sample size needed 

to estimate the average number of tractors per village with relative error of 0.20 with 95% 

confidence level. 

Solution: 

Given, N = 70, n1 = 10, α = 0.05, ε = 0.20. 

Here,  

Sample mean, 
1

16.70ny = , 

Sample mean square, 
1

2 81.34ns = ,  

Estimate of CV, 
81.34

ĈV= 0.54
16.70

= , and 

(0.025,  9) 2.262t = . 

The resulting sample size is obtained as follows: 

 
( )

( )
( )

2

2
2

2

70 0.54
=

70 0.20
0.54

2.262

n



+

, 

 =24.33 24n  . 

Since 10 villages are already selected in the preliminary sample, therefore, 14 additional villages 

need to be selected from the remaining 60 villages using SRSWOR design to get the desired final 

sample of 24 villages. 

Case 2: Population CV is known 

In this case, it is assumed that an approximate value of the population CV is known either 

from past surveys or from prior records and this value is being used for determining the sample 

size. For determination of sample size, the following information are required: (a) Confidence 

Level (1-α) (in %), (b) Relative error (0 - 1), (c) Population Size (N), and (d) CV. The sample 

size is determined as,  

( )

( )

2

2
2

2

/2

CV
=

CV

N
n

N

Z


+

. 
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Example 2 

Suppose one investigator is interested to estimate the average value of output from a group of 

1000 sugar mills in a region so that the sample estimate lies within 0.10 of the true value with a 

confidence level of 95%. Determine the sample size required in this case assuming SRSWOR 

design. The population coefficient of variation is known to be 0.60. 

Solution: 

Given, N=1000, α = 0.05, ε = 0.10, CV=0.60, and Z0.025=1.96. 

The resulting sample size is obtained as follows: 

( )

( )
( )

2

2
2

2

1000 0.60
=

1000 0.10
0.60

1.96

n



+

, 

=121.49 121n  . 

9.3 Sample Size Determination for Estimating the Population Mean under SRSWR Sampling 

Design 

Case 1: Population CV is not known 

Here, a preliminary sample of size n1 is selected using simple random sampling with replacement 

(SRSWR) design. The estimated CV is then used for determining the sample size. For 

determination of sample size, the following information are required: (a) Confidence Level (1-α) 

(in %), (b) Relative error (0 - 1), (c) Size of the preliminary sample (n1), and (d) y-values obtained 

from the preliminary sample. Let, 1y , 2y , …, 
1ny  be the values of the study variable y in the 

preliminary sample. Then, 

Sample mean, 
1

1

11

1
n

n i

i

y y
n =

=  , 

Sample mean square, ( )
1

1 1

2
2

11

1
 

1

n

n i n

i

s y y
n =

= −
−
 , and 

Estimator of CV, 1

1

ˆCV=
n

n

s

y
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The resulting sample size is obtained as follows:  

 
( )

1

2
2

/2, 1

2

ˆCV
= ,

nt
n





−
 

 1

2

/2, 1
ˆCV

= .
nt

n




−
 

  
 
 

 

Example 3 

An investigator is interested in estimating the average number of fertilizers selling shops per 

village in a particular district. A preliminary sample of 10 villages is selected using SRSWR 

design. The values of number of fertilizers selling shops in the selected villages are: 12, 14, 8, 5, 

36, 24, 18, 17, 6, 9. Determine the sample size required to estimate the average number of 

fertilizers selling shops per village with relative error of 0.15 with 95% confidence level. 

Solution: 

Given, n1 = 10, α = 0.05, and ε = 0.15. 

 

Here,   Sample mean, 
1

14.90ny = , 

Sample mean square, 
1

2 90.10ns = ,  

Estimate of CV, 
90.10ˆCV= 0.64

14.90
= , and (0.025,  9) 2.262t = . 

The resulting sample size is obtained as follows: 

 

2
0.64 2.262

= ,
0.15

n
 

 
 

 

 =93.15 93n  . 

Since 10 villages are already selected in the preliminary sample, therefore, 83 additional villages 

need to be selected from the remaining villages in the district using SRSWR design to get the 

desired final sample size. 
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Case 2: Population CV is known 

In this case, some approximate value of the population CV is known and this value is being used 

for determination of the sample size. For determination of sample size, the following information 

are required: (a) Confidence Level (1-α) (in %), (b) Relative error (0 - 1), and (c) CV. The 

sample size is obtained as, 

 
( ) ( )

2 2

/2

2

CV
= ,

Z
n




 

 

2

/2CV
= .

Z
n 



 
  

 
 

Example 4 

An investigator is interested in estimating the average number of animal farms per village in a 

particular district. The population coefficient of variation is known to be 0.50. Determine the 

sample size needed to estimate the average number of animal farms per village with relative 

error of 0.20 with 95% confidence level assuming SRSWR design. 

Solution: 

Given, CV = 0.50, ε = 0.20, α = 0.05, Z0.025 = 1.96. 

The resulting sample size is obtained as follows:  

 

2
0.50 1.96

= ,
0.20

n
 

 
 

 

 =24.01 24n  . 

9.4 Sample Size Determination for Estimating the Population Proportion under SRSWOR 

Sampling Design  

Case 1: Population proportion is not known 

Here, the population proportion is assumed to be unknown and it is estimated by drawing a 

preliminary sample on the study variable, y, using SRSWOR design. The estimated population 

proportion is then used for determination of the sample size. For determination of sample size, the 

following information are required: (a) Confidence Level (1-α) (in %), (b) Relative error (0 - 1), 
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(c) Population Size (N), (d) Size of the preliminary sample (n1), and (e) y-values in terms of 0's 

and 1's in the preliminary sample. Let a preliminary sample of size 1n  is drawn from a population 

of size N and 
*

1n  be the number of units possessing an attribute, say A, in the preliminary sample. 

Then, 
*

1
1

1

n
p

n
= , denotes the proportion of units possessing the attribute and 1 11q p= − , denotes the 

proportion of units not possessing the attribute in the preliminary sample, respectively. Thus, final 

sample size is determined as,  

  
( )

( )
1

1

2 2

/ 2, 1 1 1

2 2

/ 2, 1 1 1

=
n

n

N t q p
n

t q p N









−

−

+

+
. 

 Example 5 

  A researcher is interested in estimating the proportion of rice eaters in a particular village. 

A preliminary sample 10 villagers are taken from a total of 500 villagers using SRSWOR. The 

response is denoted by 1 if the villager is rice eater; otherwise, 0. Determine the sample size needed 

to estimate the proportion of rice eaters in that village with relative error of 0.20 and 95% 

confidence level. The preliminary sample data is provided below: 

Villagers 1 2 3 4 5 6 7 8 9 10 

Response 1 0 1 1 1 0 0 0 1 1 

Solution: 

Here, 1

6
0.6

10
p = = , 1 1 0.6 0.4q = − = ,  =0.20,  =0.05, N=500, 1n =10, and 0.025,  9t =2.262. 

The final sample size is,  

  
( )

( )

2 2

2 2

500 2.262 0.4 0.20 0.6
=

2.262 0.4 0.20 0.6 500
n

 + 

 +  
, 
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  =73.71 74n  . 

Since, 10 villagers are already selected in the preliminary sample, therefore, 64 additional villagers 

need to be selected using SRSWOR design from the remaining 490 farmers.  

9.5 Sample Size Determination for Estimating the Population Proportion under SRSWR 

Sampling Design 

Case 1: Population proportion is not known 

In this case also a preliminary sample is drawn on study variable, y, using SRSWR design to 

estimate the population proportion and then, this estimated value is being used for sample size 

determination. The following information is required to determine of sample size: (a) 

Confidence Level (1-α) (in %), (b) Relative error (0 - 1), (c) Size of the preliminary sample 

(n1), and (d) y-values in terms of 0's and 1's in the preliminary sample. Thus, final sample size 

is determined as, 

1

2 2

/ 2, 1 1 1

2

1

=
nt q p

n
p

 



− +
. 

Example 6 

A farmer is interested to see whether submerging of seeds will rot them. A preliminary sample of 

15 seeds is taken by the farmer using SRSWR. A value 1 is recorded if the seed rot; otherwise, 0. 

Suppose the farmer wishes to estimate the proportion of seeds that rot with 95% confidence level 

and with a relative error of 0.20, then how many seeds should he submerge? The preliminary 

sample data is given below: 

Seeds 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Response 1 0 1 1 0 1 1 1 0 0 0 1 1 1 1 

Solution:  

Here, 1

10
0.67

15
p = = , 

1 1 0.67 0.33q = − = ,  =0.20,  =0.05, 1n =15 and 0.025,  14t =2.145. 
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The final sample size is,  

  
2 2

2

2.145 0.33 0.20 0.67
=

0.20 0.67
n

 + 


, 

  =57.65 58n  . 

Since, 15 seeds are already selected in the preliminary sample, therefore, 43 additional seeds need 

to be selected using SRSWR design to estimate the proportion of seeds that rot with 95% 

confidence level and with a relative error of 0.20. 

R codes for determination of sample size 

install.packages("SscSrs") 

library(SscSrs) 

# Sample Size Determination for Estimating the Population Mean under SRSWOR when 

population CV is known 

SscSrsMean(TRUE, FALSE, 0.05, 0.2, 100, NA) 

# Sample Size Determination for Estimating the Population Mean under SRSWOR when 

population CV is unknown 

preliminary_sample =c(12, 14, 8, 5, 36, 24, 18, 17, 6, 9) 

SscSrsMean(FALSE, FALSE, 0.05, 0.2, 100, preliminary_sample) 

# Sample Size Determination for Estimating the Population Mean under SRSWR when 

population CV is known 

SscSrsMean(TRUE, TRUE, 0.05, 0.2, NA, NA) 

# Sample Size Determination for Estimating the Population Mean under SRSWR when 

population CV is unknown 

preliminary_sample =c(12, 14, 8, 5, 36, 24, 18, 17, 6, 9) 

SscSrsMean(FALSE, TRUE, 0.05, 0.2, NA, preliminary_sample) 

# Sample Size Determination for Estimating the Population Proportion under SRSWOR  

preliminary_sample=c(1,0,1,1,1,0,0,0,1,1) 

SscSrsProp(FALSE, 0.05, 0.2, 500, preliminary_sample) 
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# Sample Size Determination for Estimating the Population Proportion under SRSWR 

preliminary_sample=c(1,0,1,1,0,1,1,1,0,0,0,1,1,1,1) 

SscSrsProp(TRUE, 0.05, 0.2, NA, preliminary_sample) 

 

Spatial Sampling Strategy 

10. Introduction to Spatial Sampling 

Spatial sampling is used to estimate attributes of a geographically distributed population, 

presenting unique challenges related to the selection of sample locations. Two primary approaches 

are employed: design-based and model-based sampling. Kotz and Johnson (1986) describe spatial 

sampling as a survey sampling method focused on two-dimensional spaces, such as agricultural 

fields. In agriculture, parameters like crop yield, soil properties, and climatic variables are 

inherently spatial, making it advantageous to select samples from diverse geographic locations 

using spatial sampling techniques. Spatial autocorrelation measures how similar observations at 

specific coordinate points are to each other. A widely used statistic for assessing spatial 

autocorrelation is Moran’s I (Moran, 1948), which evaluates the relationship between a variable’s 

values at a given location (𝑦) and the average values of that variable at neighboring locations 

(𝑤𝑦). The null hypothesis for Moran’s I assumes that the variable is randomly distributed across 

space. Moran (1950) proposed the following measure to calculate spatial autocorrelation (I): 

( )

( )( )
1 1

2

1 1 1

I

n n

ij i j

i j

n n n

i ij

i i j

w y y y y
n

y y w

= =

= = =

− −

=

−



 
 

where, 𝑦𝑖 is the observed value at location 𝑖, 𝑛 is the number of locations, the weighting function 𝑤𝑖𝑗 is 

used to assign weights to every pair of locations in the study area, 𝑤𝑖𝑗 =

1  ;   if   𝑖 and 𝑗 are neighbour or 0  ;  otherwise . The range of Moran’s autocorrelation varies from 

−1 to + 1 , a positive sign indicates positive spatial autocorrelation and zero indicates no spatial 

autocorrelation. Moran’s scatterplot in Figure 3 shows the correlation between observed values of the study 

variable  𝑦  at each location and the average value of 𝑦  at neighbouring locations (𝑤𝑦) . The plot is 

segmented into four quadrants. The upper-right quadrant (IV) represents cases where both the value of the 
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study variable 𝑦  and its local average value are above the overall mean, indicating positive spatial 

autocorrelation. Conversely, the lower-left quadrant (II) shows cases where both the value of 𝑦 and its local 

average are below the overall mean, also indicating positive spatial autocorrelation. The remaining two 

quadrants (I and III) represent negative spatial autocorrelation, where the value of 𝑦 and its local average 

diverge relative to the overall mean. 

 
Figure 1. Moran’s scatterplot divided into 4 quadrants based on values of the variable y and its local 

average value wy at neighbouring locations 

10.1 Concept and Motivation 

Spatial sampling is typically employed to estimate the characteristics of a spatial population 

without observing it in its entirety. For example, to estimate the proportion of land covered by a 

specific land use, it is often more feasible to take a well-distributed sample than to conduct a 

complete census. Here, the focus is on the current spatial pattern rather than assuming a 

hypothetical underlying superpopulation. A basic estimator in such cases is the sample mean: 

𝑦̅ =
1

𝑛
∑𝑦(𝑖)

𝑛

𝑖=1

 

where 𝑦(𝑖) equals 1 if the sample site 𝑖 exhibits the land use of interest and 0 otherwise. The 

efficiency of this estimator depends on the sampling design chosen, which must account for spatial 

autocorrelation- the tendency of nearby locations to have similar values. Spatial autocorrelation 
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influences the choice of sampling design, as it suggests that sample points should be spaced to 

avoid redundant information. 

11. Design-based and Model-based approach in sampling 

In the design-based approach, the variable’s value at each location is considered fixed, and the aim 

is to estimate properties like the mean or total using a probability-based sampling design. 

Conversely, the model-based approach views the value at each location as a realization of a spatial 

random process, with the goal of predicting properties of this realized surface or estimating 

parameters of the process model, such as the spatial covariance structure. 

12. Types of Spatial Sampling Designs  

Spatial sampling is commonly carried out using techniques such as random sampling, stratified 

random sampling, and systematic sampling. In addition to these, methods like cluster sampling, 

nested sampling, and fixed interval point sampling are also utilized. Each of these approaches 

offers specific advantages and drawbacks, which largely depend on the characteristics of the target 

variable and the spatial arrangement of the data. 

12.1 Random Sampling 

Random sampling selects sample points without a specific pattern, which can lead to clustering in certain 

areas. This design is the least efficient for spatial data because it does not ensure even coverage, potentially 

resulting in redundant information due to spatial autocorrelation. 

 

12.2 Stratified Random Sampling 

In stratified random sampling, the population is divided into mutually exclusive and exhaustive 

subpopulations, or strata, such as soil mapping units or administrative areas. Within each stratum, a 

probability sample is selected, often using simple random sampling, resulting in stratified simple random 

sampling. This design ensures better coverage than random sampling by distributing points across strata. 

However, sample points may still be adjacent across strata boundaries, potentially reducing efficiency due 

to spatial autocorrelation. 

 

12.3 Systematic Sampling 
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Systematic sampling selects points at regular intervals, ensuring a minimum separation distance between 

points. This design is often the most efficient for spatial data because it minimizes redundancy by spreading 

points evenly across the study area. According to Dunn and Harrison (1993), systematic sampling 

outperforms random and stratified random sampling when spatial autocorrelation is strong, as it avoids 

clustering and ensures comprehensive coverage. 

 

12.4 Cluster Random Sampling 

Cluster random sampling entails selecting groups (clusters) of population units, with all units within a 

chosen cluster being surveyed. This approach is referred to as one-stage cluster sampling. In contrast, two-

stage sampling involves selecting a subset of units from within each chosen cluster. A frequently used 

cluster configuration is a transect, which is particularly practical for fieldwork, especially before the 

widespread use of GPS technology. The process typically begins by randomly selecting a starting unit, 

followed by identifying the rest of the cluster based on a predetermined rule—such as an east-west transect 

with units spaced 100 meters apart (de Gruijter et al., 2006). This procedure is repeated until the required 

number of clusters is obtained. Cluster sampling is particularly advantageous in extensive study regions 

where minimizing travel time is essential; however, it can lead to reduced precision if the units within 

clusters are highly similar. 

12.5 Conditioned Latin Hypercube Sampling 

The Conditioned Latin Hypercube Sampling (cLHS) approach is widely recognized for its ability to 

generate spatially distributed samples that capture the full variability of environmental covariates. By 

ensuring that every combination of input variables is adequately represented, cLHS produces statistically 

robust samples and minimizes sampling bias. Previous studies, such as that of Minasny and McBratney 

(2006), have shown that cLHS can closely replicate the original distribution of environmental variables 

even with relatively small sample sizes, making it an efficient and cost-effective strategy for environmental 

monitoring and modeling. To evaluate the representativeness of different sample sizes, box plots and 

density plots are often employed. Box plots visually compare the central tendency and spread (interquartile 

range) of sampled values against the full dataset for each covariate. Minimal differences in the medians and 

interquartile ranges between the samples and the original data indicate that the samples effectively represent 

the underlying distribution. As the sample size increases, the box plots tend to cluster more tightly around 

the median, reflecting reduced variability. However, beyond a certain threshold, typically between 100 and 

150 samples, additional increases in sample size yield diminishing returns in terms of representational 

accuracy. Similarly, density plots provide insights into how well the sampled data reproduces the shape of 

the original distribution for each covariate. When the density curves of the sampled subsets align closely 
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with those of the full dataset, it suggests that the samples have captured the overall distribution effectively. 

Overall, these visual and statistical assessments suggest that a well-chosen sample size within this range 

can strike an ideal balance between representativeness and sampling efficiency. This reinforces the utility 

of cLHS as a powerful sampling design tool for spatial studies, particularly in applications where field data 

collection is expensive or logistically challenging. 

 

Figure 2. Determination of optimal sampling points of the Pune District using cLHS sampling 

strategy 

13. Spatial Autocorrelation and Sampling Efficiency 

Spatial autocorrelation significantly affects sampling design efficiency. When autocorrelation is strong, 

nearby locations provide similar information, making it critical to space sample points to avoid redundancy. 

Systematic sampling and stratified random sampling with geographical strata outperform random sampling 

by ensuring better coverage. In large study areas, cluster random sampling may be preferred to reduce travel 

time, despite potential precision trade-offs due to similarity within clusters. 

14. Advantages of Spatial Sampling 

• Representativeness: Captures spatial variability, reducing bias. 

• Efficiency: Optimizes resources by targeting key areas. 

• Accuracy: Enhances interpolation and prediction quality. 
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• Flexibility: Adapts to specific objectives. 

15. Applications in Agriculture 

Soil sampling and fertility mapping 

Land use/land cover classification 

Monitoring abiotic stresses (e.g., salinity, drought) 

Yield estimation and model calibration 

Precision farming and variable input management 

 

16. Conclusion 

Spatial sampling is essential for studying geographically distributed populations, requiring careful 

consideration of spatial dependence. By choosing an appropriate design-random, stratified random, 

systematic, cluster random, or random grid-researchers can optimize the accuracy and efficiency of their 

estimates. A critical consideration in spatial sampling is the presence of spatial autocorrelation, 

which is inherent in most spatial data. Positive spatial autocorrelation means that observations 

located close to one another are more likely to have similar values. This affects the information 

content of the sample, and therefore the efficiency and precision of the resulting estimates. The 

choice depends on the strength of spatial autocorrelation, study area size, and practical constraints. 

Understanding these factors ensures that spatial sampling effectively captures population characteristics 

while minimizing redundancy and maximizing precision. 
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1. Introduction 

In light of the growing socio-economic and demographic challenges, researchers, policymakers, 

and experts have given a great deal of emphasis on the development of reliable indicators and 

obtaining of high-quality data on living conditions at not only the national and state levels but also 

at the district and further down the geographic levels. As a result, the focus of agricultural and 

socio-economic planning has moved from the macro to the micro level, and the small area 

estimation approach is currently of great interest to the researchers and planners in the country. 

Existing data from large-scale social-economic and agricultural surveys provide representative 

estimates at the national and state levels, but they cannot be readily used to generate reliable 

disaggregate, micro or local level statistics. Eventually, the absence of reliable, representative and 

robust statistics at the local (and disaggregate) level often put restrictions for designing target-

oriented interventions and policy development related to reducing the inequality and disparity 

among the deprived. The disaggregate level statistics is inevitably needed in India because 

Government is committed to “leave no one behind” agenda for sustainable development goals. For 

example, such disaggregate level statistics is unavoidable for planning, implementation and 

evaluation of several programmes and schemes of Government of India such as Doubling Farmers 

Income, Pradhan Mantra Fasal Bima Yojan and many more. The need for micro or local level 

statistics (also known as small domains, small areas, such as district, blocks or district classified 

by age-sex-race or several other groups) where programs are designed and executed is unavoidable 

for efficient policy formulation and planning, resources allocation, monitoring and evaluation. 

Censuses provide such local level statistics but Censuses are less regular and information are very 

limited whereas national level large scale surveys are frequent and collect a diverse range of data. 

However, samples at the disaggregate level are not big enough to produce “direct sample estimates 

mailto:saurav.iasri@gmail.com
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(estimates that use only the data on the target variable from the domain of study and time period 

of interest)” with acceptable precision.  

In general, sample surveys are structured to yield accurate estimates for broader geographical areas 

such as the national or state levels. The sample sizes are typically determined to ensure that direct 

estimates from surveys are reliable for these larger domains. However, in many real-world 

scenarios, there is a growing need to estimate parameters for smaller geographic domains where 

the number of sampled units is insufficient. These smaller domains are commonly referred to as 

"small areas," where the limited sample sizes result in imprecise or unstable direct estimates. For 

example, surveys conducted by the National Statistical Office (NSO) in India are well-designed to 

generate precise estimates at the national and state levels. However, they fall short at more granular 

levels like districts or blocks due to higher sampling variability and smaller sample sizes. 

Expanding these surveys to cover smaller areas directly would require significant time and 

financial investment. Consequently, estimates derived directly from such sparse data can be highly 

unreliable at the district or sub-district levels. To overcome this limitation, statisticians rely on 

model-based estimation techniques-also known as indirect methods—which use statistical 

models and auxiliary data (such as census or administrative records) to improve precision in small 

area estimates. This domain of research is known as Small Area Estimation (SAE). SAE provides 

a framework to "borrow strength" from related areas by linking data through statistical models, 

thereby producing more reliable estimates even when direct data is limited (Rao and Molina, 

2015). 

SAE methods are generally categorized into two types depending on the availability of auxiliary 

information: 

1. Area-level models, such as the well-known Fay-Herriot (FH) model (Fay & Herriot, 

1979), are used when auxiliary data is only available in aggregated form at the area level. 

2. Unit-level models, such as the nested error regression model by Battese et al. (1988), 

are used when auxiliary variables are available for individual units. 
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The FH model is particularly popular because it effectively accounts for complex survey designs 

while utilizing aggregate-level contextual data. This model is based on a linear mixed model 

(LMM) framework where areas are treated as random effects (Guha and Chandra, 2022). Several 

researchers have further extended the FH model. For instance, Prasad and Rao (1990) worked on 

estimating the mean squared error for FH estimates, with subsequent advancements by Datta and 

Lahiri (2000), Gonzalez-Manteiga et al. (2010), and Datta et al. (2011). Spatial and temporal 

extensions of the FH model have also been explored. For example, Marhuenda et al. (2013) 

proposed a spatiotemporal FH model, while Morales et al. (2015) extended it to multivariate 

contexts. The Multivariate Fay-Herriot (MFH) model, initially proposed by Fay (1987) and 

later expanded by Datta et al. (1991) and others (e.g., Benavent & Morales, 2016; Guha & 

Chandra, 2024), allows for modeling multiple correlated variables by incorporating flexible 

covariance structures between them. Bayesian approaches have also found increasing application 

in SAE. For instance, Arima et al. (2017) introduced Bayesian estimators to address functional 

measurement errors. Esteban et al. (2020) focused on estimating proportions under an area-level 

LMM framework, while Benavent and Morales (2021) developed a temporal bivariate LMM. 

Burgard et al. (2021, 2022) proposed models for handling missing data and provided optimal 

predictors under bivariate FH frameworks. Other advancements include methods for confidence 

region estimation and parametric bootstrapping under the MFH model (Ito & Kubokawa, 2021; 

Saegusa et al., 2022). Incorporating spatial correlations into SAE has also gained traction. The 

Simultaneous Autoregressive (SAR) model is commonly used in the frequentist framework to 

model spatial dependency in area-level random effects (Anselin, 1992; Cressie, 1993). This has 

led to multiple attempts to generalize the FH model by incorporating SAR-based spatial effects 

(e.g., Molina et al., 2009; Pratesi & Salvati, 2008, 2009; Singh et al., 2005). In contrast, Bayesian 

SAE models often utilize conditionally autoregressive (CAR) structures (Besag et al., 1991; 

Leroux et al., 1999). In this study, we apply the MFH model to jointly estimate three food 

insecurity-related indicators at the district level for rural areas of Uttar Pradesh, India. Uttar 

Pradesh, the most populous state in India-and globally among subnational units-accounts for 

approximately 16.16% of India’s population and 2.9% of the world’s population, spread across 

an area of 243,290 sq. km, which constitutes about 6.88% of India’s total area. 
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Despite being one of the country’s largest state economies, Uttar Pradesh faces significant poverty. 

As per NITI Aayog (2019), nearly 29.43% of the state’s population lives below the poverty line—

substantially higher than the national average of 21.92%. According to the Global Hunger Index 

(2020), India ranked 94th out of 132 countries with a score of 27.2, while Uttar Pradesh ranked 

24th out of 28 states, scoring 31, which is below the national average. Given that a majority of 

the state’s population is engaged in agriculture and nearly 78% live in rural areas (Census 2011), 

rural Uttar Pradesh is an appropriate case study for applying SAE to estimate food insecurity 

indicators. This study uses SAE techniques to provide reliable estimates at the district level, which 

are otherwise not feasible through direct survey methods due to small sample sizes. 

2.  Data  

This section outlines the primary datasets used in the multivariate small area estimation (SAE) 

analysis. The study relies on two major sources: the Household Consumer Expenditure Survey 

(HCES) 2011-12 conducted by the National Sample Survey Office (NSSO), and the Population 

Census 2011. These data sources are employed to generate district-level estimates of food 

insecurity indicators for rural areas in Uttar Pradesh (UP). The 2011-12 HCES is the most recent 

round of consumer expenditure data widely referenced for policy-making in India. While this 

dataset is not openly accessible online, it can be requested from the Ministry of Statistics and 

Programme Implementation (MoSPI), Government of India (http://mospi.nic.in). The NSSO 

conducts HCES at regular intervals under its ongoing survey "rounds," typically covering one year, 

using a scientifically designed sampling method. A representative set of households is randomly 

selected and surveyed through personal interviews. Over time, the entire geographical landscape 

of India is included through such rotational surveys. 

For the 2011-12 HCES, a stratified multi-stage random sampling approach was used. Here, 

districts served as strata, villages as first-stage units, and households as second-stage units. 

While the survey is designed to produce reliable statistics at the state and national levels, it falls 

short when applied to smaller domains like districts, due to the limited number of sampled 

households per district. Consequently, direct district-level estimates from HCES suffer from large 

standard errors and lack sufficient precision. This is particularly concerning given that district-

level statistics are crucial for localized development planning. However, India currently lacks 

http://mospi.nic.in/
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nationally representative surveys that generate reliable district-level data, creating a gap in the 

evidence base for district-specific policy interventions. In Uttar Pradesh, the 2011-12 HCES 

covered 5915 rural households across 71 districts. Sample sizes varied significantly across 

districts, ranging between 32 and 128 households, with an average sample size of 83 households. 

The average sampling fraction was notably low, around 0.00023. This highlights the challenge of 

obtaining reliable direct estimates from such small samples (see Chandra et al., 2011; Rao and 

Molina, 2015). To address these limitations, this paper applies a multivariate small area 

estimation technique that leverages auxiliary variables drawn from the 2011 Population Census. 

By combining the strengths of survey and census data, the SAE method helps enhance the precision 

of district-level estimates. To quantify food insecurity, food consumption reported by households 

in HCES is converted into energy intake using a nutritional conversion chart primarily based on 

the Indian Council of Medical Research (ICMR) standards (Gopalan et al., 1991). The 

conversion expresses food quantities in terms of kilocalories (Kcal). However, it is important to 

acknowledge that actual nutrient absorption may vary based on cooking methods and food 

processing practices used by households (Government of India, 2014). Despite this limitation, 

calorie intake serves as a commonly accepted metric for assessing food security. One inherent 

constraint of the HCES data is that food consumption is recorded at the household level, not at the 

individual level. As a result, the data cannot capture intra-household disparities in food intake. 

For the purpose of this study, all estimates are computed as per capita averages at the household 

level. The analysis focuses on three key indicators of food insecurity, defined at the household 

level and derived from the 2011–12 HCES data, following the framework of Foster et al. (1984) 

and later Hossain et al. (2020): Y1: Food Insecurity Prevalence (FP), Y2: Food Insecurity Gap 

(FG) and Y3: Food Insecurity Severity (FS). In rural India, the average daily dietary energy 

requirement per person is set at 2400 Kcal, as specified by the Ministry of Health and Family 

Welfare. In this paper, we aim to produce district-level estimates of food insecurity in rural Uttar 

Pradesh by jointly modeling the three indicators-FP, FG, and FS-using a multivariate SAE 

framework. 
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3. Practical Applications in HCES data using R 
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4. Concluding remarks 

In recent years, Small Area Estimation (SAE) has gained significant traction, with strong 

theoretical foundations. However, its practical applications, especially in agriculture and social 

sciences, remain limited. In India, Census data is sparse and infrequent, while NSSO surveys 

offer regular socioeconomic data but are only reliable for national and state-level estimates due to 

small sample sizes at lower administrative levels. This study applies a Multivariate Fay-Herriot 

(MFH) model to estimate three food insecurity indicators-Prevalence (FP), Gap (FG), and 

Severity (FS)-at the district level in rural Uttar Pradesh using the 2011–12 NSSO HCES and 

2011 Census data. Given the limited district-level samples in the HCES (average sample size: 83 

households), direct estimates are unreliable. To address this, we integrate auxiliary variables from 

the Census through Principal Component Analysis (PCA) for dimension reduction and covariate 

selection. By jointly modeling the correlated indicators using multivariate SAE, the approach 

improves estimate precision over univariate methods, as shown through reductions in Mean 

Squared Error (MSE) and Coefficient of Variation (CV). Spatial maps highlight district-level 

disparities in food insecurity, identifying vulnerable districts such as Gonda, Basti, and 

Gorakhpur, and more secure areas like Lucknow and Jhansi. This analysis underscores the 

advantages of SAE in producing reliable, cost-effective local estimates with confidence intervals, 

supporting evidence-based planning at the district level. It also aligns with SDG Indicator 2.1.2 

on food insecurity severity and can serve as a blueprint for applying SAE to other health indicators 

like stunting or undernutrition. The findings have direct relevance for policymakers at national and 

international levels, aiding targeted interventions for food security and rural development. 
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Introduction 

Spectral modelling has emerged as a cornerstone of modern precision agriculture, offering 

a rapid, non-destructive, and cost-effective method for assessing soil and crop 

characteristics. This technique leverages the principles of spectroscopy, analyzing how 

light across the electromagnetic spectrum is reflected or absorbed by a material. The 

resulting spectral signature a unique fingerprint for that material can be used to infer a wide 

range of physical and chemical properties, such as nutrient content, organic matter, 

moisture levels, and texture. This chapter provides a comprehensive, step-by-step protocol 

for implementing a robust spectral modelling workflow in an agricultural context. It is 

designed to guide scientists, students, and technicians through the entire process, from 

systematic field sampling and laboratory analysis to advanced data pre-processing and 

comparative machine learning. By combining rigorous field methodology with powerful 

data science techniques, this guide aims to empower researchers to generate accurate, 

reproducible, and actionable insights for enhancing soil health, optimizing resource 

management, and advancing sustainable agriculture. 

2. Materials, Equipment, and Software 

A successful spectral modelling project requires specific tools for field, laboratory, and 

computational work. 

2.1. Field Equipment 

• Soil Sampling: Power auger or trowel labelled and airtight sample bags, permanent 

markers. 

• Georeferencing: GPS device for recording sampling locations. 

• Layout: Measuring tape for establishing sampling grids. 

• Documentation: Field notebook or digital data sheets. 

2.2. Laboratory Equipment 

• Processing: Drying trays for shade drying, 2 mm mesh sieve, weighing balance. 
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• Chemical Analysis: Standard laboratory glassware and reagents for nutrient 

analysis (e.g., Kjeldahl, Olsen methods). 

2.3. Spectral Data Collection 

• Instrumentation: Handheld spectroradiometer (typically covering the 350–2500 nm 

range). 

• Calibration: White reference panels (e.g., PTFE, Halon) for radiometric calibration. 

• Stability: Tripod or stand to ensure consistent measurement geometry. 

3. Data Acquisition Protocol 

The quality of a predictive model is fundamentally dependent on the quality of the data 

used to train it. This section outlines a systematic protocol for data acquisition. 

3.1. Field Sampling Procedure 

• Define Study Area & Grid Design: Clearly demarcate the study boundaries. 

Overlay a regular grid (e.g., 50 m × 50 m) to ensure unbiased spatial coverage. 

• Mark Sampling Points: Use a GPS device to navigate to the center of each grid cell. 

This ensures the sampling is representative of all major land uses and soil types 

within the area. 

• Composite Soil Collection: At each point, clear surface debris. Collect 8-10 

subsamples of topsoil (0–15 cm depth) from random locations within a small radius. 

Combine these subsamples in a clean container and mix thoroughly to create a 

single, homogenized composite sample. 

• Sample Reduction (Quartering): To obtain a manageable lab sample, spread the 

composite soil on a clean sheet, divide it into four equal parts, and discard two 

opposite quarters. Mix the remaining two and repeat the process until 

approximately 250 g of soil remains. 

• Labelling and Storage: Place the final sample in a clearly labelled, airtight bag. 

Record the sample ID, GPS coordinates, date, time, and any relevant field 

observations. 

3.2. Spectral Data Collection 

Instrument Preparation: Power on the spectroradiometer and allow it to warm up and 

stabilize according to the manufacturer’s guidelines. 

• Calibration: Before the first measurement and periodically thereafter (especially if 

lighting changes), perform a white reference calibration using the reference panel. 

This converts raw digital numbers into reflectance values. 

• Measurement Protocol: Place the processed (dried and sieved) soil sample in a 

shallow container (e.g., petri dish). Position the sensor perpendicular to the surface 

at a fixed height (e.g., 0.45 m). Conduct measurements during peak daylight hours 

(9:00 AM–1:00 PM) under clear, cloud-free conditions. 
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• Data Acquisition: For each soil sample, collect multiple readings (e.g., 7-10) from 

slightly different positions on the sample. Average these readings to create a single, 

representative spectrum with a high signal-to-noise ratio. 

3.3. Laboratory Soil Nutrient Analysis 

Following standard laboratory protocols, analyze each soil sample for the target nutrients 

of interest. Common methods include Kjeldahl for Nitrogen, Olsen for Phosphorus, and 

flame photometry for Potassium. Meticulous record-keeping is crucial to ensure each lab 

result is correctly matched with its corresponding sample ID and spectral file. 

4. Data Processing and Pre-processing 

Raw spectral data contains noise and artifacts that can obscure the relationship between 

reflectance and soil properties. Pre-processing is a critical step to clean the data and 

enhance the relevant spectral features. 

4.1. Spectral Pre-processing Techniques 

• Splice Correction: Correct for discontinuities at the detector overlap regions within 

the spectroradiometer. 

• Smoothing: Apply algorithms like the Savitzky-Golay filter to reduce high-

frequency instrumental noise while preserving the shape of key absorption features. 

• Scatter Correction: Use transformations like Standard Normal Variate (SNV) or 

Multiplicative Scatter Correction (MSC) to remove variations caused by light 

scattering due to particle size differences, which are unrelated to chemical 

composition. 

• Baseline Correction & Detrending: Remove additive and multiplicative baseline 

effects in the spectra. 

• Continuum Removal: Normalize spectra by fitting a convex hull over the data. This 

technique isolates and enhances individual absorption features, making them more 

comparable across different samples. 

5. Predictive Modelling with Machine Learning 

With clean data, the next step is to train machine learning models to predict nutrient 

concentrations from the spectral data. 

5.1. Data Preparation and Splitting 

Merge the pre-processed spectral data with the laboratory nutrient data using the unique 

sample ID. Split this final dataset into a training set (typically 70-80% of the data) and a 

testing set (the remaining 20-30%). The model will be developed on the training set and its 

final performance will be evaluated on the unseen testing set. 

5.2. Model Selection and Training 

Two widely used algorithms for analyzing spectral data are Partial Least Squares 

Regression (PLSR) and Random Forest. It is recommended to train and compare multiple 

models for optimal results. 
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• Partial Least Squares Regression (PLSR): This linear regression method excels in 

handling datasets with more variables (e.g., spectral bands) than samples, 

particularly when variables are highly correlated (collinear), as is common in 

hyperspectral data. PLSR reduces the variables into a smaller set of uncorrelated 

components and performs regression on these components. 

• Random Forest: A non-linear, ensemble learning approach that constructs 

numerous decision trees during training. It is resistant to overfitting and effectively 

captures complex, non-linear relationships between spectral data and soil 

properties. Additionally, it provides a direct assessment of variable importance. 

 

5.3. Model Validation and Comparison 

Model robustness is evaluated through validation techniques. Cross-Validation: Employ k-

fold cross-validation (e.g., k=10) during training to optimize model hyperparameters (such 

as the number of components in PLSR) and obtain a reliable estimate of performance. 

Performance Metrics: Assess the model on a held-out test set using the following metrics: 

• Coefficient of Determination (R²): Measures the proportion of variance in the 

observed data explained by the model, with values closer to 1 indicating a better 

fit. 

• Root Mean Square Error (RMSE): Calculates the square root of the average squared 

differences between observed and predicted values, providing error in the same 

units as the target variable. 

• Mean Absolute Error (MAE): Computes the average absolute differences between 

observed and predicted values, offering a metric less sensitive to large outliers 

compared to RMSE. 

 

6. Interpretation and Application: A predictive model is only useful if its results can be 

interpreted and applied. 

6.1. Identifying Key Spectral Bands: Both PLSR and Random Forest models can provide 

insights into which spectral bands are most influential in predicting the target nutrient. 

• PLSR Variable Importance in Projection (VIP): A weighted sum of the squared 

correlations between the PLS components and the original variable. Bands with a 

VIP score greater than 1 are generally considered important. 

• Random Forest Feature Importance: Calculated by measuring how much the 

prediction error increases when a specific band's data is randomly shuffled. 

• Identifying these bands helps validate the model against known soil science (e.g., 

are the bands related to organic matter or clay minerals?) and can inform the 

development of simpler, more targeted multispectral sensors in the future. 

6.2. Generating Prediction Maps 

By applying the validated model to new spectral data (collected in the field or from 

airborne/satellite sensors), one can generate high-resolution spatial maps of soil nutrient 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-95- 

 

concentrations. These maps are powerful tools for precision agriculture, enabling farmers 

to apply fertilizers and soil amendments with high spatial precision, leading to reduced 

costs, lower environmental impact, and improved crop yields. 

7. Practical Implementation: An R-Based Workflow 

The following R script provides an end-to-end, enhanced workflow for the methods 

described in this chapter. It includes data loading, pre-processing, training and comparison 

of PLSR and Random Forest models, validation, and visualization. 

# Required packages 

required_packages <- c("pls", "ggplot2", "dplyr", "prospectr", "randomForest", 

"gridExtra") 

# Install and load packages 

invisible(lapply(required_packages, function(pkg) { 

  if (!require(pkg, character.only = TRUE)) install.packages(pkg, dependencies = TRUE) 

  library(pkg, character.only = TRUE) 

})) 

# User Configuration 

SPECTRAL_FILE <- "spectral_data.csv"          # Spectral reflectance data 

NUTRIENT_FILE <- "nutrient_data.csv"          # Nutrient reference data 

TARGET_VARIABLE <- "Nitrogen"                 # Target nutrient: Nitrogen, Phosphorus, 

etc. 

TEST_SET_RATIO <- 0.3                         # Test set proportion (e.g., 0.3 = 30%) 

MAX_PLSR_COMPONENTS <- 20                     # Max number of PLS components to 

test 

RANDOM_SEED <- 123                            # Seed for reproducibility 

# DATA LOADING & PREPROCESSING  

# Load and merge data 

tryCatch({ 

  spectra <- read.csv(SPECTRAL_FILE) 

  nutrients <- read.csv(NUTRIENT_FILE) 

  full_data <- merge(spectra, nutrients, by = "SampleID") 

}, error = function(e) { 

  stop(" Error: Unable to load or merge datasets. Please check file paths and 'SampleID' 

column.") 

}) 

# Prepare predictors and response 

X <- as.matrix(full_data %>% select(starts_with("X"))) 

Y <- full_data[[TARGET_VARIABLE]] 

# --- Optional Spectral Preprocessing ------------------------- 

# Uncomment one or more lines below if preprocessing is desired 

# X <- savitzkyGolay(X, p = 2, w = 11, m = 1)  # Savitzky-Golay smoothing 

# X <- standardNormalVariate(X)               # Standard Normal Variate correction 

# TRAIN-TEST SPLIT  

set.seed(RANDOM_SEED) 

train_indices <- sample(seq_len(nrow(full_data)), size = (1 - TEST_SET_RATIO) * 

nrow(full_data)) 
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X_train <- X[train_indices, ]; Y_train <- Y[train_indices] 

X_test  <- X[-train_indices, ]; Y_test  <- Y[-train_indices] 

 

# --- 4. MODEL TRAINING --------------------------------------- 

# --- 4.1 Partial Least Squares Regression (PLSR) ------------- 

cat("\n  Training PLSR model...\n") 

pls_model <- plsr(Y_train ~ X_train, ncomp = MAX_PLSR_COMPONENTS, validation 

= "CV", method = "oscorespls") 

opt_ncomp <- which.min(RMSEP(pls_model)$val[1, 1, ]) 

cat("Optimal number of PLS components:", opt_ncomp, "\n") 

Y_pred_pls <- as.vector(predict(pls_model, newdata = X_test, ncomp = opt_ncomp)) 

pls_results <- data.frame(Observed = Y_test, Predicted = Y_pred_pls) 

# --- 4.2 Random Forest Regression ---------------------------- 

cat("\n Training Random Forest model...\n") 

rf_model <- randomForest(x = X_train, y = Y_train, ntree = 500) 

Y_pred_rf <- predict(rf_model, newdata = X_test) 

rf_results <- data.frame(Observed = Y_test, Predicted = Y_pred_rf) 

# --- 5. MODEL EVALUATION ------------------------------------- 

calculate_metrics <- function(observed, predicted) { 

  data.frame( 

    R2   = round(cor(observed, predicted)^2, 4), 

    RMSE = round(sqrt(mean((observed - predicted)^2)), 4), 

    MAE  = round(mean(abs(observed - predicted)), 4) 

  ) 

} 

cat("\n Model Performance Comparison:\n") 

comparison_df <- rbind( 

  PLSR = calculate_metrics(pls_results$Observed, pls_results$Predicted), 

  `Random Forest` = calculate_metrics(rf_results$Observed, rf_results$Predicted) 

) 

print(comparison_df) 

8. Conclusion and Future Directions 

This chapter has detailed a comprehensive workflow for spectral modelling of soil 

nutrients, integrating best practices in field sampling, data processing, and machine 

learning. The ability to generate rapid and accurate predictions of soil properties from 

spectral data represents a significant leap forward for agricultural management. Future 

research will likely focus on several key areas: data fusion (combining spectral data with 

other data sources like topography or climate data), deep learning models (like 

Convolutional Neural Networks) for more automated feature extraction, and the 

development of global, open-source spectral libraries to make these techniques more 

accessible to researchers and farmers worldwide. By continuing to refine these methods, 
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spectral modelling will play an increasingly vital role in ensuring global food security and 

environmental sustainability. 
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1. Introduction 

Carbon sequestration is a vital strategy for mitigating the impacts of climate change. It is a 

process which entails capturing atmospheric CO₂ and storing it in long-term biological 

reservoirs. Agroforestry systems hold considerable potential for carbon storage, primarily 

through their aboveground and below-ground biomass, which act as key carbon sinks (Fig. 

1). These systems facilitate the uptake of atmospheric CO2 during the process of 

photosynthesis, capturing and storing fixed carbon in trees, detritus, and soil, thus 

contributing to a safer environment. Agroforestry's prominence is evident from its 

widespread adoption across the globe. With approximately 1 billion hectares of agricultural 

land practicing agroforestry, benefitting around 1.5 billion farmers, its significance in 

enhancing sustainability and resilience is increasingly recognized. Additionally, vast 

unproductive croplands and grasslands hold the potential for future agroforestry expansion, 

further increasing carbon sequestration capacity. In India, agroforestry covers roughly 25 

million hectares, representing 8.2% of the country's declared geographical area. Trees are 

present not only on farmland but also within agricultural lands, making agroforestry an 

integral component of the country's land-use strategy. Different agroforestry practices store 

varying amounts of carbon, which depends on factors such as system type, species 

composition, soil characteristics, and climate conditions. Recognizing the significance of 

agroforestry in climate change mitigation, India has enacted comprehensive set of policies, 

missions, and national action plans to promote tree-based farming systems. The Green 

India mission, National Agroforestry Policy, and National Agroforestry and Bamboo 

Mission are some notable initiatives aimed at increasing tree cover and offsetting 

greenhouse gas emissions. 

Quantifying carbon stocks in agroforestry systems remains challenging, but it is essential 

for monitoring and reporting carbon storage accurately. Ground-based estimations, aided 

by allometric equations, provide valuable reference points for regional biomass carbon 

mapping. These equations establish precise relationships between tree attributes, 

facilitating reliable biomass estimation. However, most existing allometric equations are 

developed for forests or sole plantations and may underestimate biomass carbon in 

agroforestry due to specific planting geometries, local environmental conditions, and tree 

management practices. Under such context, this study aims to develop and refine allometric 
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equations tailored to agroforestry trees, improving carbon stock estimations in this critical 

land-use system. By deepening our understanding on potential to sequester carbon, we can 

contribute to national and global initiatives aiming to combat climate change, achieve 

climate targets, and create sustainable, adaptable and resilient agroforestry landscapes.  

 

 

 
Fig1 : Process and carbon pools in agroforestry 

 

2. Carbon pools in Agroforestry 

  Carbon pools in agroforestry refer to the different components of the agroforestry system 

where carbon is stored. These pools play an important role in carbon sequestration, 

facilitating to remove carbon dioxide from the atmosphere and store it in long-lived 

resilient forms. The major carbon pools in agroforestry include: 

 

1. Aboveground Biomass: This pool comprises the living components of trees, 

including stems, branches, leaves, and fruits. Aboveground biomass is a significant 

carbon store, as trees absorb CO2 from the atmosphere during the process of 

photosynthesis and converting it into organic carbon in their tissues. 

2. Belowground Biomass: Belowground biomass includes tree roots and associated 

soil organisms. Roots contribute to carbon storage by accumulating organic matter, 

and soil microorganisms help decompose organic materials, converting them into 

stable soil carbon. 

3. Soil Organic Carbon: Agroforestry practices enhance soil carbon sequestration due 

to the presence of the trees and diverse vegetation or species composition. Trees 

shed leaves, branches, and other organic matter, contributing to soil organic carbon 

content. Additionally, the root systems of trees enhance soil structure and facilitate 

the accumulation of carbon in the soil. 
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4. Litter and Detritus: Litter and detritus refer to dead plant material, such as fallen 

leaves, twigs, and fruits, as well as decomposed organic matter on the forest floor. 

These materials gradually decompose, releasing CO2 back into the atmosphere, but 

a significant portion can also be incorporated into the soil carbon pool. 

5. Dead Wood: Dead wood includes standing or fallen dead trees and branches. This 

carbon pool contributes to carbon storage in the ecosystem as it decomposes slowly, 

depending on factors like climate and microorganisms present. 

Each of these carbon pools plays a vital role in the overall carbon sequestration capacity of 

agroforestry systems. The management practices, tree species composition, soil conditions, 

and climate of the specific agroforestry system influence the distribution and dynamics of 

these carbon pools. By understanding and optimizing these pools, agroforestry can serve 

as a valuable climate-smart land-use option, playing an important role in climate change 

mitigation and sustainable agricultural practices. The protocol to estimate carbon stock in 

different  agroforestry systems in provided in fig 2.  

 

Fig 2: Flowchart of Measurement of CSP of agroforestry in Haryana (Chavan, 2019). 

3. Allometry equations 

 

An allometric relation isa type of relationship in which one measured parameter serves as 

a reliable indicate of another unmeasured parameter. To estimate biomass, researcher can 
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create allometric equation that allows for the calculation of a tree’s mass based on few 

morphological parameters. The developed equation are practically used to estimate 

biomass in trees within  forest. The concept allometry is defined as "the measure and study 

of relative growth of a part in relation to an entire organism or to a standard". Galileo 

Galilee first described this principle in 1630's, emphasizing the proportions of an organism 

must change as it grows. Allometric equations, relating biomass with one or more tree 

dimensions, are frequently used to compute average tree biomass. Non-destructive 

techniques for component-wise biomass estimation are preferred, although they often 

require harvesting various tree parts, including felling entire trees, to develop equations for 

biomass estimation. Allometric equations, which link tree diameter at breast height (1.37 

m) to attributes such as standing carbon stock and leaf area, serve as vital tools in both 

ecological research and commercial applications. These equations represent the primary 

method for estimating above-ground forest dry matter or carbon.  

If we call biomass B and diameter D, this second definition means that there is a coefficient 

a such that:  

𝑑𝐵

𝑏
= 𝑎

𝑑𝐷

𝐷
 

which integrates to a power relationship: 𝐵 = 𝑏 × 𝐷𝑎  The parameter ‘a’ represents the 

allometric coefficient, reflecting the proportionality between relative increases, while 

parameter ‘b’ denotes the proportionality between cumulative variables. In some cases, it 

may be necessary to include a y-intercept in the equation, resulting in the form B = c + bDᵃ, 

where c represents the biomass of an individual tree before it reaches the height at which 

diameter is measured (e.g., 1.30 m if D is measured at that height). 

 

In simple terms, regression is a statistical method used to create mathematical models that 

define the relationship between variables. These models can be used to estimate, 

interpolate, or extrapolate values. For example, to estimate tree biomass (weight), factors 

such as height, diameter at breast height (DBH), wood density, form factor, and tree 

management practices (like pruning or thinning) are important. In this case, biomass is the 

dependent (predicted) variable, while height, DBH, wood density, form factor, and tree 

management are the independent (predictor) variables.  

3.1 Assumptions of Regression analysis  

Regression analysis makes several major assumptions to the validity and reliability of the 

results. Let's discuss these assumptions in the context of a regression analysis with tree 

diameters as independent parameters and tree biomass as the dependent parameter: 

➢ Linearity: The relationship between the independent variable (tree diameters) and 

the dependent variable (tree biomass) should be linear. In other words, the effect of 

tree diameters on tree biomass should be constant and proportional. In a linear 

regression analysis, we assume that an increase in tree diameters will lead to a 
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proportional increase in tree biomass. For instance, if the diameter of a tree doubles, 

the biomass should also double. 

➢ Independence: The observations in the regression analysis should be independent 

of each other. Each data point's value should not be influenced by or dependent on 

the value of another data point. Example: In a dataset with tree diameters and 

biomass measurements, each tree's diameter and biomass should be measured 

independently, without being influenced by other trees' measurements. 

➢ Homoscedasticity: The residuals (the differences between the observed tree 

biomass and the predicted tree biomass based on diameters) should have constant 

variance across all levels of tree diameters. Example: Homoscedasticity means that 

the spread of the residuals around the regression line should be consistent for all 

tree diameters. In other words, the variability of the errors should not change as tree 

diameters increase or decrease. 

➢ Normality of Residuals: It must follow a normal distribution with a mean of zero. 

This assumption ensures that the errors are unbiased and normally distributed. 

Example: When plotting the residuals, they should roughly follow a bell-shaped 

curve around zero. 

➢ No Perfect Multicollinearity: There should be no perfect linear relationship 

between the independent variables (tree diameters). Multicollinearity occurs when 

two or more independent variables are highly correlated with each other, making it 

difficult to separate the individual effects on the dependent variable. Example: If 

tree diameters are highly correlated with each other (e.g., trees of similar sizes tend 

to grow together), this could lead to multicollinearity issues. 

➢ No Autocorrelation: The residuals should not exhibit any patterns or correlations 

among themselves. Autocorrelation occurs when the residuals at one observation 

are correlated with the residuals at nearby observations. Example: In a time series 

analysis of tree growth, if the residuals from one year's biomass estimation are 

correlated with the residuals from the next year's estimation, it indicates the 

presence of autocorrelation. 

It is essential to assess and validate these assumptions before interpreting the results 

of the regression analysis. Violation of these assumptions may lead to biased estimates and 

affect the validity of the regression model. Various diagnostic tools and tests are available 

to check the assumptions' validity and address any issues that may arise during the analysis. 

Developing allometry equations for biomass estimation involves several steps, including 

data collection, statistical analysis, and model validation.  

➢ Step 1: Data Collection 

Collect a dataset that includes measurements of tree biomass and easily measurable 

tree attributes, like diameter at breast height (DBH), height, or volume. Ideally, the 

dataset should cover a wide range of tree species and sizes to ensure the 

generalizability of the allometry equation. 
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➢ Step 2: Data Exploration and Visualization 

Plot the relationship between tree biomass and the selected tree attribute(s) using 

scatter plots. This helps identify the general trend between biomass and the 

predictor variable and any potential nonlinearities. 

➢ Step 3: Data Transformation (if needed) 

If the relationship between predictor variable and biomass appears nonlinear, 

consider applying data transformations. Common transformations include 

logarithmic, power, or square root transformations. Plot the transformed data to 

check if it better fits a linear relationship. 

➢ Step 4: Model Selection 

Select the appropriate model for biomass estimation. For most cases, a linear model 

is used, but in some cases, nonlinear models may be more suitable. Linear models 

are of the form: biomass = β0 + β1 * predictor, where β0 and β1 are coefficients to 

be estimated. 

➢ Step 5: Regression Analysis 

Perform regression analysis to estimate the model coefficients (β0 and β1). Use the 

least squares method to minimize the sum of squared differences between the 

observed biomass and the predicted biomass from the model. 

➢ Step 6: Model Evaluation 

Evaluate the quality of the allometry equation using statistical metrics such as R-

squared (coefficient of determination), root mean square error (RMSE) or mean 

absolute error (MAE). These metrics help to assess how well the model fits the 

data. 

➢ Step 7: Graphing the Allometry Equation 

Once you have developed the allometry equation, plot the observed biomass and 

the predicted biomass based on the equation on the same graph. This graph allows 

you to visualize how well the equation represents the actual data points. 

➢ Step 8: Validate the Allometry Equation 

Validate the allometry equation using an independent dataset. If possible, collect 

additional data from different locations or tree species to verify the equation's 

accuracy and applicability. 

➢ Step 9: Interpretation and Application 

Interpret the coefficients of the allometry equation to understand the relationship 

between tree attributes and biomass. The equation can also be used to determine 

the tree biomass in other locations or to project future biomass changes. 

➢ Step 10: Sensitivity Analysis (Optional) 

This is conducted to assess the impact of uncertainties or variations in the data on 

the allometry equation's performance. 

Throughout the process, data visualization using graphs is essential to understand 

the relationship between variables, identify potential issues, and assess the model's 
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performance. Scatter plots, line plots of the regression model, and residual plots are 

common graphical tools used in the development and validation of allometry equations. 

 

3.2 Model Diagnostics for Biomass Estimation 

Once the model has been optimized, the final phase of development of model involves 

rigorous statistical testing to ensure the model's reliability for predictive purposes, whether 

it be interpolation or extrapolation. In addition to the previously mentioned parameters 

(RSS, F-ratio, and R2), we employ residual diagnostic plots for further evaluation (Fig 3). 

These plots include probability plots of residuals, autocorrelation plots of residuals, plots 

of residuals against their expected values, and plots of residuals against the independent 

variable (tree diameter). 

 

1. To verify the normal distribution of residuals, we plot them against their expected 

values for normality assessment. 

 

2. To check for independence and no correlation among residuals, we create an 

autocorrelation plot of the residuals. 

 

3. To validate that the residuals exhibit constant variance, we plot them against the 

independent variable (tree diameter). 

 

4. To verify that the residuals are not consistently over- or under-estimated, we plot 

them against the independent or explanatory variable. 

In addition to these classical procedures, we employ recent statistical model validation 

techniques to develop robust models. These include paired t-tests between observed and 

predicted values and fitting linear regressions between them. As an independent dataset 

was unavailable for validation, we randomly divided the original datasets into two mutually 

exclusive and pseudo-independent datasets containing 80% and 20% observations, 

respectively, for model estimation and validation (Ajit et al., 2011). 

The following methodology was implemented: 

1. Calculate the mean of the residuals (r= observed-predicted) and the 95% confidence 

interval. 

2. Use paired-t tests to test the unbiasedness of the model (Neter et al., 1996). 

3. Fit a linear regression between observed values (y-obs) and estimated or predicted 

values (y-pred), i.e., (observed) = a + b * (predicted). For a perfect model, we expect 

'a' to be zero and 'b' to be one. The adjusted R2 must also be one (Amaro, 1998). 

By diligently employing these validation procedures, we ensure the model's accuracy and 

credibility, making it a valuable tool for precise biomass estimation in forest and 

agroforestry studies. 
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Fig 3: Plots of residuals against the values of predicted and explanatory variate of total 

biomass 

 

4. Protocol for estimation of biomass:  

To construct a regression equation for allometry, it is necessary to destructively harvest 

trees and measure their components individually for biomass and volume. 

A) Biomass Measurement 

1. Live standing trees with a diameter at breast height (DBH) of 5 cm and above 

within the sample plots are selected for measurement. The following data were 

collected: 

i) Tree species ii) DBH of individual tree and iii) Total tree height. The 

methodology for destructive sampling to estimate tree biomass were adopted 

from FAO (2012). The key steps involved in the measurement process are:  

Clearing ground vegetation for tree access especially to make tree identification 

easier is the first step before measuring DBH. 

2. Marking measuring position for DBH using a 1.3 m pole (See box 1) 

3. Record all necessary details, including the number of stumps, buttress diameter, 

buttress height, and note any irregularities observed in the tree form or structure. 

4. Group the trees into DBH classes using 10 cm intervals and enter in data 

sheet. The DBH classes include: 5–15 cm, 15–25 cm, 25–35 cm, 35–45 cm, 

45–55 cm, 55–65 cm and 65–75 cm 

5. Randomly select sample trees from each DBH class within the sample plots. 

6. After selecting the sample trees, fell each tree at its base using a chainsaw, 

following appropriate logging and safety procedures. 

7. Once a sample tree is felled, measure the following parameters accurately: 

 a. Diameter at stump and DBH at 1.37 m; b. Total tree height (from the stump 

to the top of the crown), c. Length of the tree bole (from the stump to the first 

main branch), d. Length of the bole from the stump to the point where the 
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diameter reduces to 10cm and e. For trees with buttresses, record the diameter 

and height of the buttress 

8.  Separate the felled tree into different components such as bole, branches, and 

leaves. 

9. Immediately measure the fresh weight of each component—stem, branches, 

leaves, and buttress (if present). 

10. Record all observations and measurements related to the destructive sampling 

of each tree on the designated data sheet. 

11. The complete overview of the tree selection process and the component-wise 

measurement of biomass is given in Figure 4. 

12. Tree diameter (cm) 

Girth at breast height (GBH) was measured at 1.37 m above the ground (over bark) 

using a measuring tape and recorded in centimetres (cm). Additional observations 

includes collar girth (measured 15 cm above ground), girth at breast height (1.37 

m), mid-girth, and top girth recorded in centimetres. For stem logs, base girth, mid-

girth, and top girth were measured separately to facilitate accurate volume 

estimation of the tree (in cubic metres, m³). The girth was converted to diameter by 

using following formula: 

 

 

Where, DBH: diameter at breast height & GBH: girth at breast height at 1.37 m on 

ground 

Tree height was measured in metres (m) using a measuring tape. The height 

was determined from the base of the harvested tree (stump) to the longest tip of the 

felled tree laid on the ground. 
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13. Sample Collection for Dry Mass Analysis 

Three representative samples per tree were collected from the stem, branches, and leaves. 

It is crucial that each sample accurately represents the variability within the respective 

component. The sampling guideline includes Stem Samples: Take two-to-three-disc 

sections from different positions along the stem. If the discs are too large, radial sections 

can be extracted instead. The total sample weight should represent approximately 0.2% of 

the total stem fresh weight. Branch Samples: Collect about 0.5 to 1.0 kg of material by 

selecting four small disc sections from different branches. Leaf Samples: Select leaves 

from various parts of the crown to ensure representation of both sun-exposed and shaded 

foliage. Place each collected sample (stem, branches, and leaves) into polyethylene bags. 

The recommended weight of each sample is: 0.5 – 1.0 kg for stem and branch samples 

and 0.3 – 0.5 kg for leaf samples 

14. Wood Density Analysis 
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To determine wood density, four-disc samples were taken from the bole of the tree. Mark 

and collect samples from the following standardized positions along the length of the tree 

bole: Stump level (0.0 m),1/4 of the total bole length,1/2 of the total bole length and 3/4 of 

the total bole length. At each marked position, extract one wood disc (or a radial section, 

if the bole is too large to handle). The thickness of each wood disc should be between 5 to 

10 cm. after collection, tie the bags tightly to prevent moisture loss due to evaporation 

during transport or temporary storage.Clearly label the bag using a permanent marker. The 

information like i) Plot code ii) Tree name iii) DBH size and iv) Sample type (e.g., stem, 

branch, or leaves) were written on the bag. The fresh weight of each dry mass sample must 

be measured either on-site or off-site, but must be completed within the same day to ensure 

accuracy and prevent moisture loss. All collected samples (for both dry mass and wood 

density analysis) must be properly packed and sent to qualified laboratory. Timely 

processing is essential to ensure the accuracy and reliability of biomass and wood density 

data. 

15. Laboratory analysis 

1) Total dry weight (TDW) for each part of the sample tree: 

The total dry weight (TDW) for each part of the sample tree is calculated by combining 

the total fresh weight (TFW) measured in the field with the dry-to-fresh weight ratio 

obtained from laboratory analysis of samples. The formula is: 

SFW

SDW
TFWTDW =  

Where: TDW is total dry weight; TFW is total fresh weight; SDW is absolute dry 

sample weight and SFW is fresh sample weight. 

1) Wood density: 

Wood density of every wood disc for each sample tree species were analyzed in the 

laboratory and is calculated by the following formula: 

SV

SDWc
WD =  

Where: WD is wood density in g/cm3; SDWc is dry weight of sample cube and SV 

is volume of sample cube. 

A) Volume measurement: 

For volume equations, only commercial tree portion is considered in case of teak, 

dalbergia, sal, gmelina etc species. 

Tree volumes can be estimated in different ways. Most method estimate tree volume 

using different formulas. After felling of trees, stem is further cut in to standard logs of 1-3 

m as per the industrial requirement (Figure 5). A girth of each log measures at three points 

i.e. base of log (dl), mid of log (dm) and top of the log (du) to calculate merchantable volume 

of the tree by Newton’s formula (Husch et al., 1982) and the sum of all the logs of trees 

calculated as tree volume (m3 tree-1). The girth (cm) was converted to diameter (cm). 

Here; dl: denotes for Lower end, (dm) for middle and (du) for upper end diameters of log. 
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Figure 5: Sectional pieces of the main bole for computation of volume 
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Data sheets for recording the tree harvesting data 

 

Species 

Name 

 Place   Age  

Tree No.  Spacing    

Tree height 

(m) 

 GBH (cm)    

Log number  

 

Log length 

(m) 

Log girth  

Lower end Middle end Top end Fresh 

Weight 

1      

2      

3      

4      

5      

6      

7      

8      

Fresh weight 

of branch 

(kg) 

 

Fresh weight 

of leaves 

(kg) 

     

Sample  Fresh weight  Dry weight    

Bole      

Leaves      

Branch      
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Introduction 

Agriculture is a complex system which involves interactions between biotic and abiotic 

factors. Abiotic stresses, such as drought, heat, salinity, and nutrient deficiency, are major 

constraints to crop productivity globally, particularly under changing climate conditions. 

Managing these stresses requires a detailed understanding of plant-soil-climate 

interactions, which can be effectively addressed using crop simulation models. Crop 

simulation models (CSMs) are valuable decision-support tools that simulate crop growth, 

development, and yield as a function of genotype, environment, and management (G × E 

× M) interactions. These models help in evaluating the impacts of abiotic stresses, testing 

adaptation strategies, and optimizing resource use.  

The necessity of models in agriculture 

Traditionally, research in agricultural sciences is undertaken by conducting field 

experiments. Experimental designs and treatments are used to conduct the field experiment, 

which in turn, will test the hypothesis. This approach requires a lot of land, labour, and 

input, which ultimately results in increased cost of conducting field experiments. Models 

emerged as an alternative to this approach. A scientific model is a physical and/or 

mathematical and/or conceptual representation of a system of ideas, events or processes. 

This helps to avoid the requirement for conducting field experiments year after year, saving 

costs required for land, labour and input. Moreover, models can evaluate multiple 

scenarios, which, with the traditional approach, would take more time to conclude.  

Crop model 
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A model serves as a mathematical depiction of a real-world system, incorporating the latest 

scientific insights from diverse fields such as crop physiology, plant breeding, agronomy, 

agrometeorology, soil physics, soil chemistry, soil fertility, plant pathology, entomology, 

and more. It is grounded in an understanding of how plant genetics, soil, and crop 

management practices interact. These models are process-oriented, simulating crop 

growth, development, and yield based on factors like genetics, weather patterns, soil 

characteristics, and farming techniques. A flow diagram illustrating the input, process, and 

output components of crop modeling is shown in Figure 1. 

  

Fig. 1 Flow diagram depicting input, process and output of crop modelling 

Applications of crop models 

One key use of crop models is in conducting yield gap analysis. The yield gap for a crop 

in a specific location and cropping system refers to the difference between the yield 

obtained under ideal management conditions and the typical yield achieved by farmers. It 

offers the framework for determining which crop is most crucial, as well as the soil and 

management variables affecting present farm yields and better ways to bridge the yield 

gap. In precision agriculture, crop models are used to diagnose the factors causing yield 

variations and recommend location-specific crop management practices. It is also applied 
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in water and nutrient management, plant breeding, yield prediction, etc. The other areas of 

application include climate risk assessment, climate change impacts and adaptation, soil 

carbon sequestration studies, etc. Many popular crop simulation models are applied 

worldwide for these applications.  

Steps in crop modelling for abiotic stress management 

Calibration: This step involves model parameterization, where the genetic coefficients of 

the models are calibrated. These coefficients are mathematical representations crafted to 

replicate the phenotypic effects of genes across various environments, encompassing 

processes such as the life cycle (including fractional allocation across phases), 

photosynthesis, vegetative growth, reproductive processes, and root development. Specific 

to each cultivar, these coefficients are derived from experimental data and are vital in 

predicting how a particular crop variety responds to weather, soil, and management 

practices. Precise genetic coefficients are critical for ensuring the model delivers accurate 

simulations. 

Validation: The performance of the calibrated genetic coefficients is tested using an 

independent dataset from the same locations. Model evaluation metrics such as the index 

of agreement, normalized root mean square error, mean bias error, etc., are used to compare 

the observed versus simulated phenology, yield, etc. If the metrics are within acceptable 

limits, we can say calibration is robust.  

Sensitivity analysis: This step is employed to evaluate the model's sensitivity to different 

input parameters. If a slight adjustment in the input parameters leads to a significant change 

in yield or other outputs, the model is considered highly sensitive to that parameter. 

Climate change impact assessment: The effectiveness of the crop model is assessed by 

comparing its performance under future climate conditions against the current climate 

(baseline). This process utilizes daily climate projections from general circulation models 

(GCMs). Prior to their integration into crop models, these GCM data undergo bias 

correction to adjust for systematic errors and enhance their alignment with observed data. 

The underlying assumption is that soil parameters and crop management practices remain 
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unchanged under future climate scenarios. Subsequently, the yield and other simulated 

outputs for the future are compared with those from the baseline period to measure the 

changes. 

Identification of adaptation options: If the simulated yield in the future period is less 

than that of the baseline, we can check the effectiveness of adaptation options to reduce the 

magnitude of yield reduction through crop models. The following adaptation options can 

be tested in the existing crop models: 

• Adjusting the sowing time: early or late sowing 

• Fertilizer application: changing dosage and number of splits 

• Irrigation: changing timing, number of applications, quantity 

• Combinations of fertilizer + irrigation options 

• Altered genetic traits 

Current approaches to model single stressors in crops using crop simulation models 

One of the stressors in crop simulation models (CSMs) that has been studied the most is 

water stress or drought.  Water stress is incorporated into models like as APSIM, DSSAT, 

EPIC, and CropSyst through functions that decrease processes including photosynthesis, 

root growth, leaf expansion, and assimilate partitioning to reproductive organs.  These 

models use soil water dynamics, evapotranspiration, and precipitation to calculate the daily 

water balance. When soil moisture drops below predetermined thresholds, stress 

coefficients are applied to inhibit physiological processes.  To ensure that the simulated 

reactions closely resemble observed plant behaviour under drought conditions, APSIM and 

DSSAT, for instance, use multiplicative stress functions to modify plant development 

processes based on water availability.  The effects of drought on crops like maize, wheat, 

and legumes under various environmental circumstances have been successfully simulated 

using these models. 

The main focus of heat stress modelling in CSMs is how temperature affects phenological 

development and reproductive functions.  Since the majority of models, including DSSAT, 
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APSIM, STICS, and CropSyst, model crop development rates as functions of temperature, 

higher temperatures may shorten the growth cycle and lower yield by accelerating 

phenology.  By altering processes including pollen viability, grain set, and kernel growth, 

heat stress surrounding blooming and grain filling is replicated.  In certain models, yield 

components are directly penalised by high-temperature thresholds.  For instance, 

reductions in grain size or quantity are implemented if temperatures rise above a key 

threshold during flowering. While most models use temperature-based stress functions, 

some advanced modeling systems integrate vapor pressure deficit (VPD) to capture the 

combined effects of heat and atmospheric dryness on plant water status and yield. 

Salinity stress has also been incorporated into some CSMs, although its representation 

varies across models. AquaCrop is widely recognized for its detailed treatment of salinity 

stress. It simulates both osmotic effects and ion toxicity by reducing canopy development 

and crop transpiration based on salt concentration in the root zone. The model computes 

salinity build-up over time, affecting water uptake and crop growth. On the other hand, 

DSSAT uses simpler salinity routines, often applying a reduction factor directly to 

evapotranspiration or photosynthesis without dynamically modelling in-season salt 

accumulation. Similarly, models like CropSyst and EPIC use empirical functions that relate 

soil salinity levels to reductions in transpiration and yield. Salinity modelling remains 

challenging, especially in regions with fluctuating irrigation water quality and groundwater 

salinity, but CSMs like AquaCrop are increasingly applied for these environments due to 

their relatively simpler calibration and predictive capacity. 

Another environmental constraints that is modelled in a number of CSMs is waterlogging 

or excessive water stress.  The detrimental effects of soil saturation on root aeration and 

plant function are simulated by models like APSIM, DSSAT, WOFOST, and AquaCrop.  

Waterlogging mostly lowers root respiration and hinders nutrient uptake, which lowers 

biomass accumulation and photosynthesis.  When the soil water content surpasses field 

capacity for prolonged periods, models replicate these effects by decreasing root growth 

and applying stress factors to transpiration and photosynthesis.  For example, the decrease 

in oxygen availability in the root zone, which causes stomatal closure and slower growth, 

is specifically modelled by APSIM.  However, because of the intricate relationships 
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between soil hydrology, oxygen diffusion, and plant responses, modelling waterlogging is 

still comparatively less advanced than modelling drought and salinity. 

Crop modelling for optimizing genetic traits as an adaptation option 

Crop models provide a robust and logical method to enhance and expedite the creation of 

new crop varieties. They can be utilized to develop crop ideotypes, which are 

conceptualized plants designed to produce higher yields or improved quality of grain, oil, 

or other valuable products when cultivated as varieties (Donald, 1968). In crop models, an 

ideotype is defined by a specific set of cultivar parameters, which can be refined by 

optimizing yield across diverse environmental conditions. Examples of how crop models 

are applied to design crop ideotypes are outlined in Table 1. 

Table 1 Applications of crop models in designing crop ideotypes 

Crop Region/ 

Country 

Model used Purpose Reference 

Groundnut India CROPGRO To evaluate genetic traits 

for improving 

productivity 

Singh et al. 

(2012) 

Wheat Europe (2 

sites) 

Sirius Optimized high-yielding 

wheat ideotypes for 2050 

Semenov and 

Stratonovitch 

(2013) 

Cotton Sub-

Saharan 

Africa 

CSM-

CROPGRO-

Cotton 

To identify best cultivar 

for cotton adapted to 

future climate 

Loison et al. 

(2017) 

Barley Europe Used 8 

models 

Designed climate-

resilient barley ideotypes 

Tao et al. (2017) 

Wheat Australia APSIM Determined the traits of 

rainfed wheat ideotypes 

to suit future climate 

conditions. 

Wang et al. 

(2019) 

Maize North 

China 

Plain 

APSIM To design high-yielding 

maize ideotypes to adapt 

to a changing climate 

Xiao et al. (2020) 
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Summary 

Crop models are process-driven and aim to virtually mirror field conditions, serving as an 

effective tool for analyzing G x E x M interactions (genotype, environment, and 

management). They are particularly valuable for assessing climate change impacts and 

identifying optimal adaptation strategies to address abiotic stresses. Recent advancements 

suggest using crop modeling to design ideotypes tailored to future climates. Integrating 

traditional crop simulation with modern breeding techniques and genetic modeling offers 

significant potential to hasten the development of future cereal varieties suited to diverse 

environments, capable of tolerating multiple abiotic stresses and delivering higher yields. 

The reliability of model-assisted ideotype design can be further strengthened by refining 

simulation models to more accurately reflect the impact of extreme conditions. However, 

relying solely on a single crop or climate model is unwise due to inherent uncertainties. 

Employing a combination of multiple crop and climate models can provide a more reliable 

prediction of crop performance under future climates, along with an estimate of 

uncertainty. 
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Introduction 

The Coupled Model Inter-comparison Project Phase 6 (CMIP6) represents the latest and 

most ambitious international collaborative effort in climate science. It brings together 

leading climate modeling centers from around the globe to conduct standardized 

experiments and generate a vast, publicly accessible archive of climate model outputs. 

These outputs are not merely academic exercises; they are indispensable tools for 

advancing our understanding of the Earth's climate system, projecting future climate 

conditions, and critically, for informing societal responses to the escalating challenges of 

climate change. In an era defined by intensifying climate impacts, the data and insights 

derived from CMIP6 are particularly crucial for understanding and addressing the 

vulnerabilities and opportunities in two fundamental sectors: hydrology and agriculture. 

These sectors are intrinsically linked to climate, and their sustainability directly impacts 

human well-being, food security, and economic stability worldwide.  

This document aims to provide a clear and concise overview of CMIP6. It will explain the 

project's intricate structure, detail the types of data it produces, and, most importantly, 

illustrate its practical applications. By highlighting CMIP6's profound relevance for 

developing sustainable farming practices and ensuring robust water resource management, 

this document underscores its role as a cornerstone for climate change adaptation and 

resilience building in a rapidly changing world. 

1. CMIP6 in Hydrology and Agriculture: An Overview 

Climate change significantly affects food security and water availability, altering 

precipitation patterns, raising temperatures, and increasing extreme weather events. 

Robust climate projections are essential for informed adaptation.CMIP6, the latest and 

most comprehensive climate modeling project, provides critical data for: 
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• Hydrology: Insights into future changes in precipitation, evapotranspiration, soil 

moisture, runoff, and temperature trends, all vital for water availability, flood/drought 

risks, and reservoir management. 

• Agriculture: Projections for crop yield changes, climate-induced risks to farming, and 

optimizing agricultural practices like irrigation and pest management under future 

climates. 

CMIP6 is a foundational tool for climate change impact assessment, vulnerability analysis, 

and developing adaptation and mitigation strategies in both sectors. 

2. CMIP6 Structure and Key Components 

CMIP6 is organized into three main tiers: 

• DECK (Diagnostic, Evaluation, and Characterization of Klima): Foundational 

experiments to evaluate model performance and understand basic climate system 

characteristics. 

• Historical Simulations: Replicate observed climate from 1850 to recent decades (e.g., 

2014) using historical forcings (GHGs, aerosols, etc.). These validate models and provide 

initial conditions for future projections. 

• ScenarioMIP (Shared Socioeconomic Pathways): Projects future climate under various 

socioeconomic development pathways (SSPs) and their associated greenhouse gas 

emissions. 

Prominent Global Climate Models (GCMs) in CMIP6 come from various centers, 

including: 

• GFDL-ESM4 (USA): Known for coupled carbon-cycle and climate dynamics. 

• MPI-ESM1.2-HR (Germany): Features detailed land-atmosphere interactions. 

• MRI-ESM2-0 (Japan): Focuses on atmospheric and oceanic feedbacks. 

• UKESM1-0-LL (UK): A fully coupled Earth system model with biogeochemistry. 

These models generate essential outputs like precipitation (pr), near-surface air 

temperature (tas) and surface latent heat flux (evspsbl) typically at daily or monthly 

temporal resolution. 

3. Understanding Shared Socioeconomic Pathways (SSPs) and Warming Projections 
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SSPs are narratives describing plausible future socioeconomic developments that 

drive greenhouse gas emissions and land-use changes. CMIP6 uses core SSPs, each with 

distinct global warming projections: 

• SSP1-1.9: "Very Low GHG Emissions – Sustainable Development" 

o Narrative: Focus on sustainability, reduced inequality, and strong environmental 

protection; CO2 net zero around 2050. 

o Estimated Warming (2041–2060): 1.6∘C 

o Estimated Warming (2081–2100): 1.4∘C (Very Likely Range: 1.0–1.8∘C) 

o Implications: Most optimistic. Lower frequency of extreme heat, more manageable 

changes in precipitation, and fewer severe agricultural droughts, favoring adaptation. 

• SSP1-2.6: "Low GHG Emissions – Sustainable Development" 

o Narrative: Similar to SSP1-1.9 but slightly less aggressive mitigation; CO2 net zero 

around 2075. 

o Estimated Warming (2041–2060): 1.7∘C 

o Estimated Warming (2081–2100): 1.8∘C (Very Likely Range: 1.3–2.4∘C) 

o Implications: Relatively contained warming, allowing for effective climate adaptation in 

agriculture and water management. 

• SSP2-4.5: "Intermediate GHG Emissions – Middle of the Road" 

o Narrative: Trends follow historical patterns with moderate growth and fragmented 

progress; CO2 emissions around current levels until 2050, then falling but not net zero by 

2100. 

o Estimated Warming (2041–2060): 2.0∘C 

o Estimated Warming (2081–2100): 2.7∘C (Very Likely Range: 2.1–3.5∘C) 

o Implications: Moderate warming with more pronounced impacts: longer heatwaves, 

increased precipitation variability (dry spells and intense downpours), and growing water 

stress. Adaptation becomes critical and challenging. 

• SSP3-7.0: "High GHG Emissions – Regional Rivalry – A Rocky Road" 

o Narrative: Fragmented world with nationalism, conflicts, slow tech progress, high 

population growth; CO2 emissions double by 2100. 

o Estimated Warming (2041–2060): 2.1∘C 
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o Estimated Warming (2081–2100): 3.6∘C (Very Likely Range: 2.8–4.6∘C) 

o Implications: Severe challenges with substantial temperature increases, erratic 

precipitation, and major water scarcity. Adaptation is extremely difficult due to the 

magnitude of change and limited cooperation. 

• SSP5-8.5: "Very High GHG Emissions – Fossil-Fueled Development – Taking the 

Highway" 

o Narrative: Rapid, fossil-fueled economic growth with high energy demands and limited 

climate mitigation; CO2 emissions triple by 2075. 

o Estimated Warming (2041–2060): 2.4∘C 

o Estimated Warming (2081–2100): 4.4∘C (Very Likely Range: 3.3–5.7∘C) 

o Implications: Worst-case scenario with unprecedented heat, potentially unviable 

agricultural practices, and immense pressure on water resources, leading to chronic stress 

and severe losses. Requires enormous, potentially disruptive, transformational adaptation. 

Using diverse SSPs allows CMIP6 to simulate a wide range of futures, enabling 

comprehensive stress-testing of hydrological and agricultural systems for robust planning. 

4. Key CMIP6 Variables for Hydrology and Agriculture 

CMIP6 provides a rich set of variables critical for water resources and farming: 

• pr (Precipitation rate): Essential for water balance, runoff, groundwater recharge, and 

flood/drought risk. (e.g., kg/m²/s, convertible to mm/day) 

• tas (Near-surface air temperature): Drives evapotranspiration, influences crop growth 

and phenology. (Kelvin, convertible to Celsius) 

• hurs (Relative humidity): Affects evapotranspiration rates and crop health. (%) 

• rsds (Downward shortwave radiation): Crucial for photosynthesis and surface energy 

balance. (W/m²) 

These variables, often daily or monthly, form the basis for climate change impact 

assessments. 

5. Accessing CMIP6 Data 

Several platforms facilitate access to CMIP6 data, crucial for applying its outputs: 

• Earth System Grid Federation (ESGF): The primary global network for raw CMIP6 

data. Offers comprehensive access but requires specialized tools for processing. 
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• Copernicus Climate Data Store (CDS): Provides user-friendly access, often with pre-

processed (regridded, bias-corrected) CMIP6 data, especially useful for regional studies. 

• NASA NEX-GDDP: Offers statistically downscaled and bias-corrected CMIP6 data at 

0.25-degree global resolution, reducing user processing needs for regional studies. 

• Google Earth Engine (GEE): A cloud-based platform for large-scale analysis, 

processing, and visualization of selected CMIP6 variables, eliminating local storage and 

download needs. 

Choosing a source depends on user expertise, required resolution, and processing needs. 

6. Downscaling CMIP6 Data for Local Use 

GCMs' coarse resolution isn't suitable for local hydrological or agricultural 

applications. Statistical downscaling bridges this gap by transforming coarse GCM 

outputs into finer-resolution climate information using local observational data. 

6.1 Statistical Downscaling Techniques 

These methods establish statistical relationships between large-scale GCM outputs 

and local observed climate variables from a historical period. These relationships are then 

applied to future GCM projections. 

• Regression Models: Simple models (linear/non-linear) relating GCM predictors to local 

variables (e.g., predicting local rainfall from GCM atmospheric pressure). 

• Weather Generators: Statistically characterize observed local weather patterns and 

perturb them based on GCM changes to simulate future local sequences. 

• Analog Methods: Find historical large-scale patterns similar to future GCM patterns in 

local observational datasets, using associated historical local weather as downscaled 

output. 

• Machine Learning (ML) Algorithms: Advanced techniques (ANNs, SVMs, Random 

Forests) learn complex, non-linear relationships between GCMs and local observations. 

Pros: Computationally efficient, cost-effective, and leverage local historical observations. 

Cons: Assume stationarity (historical relationships remain valid in future), don't explicitly 

resolve physical processes, and require high-quality local observations. 

6.2 Empirical Statistical Downscaling (ESD) 
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A broad category that combines statistical downscaling with bias correction, 

ensuring downscaled data aligns with observed local climatology while reflecting GCM-

projected changes. 

6.3 Bias Correction and Statistical Downscaling (BCSD) 

A common two-step approach using local observational data: 

1. Bias Correction: Adjusts systematic GCM biases to match observed local climatology 

at the GCM grid scale (e.g., correcting mean precipitation or temperature). 

2. Spatial Downscaling: Distributes the bias-corrected GCM data to a finer resolution by 

applying observed local historical spatial patterns (e.g., distributing monthly GCM 

precipitation daily using historical local daily patterns). 

BCSD is ideal for driving hydrological models like SWAT, providing essential daily, 

gridded, bias-corrected inputs leveraging local observational data. 

7. Bias Correction: Adjusting CMIP6 Data for Hydrologic Relevance 

GCMs have systematic errors or "biases" compared to observed local climate 

data. Bias correction adjusts GCM outputs to match the statistical characteristics (mean, 

variance, extremes) of observed local climatology, making projections more reliable for 

local applications. 

7.1 Common Techniques (Utilizing Local Data) 

• Linear Scaling: Simple adjustment of GCM mean (and sometimes variance) to match 

observed local mean. Effective for average biases but less so for extremes. 

• Delta Change (Perturbation Method): Applies the projected change from the GCM to 

the observed local historical data. Preserves local variability but doesn't correct absolute 

GCM biases. 

• Quantile Mapping (QM): Aligns the Cumulative Distribution Function (CDF) of GCM 

data with the CDF of observed local data over a historical period, correcting biases across 

the entire distribution, including extremes. More robust but requires sufficient local 

observed data. 

• Empirical Quantile Mapping (EQM): A variant of QM using empirical (observed) 

quantiles directly, without fitting specific distributions. Robust but needs large local 

observed datasets. 
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• LOCI (Local Intensity Scaling): For precipitation, corrects both occurrence and 

intensity biases by comparing GCM outputs to local precipitation observations. 

7.2 Bias Correction Workflow (Emphasizing Local Data) 

1. Gather Data: Obtain high-quality, long-term local observational climate data and 

corresponding historical CMIP6 GCM simulations. 

2. Define Overlapping Period: Establish a common "calibration" period where both 

datasets are available. 

3. Analyze Biases: Compare raw GCM data with local observations to identify systematic 

errors. 

4. Apply Correction: Calculate and apply correction parameters (from chosen method) to 

historical and future GCM data. 

5. Validate: Crucially, validate corrected data against an independent local observational 

dataset to ensure effectiveness and generalization. 

7.3 Relevance to Hydrology 

Bias correction is essential for reliable hydrological simulations: 

• Reliable Forecasts: Uncorrected biases lead to significant errors in simulated runoff, 

impacting flood and drought forecasts. Correction aligns GCM inputs with local observed 

characteristics, yielding more accurate hydrological outputs. 

• Extreme Event Correction: GCMs often misrepresent local extreme events. Bias 

correction (especially QM) improves the representation of floods and droughts by aligning 

distribution tails with local observations. 

• Improved Agricultural Planning: Accurate daily precipitation and temperature from 

bias-corrected data (calibrated with local station data) are vital for precise crop water 

requirements, irrigation scheduling, and accurate local drought indices. 

Bias correction transforms raw CMIP6 outputs into locally relevant, hydrologically 

consistent data using local observational data, making projections actionable for 

planning. 

8. Integrating CMIP6 Data into Hydrologic and Agricultural Models 

Processed CMIP6 data is fed into specialized impact models to simulate how climate 

change affects water resources and food production at regional and local scales. 

8.1 Hydrologic Models 
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Simulate water movement through watersheds. 

• SWAT (Soil and Water Assessment Tool): Physically-based model for water balance, 

sediment, and nutrient transport. Requires daily precipitation, max/min temperature, solar 

radiation, humidity, wind. Outputs: streamflow, ET, soil moisture. 

• VIC (Variable Infiltration Capacity): Grid-based model for water and energy balances. 

Requires gridded daily/sub-daily precipitation, max/min temperature, wind. Outputs: ET, 

runoff, soil moisture. 

• HEC-HMS (Hydrologic Engineering Center – Hydrologic Modeling System): 

Rainfall-runoff model for flood forecasting and water planning. Requires event-based or 

continuous precipitation. Outputs: hydrographs, peak flows. 

• WEAP (Water Evaluation and Planning): Integrated water resource management tool. 

Requires monthly/daily climate data, water demands, infrastructure details. Outputs: water 

allocation, unmet demands. 

8.2 Agricultural Models 

Simulate crop growth and yield under environmental conditions and management. 

• DSSAT (Decision Support System for Agrotechnology Transfer): Suite of crop 

models linking climate, soil, genotype, and management to predict growth and yield. 

Requires daily precipitation, max/min temperature, solar radiation. Outputs: crop yield, 

biomass, phenology. 

• AquaCrop: FAO water-driven model focused on crop water productivity. Requires daily 

precipitation, max/min temperature, reference ET. Outputs: biomass, yield, soil water 

content. 

• CropSyst: Cropping systems model simulating daily crop growth, water balance, and 

nitrogen dynamics. Requires daily weather, soil, and management data. Outputs: yield, 

water use efficiency. 

8.3 General Inputs and Outputs 

Most models need daily precipitation (pr), minimum/maximum temperature 

(tasmin/tasmax), solar radiation (rsds), relative humidity (hurs), and wind speed 

(sfcwind). These bias-corrected and downscaled variables drive the models. 

Outputs include: 

• Runoff and discharge trends: Changes in river flow. 
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• Crop yield and phenology: Predicted crop performance and growth shifts. 

• Irrigation demand forecasts: Future water needs for agriculture. 

• Adaptation option assessments: Evaluation of strategies to mitigate impacts. 

This integrated approach is fundamental for resilient water and agriculture planning. 

9. Practical Applications in Agricultural and Water Resource Planning 

Outputs from CMIP6-driven models provide critical information for proactive climate 

adaptation. 

9.1 Agriculture 

• Assess Yield Risks: Quantify potential yield changes for crops under different SSPs, 

identifying vulnerable areas and prioritizing research for resilient varieties. 

• Evaluate Planting/Harvesting Shifts: Identify altered optimal farming calendars due to 

changing climate, helping farmers adjust schedules to maximize yields. 

• Estimate Water Stress: Quantify days of crop water stress under future climates, crucial 

for understanding drought impacts and designing efficient irrigation. 

• Forecast Irrigation Demand: Project future irrigation needs based on changing 

evapotranspiration and precipitation, aiding water allocation and infrastructure planning. 

9.2 Hydrology 

• Drought Risk Management: Calculate SPI and SPEI using CMIP6 data to project future 

drought frequencies, durations, and severities, enhancing monitoring and early warning. 

• Flood Prediction: Integrate CMIP6 precipitation extremes into hydrological models to 

project future flood magnitudes and frequencies, informing flood protection and 

preparedness. 

• Groundwater Recharge Identification: Use projected soil moisture and runoff changes 

to identify future groundwater recharge zones, essential for sustainable aquifer 

management. 

9.3 Water Management and Policy 

• Climate-Resilient Reservoir Planning: Re-evaluate reservoir capacities and operating 

rules using CMIP6 streamflow and precipitation variability projections to manage water 

supply and flood risks effectively. 

• Scenario-Based Water Allocation: Develop water allocation plans robust across various 

SSPs, stress-testing existing schemes and proposing adaptive measures. 
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• Input for Climate Action Plans: Downscaled and bias-corrected CMIP6 data provides 

scientific basis for national and regional climate action plans, informing localized 

adaptation strategies. 

In essence, CMIP6 models, when processed with local observational data for 

downscaling and bias correction, empower data-driven decisions. This leads to more 

effective planning and policies, enhancing resilience in agriculture and water resources, 

and contributing to global food and water security. 
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1. Introduction 

Traditionally, agronomic research emphasized maximizing crop yields. However, growing 

environmental concerns have shifted the focus toward sustainable practices that balance 

productivity with ecological health. This shift necessitates strategies that preserve soil 

quality, reduce environmental degradation, and enhance crop profitability. 

Achieving sustainable crop production requires understanding the complex interactions 

among soil, water, atmosphere, and crops. With advancements in computing, these systems 

can now be integrated and modeled to simulate and predict crop growth and yield more 

accurately. Crop models use mathematical equations to represent biological systems and, 

once validated, help forecast the impacts of environmental changes and management 

practices on crop performance. 

Crop growth models serve three main purposes: 

1. Analyzing crop responses to improve research focus, 

2. Simulating plant growth for education, 

3. Forecasting outcomes for management and decision-making (Rimmington & 

Charles-Edwards, 1987). 

These models require interdisciplinary expertise across agronomy, soil science, crop 

physiology, and agrometeorology. They are also valuable in participatory research, 

enabling collaboration between farmers, researchers, and advisors. 

Decision Support Systems (DSS), such as DSSAT and APSIM, integrate crop models with 

economic and environmental data to guide farm-level decisions. DSSAT helps match crop 

needs with land conditions, while APSIM considers a broader range of growth factors. 

This chapter covers the classification of crop models (simple and complex), steps in model 

development, essential datasets for calibration and validation, and the relevance of CGSMs 

in the context of climate change. Key model concepts and a conceptual crop model example 

are introduced in the first section (see Figure 1). 

 

1.1. Terminology 

 

1.1.1 System 

A system is a collection of interacting components grouped to study a particular part of the 

real world. The components included depend on the study's objectives and simplify 
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complex realities. Systems have defined spatial and temporal boundaries and are 

influenced by external factors. For example, in crop models, the crop and root zone are 

considered as system components influenced by weather and management, while other 

models may focus on smaller units like leaves or cells. 

 

1.1.2 Environment and System Boundary 

The environment includes all elements outside the system's components. The system 

boundary separates the system from its environment, often based on cause-and-effect 

relationships. While the environment can influence the system (e.g., temperature affecting 

crop growth), the system typically does not alter the environment. For instance, crops are 

influenced by sunlight and temperature but have minimal impact on these factors. 

 

1.1.3 Simulation 

Simulation is the process of running a model to mimic real-world system behavior. It 

involves designing logic, writing code, and executing it on a computer to generate results. 

 

1.1.4 Inputs and Outputs 

Inputs are external factors affecting the system but are not affected by it, such as rainfall, 

temperature, and light in crop systems. Outputs are measurable responses of the system, 

like crop biomass or soil moisture, which are of interest in modeling. 

 

1.1.5 Parameters and Constants 

Constants are fixed values that do not change across experiments (e.g., gravitational 

constant, molecular weight). Parameters are model-specific values that remain unchanged 

during simulation but may vary across systems or studies (e.g., photosynthetic response to 

light, degree-days to flowering). 

 

1.1.6 State Variables 

State variables describe the condition of system components at a specific time and change 

dynamically as the system evolves. In crop models, common state variables include soil 

moisture and plant biomass. 
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Figure 1. Diagrammatic representation of a model. 

2. Types of models  

 

Computer models are mathematical representations of real-world systems. In 

agriculture, simulation models are used to mimic natural processes—like crop growth 

or water using computer programs based on mathematical, statistical, or empirical 

relationships. These models help estimate crop yields based on factors such as weather, 

soil, and management practices. They typically use differential equations to calculate 

changes in key variables (e.g., growth rate, biomass) from planting to harvest. 

 

Crop Model Types: 

 

Descriptive vs. Explanatory: 

Descriptive models summarize observed data without explaining underlying 

mechanisms (e.g., estimating crop weight from past measurements). Explanatory 

models, on the other hand, describe how processes like leaf growth or tillering drive 

crop development using quantified system interactions. 

 

Deterministic vs. Stochastic: 

Deterministic models produce the same output for a given input, with no randomness. 

Stochastic models introduce variability, giving a range of possible outcomes with 

associated probabilities. 

 

Static vs. Dynamic: 
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Static models don't consider time and assume constant variables. Dynamic models 

incorporate time, simulating how variables change over days or seasons to reflect real-

time crop behavior. 

 

Mechanistic vs. Empirical: 

Mechanistic models are process-based, built on scientific understanding of system 

functions (e.g., how light and nutrients affect growth). Empirical models rely on 

observed data patterns and statistical techniques like regression or correlation. 

 

Steps in Model Development: 

 

Model development is iterative and involves three main activities: conceptualization 

(theoretical design), coding (building the model), and testing (experimentation). These 

steps often overlap and require adjustments based on feedback and performance. 

 

 
Figure 2. The modelling cycle 

Steps in Model Development 

3.1 Problem Analysis – Defining the Purpose (Why?) 

The first step is to clearly state the purpose of the model. In agriculture, models 

may be used for understanding crop growth dynamics, forecasting yield, or 

supporting decisions related to climate change, variety evaluation, and crop 

planning. Key considerations include: 

• The hypothesis being tested 

• Time frame (e.g., forecasting, long-term projections) 

• Required accuracy 

• Target users (e.g., researchers, planners) 

3.2 Conceptual Model – Defining the System (What?) 

3.2.1 Modeling Framework 
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This involves identifying: 

• System components (e.g., crop, soil, weather) 

• System boundaries 

• Driving variables (e.g., temperature, rainfall) 

• Desired outputs 

• Temporal and spatial scale 

• Available resources 

• Flexibility and scope of the model 

3.2.2 Conceptualization 

The system is conceptualized using diagrams and prior knowledge. Key variables 

are chosen based on their importance to the outputs, and less significant ones may 

be simplified or removed to keep the model practical. 

3.2 Model Development – Translating to Equations (How?) 

Here, model features are selected according to the type (e.g., deterministic, 

stochastic) and level of detail needed. Model structure includes relationships among 

components, choice of spatial units, and process equations. The model may 

integrate various modules (e.g., climate, hydrology, irrigation). Calibration 

involves adjusting model parameters and structure to best reflect real-world 

behavior. 

3.4 Verification, Calibration, and Sensitivity Analysis 

• Verification checks whether the model is correctly implemented as per its 

conceptual design. 

• Calibration fine-tunes parameters so outputs match observed data. 

• Sensitivity analysis examines how changes in input variables affect outputs, 

helping to identify which inputs most influence the model. 

 

3.5 Model validation and scenario analysis 

In contrast to model verification, model validation seeks to answer the question “has the 

right model been constructed?” Answer to this question is usually obtained by comparing 

model results with data from real system (field experiments). Thus, validation is the process 

of testing the accuracy of a model with respect to the system being modelled. The data used 

for validation should not have been used during model development, and should normally 

contain data from multi-location (e.g., from different agro-ecological zones with a wide 

range of conditions), multi-year experiments. Sensitivity analysis helps determine what 

data is required and level of detail in data required, i.e., what is important to measure and 

how often it must be measured. Usually, one hopes to come within 95% confidence interval 

during validation. However, this is often difficult to accomplish with biological systems. 

Validity is never absolute, therefore cases for which the model is valid need to be stated. 

Once the model is successfully validated, one can proceed to conduct scenario analysis, to 

answer ‘what if?’ questions, for example, what if temperature or CO2 concentration rises? 
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Such studies provide insight into the effect of various processes and parameters on the 

model output, and can help to explore divergent management options. This process of 

‘deriving insight into reality through analyses of model output for different conditions’ is 

also simply called ‘simulation’ (Refsgaard and Henriksen 2004). 

 

3.6 Model documentation and maintenance 

Documentation of a model is important for its utility, and usually contains the following 

components, which parallel the steps of the modeling process:  

3.6.1. Analysis of the problem: The purpose for which the model was developed and the 

underlying objectives must be clearly outlined.  

3.6.2. Model design and development: The amount of detail with which a model is 

explained depends on the situation. In a comprehensive technical report, the source code 

for the programmes is often included. The simplifying assumptions and the rationale for 

employing them are also explained. Clearly labeled diagrams of the relationships among 

variables and submodels are usually very helpful in understanding the model.  

3.6.3. Model verification and validation: The detailed procedure including the type of data 

required for running the model and calibrating the model parameters are to be laid down. 

Once verified, the procedure for validating the model with examples may be provided. For 

a written report, appendices may contain more detail, such as source code of programs and 

additional information about the solutions of equations. 

3.6.4. Model utility (and revision): The model report should include results, 

interpretations, implications, recommendations, and conclusions in the final part. 

Suggestions for future work may also be mentioned. Once the model is used by end users 

who provide valuable feedback, it may be necessary to make corrections, improvements, 

or enhancements. In this case, it becomes imperative for the model developer to go through 

the modeling process to develop a revised version. 

 

4. Crop growth simulation models 

Crop Growth Simulation Models are mathematical tools used to simulate the interaction 

between crops and their environment. Originating in the 1960s, these models integrate 

knowledge of crop growth processes to better understand and predict crop performance 

under varying environmental and management conditions. 

Unlike empirical models, CGSMs operate at finer time scales (daily or even hourly), 

simulating processes such as phenological development, canopy formation, 

photosynthesis, assimilate partitioning, and soil–plant–atmosphere interactions involving 

water and nutrient dynamics. These models enable the exploration of crop behavior in ways 

not feasible through field experiments alone. CGSMs serve two main purposes: (1) 

advancing understanding of crop growth dynamics, and (2) supporting decision-making in 

agriculture. Despite their value, all models simplify reality and contain limitations due to 
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the complexity of biological systems and data requirements. Most models blend empirical 

and mechanistic approaches, depending on the level of detail needed for a specific purpose. 

Well-known CGSMs include DSSAT and APSIM, widely used in research and 

agricultural planning. There are many other models, but these two are more popular. Some 

crop models reported in recent literature are listed below: 
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5. Crop Production Levels for simulation 

Simulation of crop growth can be done at four levels of crop production, which 

have been defined based on the major growth limiting factors viz. water and nutrients, as 

depicted in Table 2. 
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6. Level of Simplicity in a CGSM 

The optimal simplicity of a Crop Growth Simulation Model (CGSM) depends on balancing 

precision, data availability, and computational power. Complex models require detailed 

input data and smaller time steps, which may not be practical due to data limitations. For 

example, while detailed water-flow processes can be simulated using Richard’s equation, 

limited rainfall data often necessitates simpler water-balance models. Most CGSMs use a 

daily time step and link plant water uptake to leaf area, climate, and soil moisture. While 
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more detailed models include processes like leaf water potential, they demand intensive 

computation and finer time steps. Simple models are easier to apply but may lack accuracy 

or be too site-specific. A practical approach is to simplify a comprehensive model for a 

specific application and calibrate it with field data. 

 

6.1. Model Calibration 

Calibration involves adjusting model parameters so that simulated results match observed 

data. It's essential, especially when adapting existing models to new environments. 

Effective calibration requires well-controlled experiments with detailed crop, soil, and 

climate data. Data from conventional agronomic studies are often insufficient. Accurate 

yield prediction depends on appropriate model structure, reliable parameters, and quality 

input data. 

6.2. Model Validation 

Validation tests how well a model represents real-world systems by comparing predictions 

with independent field data. It ensures the model's reliability under diverse conditions and 

identifies its limitations. Validation helps refine model structure and guides further 

research. Only after rigorous validation can a model serve as a practical decision-support 

tool in agriculture. 

6.3. Minimum Dataset for Model Calibration and Validation 

Crop simulation models require specific datasets to simulate growth accurately. 

The level of detail depends on the model’s purpose and complexity. Essential data 

categories include: 

6.3.1 Soil Data 

Models need detailed soil profile data up to 1.5 m depth, including texture, bulk 

density, horizon thickness, nutrient levels (N, P, K), pH, organic matter, and 

hydraulic properties. Surface residue and soil-water balance parameters are also 

essential. 

6.3.2 Management Data 

Includes planting date and density, cultivar type, fertilizer use (amount, type, 

application method), irrigation details, tillage operations, and pest control 

measures. These reflect existing or simulated management practices. 

6.3.3 Crop Data 

Covers: 

• Photosynthesis and Respiration: Leaf area, photosynthetic rate, carbohydrate 

requirements. 

• Biomass Partitioning: Dry matter distribution across plant parts, growth rates, and 

yields. 

• Phenology: Crop development stages (e.g., V1, R1), recorded at 2–3-day intervals. 

• Root Development: Root depth, growth rate, and stress sensitivity. 

6.3.4 Weather Data 
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Key inputs include daily solar radiation, max/min temperatures, humidity, rainfall, 

and wind speed. These are critical for modeling water and nutrient-limited 

scenarios. When direct data are unavailable, weather generators can create 

statistically valid datasets using historical summaries. 

 

7. Conclusion 

Crop growth modeling is a powerful tool for informed decision-making in agriculture. It 

enables analysis of agricultural systems by simulating natural processes. However, gaps in 

our understanding of the complex soil–plant–atmosphere interactions limit model 

accuracy. Hence, research should prioritize improving this understanding over relying 

solely on empirical models. Calibration and validation of crop models play a key role in 

refining these insights and guiding research strategies. Despite their value, many 

agronomists lack training in crop modeling and systems research, highlighting the need for 

capacity building. The development of reliable models requires an integrated research 

approach with clearly defined objectives and comprehensive datasets. Such efforts can 

significantly advance sustainable agriculture to meet global food demands. 
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1. Introduction 

Under the changing climate scenario, various abiotic stresses pose significant threat to 

global agricultural productivity and food security. Faced with extreme climate changes 

such as drought, high temperatures, flooding stresses, crop production must be maintained 

and improved while using less input resources. The complex multigenic and quantitative 

nature of abiotic stress tolerance mechanisms had previously made it difficult to fully 

understand the underlying molecular processes (Collins et al., 2008). However, the recent 

advancements in genomics and gene technology over the past decade and a half have 

increased confidence in the ability to find solutions, resulting in a wealth of genomic data.  

To make the most of this data for developing climate-resilient crop varieties, it is crucial 

to develop innovative methods for identifying quantitative phenotypes and understanding 

the genetic basis of agriculturally important traits using high-throughput approaches. 

However, the rapid advancement of genotyping has outpaced phenotyping capabilities, 

creating a "genotype-to-phenotype gap." To bridge this gap, it is necessary to develop 

comprehensive high-throughput phenotyping frameworks like High Throughput 

Phenotyping (HTP) Applications. High Throughput Phenotyping (HTP) technologies rely 

on non-invasive automated sensing methods capable of capturing plant responses to 

external stimuli by utilizing a wide variety of electromagnetic radiation wavelength bands 

perceived by camera through the image processing process. These non-destructive methods 

quantify the absorption, transmission, or reflectance characteristics of the electromagnetic 

radiation (EM) spectrum as it interacts with the plant canopy surface (Figure 1). When 

compared to stressed/infected plants, healthy/normal plants interact (absorb, reflect, 

transmit, and fluoresce) differently with electromagnetic radiation.  HTP facilities/tools are 

extremely beneficial in a wide range of applications spanning from crop management to 

crop improvement. Monitoring crop health, performance, and growth phases at regular 

intervals aids in the efficient management of inputs such as water and nitrogen. Sensors 

attached on unmanned aerial vehicles (UAVs) can be used for large scale high throughput 

phenotyping to monitor plant growth status across a broader area, assisting agricultural 

management. Advanced integrated phenotyping technologies that combine molecular 

methodologies and non-invasive sensors help to accelerate the advancement of high-

throughput crop improvement research, particularly in challenged conditions. This 

advanced research allows for the monitoring of high throughput phenotypic features and 

how they change in response to environment and genetics. This will also improve our 
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ability to carefully test a large number of germplasm for diverse abiotic stress tolerances. 

The found tolerant genotypes can be used in crop development programmes to generate 

climate resilient crop varieties. This lecture note provides an overview of high throughput 

phenomics research at multiple scales, focusing on technological and platform aspects, 

including microscopic, ground-based, and aerial phenotyping, and phenotypic data 

analysis. Recent uses of high-throughput phenotyping technologies for abiotic/biotic stress 

and yield evaluation will be described. Finally, this paper explores current issues and 

speculates on the future of phenomics research in abiotic stress management.  

 

 

2. High Throughput Phenotyping Tools 
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The desire to improve the capacity to explore a large number of characteristics in a non-

destructive and accurate manner has emerged as a significant goal in breeding for abiotic 

stress tolerance. The labor-intensive and costly aspect of phenotyping has encouraged the 

scientific community over the last decade to create automated systems for high-throughput 

plant phenotyping (HTPP). This has resulted in significant advances in the dissection of a 

wide variety of qualitative, agronomical, morphological, and physiological variables, as 

well as the examination of features associated to biotic and abiotic stressors. These 

technologies, which depend on automated non-invasive sensing methods, collect plant 

properties through picture analysis. Several technologies are currently available, including 

standard RGB/CIR cameras, thermal infrared systems, spectroscopy (hyperspectral and 

multispectral remote sensing), fluorescence and tridimensional (3D) imaging, and 

magnetic resonance imagers (MRI). These next-generation image sensors have been 

designed to enhance accuracy, resolution, and throughput, each with its own set of benefits 

and drawbacks. Depending on the aims of each phenotyping experiment, planned 

objectives, and outcomes, several image sensors can be used in phenotyping. Non-

destructive optical imaging, in contrast to traditional approaches based on visual grading, 

strives for quick and contact-free evaluation of features in crop morphology and 

physiology. Figure 2 highlights the most commonly used optical imaging sensors for plant 

phenotyping in various conditions.   The features and potentialities of these techniques 

have been thoroughly reported by Fritsche-Neto and Borém (2015). We will briefly discuss 

the implications (benefits and limits) that have emerged from their use in crop phenotyping.  

RGB cameras/ colour infrared (CIR) cameras are widely used to assess plant canopy and 

biomass, which can be estimated by integrating footage from red, blue, and green light 

(RGB) and CIR(. The "leaf area index" (LAI) or "normalized difference vegetation index" 

(NDVI) can be calculated from the derived indices (NDVI). Multispectral (MS) and 

hyperspectral (HS) analysis are more focused on plant physiological features (e.g., 

photosynthetic efficiency, water and nutrient content, , etc.) by employing a series of 

images that spans the entire spectrum of radiation from visible (400-765 nm: VIS) to near-

infrared (765 to 3200 nm: NIR). Thermal imaging is more adapted to evaluating (i) the 

stage of pathogen infections or disease spread in crops, and (ii) reactions to abiotic stressors 

(e.g., drought and heat tolerance). It is based on observations of the fluctuation in leaf 

surface temperature, which is connected to variances in stomatal conductance caused by 

different stressors that influence water balance and transpiration (Liew et al., 2008). 

Fluorescence, which captures excitation and emission spectra during chlorophyll 

absorption at shorter wavelengths, can determine plant metabolic status (Li et al., 2014). 

3D imaging can estimate vegetation canopy structure and topographic maps, whereas MRI 

detects nuclear resonance signals from isotopes to provide pictures of the plant's interior 

components. These devices can be used alone or in conjunction to provide various data 

results. Depending on the image resolution, HTP platforms may be categorized into three 
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groups: microscopic, ground-based, and aerial phenotyping platforms. which enable the 

identification of phenotypic features at the tissue, organ, individual plant, plot, and field 

levels. (Figure 2). 

 

Many commercial platforms have been developed for a wide range of species, comprising 

of small plants such as Arabidopsis and the primary cereal crops (Table 1). High-

throughput Rice Phenotyping Facility (HRPF), has a capacity of accommodating 5472 rice 

plants, including colour imaging, X-ray computed tomography (X-ray CT), automated 

controls, and an image processing pipeline that is capable of monitoring at least 15 

agronomic variables in populations of up to 1920 rice plants (Yang et al., 2014). 

Furthermore, some image-based phenotypic traits that are difficult to analyze manually, 

such as leaf rolling and stay-green traits in drought tolerant rice genotypes can also be 

assessed (Duan et al., 2018). The Nanaji Deshmukh Plant Phenomics Centre, ICAR-IARI, 

New Delhi has been developed for precise HTP of the different crop genotypes throughout 

the life cycle in controlled stress conditions to identify genotypes for developing climate 

resilient crop varieties (Dwivedi et al., 2022).  

Table 1: High throughput HTP platforms for phenotyping a wide range of crop species in 

different parts of the world 
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3. Role of HTP in Abiotic Stress Management: 

Abiotic stress management requires precise phenotypic screening to identify and 

characterize stress-tolerant genotypes. HTP enables early detection of stress responses, 

monitor temporal changes in plant performance; quantify stress effects on physiological 

traits and to screen large populations under abiotic stress conditions. HTP enables large-

scale, objective, and time-series evaluation of plants in response to environmental stimuli.   

Abiotic stresses such as heat, drought, salinity, waterlogging drastically affect plant 

growth, yield, and food security. Accurate phenotyping is critical to understand plant 

responses under stress, identify stress-tolerant genotypes, to support breeding and 

management strategies and to accelerate crop improvement. HTP plays a pivotal role in 

each of these steps by allowing researchers to capture real-time physiological, biochemical, 

and morphological responses to abiotic stress. 

4. Applications of HTP in Abiotic Stress Management: 

HTP has emerged as a powerful tool to address challenges due to various abiotic stresses 

such as drought, heat, salinity, and waterlogging, etc. Its integration into crop science 

allows researchers to measure plant traits rapidly, accurately, and non-destructively across 

large populations, facilitating the development of stress-resilient varieties. Table 2 

summarizes different physiological traits that can be measured by employing HTP 

sensors/tools. While the importance of physiological traits is being summarized in Table 

3. Below are key applications of HTP in managing abiotic stress: 
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Table 2: Physiological Traits Measured by different HTP sensors/tools 

Physiological Trait Description HTP Tools/Sensors Used Relevance in Abiotic 

Stress Management 

Canopy Temperature Surface temperature of 

plant canopy, influenced 

by transpiration rate. 

Infrared Thermography, 

IR Cameras, FLIR 

systems 

Elevated temperature 

indicates stomatal 

closure under drought 

stress. Helps detect early 

water stress. 

Chlorophyll 

Fluorescence (Fv/Fm, 

ΦPSII) 

Measures photosystem II 

efficiency and 

photochemical quenching. 

PAM Fluorometers, 

Fluorescence Cameras 

(e.g., FluorCam, 

MultispeQ) 

Early indicator of 

photoinhibition due to 

heat, drought, or salinity. 

Helps assess 

photosynthetic 

performance. 

Chlorophyll Content / 

Greenness Index (SPAD, 

NDVI) 

Indicates pigment 

concentration and plant 

health. 

SPAD Meter, 

Multispectral Sensors, 

NDVI Cameras, 

MultispeQ 

Reflects stress-induced 

senescence or nutrient 

deficiency. Useful under 

drought, salinity, and 

heat stress. 

Leaf Water Content / 

Relative Water Content 

(RWC) 

Degree of cellular 

hydration. 

NIR Spectroscopy, 

Gravimetric HTP 

platforms, Thermal 

Imaging (indirect) 

Decline under water 

deficit; early marker of 

drought tolerance. 

Stomatal Conductance Rate of gas exchange 

through stomata. 

Porometers, MultispeQ, 

Open Gas Exchange 

Systems 

Reduced under water 

deficit; correlates with 

yield under drought. 

Canopy Reflectance / 

Spectral Indices (NDVI, 

PRI) 

Measures reflectance at 

specific wavelengths. 

Hyperspectral and 

Multispectral Sensors, 

UAV-mounted cameras 

NDVI tracks biomass 

and greenness; PRI 

indicates light use 

efficiency and stress 

response. 

Plant Height / Growth 

Dynamics 

Monitors elongation, 

biomass gain over time. 

LiDAR, RGB imaging, 

Stereo cameras, Structure-

from-Motion 

Affected by nutrient and 

moisture stress. Tracks 

developmental response 

to stress over time. 

Biomass Estimation Non-destructive 

assessment of total 

aboveground biomass. 

RGB-based 3D 

reconstruction, LiDAR, 

Multiview Imaging 

Useful under drought or 

nutrient stress to track 

yield potential. 

Canopy Architecture 

(Leaf Area Index, Leaf 

Angle, Compactness) 

Structure and orientation 

of canopy affecting light 

interception. 

LiDAR, 3D Imaging, 

Stereo Vision 

Determines 

photosynthetic capacity, 

radiation use efficiency 

under abiotic stress. 
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Thermal Imaging for 

Heat Stress Tolerance 

Detects temperature 

variation within the plant 

body. 

IR Cameras, Thermal 

UAVs 

Identifies genotypes with 

efficient cooling 

mechanisms 

(transpiration efficiency). 

Root Traits (length, 

volume, angle) 

Root system traits related 

to water/nutrient uptake. 

Rhizotrons, MRI, X-ray 

CT, WinRHIZO, 

shovelomics + imaging 

Crucial for 

understanding drought, 

waterlogging, and 

nutrient stress tolerance. 

 

Table 3: Physiological traits and their importance under abiotic stresses 

Physiological Traits Importance under Stress 

Chlorophyll Fluorescence (Fv/Fm) Indicator of PSII efficiency; early stress signal 

(NDVI Proxy for green biomasSs and photosynthetic capacity 

Canopy Temperature (CT) Proxy for transpiration and stomatal behaviour 

SPAD Index Leaf greenness, linked to chlorophyll/nitrogen content 

Stomatal Conductance (gs) Indicator of water use and gas exchange 

Plant Height and Leaf Area Biomass estimation and growth rate 

 

4.1 Early Detection of Stress Symptoms 

Thermal cameras detect canopy temperature depression (CTD), indicating stomatal 

conductance and early water stress. Chlorophyll fluorescence sensors monitor 

photosynthetic efficiency (Fv/Fm) under heat or salinity. Multispectral imaging detects leaf 

discoloration, senescence, and nutrient stress. 

4.2 Quantifying Physiological Responses: HTP platforms can measure photosynthetic 

rate and transpiration rate using gas exchange systems, relative chlorophyll content, NDVI 

and PRI from reflectance sensors, canopy architecture through 3D imaging and LiDAR. 

These are key indicators of plant function under drought, salinity, and nutrient stress. 

4.3 Understanding the root architecture and function: Rhizotrons, MRI, and X-ray CT 

integrated with ML algorithms allow non-invasive analysis of root length, root surface 

area, root depth and angle. This is critical for selecting genotypes with improved water and 

nutrient uptake under stress. 
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4.4 Mapping traits and computing stress Indices: HTP-derived traits are used to 

compute stress indices like Stress Tolerance Index (STI) and Drought Susceptibility Index 

(DSI). These indices support mapping of quantitative trait loci (QTL) and genome-wide 

association studies (GWAS) for stress tolerance. 

4.5 Temporal Dynamics under Stress: Time-series data from UAVs/drones help track 

growth recovery, leaf senescence, and flowering shifts under intermittent stress that can 

capture the kinetics of stress response, not just end-point measurements. 

 

 

4.6 HTP Applications (HTPA) in Plant Breeding 

The assessment of crop phenotypic traits in both controlled environments and the field has 

significantly increased over the past 20 years because of advances in non-destructive 

sensing and imaging tools. Phenomics is becoming increasingly important in genetic 

research and precision agriculture because it provides a precise definition of various 

features in crops and enables a better understanding of phenotypic changes caused by 

underlying heritable genetic variation.  

4.6.1 Breeding assisted by HTPA: 

Image-based phenotyping technologies can accelerate crop breeding by quickly and 

precisely evaluating characteristics like biotic/abiotic resistance, grain yield, and grain 

quality. This can be demonstrated by contrasting a conventional long-term breeding 

experiment with a more modern, technologically-supported version. Hopkins initiated 

long-term directional recurrent selection for oil concentration in maize in Illinois in 1896; 

after about 100 generations, the oil content increased from 4.69% to 20.37% (Dudley and 

Lambert, 2004). Song et al. (1999) developed synthetic populations in China where the oil 

content increased from 4.71% to 15.55% in just 18 cycles of selection (Song and Chen, 

2004). This relative acceleration can be chiefly attributed to NIR and MRI spectroscopy.  

4.6.2 Genetic Mapping and High-Throughput Phenotyping  
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Genetic research has greatly been benefited directly from automated phenotyping 

applications. Different automated platforms that have been successfully utilized in 

developing climate resilient crop varieties. Numerous loci regulating yield and its 

constituent parts in diverse crops have been identified as a result of the numerous HTP 

platforms, technologies like sequencing, GWASs (Huang et al., 2010), and statistical 

methods for genetic mapping (van Eeuwijk et al., 2010). (Table 4).  

 

 

 

 

 

 

 

Table 4: Employment of different HTP Platforms in Trait and Genotype Variation 

Discovery. 
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4.7 Integration with Artificial Intelligence/Machine Learning (AI/ML) for Better 

Decision Making: 

High-throughput phenotyping (HTP) is rapidly progressing to cater the growing demand for 

data-driven solutions to crop stress management, especially in the face of climate variability. 

Emerging technologies such as robotics, IoT, cloud computing, and artificial intelligence are 

now being harnessed to enhance the efficiency, accuracy, and scalability of phenotyping 

platforms. 

HTP datasets are multi-dimensional, making machine learning essential for pattern recognition 

in stress response, genotype classification under stress, predictive modeling of yield or stress 

resilience and multivariate trait selection for breeding. For ex: ML models combining spectral 

+ thermal + physiological data can accurately predict plant performance under drought stress. 

Image-based phenotyping technologies hold immense promise for accelerating crop breeding 

by enabling rapid and accurate assessment of traits related to resistance against biotic and 

abiotic stresses, as well as grain yield and quality. The impact of such technological 

advancements becomes evident when comparing traditional long-term breeding efforts with 

more modern, technology-driven approaches. For example, Hopkins initiated a directional 

recurrent selection program for increasing oil content in maize in Illinois back in 1896, and it 

took around 100 generations to elevate oil concentration from 4.69% to 20.37% (Dudley and 

Lambert, 2004). In contrast, Song et al. (1999) in China developed synthetic populations where 

oil content improved from 4.71% to 15.55% in just 18 selection cycles (Song and Chen, 2004). 

This remarkable improvement in efficiency is largely due to the use of tools like Near-Infrared 

(NIR) and Magnetic Resonance Imaging (MRI) spectroscopy. 

High-throughput phenotyping (HTP) platforms enable efficient screening of plant responses 

to abiotic stresses by accommodating large populations and automating data collection through 

non-destructive technologies that generate high-resolution data (Ubbens and Stavness, 2017). 

Phenomics facilities employ multidimensional imaging—including visible, infrared (IR), near-

infrared (NIR), and hyperspectral bands—which facilitates time-series assessment of various 

physiological traits (Peuelas and Filella, 1998; Tester and Langridge, 2010). For instance, 

stomatal behavior under drought, a key indicator of stress tolerance, is commonly evaluated 

using thermal imaging and canopy temperature (Jones et al., 2009; Rischbeck et al., 2017). 

Continuous crop monitoring over time enables a more precise understanding of stress 

responses, improving trait selection accuracy. Kim et al. (2020) demonstrated that RGB 

imaging can be used to assess plant area, color, and compactness; NIR imaging to estimate 

plant water content; IR imaging to detect plant temperature and fluorescence; and gravimetric 

systems like DroughtSpotter R to measure water use efficiency (WUE), transpiration rate, and 

water loss dynamics across different crop stages. 4.7.1 IoT Integration for Real-Time 

Remote Sensing 
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The Internet of Things (IoT) allows the integration of sensors and devices across field and 

greenhouse environments for continuous data acquisition and remote monitoring. 

Advantages of IoT integration: 

✓ Real-time tracking of soil moisture, canopy temperature, and microclimate conditions. 

✓ Automated alerts for early stress detection (e.g., drought, heat). 

✓ Integration with mobile and web dashboards for precision agriculture. 

Applications: 

✓ IoT-enabled leaf temperature and chlorophyll sensors. 

✓ Wireless data transmission for irrigation scheduling. 

4.7.2 Robotic Phenotyping in Field and Greenhouses 

Robotics offers automation in data collection, minimizing human error and increasing 

throughput. Autonomous vehicles or gantry systems equipped with multispectral, thermal, and 

3D sensors can be employed for image acquisition that will enable standardized and repeatable 

data collection. 

Examples: 

✓ Robotic carts in greenhouses monitoring plant height and leaf count. 

✓ Field robots performing daily stress scoring and growth measurements. 

 

4.7.3 Cloud-Based Analytics for Cross-Institutional Data Sharing 

Cloud platforms enable centralized data storage, access, and analysis, facilitating collaboration 

and integration across research institutions allowing scalability for large datasets (e.g., multi-

season and multi-location trials) with an added advantage of common standards and metadata 

formats for interoperability.  

Platforms: CyVerse, Plant Phenomics Network, Elixir Europe, etc 

4.7.4 Edge Computing and Artificial Intelligence for On-Site Analysis 

Edge computing allows real-time data processing at the site of data collection, reducing 

dependency on internet connectivity and cloud access. Edge computing brings computational 

power directly to the sensor or local device (e.g., drone, handheld scanner) instead of sending 

data to distant servers. This allows instant data processing, even in remote agricultural fields. 

This will allow for on-the-fly image analysis i.e., real-time processing and analysis of images 

as they are being captured, without needing to store them first or pause data collection enabling 

adaptive responses to plant needs and trait detection. Integration with AI models for decision 

support (e.g., stress indexing, irrigation triggers). 

Applications: 
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✓ Deep learning models for predicting canopy temperature trends or NDVI-based yield 

estimations under water or heat stress. 

✓ AI-driven segmentation of root and shoot structures from complex backgrounds in field 

imagery. 

Example Use Case: A drone-mounted multispectral camera with onboard AI model to identify 

water-stressed sugarcane in real time and mark them for irrigation scheduling. 

4.7.5 Integration Synergy: Toward a Unified Platform 

The prospects of HTP lie in the synergistic integration of these components. The next 

generation of phenotyping systems will be built on the synergy of IoT, robotics, cloud, edge 

computing, and AI. A truly next-generation phenotyping system will collect high-resolution 

multi-sensor data using IoT and robotics, process it rapidly on-site using edge AI and upload 

results to cloud platforms for predictive modelling, visualization, and breeding decisions. The 

key capabilities of such systems will be real-time, multi-sensor data fusion, rapid feedback 

loops to breeding programs and remote trial monitoring and management.  

5. Conclusions and future perspectives 

The rapid advancements in sensors, image processing, data analytics, and phenotyping 

technologies have enabled high-throughput phenotyping (HTP) both in the field and under 

controlled environments across various scales—ranging from microscopic setups to ground-

based and aerial platforms. Equipped with diverse sensors, modern phenotyping systems can 

effectively evaluate traits related to yield potential and stability, supporting crop improvement 

efforts. The integration of cutting-edge technologies such as machine vision, automation, 5G 

networks, cloud computing, and artificial intelligence (including deep learning) has 

significantly enhanced the power of phenotyping in advancing both basic crop science and 

breeding. High-speed, high-throughput phenotyping is critical for scaling up breeding 

programs, particularly in integrating with genomic selection pipelines to accelerate genetic 

gain. Moreover, these innovative approaches are key to developing climate-resilient crop 

varieties, helping ensure future food security amid increasing climate variability and water 

scarcity. By leveraging these technologies, HTP platforms can dramatically improve the speed, 

accuracy, and cost-effectiveness of trait evaluation under abiotic stress conditions. 
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Introduction 

Extreme weather refers to unusual or unexpected weather events that deviate from the 

typical range of conditions for a particular area or time of year. These events can be 

characterized by unusual intensity, duration, or spatial extent. While related, it's important 

to differentiate extreme weather from severe weather, with severe weather being defined 

as any weather posing a risk to life or property. Extreme weather, on the other hand, 

encompasses unusual weather events that are at the extremes of the historical distribution 

for a given area. These events include heatwaves, cold waves, heavy rainfall, floods, 

droughts, cyclones, lightning strikes, and hailstorms. Their impact spans across agriculture, 

water resources, health, infrastructure, and livelihoods, particularly affecting the most 

vulnerable populations. Extreme weather events are increasingly impacting the world, 

driven by a combination of natural climate variability and human-induced climate change. 

Understanding their causes and consequences is essential for developing effective 

adaptation and mitigation strategies to reduce the risks to human societies and the 

environment. 

The global human population is projected to reach approximately 9 billion by 2050, 

necessitating a 70% increase in food production to meet future demands (Alletto et al., 

2010), along with a substantial rise in the demand for fibre and fuel (Asgedom et al., 2011; 

Beedy et al., 2010). Concurrently, the global energy requirement is anticipated to grow 

nearly tenfold compared to the levels at the beginning of the twentieth century (Boyle, 

2004). These challenges are further compounded by climate change, which continues to 

exert mounting pressure on agricultural systems. The IPCC (2022) stresses that to limit 

global warming to 1.5°C above pre-industrial levels and prevent the most devastating 

effects of climate change, global CO₂ emissions must be halved by 2030 and reach net-

zero by 2050. Moreover, achieving this goal requires the removal of 2 to 10 billion metric 

tons (Gt) of CO₂ annually. Beyond rising temperatures and intensifying heatwaves, climate 
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change also brings altered precipitation patterns, increased frequency and severity of 

storms, extended drought periods, and a rising risk of wildfires. According to NASA’s 

Goddard Institute for Space Studies (GISTEMP, 2023), the global mean surface 

temperature has already increased by approximately 1.1°C since 1880, with heatwaves 

becoming more intense and prolonged, underscoring the growing impact of anthropogenic 

climate change on weather extremes.  

In recent years, heat-waves and extended periods of extreme heat have markedly increased 

the frequency, durability, intensity and severity of hotter days and warmer nights, as a result 

of climate change. Chronic heat-waves combined with high humidity, pose a serious threat 

to living organisms in tropical and subtropical regions of the world. A rapid rise in the 

scale, intensity, frequency, and duration of extreme heat events has been observed globally, 

with a notable increase in concurrent heat-waves and droughts over the past century. Now 

days, Temperatures exceeding 40°C have become common in many parts of the world, and 

in some regions, the frequency of temperatures above 50°C is steadily increasing. 

According to IPCC (2023), global surface temperature has increased by 0.99 °C during 

2001–2020 and by 1.09 °C during 2011–2020, compared to the pre-industrial baseline of 

1850–1900. Under 1.5°C temperature warming would cause 150 or more days above 35°C 

per year in 67 cities while, a 3°C elevated temperature may potentially affect up to 197 

cities (Mackres et al., 2023). Projection confirmed that by 2050, the number of urban poor 

exposed to extreme heat conditions could rise by 700%, with the most significant increases 

expected in regions like West Africa and Southeast Asia (UCCRN, 2018). If the current 

trend continues until 2050, almost every child below the age of 18 (nearly 2.2 billion) are 

expected to be suffered with heatwave which was just 24 per cent of children in 2020 

(UNICEF, 2022). Similarly, mortality of people over the age of 65 years due to heat also 

increased nearly 85 % during 2000-2004 over 2018-2022 (LANCET 2023) 

Causes and contributing factors 

Extreme weather events are a result of complex interactions between natural variability and 

human influence. The natural factors like the El Niño-Southern Oscillation (ENSO) or the 

North Atlantic oscillation (NAO) can significantly influence weather patterns worldwide. 
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Climate Change is A major driver of extreme weather, human-caused global warming 

increases the frequency and intensity of events like heatwaves, droughts, heavy 

precipitation, and strengthens hurricanes. The anthropogenic Activities such as 

Deforestation, urbanization, and the destruction of wetlands can worsen the impacts of 

extreme weather. Poor urban planning can exacerbate flood risks and contribute to the 

formation of urban heat islands.  

 

Table 1: Causes of Extreme Weather Events 

 

Characteristics and Potential Impacts of Extreme weather event 

Extreme weather events are characterized by their rarity and deviation from normal 

weather patterns in terms of magnitude, location, timing, or extent. These events are 

becoming more frequent and intense globally, largely due to climate change. Following 

Table (Table 2) provides a comprehensive overlook about the specific features of different 

common extreme weather events. 
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Impacts of extreme weather 

Human Health: Extreme weather events pose direct threats to human health, increasing 

the risk of heatstroke, injuries, and the spread of waterborne diseases. 

Ecosystems: Habitat loss, species migration, and ecosystem disruption are significant 

consequences. 

Social and Economic Impacts: Extreme weather can cause property damage, 

infrastructure destruction, displacement, and economic hardship.  

In recent decades, Extreme weather events have increased in frequency, intensity, and 

geographical spread due to climate change and environmental degradation. According to 

IMD and Council on Energy, Environment and Water (CEEW), over 75% of Indian 

districts are now classified as extreme weather hotspots. Between 2005 and 2022, extreme 

rainfall events surged by more than 50%. In 2022 alone, India faced 314 days of extreme 
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weather, resulting in over 3,000 deaths and major economic losses. The Arabian Sea has 

seen a sharp rise in cyclone frequency and intensity. Additionally, the duration and severity 

of heatwaves have tripled in recent decades. Some significant global examples of the 

extreme weather events and their impacts are illustrated in following Table 3. 
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Severe weather is a particular type of extreme weather which poses risks to life and 

property. In general, any dangerous meteorological phenomenon which can make damage, 

disrupt or loss of for society and human life (WMO, 2004). Severe weather encompasses 

a variety of dangerous meteorological events that can significantly impact human life, 

infrastructure, and ecosystems. Understanding the different types and the factors 

contributing to their occurrence is crucial for effective preparedness, risk management, and 

adaptation strategies. Severe weather events encompass a wide range of meteorological 

phenomena: 

Thunderstorms: These can be categorized into various types, including single-cell, multi-

cell, squall line, and the strongest, supercell thunderstorms. They pose risks due to 

phenomena like lightning, strong winds (including downbursts and derechos), hail, and 

heavy rainfall that can lead to flash flooding. 

Tornadoes: Violently rotating columns of air that extend from a thunderstorm to the 

ground, capable of immense destruction. 

Tropical Cyclones: Known as hurricanes, typhoons, or cyclones depending on the region, 

these are powerful, rotating storm systems characterized by low-pressure centers, strong 

winds, and heavy rainfall. They can cause destructive winds, high waves, and storm surges, 

resulting in extensive coastal and inland flooding. 

Extratropical Cyclones: These storms, also called European windstorms or Nor'easters, 

are powered by horizontal temperature differences and can cause hurricane-force winds, 

heavy precipitation (rain or snow), coastal flooding, and erosion. 

Heavy Rainfall and Flooding: Excessive precipitation can lead to various types of 

flooding, including river flooding, flash flooding, and coastal flooding exacerbated by sea-
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level rise and storm surges. Floods can damage property and infrastructure, endanger lives, 

and pose public health risks. 

Droughts: Prolonged periods of unusually dry weather that can deplete water resources, 

cause crop failure, and increase the risk of wildfires. 

Heatwaves: Extended periods of excessively hot weather that can pose serious health risks, 

particularly for vulnerable populations, and increase demand for electricity. 

Severe Winter Weather: This includes heavy snowfall, blizzards, and ice storms. 

Blizzards are strong snowstorms with low visibility and powerful winds, making travel 

dangerous and posing risks of frostbite and hypothermia. Ice storms involve the gradual 

accumulation of ice on surfaces, which can be highly destructive to trees, power lines, and 

infrastructure. 

Dust Storms: Characterized by strong winds carrying large quantities of dust and sand, 

reducing visibility and posing respiratory health risks.  

Factors contributing to severe weather 

A combination of factors can contribute to severe weather events: 

Atmospheric conditions: These include moisture content, instability, wind shear (changes 

in wind speed or direction with height), and the presence of cold air aloft. 

Geographical features: Latitude, altitude, and topography play a role in determining the 

types and severity of weather that a region experiences. 

Climate Variability: Natural climate patterns like El Niño or La Niña can influence the 

occurrence of extreme weather events. 

Climate Change: A significant factor contributing to the increasing frequency and 

intensity of severe weather events globally. Rising global temperatures can exacerbate 

heatwaves and droughts, increase atmospheric water vapor leading to heavier precipitation, 

and potentially intensify hurricanes and winter storms.   

Extreme weather versus severe weather: a comparison 

While often used interchangeably, the terms "extreme weather" and "severe weather" have 

distinct definitions in meteorology. Understanding the differences is crucial for accurate 
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communication and effective preparedness In summary, all severe weather is extreme 

because it's dangerous and outside typical conditions, but not all extreme weather is severe. 

An unusual snowfall in a desert is extreme due to rarity but not necessarily severe unless it 

causes harm. Similarly, a severe thunderstorm may be both severe (hazardous) and extreme 

(a significant deviation from normal weather). 

 

Classification of Extreme Weather Events  

The India Meteorological Department (IMD) classifies weather phenomena, including 

temperature, rainfall, and cyclones, using standardized thresholds to issue alerts and 

forecasts. The key IMD classifications of extreme weather events are described below 

(Table 5 and Table 6). 
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Types of Extreme Weather Events in India 

India, due to its diverse geography and climate, experiences a wide range of extreme 

weather events, which are increasingly being influenced by climate change. Indian regions 

prone to specific type of extreme weather are discussed below (Table 7). 

Table 7: Extreme weather prone regions of India 

 

Impact of Extreme weather events on Agriculture and Allied Sectors 

The impacts of extreme weather events on agriculture and allied sectors are 

undeniable and multifaceted. Addressing these challenges requires a concerted effort 

involving policymakers, researchers, extension workers, and farming communities to build 
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a more resilient and sustainable agricultural future in the face of climate change. Likely 

impacts of the specific extreme weather conditions have been categorized as under: 

A. Crop Growth & Yield 

Extreme weather events (EWEs) pose a significant and growing threat to 

agriculture worldwide, particularly in regions like India with a high dependence on 

farming. Impact of the extreme weather events on crop growth and yield has been 

illustrated in Table 8. 

 

B. Overall Agricultural Production 

• Yield loss leads to food insecurity. 

• Regional imbalance in crop suitability zones. 

• Decline in agricultural GDP, especially in rain-fed areas. 

• Increased dependency on irrigation and input-intensive methods. 

5. Impact on Farmers’ Livelihoods 

• Crop failure → loss of income → rising farm debt. 

• Distress migration due to unviable farming conditions. 

• Mental health issues including farmer suicides. 
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• Reduced capacity to invest in future farming cycles. 

• Dependency on government compensation and relief programs. 

6. Impact on National Economy 

Agriculture contributes ~15-18% of India’s GDP, but supports over 50% of the 

population. Extreme events may cause: 

• Disruption in supply chains (mandis, transport, exports). 

• Inflation in food prices due to supply-demand mismatch. 

• Increase in government expenditure on disaster relief, rehabilitation, and 

subsidies. 

• Insurance payouts surge under schemes like PMFBY. 

• Negative impact on rural consumption and agribusiness sectors. 

Response and Adaptation Measures 

Addressing the growing threat of extreme weather events to Indian agriculture requires a 

combination of immediate responses and long-term adaptation measures. By implementing 

these comprehensive response and adaptation measures, India can build a more climate-

resilient and sustainable agricultural sector, safeguarding food security and ensuring the 

well-being of its farming communities in the face of escalating extreme weather events. 

A. Responses 

Early Warning Systems: Improved weather forecasting by agencies like the India 

Meteorological Department (IMD) helps farmers make timely decisions about planting, 

harvesting, and protecting their crops and livestock from sudden weather changes. 

Contingency Crop Planning: Developing and disseminating region-specific contingency 

plans for different Extreme weather events allows farmers to switch to more suitable crops 

or adjust farming practices in response to weather anomalies like droughts, floods, or 

heatwaves. 
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Emergency Relief: Providing immediate financial assistance to farmers affected by 

Extreme weather events through subsidies, low-interest loans, or grants helps them recover 

from losses and restart their livelihoods. 

Post-Harvest Management: Investing in resilient infrastructure for storing, transporting, 

and marketing agricultural produce helps minimize post-harvest losses and ensures food 

security during times of crisis.  

B. Adaptation measures 

Climate-Resilient Crop Varieties: Research and development in collaboration with 

institutions like the Indian Council of Agricultural Research (ICAR) focuses on developing 

and promoting crop varieties that are tolerant to drought, heat, flood, and salinity, as well 

as resistant to pests and diseases. 

Sustainable Water Management: Promoting efficient irrigation methods such as micro-

irrigation (drip and sprinkler systems), rainwater harvesting, and watershed management 

can help farmers manage water resources more effectively, especially in regions facing 

water scarcity or erratic rainfall patterns. 

Soil Conservation Practices: Encouraging practices like zero-tillage farming, crop 

rotation, and the use of organic fertilizers helps improve soil health, conserve moisture, 

and enhance resilience to climate variability. 

Agroforestry: Integrating trees and shrubs into farming systems can provide multiple 

benefits like carbon sequestration, improved soil fertility, enhanced biodiversity, and 

additional income streams for farmers. 

Livelihood Diversification: Promoting integrated farming systems that combine crops 

with livestock, horticulture, or fisheries can help reduce farmers' reliance on single crops 

and provide alternative sources of income, making them more resilient to Extreme weather 

events. 

Technology and Digital Interventions: Leveraging digital platforms, AI-based tools, and 

mobile applications can provide farmers with real-time weather updates, expert advice on 
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crop management, pest and disease alerts, and market information, enabling data-driven 

decision-making. 

Financial Inclusion and Insurance: Schemes like the Pradhan Mantri Fasal Bima Yojana 

(PMFBY) provide insurance coverage and financial support to farmers in case of crop 

losses due to Extreme weather events, offering a safety net during challenging times. 

Capacity Building and Awareness: Providing training and educational programs to 

farmers on climate-smart agricultural practices and risk management strategies enhances 

their knowledge and enables them to adopt new technologies and practices more 

effectively. 

Policy Support and Governance: Developing and implementing supportive policies and 

initiatives like the National Mission for Sustainable Agriculture (NMSA) and the National 

Innovations in Climate Resilient Agriculture (NICRA) project are crucial for creating an 

enabling environment for climate adaptation and mitigation in the agricultural sector.  
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Introduction  

Climate change refers to long-term alterations in temperature, rainfall patterns, wind 

systems, and other elements of the Earth's climate. These changes are primarily driven by 

human actions, including the burning of fossil fuels, large-scale deforestation, and 

emissions from industrial activities. Such actions have significantly increased the 

concentration of greenhouse gases like carbon dioxide and methane in the atmosphere, 

resulting in global warming. The impacts of climate change are widespread—manifesting 

as more frequent and intense heatwaves, rising sea levels, melting glaciers, shifting 

ecosystems, and an increase in the frequency and severity of extreme weather events such 

as droughts and hurricanes. 

In recent years, the urgency to respond to climate change has intensified, as it poses serious 

threats to biodiversity, food and water security, human health, and economic stability. 

Tackling this global challenge requires coordinated international action and the adoption 

of sustainable development practices. To monitor and manage the effects of climate 

change, a range of indices have been developed. These indices help quantify aspects such 

as risk, exposure, vulnerability, and hazards associated with climate change. This document 

provides an in-depth overview of these climate change indices, detailing their significance, 

definitions, and the mathematical methods used in their calculation. 

 

Climate risk and IPCC 

The Intergovernmental Panel on Climate Change (IPCC) in its Sixth Assessment Report 

(AR6) gave the risk propeller diagram, a conceptual model to visually represent the 

components of climate risk in the context of climate change. It helps illustrate how hazard, 

exposure, and vulnerability interact to create risk, and it highlights the role of adaptation 

and mitigation in reducing this risk. Adaptation (usually depicted as a stabilizing force) 

refers to adjustments in systems or practices to reduce vulnerability and exposure. This 
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includes early warning systems, climate-resilient infrastructure, improved health care 

access, etc. Mitigation (often presented as a reduction of hazard potential refers to efforts 

to reduce greenhouse gas emissions and slow climate change. This includes activities like 

switching to renewable energy, enhancing carbon sinks, and improving energy efficiency. 

The diagram is used to guide climate risk assessments and design climate-resilient 

development policies. It illustrates that reducing one or more of the propeller blades 

(hazard, exposure, vulnerability) can reduce overall risk, emphasizing integrated action that 

combines adaptation and mitigation efforts. 

 

Climate Risk Assessment (CRA) 

The Intergovernmental Panel on Climate Change (IPCC), in its Sixth Assessment Report 

(AR6), employs a thorough risk assessment framework that combines scientific data with 

socio-economic factors to analyze the effects of climate change. This method highlights 

climate risk as a product of three main elements: hazard (climate-driven physical events or 

trends), exposure (the presence of people, ecosystems, or assets in vulnerable areas), and 

vulnerability (the degree to which those exposed are susceptible to harm and their ability 

to adapt and recover). 

AR6 introduces a more nuanced, systems-based framework that considers compound and 

cascading risks, reflecting how multiple climate hazards can interact and amplify one 
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another. It also incorporates risk thresholds and limits to adaptation, highlighting areas 

where adaptation may no longer be feasible. This methodology enables a more holistic 

understanding of climate impacts across regions, sectors, and timeframes, supporting 

better-informed decision-making and more effective climate resilience strategies. 

 

Figure 1. Risk assessment methodology (IPCC) 

CRA Framework 

The IPCC's  Climate Risk Assessment (CRA) framework is a structured approach to 

evaluating the potential impacts of climate change on various systems and identifying 

strategies for adaptation and mitigation. It involves assessing vulnerabilities, identifying 

potential risks, and developing strategies to manage those risks. The IPCC's CRA 

framework provides a systematic approach for understanding the potential impacts of 
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climate change, identifying vulnerabilities and risks, and developing strategies to manage 

those risks and adapt to a changing climate. 

Key Components of the IPCC's CRA Framework 

Vulnerability Assessment 

This involves evaluating the susceptibility of a system (e.g., a community, ecosystem, or 

infrastructure) to climate change impacts. It considers factors like exposure, sensitivity, 

and adaptive capacity.  

Risk Assessment 

This step identifies the potential hazards and their likelihood of occurrence, as well as the 

potential consequences of those hazards. It considers both the hazards associated with 

climate change and the potential risks of the project or activity increasing climate 

vulnerability.  

Adaptation and Mitigation Strategies 

Based on the vulnerability and risk assessments, the framework guides the development of 

strategies to reduce vulnerability and manage risks. Adaptation strategies aim to reduce the 

negative impacts of climate change, while mitigation strategies aim to reduce greenhouse 

gas emissions.  

The framework also includes: 

    Screening: Identifying potential climate risks. 

    Scoping: Defining the boundaries of the assessment. 

    Report Generation: Documenting the findings of the assessment. 

    Climate Risk Management Plan: Developing strategies for managing identified risks. 

Climate Change Indices 

At the core of IPCC’s risk assessment is the following conceptual formula: 

 Risk = f (Hazard, Exposure, Vulnerability) 

This is a qualitative functional expression, meaning that risk is not the product of these 

terms in a strict mathematical sense but rather a result of their interaction. 

Hazard (H) 

A climatic hazard is a weather or climate-related event that has the potential to cause harm 

to people, property, ecosystems, or economies. These hazards include both extreme 

events—such as hurricanes, heatwaves, floods, droughts, and wildfires—and slow-onset 
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changes, like rising sea levels or shifting rainfall patterns. Climatic hazards can occur 

naturally, but their frequency and intensity are increasingly influenced by human-induced 

climate change. They become particularly dangerous when they intersect with vulnerable 

populations or poorly prepared systems, leading to significant social, environmental, and 

economic impacts. 

𝐻 = 𝑃(𝐸) × 𝐼 

Where:  

𝑃(𝐸) is the probability of the extreme climate event; 𝐼 is the intensity of the event 

Climate Hazard Index (CHI) 

It measures the potential occurrence and intensity of climate-related hazards such as 

droughts, floods, heatwaves, and storms. 

 

Where: - 

Hi = Hazard value for event; Wi = Weight of the event based on severity and frequency; n 

= Number of hazard events considered. A higher CHI indicates a greater level of climatic 

hazard. 

Exposure (E) 

In the context of climate risk, exposure refers to the presence of people, ecosystems, 

infrastructure, economic assets, or cultural resources in places that could be adversely 

affected by climate-related hazards. It describes what is at risk and where, without 

necessarily considering how vulnerable those elements are. For example, a coastal city is 

exposed to sea-level rise and storm surges, while a farming community in a semi-arid 

region may be exposed to drought. Exposure is a key component of climate risk 

assessment, alongside hazard and vulnerability, and helps determine the potential scale and 

scope of climate impacts. 

Exposure Index (EI) 
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The Exposure Index quantifies the extent to which people, property, systems, or other 

elements are present in areas that could be adversely affected by climate hazards. 

 

Where:  

Pj = Population or asset value in area; Aj = Area exposed to climate hazard; T = Total 

population or asset value; m = Number of areas considered. A higher EI denotes a higher 

degree of exposure to climate hazards. 

Vulnerability 

It refers to the degree to which a system, community, or individual is susceptible to harm 

from climate-related hazards. It is shaped by a range of factors, including socio-economic 

conditions, governance, access to resources, health, infrastructure, and social inequalities. 

High vulnerability means greater sensitivity to climate hazards and limited capacity to 

respond effectively. Low-income communities may be more vulnerable to floods due to 

inadequate housing and a lack of access to emergency services. Vulnerability, together with 

exposure and hazard, is a key component in assessing climate risk, and addressing it is 

essential for building resilience and reducing the impacts of climate change. 

Vulnerability Index (VI) 

The index reflects the susceptibility of a system or population to harm due to exposure to 

climate hazards. 

 

Where:  

S = Sensitivity component (e.g., age, health status); AC = Adaptive capacity component 

(e.g., access to healthcare, infrastructure); SES = Socioeconomic status. Higher values of 

VI imply a greater vulnerability. 

Sensitivity 

It refers to the degree to which a system or population is affected, positively or negatively, 

by climate-related hazards or changes. It reflects how responsive a system is to changes in 
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climate conditions such as temperature, precipitation, or extreme weather events. For 

instance, crops are highly sensitive to changes in rainfall and temperature, while elderly 

populations may be more sensitive to heat waves due to health vulnerabilities. Sensitivity 

is closely related to vulnerability, but while vulnerability also includes the capacity to cope 

or adapt, sensitivity focuses specifically on how strongly the system reacts to climate 

stimuli. Understanding sensitivity helps in identifying which systems or groups are more 

at risk and informs targeted adaptation strategies. 

Adaptive Capacity 

It describes the capacity of a system, community, or individual to adapt to climate-related 

hazards by minimizing potential harm, seizing possible benefits, or managing the resulting 

impacts. This capacity plays a vital role in determining both vulnerability and resilience, 

and is shaped by various factors including financial resources, access to education, 

infrastructure quality, technological advancement, governance structures, and the strength 

of social networks. 

High adaptive capacity enables better preparation for and response to climate impacts, 

reducing overall risk. For example, a country with strong institutions, effective early 

warning systems, and access to financial and technical resources will generally have a 

higher adaptive capacity than one lacking these elements. Enhancing adaptive capacity is 

essential for climate change adaptation and long-term sustainable development. 

Adaptive Capacity Index (ACI) 

This index measures the ability of a system, community, or individual to adjust to potential 

damage, to take advantage of opportunities, or to respond to consequences. 

 

Where: 

E = Education level; I = Income level; H = Health index; T = Technology access. Higher 

ACI values indicate greater adaptive capacity. 

Resilience 
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The ability of a system, community, or society to anticipate, prepare for, respond to, and 

recover from climate-related hazards and stresses, while maintaining essential functions 

and adapting to change. It involves not only withstanding shocks such as floods, droughts, 

or storms but also learning from these events to improve future responses and reduce long-

term vulnerability. Resilience is strengthened through adaptive capacity, social cohesion, 

effective governance, access to resources, and infrastructure that can endure or quickly 

recover from disruption. 

Climate Resilience Index (CRI) 

CRI assesses the capacity of a system to anticipate, prepare for, respond to, and recover 

from climate-related disruptions. 

 

Where: 

ACI: Adaptive Capacity Index; VI: Vulnerability Index. Higher CRI values indicate more 

resilience to climate impacts. 

 

 

 

Climate Risk 

It refers to the potential for adverse impacts resulting from climate-related hazards, which 

arise from the interaction between hazards (such as extreme weather events or slow-onset 

changes like sea-level rise), exposure (the presence of people, assets, or ecosystems in 

harm’s way), and vulnerability (the susceptibility and capacity to cope or adapt). Climate 

risk can be both current and future, and it encompasses a wide range of physical, social, 

economic, and environmental consequences. 

Climate Risk Index (CRI) 

The risk index estimates the overall potential impact of climate hazards, combining hazard, 

exposure, and vulnerability. It typically evaluates factors like loss of life, economic 
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damage, and the frequency and severity of extreme weather events, offering a way to gauge 

a country’s or region’s exposure and vulnerability to climate hazards. CRI helps highlight 

areas most at risk, supports climate adaptation planning, and draws attention to the urgent 

need for climate action, especially in vulnerable developing nations. It is a comprehensive 

indicator used to prioritize areas for climate adaptation and mitigation interventions. 

CRI = CHI × EI × VI 

Social Vulnerability Index (SVI) 

SVI is a measure used to assess the susceptibility of communities to harm from external 

stresses, such as natural disasters or climate change, based on social, economic, and 

demographic factors. It evaluates aspects like poverty, age, disability, housing conditions, 

access to transportation, education, and minority status to determine how well a population 

can prepare for, respond to, and recover from hazards. A high SVI indicates that a 

community is more likely to experience greater impacts due to limited resources and 

adaptive capacity. SVI is widely used in disaster planning, public health, and climate 

resilience efforts to prioritize aid and develop targeted support strategies for at-risk 

populations. 

 

Where: 

Zk = Normalized value of vulnerability indicator; Wk = Weight of the indicator; p = 

Number of indicators. Communities with higher SVI values are more socially vulnerable. 

Environmental Sensitivity Index (ESI) 

It is an index developed to identify areas that are ecologically sensitive and more likely to 

be affected by climate change or disasters. It integrates physical, biological, and human-

use information to map and assess which areas are most vulnerable to damage and which 

should be prioritized for protection in the event of an environmental disaster. ESI maps 

typically include three key components: habitat type (e.g., rocky, sandy, marshy), 

biological resources (such as species), and human-use resources (like recreational areas, 
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cultural sites, or water intakes). By providing a detailed understanding of the environmental 

and socio-economic value of the regions, the ESI supports effective emergency response 

planning, resource management, and environmental impact assessments. 

 

Where: 

R = Resource dependency; B = Biodiversity index; H = Habitat fragility. High ESI scores 

signal high environmental sensitivity. 

Growing Degree Days (GDD) 

It is a climate-based index used to estimate the growth and development of plants and 

insects during the growing season. It measures the accumulation of heat above a certain 

base temperature, which is the minimum temperature required for the growth of a particular 

organism.  

 

Where: 

𝑇max = daily maximum temperature; 𝑇min = daily minimum temperature; Tbase = base 

temperature (commonly 10°C for many crops). If the daily mean temperature is below the 

base temperature, the GDD for that day is set to zero. 

Palmer Drought Severity Index (PDSI) 

This index relies on easily accessible temperature and precipitation data to assess relative 

dryness. It is standardized, typically ranging from -10 (extremely dry) to +10 (extremely 

wet). While agencies like NOAA often present values within a -4 to +4 range, more 

extreme readings can occur. The Palmer Drought Severity Index (PDSI) has proven 

effective in measuring long-term drought conditions. By incorporating temperature data 

and a physical water balance model, it also reflects the influence of global warming on 

drought through shifts in potential evapotranspiration. 
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Heat Index (HI) 

The Heat Index (HI), often referred to as the "apparent temperature," is a measure of how 

hot it feels to the human body when relative humidity is combined with air temperature. 

High humidity reduces the body's ability to cool itself through sweating, making the 

temperature feel hotter than it is.  

 

Where: 

T = air temperature in °C; e = water vapor pressure (in hPa) 

 

ws = wind speed in m/s 

Climate Change Performance Index (CCPI) 

CCPI is an independent monitoring tool developed by Germanwatch, NewClimate 

Institute, and the Climate Action Network (CAN) to evaluate and compare the climate 

protection performance of countries. It assesses how well countries are performing on the 

global goal of limiting climate change to well below 2°C, as outlined in the Paris 

Agreement. It helps to increase transparency in international climate politics by tracking 
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country progress in reducing greenhouse gas emissions, promoting peer pressure among 

nations, and highlighting leaders and laggards in climate action. 

CCPI Score =0.4×ScoreGHG + 0.2×ScoreRE + 0.2×ScoreEU + 0.2×ScorePolicy 

Where: ScoreGHG : Greenhouse Gas Emissions Score; ScoreRE : Renewable Energy Score; 

ScoreEU : Energy Use Score; ScorePolicy : National and international climate policy score 

(based on expert assessments) 

Conclusion 

Understanding and calculating climate change indices are essential for effective disaster 

risk reduction, urban and regional planning, resource allocation, and policymaking. These 

indices offer critical insights into where and how to implement mitigation and adaptation 

strategies. In the future, climatic indices will play an increasingly vital role in enhancing 

our understanding and management of climate-related risks. They will aid in climate 

modeling, impact assessments, and the development of evidence-based adaptation and 

mitigation strategies across sectors such as agriculture, water resources, public health, and 

urban planning. Moreover, by translating complex climate data into accessible and 

actionable insights, climatic indices will empower policymakers, researchers, and 

communities to make informed decisions, build resilience, and navigate the uncertainties 

of a rapidly changing climate with greater preparedness and precision. 
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Introduction 

Water is an indispensable resource for ensuring global food security, sustaining 

ecosystem services, and achieving long-term sustainable development goals. Agriculture, 

being the largest water-consuming sector, accounts for nearly 70% of global freshwater 

withdrawals, thereby exerting immense pressure on water resources worldwide (Hoekstra 

et al., 2011). This pressure is expected to intensify as the global population approaches 9.7 

billion by 2050 and dietary preferences shift toward water-intensive food products such as 

meat and dairy (Zeng et al., 2020). Concurrently, climate change is altering global 

hydrological cycles, increasing the frequency and severity of droughts, and undermining 

the stability of water supply systems, particularly in arid and semi-arid regions (Vanham 

et al., 2022). In this context, quantifying and managing water use in agriculture has become 

imperative for mitigating water stress and ensuring sustainable agricultural production. 

Conventional water use metrics, which primarily quantify volumetric water withdrawals, 

often fail to capture the broader environmental implications of water consumption and 

pollution.  

The concept of the Water Footprint (WF), first proposed by Hoekstra and Hung 

(2002), offers a comprehensive perspective on freshwater use by accounting for both direct 

and indirect water consumption across the entire life cycle of a product or activity. The WF 

is composed of three main elements: green, blue, and grey water (Hoekstra et al., 2011). 

Green water denotes rainwater retained in the soil that is utilized by plants through 

evapotranspiration, which is particularly significant in rain-fed agriculture. Blue water 

encompasses surface and groundwater extracted for agricultural, industrial, or domestic 

purposes. When this water is not returned to its original source, it contributes to freshwater 

depletion. Grey water refers to the volume of freshwater needed to assimilate pollutants 

and maintain water quality standards, thus serving as an indicator of water pollution. 
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These three components form the basis of Water Footprint Assessment (WFA), a 

standardized methodology developed by the Water Footprint Network. WFA enables the 

measurement and evaluation of water use and contamination throughout the production 

process of goods and services at both local and global scales. Closely related to this is the 

concept of virtual water, which describes the unseen water embedded in traded 

commodities, especially in agriculture and industry. For instance, the export of water-

intensive crops like rice effectively transfers large quantities of virtual water-mainly blue 

water-from one region to another. Consumptive water use refers to water that is removed 

from the system through evaporation, plant uptake, or incorporation into products, making 

it unavailable for reuse. This contrasts with non-consumptive use, where water is returned 

to the source. Return flows, such as treated wastewater or runoff, re-enter water bodies but 

can affect water quality and contribute to grey water volumes if polluted. Together, these 

concepts are vital for evaluating the sustainability, efficiency, and fairness of water use. 

WFA serves as a valuable tool for identifying water consumption patterns, assessing 

environmental impacts, and informing strategies for improved water governance, 

particularly in agriculture and international trade. 

The escalating global demand for food, feed, and bioenergy presents formidable 

challenges to water security. In India, the home of 18% of the global population endowed 

with only 4% of the world’s freshwater resources, faces acute water stress in arid and semi-

arid zones. Overexploitation and mismanagement of blue water sources, such as rivers, 

lakes, wetlands, and aquifers, have already led to significant depletion (Falkenmark and 

Molden, 2008; Wada and Bierkens, 2014), thereby constraining the productivity of 

irrigated agriculture (Davis et al., 2017). In contrast, green water i.e., moisture derived from 

precipitation stored in the soil, constitutes a substantially larger share of agricultural water 

use globally. Despite its significance, green water utilization has been underrepresented in 

agricultural water management strategies. Although green water contributes four to five 

times more than blue water in global food production (Hoff et al., 2010), yet focus of water 

policies has predominantly been on blue water. Numerically, rainfed agriculture accounts 

for over 60% of India’s net sown area, therefore, optimizing green water use is crucial for 

enhancing food security and climate resilience, especially in vulnerable regions 
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(Falkenmark and Rockström, 2006). Water productivity, defined as the crop yield per unit 

of evapotranspiration, is a vital indicator of sustainable water use in both irrigated and 

rainfed systems. Enhancing water productivity not only reduces the need to expand 

agricultural land but also minimizes the pressure on limited water resources (Molden et al., 

2010). On a global scale, trade in agricultural commodities from regions with high water 

productivity to regions with lower productivity facilitates net water savings and contributes 

to alleviating local water stress (Chapagain et al., 2006; Fader et al., 2011). In India, 

augmenting green water productivity holds considerable potential for reducing water stress 

in both water-scarce states like Rajasthan, Gujarat, and Maharashtra, and relatively water-

abundant states such as West Bengal, Assam and Meghalaya. 

Water footprint assessment has demonstrated significant utility in identifying 

inefficiencies and environmental burdens associated with water use in agriculture. 

Empirical studies have revealed that certain crops such as rice, sugarcane, and cotton 

exhibit disproportionately high blue and grey water footprints, particularly when cultivated 

in water-stressed regions (Mekonnen and Hoekstra, 2011). Spatially explicit analyses have 

also highlighted stark regional disparities in water productivity and pollution levels, often 

revealing zones where water use exceeds renewable supply or where pollutant loads 

surpass the assimilative capacity of local ecosystems (Vanham et al., 2022; Zeng et al., 

2020). Such insights are invaluable for informing policy decisions related to water 

governance, especially in contexts marked by competing demands from agricultural, 

industrial, and domestic sectors. In recent years, Water footprint assessment has gained 

increasing prominence in agricultural policy and planning under climate-resilient 

agriculture. By linking water use to environmental, economic, and social outcomes, Water 

footprint assessment facilitates the development of adaptive strategies such as crop 

diversification, modernization of irrigation infrastructure, promotion of deficit irrigation, 

and water quality management (Jalilov et al., 2018; Karandish et al., 2020). The concept 

of virtual water trade has also emerged as a strategic tool for conserving local water 

resources, enabling water-scarce nations to import water-intensive goods while mitigating 

internal resource depletion (Hoekstra and Chapagain, 2008). Nevertheless, the application 

of water footprint assessment is challenged by methodological discrepancies, data gaps, 
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and the complex interplay of biophysical and socio-economic variables (Chouchane et al., 

2015). Amidst escalating global water crises and the centrality of agriculture in water 

management, there is a compelling need to expand the water footprint assessment as a 

robust decision-support system. This study examines the water footprint of cotton, wheat 

and cotton-wheat production systems to develop appropriate strategies for water stress 

mitigation. Specifically, the study focuses on identifying high-impact crops, assessing the 

sustainability of water use across agro-ecological zones, and proposing context-specific 

interventions to enhance water-use efficiency and reduce pollution. Through the 

integration of recent methodological advancements and high-resolution spatial datasets, 

the study seeks to inform evidence-based policy decisions that bolster the sustainability 

and resilience of agricultural water management under the dual pressures of climate change 

and resource scarcity. The water footprint components are briefly discussed in following 

points. 

Footprinting  

Footprinting is a method used to assess the environmental impact of human 

activities, especially in terms of resource consumption and pollution. In water footprinting, 

it quantifies the amount of water used, directly and indirectly, throughout the life cycle of 

a product, service, or activity. It helps in identifying water-scarce regions and improving 

sustainable water use strategies. Traditional irrigation-based approaches are increasingly 

being replaced with holistic concepts such as ‘virtual water’ and ‘water footprint’.  

Virtual water 

Virtual water refers to the hidden or embedded water used to produce a product or 

service, which is not visible in the final item. For example, the water used to grow wheat, 

process it, and bake bread is considered its virtual water. When goods are traded, virtual 

water is also transferred between countries or regions. This concept is essential for 

understanding global water dependencies and the impact of trade on water resources. 

Virtual water refers to the total volume of water used across the entire production chain of 
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a commodity (Allan, 1997; 2003), while water footprint provides an estimate of the direct 

or indirect water involved in crop production (Hoekstra et al., 2011).   

Water footprint 

Water footprint is a measure of the direct and indirect total volume of freshwater 

used to produce goods, services, or by individuals and communities. It includes green 

(rainwater), blue (surface/groundwater), and grey (polluted water) components. The 

concept helps track water consumption along the supply chain and informs sustainable 

water management. It can be applied at the individual, product, regional, or national level. 

 

Green water footprint 

Green water footprint is the amount of rainwater consumed during the production 

of crops or biomass. It includes water that is stored in the soil and evaporated or transpired 

by plants. This component is crucial for rain-fed agriculture and forestry and does not 

deplete surface or groundwater sources.  

Blue water footprint  

Blue water footprint measures the volume of surface and groundwater consumed in 

production processes. This includes irrigation water for crops or industrial and domestic 

water withdrawals that are not returned to the source. It is particularly important in irrigated 

agriculture and can contribute to freshwater depletion if overused.  

Grey water footprint  

Grey water footprint indicates the volume of freshwater required to dilute pollutants 

to meet water quality standards. It reflects the level of water pollution caused by 

agricultural runoff, industrial discharges, or domestic waste. A high grey water footprint 

suggests poor water quality and the need for better waste management. Total water 

footprint is the sum of green, blue, and grey water footprints. It represents the complete 

water impact of a product, process, or region.  
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Total water footprint: 

Total water footprint is the sum of green, blue, and grey water footprints used in 

the production and consumption of a product, service, or by an individual, sector, or nation. 

It provides a comprehensive view of the total freshwater resources consumed and polluted 

across the entire supply chain. This metric helps assess the full environmental impact of 

water use and supports better planning for sustainable water management. Total water 

footprint can also be used to compare the water intensity of different activities or products 

Agricultural water footprint  

Agricultural water footprint refers to the amount of water used in crop and livestock 

production, including irrigation, rainwater use, and water pollution. It is a major part of the 

global water footprint, as agriculture consumes over 70% of freshwater resources. 

Managing this footprint is vital for food security and water sustainability. Global and 

national water footprint studies have been analyzed on various crops such as mango 

(Australia), banana (Peru), citrus (South Africa), cocoa (Colombia), and date palm (Israel 

and Iran) (Shtull-Trauring et al., 2016; Mekonnen and Hoekstra, 2011). The below table 

represents computation of Water footprint components of conventional and drip fertigation 
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Results 

Case Study 1: Water footprint assessment of surface and subsurface drip fertigated cotton-wheat 

cropping system – A case study under semi-arid environments of Indian Punjab  
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Fig.1: Spatial variation in weather conditions; a: Minimum temperature; b: Maximum temperature; c: 

Cumulative pan evaporation and rainfall (mm) 

RRSA: Regional Research Station, Abohar; RRSF: Regional Research Station, Faridkot 
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Fig.2: Total water footprint of cotton (a), wheat (b) and cotton-wheat cropping system (c) 

T1: SF with 100 % RDN; T2: SD at 80% ETc with 100% RDN; T3: SSDF at 60% ETc and 75% RDN; T4: SSDF at 60% ETc 

and 100% RDN; T5: SSDF at 80% ETc and 75% RDN; T6: SSDF at 80% ETc and 100% RDN; T7: SSDF at 100% ETc and 

75% RDN; T8: SSDF at 100% ETc and 100% RDN. 

Note- SD: surface flood; SDF: surface drip fertigation; SSDF: subsurface drip fertigation; ETc: Crop evapotranspiration: RDN: 

recommended dose of nitrogen 
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Case Study 2:  

Water footprint of wheat under different irrigation practices at Faridkot, Punjab 

(Choudhary et al. 2025) 
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Fig.3: Spatial variations in total water footprint of CWCS under different irrigation/fertigation levels 
SF: surface flood irrigation; SDF: surface drip fertigation; SSDF: subsurface drip fertigation; RRSA: Regional 

Research Station, Abohar; RRSF: Regional Research Station, Faridkot 
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Table 4: Weather conditions and effective rainfall during wheat growing season at 

Faridkot 

 

Table 5: Amount of irrigation, grain yield and water footprints of wheat during 2010-11 

to 2022-23 

 

Amount of 

irrigation (mm) 

    Yield 

(kg ha⁻¹) 

WFgreen 

(m³ kg⁻¹) 

WFblue 

(m³ kg⁻¹) 

WFgrey 

(m³ kg⁻¹) 

WFtotal 

(m³ kg⁻¹) 

 Conventional flood irrigation 

2010-11 375 3619 0.16 1.04 0.35 1.54 

2011-12 375 4279 0.03 0.88 0.29 1.20 

2012-13 225 4678 0.24 0.48 0.27 0.98 

2013-14 300 5039 0.20 0.60 0.25 1.05 

2014-15 225 5046 0.46 0.45 0.25 1.15 

2015-16 300 4517 0.22 0.66 0.28 1.16 

2016-17 375 4797 0.12 0.78 0.26 1.16 

2017-18 375 3450 0.12 1.09 0.36 1.57 

2018-19 300 3496 0.18 0.86 0.36 1.40 

 Surface drip irrigation 

2019-20 212 5173 0.28 0.41 0.19 0.88 

Year 
Temperature (°C) Relative humidity (%) Rainfall (mm) 

Maximum Minimum Maximum Minimum Total Effective 

Conventional flood irrigation 

2010-11 24.9 11.5 79 45 57.9 57.2 

2011-12 24.2 10.8 74 49 15.0 14.8 

2012-13 25.2 11.8 73 39 113.0 110.7 

2013-14 24.2 10.9 80 53 104.9 103.0 

2014-15 24.3 11.0 84 51 250.3 230.2 

2015-16 25.8 11.5 84 43 104.0 100.7 

2016-17 26.3 11.3 85 41 56.3 55.2 

2017-18 25.8 10.9 86 42 41.6 41.2 

2018-19 24.6 9.9 86 43 65.3 64.6 

Mean 25.0 11.1 81 45 89.8 86.4 

Surface drip irrigation 

2019-20 22.8 10.4 88 51 146.1 143.6 

2020-21 25.2 10.5 84 42 27.4 27.2 

Mean 24.0 10.5 86 47 86.8 85.4 

Subsurface drip irrigation 

2021-22 26.2 10.9 84 43 125.0 118.3 

2022-23 25.0 10.9 86 44 118.6 113.6 

Mean 25.6 10.9 85 44 121.8 115.9 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-200- 

 

2020-21 299 5205 0.05 0.57 0.19 0.82 

 Subsurface drip irrigation 

2021-22 256 5471 0.22 0.47 0.18 0.87 

2022-23 209 5234 0.22 0.40 0.19 0.81 

 

Fig. 4: Water footprint of wheat under different irrigation systems 

References 

Allan J. A. (1997). Virtual Water: A Long-Term Solution for Water Short Middle Eastern 

Economies? (Vol. 5145). London, UK: School of Oriental and African Studies, University 

of London. 

Allan J. A. (2003). Virtual water-the water, food, and trade nexus. Useful concept or misleading 

metaphor? Water Int., 28(1): 106-113.  

Chapagain A. K., Hoekstra A. Y., Savenije H. H. and Gautam R. (2006). The water footprint of 

cotton consumption: An assessment of the impact of worldwide consumption of cotton 

products on the water resources in the cotton producing countries. Ecol Econ, 60(1), 186-

203. doi:10.1016/j.ecolecon.2005.11.027. 

0.00

0.25

0.50

0.75

1.00

1.25

Flood Surface

drip

Subsurface

drip

Average

WFgreen 0.19 0.16 0.22 0.19

WFgrey 0.30 0.19 0.19 0.22

WFblue 0.76 0.49 0.43 0.56

WFtotal 1.25 0.85 0.84 0.98

W
a
te
r 
fo
o
tp
ri
n
ts
 (
m
³ 
k
g
⁻¹
)

Irrigation methods

WFgreen WFgrey

WFblue WFtotal



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-201- 

 

Chouchane H., Hoekstra A.Y., Krol M.S. and Mekonnen M.M. (2015). The water footprint of 

Tunisia from an economic perspective. Ecol Indic, 52: 311-319, 

doi:10.1016/j.ecolind.2014.12.015 

Choudhary S., Mishra S. K., Singh K., Pal R. K. and Prabhjot-Kaur (2025). Water footprint of 

wheat under different irrigation practices at Faridkot, Punjab. J Agrometeorol, 27(1): 22–

26. doi:10.54386/jam.v27i1.2844  

Davis K. F., Rulli M. C., Seveso A. and D’Odorico P. (2017). Increased food production and 

reduced water use through optimized crop distribution. Nature Geosci, 10(12): 919-924. 

doi:10.1038/s41561-017-0004-5 

Fader M., Gerten D., Thammer M., Heinke J., Lotze-Campen H., Lucht W. and Cramer W. (2011). 

Internal and external green-blue agricultural water footprints of nations, and related water 

and land savings through trade. Hydrol Earth Syst Sci, 15(5): 1641-1660. doi:10.5194/hess-

15-1641-2011 

Falkenmark M. and Rockström J. (2006). Green Water for Food Security. IFPRI Water Policy 

Brief. 

Falkenmark M. and Molden D. (2008). Wake Up to Realities of River Basin Closure. International 

J Water Res Dev, 24: 201–215. doi:10.1080/07900620701723570  

Hoekstra A. Y. and Chapagain A. K., (2008). Globalization of Water: Sharing the Planet’s 

Freshwater Resources, first ed. Wiley. https://doi.org/10.1002/9780470696224. 

Hoekstra A. Y. and Chapagain A. K., Aldaya M. M. and Mekonnen M. M. (2011). The Water 

Footprint Assessment Manual: Setting the Global Standard (Earthscan, London). 

Hoekstra A. Y. and Hung P. Q. (2002). Virtual water trade: A quantification of virtual water flows 

between nations in relation to international crop trade. Value of Water Research Report 

Series No. 11, UNESCO-IHE. 

Hoff H., Falkenmark M., Gerten D., Gordon L., Karlberg L. and Rockström J. (2010). Greening 

the global water system. J Hydrol, 384(3-4): 177-186. doi:10.1016/j.jhydrol.2009.06.026 

Jalilov S. M., Amer S. A. and Ward F. A. (2018). Managing the water-energy-food nexus: 

Opportunities in Central Asia. J Hydrol, 557: 407-425. doi:10.1016/j.jhydrol.2017.12.040 

Karandish F. and Šimůnek J. (2020). A comparison of the HYDRUS (2D/3D) and SWAP models 

for simulating water balance and nitrate leaching in a sandy loam soil. Agricultural Water 

Management, 227, 105843. 

https://doi.org/10.1016/j.jhydrol.2017.12.040


Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-202- 

 

Mekonnen M. M. and Hoekstra A. Y. (2011). The Green, Blue, and Grey Water Footprint of Crops 

and Derived Crop Products. Hydrol Earth Syst Sci, 15: 1577–1600. doi:10.5194/hess-15-

1577-2011 

Molden D., Oweis T., Steduto P., Bindraban P., Hanjra M. A. and Kijne J. (2010). Improving 

Agricultural Water Productivity: Between Optimism and Caution. Agril Water Manag, 97: 

528–535. doi:10.1016/j.agwat.2009.03.023 

Singh K., Mishra S. K., Singh M., Singh K. and Brar A. S. (2022). Water footprint assessment of 

surface and subsurface drip fertigated cotton-wheat cropping system–A case study under 

semi-arid environments of Indian Punjab. J Clean Prod, 365: 132735.  

Vanham D., Alfieri L. and Feyen L. (2022). National water shortage for low to high environmental 

flow protection. Sci. Rep. 12: 3037  

Wada Y. and Bierkens M. F. P. (2014). Global Groundwater Depletion. Science, 344: 1241–1244. 

Zeng Z., Liu J. and Savenije H. H. G. (2020). A global assessment of agriculture water 

sustainability. One Earth, 2(1): 56–65. https://doi.org/10.1016/j.oneear.2020.02.010 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-203- 

 

Meta-Analysis: Applications in Climate Resilient Agriculture 
Santosha Rathod1, Gayathri Chitikela2, R Mahender Kumar3, CH Padmavathi3, B 

Nirmala4 and S Arun Kumar3 
1ICAR-National Institute of Abiotic Stress Management, Baramati-413115 

2PJTSAU- College of Agriculture, Jagitiyal 
3ICAR-IIRR, Hyderabad 

4ICAR-NAARM, Hyderabad 

Email: Santosha.Rathod@icar.org.in 
 

Introduction: 

Meta-analysis is a statistical method used to combine the findings from various studies 

concerning a specific variable. More precisely, it can be characterised as a quantitative or 

statistical technique for systematically merging results from prior research to draw 

conclusions about the overall body of work. The term “meta-analysis” was first introduced 

by Gene V Glass in 1976, who defined it as “the statistical analysis of a large collection of 

results from individual studies aimed at integrating the findings.” He referred to it as “an 

analysis of analyses.” The prefix “meta,” derived from Greek, means after or beyond, 

indicating that meta-analysis extends beyond individual studies. Huque (1988) described 

it as “A statistical analysis that combines or integrates the results of several independent 

clinical trials that the analyst deems combinable.” The historical progression of meta-

analysis started with Karl Pearson, who was likely the earliest medical researcher to apply 

formal methods for merging data from different studies (1904) in assessing the 

effectiveness of typhoid vaccination. In 1952, Hans J. Eysenck concluded that 

psychotherapy had no positive effects, igniting a heated debate that 25 years and numerous 

studies could not resolve. Then in 1978, Gene V. Glass statistically compiled the results of 

375 studies on psychotherapy outcomes, demonstrating that Hans J. Eysenck was wrong, 

and he coined the term “meta-analysis.” In the context of climate-resilient agriculture, 

meta-analysis is an essential tool for assessing the effectiveness of various adaptation and 

mitigation strategies, including drought-resistant crop varieties, soil moisture conservation 

practices, and climate-smart resource management. By synthesizing empirical evidence 

from diverse agroecological zones and socio-economic situations, meta-analysis offers a 

thorough understanding of which interventions are most effective, the conditions under 

which they work best, and for which types of farming systems. This evidence-based 
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synthesis is vital for informing policy choices, directing research funding, and developing 

customized solutions to enhance agricultural resilience amid increasing climate variability 

and extreme weather conditions. Now a days, meta-analysis is also being employed in 

agricultural research to determine effect sizes using statistical estimation methods. At 

times, meta-analysis is mistaken for aggregation or systematic reviews, which typically 

present qualitative representative results from a collection of studies.  

Purpose of Meta-Analysis: 

• It is utilized when researchers have several studies that assess the same or similar 

hypotheses.   

• It proves beneficial when researchers encounter numerous conflicting studies and 

intricate literature.   

• To pinpoint heterogeneity in effects across different studies.   

• To enhance statistical power and precision in detecting a sample effect size.   

• To create, fine-tune, and evaluate suitable hypotheses.   

• To minimize the subjectivity in study comparisons through robust statistical 

methods.   

• To examine gaps in the existing knowledge base and propose directions for future 

research.  

 

Initially, meta-analysis was mainly prevalent in medical and psychological studies, but it 

later extended to all fields requiring combined or aggregated results. A basic aggregation 

of effects from various studies or experiments tends to yield inaccurate and poor results, as 

it overlooks randomness, heterogeneity, and the significance of the studies in comparison 

criteria. In contrast, meta-analysis provides robust results, presenting a representative effect 

size with a confidence interval based on statistical methods.   

Steps in Meta-analysis: 

1. Formulate a research question based on a theoretical framework.   

2. Conduct a literature search using PubMed, Google Scholar, and other relevant 

sources.   

3. Review the titles and abstracts of the selected research papers.   
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4. Extract key information from the chosen final articles.   

5. Evaluate the quality of the information in these articles by assessing their 

internal validity and applying the GRADE criteria.   

6. Assess the degree of heterogeneity among the articles.   

7. Calculate the overall effect size represented as an Odds Ratio using both fixed 

and random effects models, and create a forest plot.   

8. Investigate the presence of publication bias among the articles and perform a 

funnel plot along with sensitivity analysis.   

9. Carry out subgroup analyses and meta-regression to identify if certain subsets 

of research reflect the summary effects. 

Effect size  

The effect size in meta-analysis is a statistical measure that indicates the strength and 

direction of the relationship among variables. The definition of effect size varies and can 

differ across fields. In medical research, effect size is often referred to as the application 

effect and is quantified using the odds ratio, risk ratio or risk difference. In the social 

sciences, the term 'effect size' is commonly used, though it may sometimes be represented 

as the standardized mean difference or various relationships. The preferred method for 

calculating effect size will vary based on the study's objectives, design and data format. 

Generally, the most frequently used effect sizes fall into three categories: proportions, 

averages and correlational effects. 

Effect sizes based on means: 

The calculation of effect sizes is based on the raw differences between sample observations 

taken from the same measurement scale. Typically, for samples derived from continuous 

variables, raw mean differences are utilised. Consider a study that presents the means for 

two groups (treatment and control); if we wish to compare the means of these two groups, 

let 1 and 2 represent the true population means of the two groups. The population mean 

difference is expressed as                                       

 = 1-2 
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Let 𝑥̅1and 𝑥̅2 denote the sample means from the two independent groups. The sample 

estimate of D is simply the difference between the means of the two treatment groups, 

given by  

                        D =  𝑥̅1- 𝑥̅2 

Let S1 and S2 represent the sample standard deviations of the two groups, with n1 and n2 

indicating the sample sizes of these groups. If we assume that the two population standard 

deviations are equal (which is commonly assumed in most parametric data analysis 

methods), then we have 1 = 2=  and the variance of D can be defined as    

                                                𝑉𝐷 =
𝑛1+𝑛2

𝑛1𝑛2
𝑠𝑝𝑜𝑜𝑙𝑒𝑑

2  

                where, 𝑠𝑝𝑜𝑜𝑙𝑒𝑑
2

= √
(𝑛1−1)𝑆1

2+(𝑛2−1)𝑠2
2

𝑛1+𝑛2−2
 

If we assume that the population standard deviations differ, then the variance of D is 

defined as                                                    𝑉𝐷 =
𝑠1
2

𝑛1
+

𝑠2
2

𝑛2
 

In both situations, the standard error of D is calculated as the square root of V, 

                                                          𝑆𝐸𝐷 = √𝑉𝐷 

Computing D from using paired or matched groups or pre-post scores 

 In matched group designs, the value of D can be estimated using the following 

equations: the sample estimate of Δ is simply the difference in sample means, denoted as 

D. When we have the difference score for every pair, we can find the mean difference 

(𝑥̅𝑑𝑖𝑓𝑓) and the standard deviation of these differences (Sdiff). Thus, we have:   

                                     D = 𝑥̅𝑑𝑖𝑓𝑓  

                                    VD = 
𝑠ⅆ𝑖𝑓𝑓
2

𝑛
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Where n represents the number of pairs, and  𝑆𝐸𝐷 = √𝑉𝐷  . However, to compute the 

standard deviation of difference scores, it is necessary to derive it from the standard 

deviations of each sibling's scores in matched pairs:   

                                      Sdiff   =  √𝑠1
2 + 𝑠2

2 − 2 × 𝑟 × 𝑠1𝑥𝑠2 

      Where r denotes the correlation between ‘siblings’ in matched pairs. If S1 = S2 then 

Sdiff simplifies to  

Sdiff   =  √2 × 𝑠𝑝𝑜𝑜𝑙𝑒𝑑
2 (1 − 𝑟) 

As r approaches 1.0, the standard error of the paired difference will diminish, and when r 

equals 0, the standard error of the difference reverts to that of two independent groups, 

each consisting of sample size n.   

Standardized mean difference  

 The raw mean difference serves as a valuable measure when the scales of 

measurement are identical; however, if the studies being examined use different 

measurement scales, it becomes necessary to standardize the differences. This approach 

aligns with Cohen's recommendations (1969, 1987) for characterizing the magnitude of 

effects in statistical analysis.   

 The standard mean difference can be viewed as comparable across studies through 

either of two arguments (Hedges and Olkin, 1985).  

Let 1 and 1 represent the true (population) mean and standard deviation for the first 

group, while 2 and 2 represent the true (population) mean and standard deviation for the 

second group. When the standard deviations of both populations are equal, such that 1= 

2= , then the parameter for the standard mean difference, or the population standardized 

mean difference, is expressed as  

                                                  𝛿 =
𝜇1−𝜇2

𝜎
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Computing d from studies that used independent groups 

The standardized mean difference (δ) can be estimated from studies that utilized two 

independent groups as                𝑑 =
𝑥̅1−𝑥̅2

𝑠𝑤𝑖𝑡ℎ𝑖𝑛
  

In this formula, 𝑥̅1𝑎𝑛𝑑 𝑥̅2 represent the sample means for the respective groups, while 

Swithin denotes the pooled within-groups standard deviation.  

                      𝑠𝑤𝑖𝑡ℎ𝑖𝑛 = √
(𝑛1−1)𝑆1

2+(𝑛2−1)𝑠2
2

𝑛1+𝑛2−2
 

Where n1 and n2 indicate the sample sizes of the two groups, and S1 and S2 are the standard 

deviations of the two groups. In research synthesis, the sample estimate of the standardized 

mean difference is commonly referred to as Cohen's d, with δ symbolizing the effect size 

parameter and d representing the sample estimate of that parameter.  

 

The variance of d can be approximated as follows:              

                          𝑉𝑑 =
𝑛1+𝑛2

𝑛1𝑛2
+

d2

2(𝑛1+𝑛2
  

The standard error of d is calculated as the square root of  𝑉𝑑   

                           𝑆𝐸𝑑 = √𝑉𝑑 

Computing d from pre and post scores and matched scores 

 We can calculate the standardized mean difference (δ) from studies utilizing 

matched groups or pre-post scores within a single group, where the sample estimate of d is 

represented as   

                            𝑑 =
𝑦̅ⅆ𝑖𝑓𝑓

𝑠𝑤𝑖 𝑡ℎ 𝑖𝑛
=

𝑦1̅̅̅̅ −𝑦2̅̅̅̅

𝑠𝑤𝑖𝑡ℎ𝑖𝑛
 

 For matched studies, the standard deviation within groups can be derived from the 

standard deviation of the difference by using 
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                                                    𝑠𝑤𝑖𝑡ℎ𝑖𝑛 =       
𝑠ⅆ𝑖𝑓𝑓

√2(1−𝑟)
 

where r represents the correlation between the paired observations (for instance, the 

correlation between pretest and posttest scores). The variance of d is expressed as 

𝑉𝑑 =
1

𝑛
+

d2

2𝑛
 2(1-r)  

Where n represents the number of pairs. The standard error of d is calculated as the 

square root of Vd,  

                                                              𝑆𝐸𝑑 = √𝑉𝑑 

Estimation of D from dichotomous experiments 

The calculation of effect size for dichotomous results depends on whether a certain 

phenomenon was detected or not. The most commonly used measures of effect size are the 

odds ratio (OR), the risk ratio (RR), and the risk difference (RD). The odds ratio represents 

the comparison of the likelihood of an event occurring (Littel et al., 2008). In other words, 

the effect size is derived from the ratio of two potential outcomes (Borenstein et al., 2009). 

The risk ratio, akin to the odds ratio, focuses on risk and is the ratio of one risk to another. 

The risk difference, on the other hand, is calculated as the disparity between two risks. The 

effect size determined by the odds ratio or the risk ratio is obtained by transforming the 

data into logarithmic values, while the risk difference employs raw data for its calculation.  

Odds ratio: 

 The odds ratio for the study 𝛹𝑘 , k; refers to the ratio of the odds of an event 

occurring in the experimental group compared to the control group.  

                                          𝛹𝑘 =
(

𝑃𝑒𝑘
1−𝑃𝑒𝑘

)

(
𝑃𝐶𝑘

1−𝑃𝑐𝑘
)
=

𝑃𝑒𝑘(1−𝑃𝐶𝑘)

𝑃𝑐𝑘(1−𝑃𝑐𝑘)
 

If either of the two estimated event probabilities is zero, the log odds ratio, denoted as log 

𝛹𝑘, results in either - or + . If both probabilities are zero, the log odds ratio cannot be 

defined. The estimated odds ratio for study k is given by 
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                                              𝜓̂𝑘      = 
𝑎𝑘𝑑𝑘

𝑏𝑘𝑐𝑘
 

Due to the skewed distribution of this estimator with typical sample sizes, effect estimates, 

standard errors and confidence intervals are generally computed using the natural logarithm 

of 𝜓̂𝑘  which we denote as log (𝜓̂𝑘). The final outcomes are then back-transformed to the 

original scale for presentation purposes. For typical sample sizes, the variance of the natural 

logarithm of the odds ratio can be accurately estimated by 

𝑉𝑎𝑟̂(𝑙𝑜𝑔  𝜓̂𝑘) =
1

𝑎𝑘
+

1

𝑏𝑘
+

1

𝑐𝑘
+

1

𝑑𝑘
 

where the accuracy of approximation increases as nek and nck increase. The estimated 

variance for this is expressed as;   

                exp (log 𝜓̂𝑘  𝑧1−


2
 S.E (log𝜓̂𝑘)) 

where the standard error S.E. (log 𝜓̂𝑘) =√𝑉𝑎𝑟̂(𝑙𝑜𝑔  𝜓̂𝑘)  and 𝑧1−


2
 represents the 1- /2 

quantile from the standard normal distribution.  

 

Risk Ratio  

 The risk ratio 𝜙𝑘, commonly referred to as relative risk, is determined by the ratio 

of the probabilities of two events, 

                                                          𝜙𝑘  =  (
𝑃𝑒𝑘

𝑃𝑐𝑘
) 

If either of the two estimated event probabilities is zero, the log risk ratio, log 
𝑘
, results in 

either - or + . In cases where both probabilities are zero, the log risk ratio remains 

undefined. The risk ratio is estimated using the formula 

                                            𝜙̂𝑘= 
(

𝑎𝑘
𝑎𝑘+𝑏𝑘

)

(
𝐶𝑘

𝐶𝑘+ⅆ𝑘
)
 

The variance of this estimate is approximated by  

𝑉𝑎𝑟̂(𝑙𝑜𝑔  ̂
𝑘
) =

1

𝑎𝑘
+

1

𝑐𝑘
−

1

𝑎𝑘 + 𝑐𝑘
−

1

𝑐𝑘 + 𝑑𝑘
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As with the log odds ratio, this approximation holds well for typical trials and improves 

as the number of patients, nek and nck, increases. A confidence interval for 𝜙̂𝑘 can be 

expressed as                         

exp(log (̂
𝑘
 ) 𝑧1−



2
 S.E (log̂

𝑘
)) 

Risk difference:  

 The risk difference, denoted as 𝜂𝑘 , is calculated as the difference between the 

probabilities of two events, represented as 

𝜂𝑘 = 𝑃𝑒𝑘 − 𝑃𝐶𝑘 

 

The risk difference is consistently well-defined and ranges from -1 to 1. The natural 

estimate of the risk difference is  

𝜂̂𝑘= 
𝑎𝑘

𝑎𝑘+𝑏𝑘
−

𝑐𝑘

𝑐𝑘+𝑑𝑘
 

with the corresponding variance estimate given by     

𝑉𝑎𝑟̂(  ̂
𝑘
) =

𝑎𝑘𝑏𝑘

(𝑎𝑘 + 𝑏𝑘)3
+

𝑐𝑘𝑑𝑘

(𝑐𝑘 + 𝑑𝑘)3
 

 

Consequently, a two-sided approximate (1-α) confidence interval for the risk difference 

can be expressed as                             ̂
𝑘
 = ±𝑧1−

𝛼

2
 𝑆. 𝐸 (̂

𝑘
) 

With standard error S.E(̂
𝑘
) =  √𝑉𝑎𝑟̂( ̂

𝑘
) and 𝑧1−

𝛼

2
 representing the 1 −

𝛼

2
  quantile of 

the standard normal distribution.  

Models in meta-analysis 

Fixed effect model  

The fixed effect model assumes that the true effect size is identical across all studies, and 

any variation in effect size among studies is due solely to random error. Consequently, 

when assigning weights to different studies, we can primarily disregard information from 

smaller studies, as we have more reliable information about the effect size from larger 
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studies. Let k = 1,…,K denote the index for each study, 𝜃𝑘 represent the intervention effect 

estimate for study k, and  represents the intervention effect in the population that we aim 

to estimate. Let 𝜎̂𝑘
2 denote the sample estimate of Var (𝜃𝑘). The fixed effect model can be 

expressed as 

                          𝜃𝑘 =  + kk  , k   N(0,1) 

Now consider the fixed effect estimate of , represented as 𝜃𝐹 . Given estimates (𝜃𝑘, 𝜃𝐹), 

K-1,2,…, K , the maximum-likelihood estimate under this model is given by 

          𝜃𝐹 =

∑
𝜃̂𝑘
𝜎̂𝑘2

𝑘

𝑘=1

∑ 1𝑘
𝑘=1 ∕𝜎̂𝑘

2    = 
∑ 𝑊𝑘𝜃̂𝑘

𝑘

𝑘=1

∑ 𝑊𝑘
𝑘
𝑘=1

 

Accordingly, 𝜃𝐹   represents a weighted average of the individual effect estimates 𝜃𝑘  where 

the weights are defined as wk =1 𝜎̂𝑘
2⁄ . As a result, this approach is referred to as the inverse 

variance method. The variance of 𝜃𝐹  can be approximated by 

𝑉𝑎𝑟̂(  ̂𝐹) =
1

∑ 𝑊𝑘
𝑘
𝑘=1

 

A (1-) confidence interval for ̂𝐹   can be determined using ̂𝐹  = ±𝑧1−
𝛼

2
 𝑆. 𝐸 (̂𝐹),  with 

standard error being S.E (̂𝐹) =  √𝑉𝑎𝑟̂( ̂𝐹) and 𝑧1−
𝛼

2
 denoting the 1 −

𝛼

2
  quantile of 

the standard normal distribution. A corresponding test for an overall treatment effect can 

be formulated by utilising ̂𝐹/ S. E (̂𝐹) as test statistic.  

Random effect model:  

The random effects model assumes that different studies originate from populations that 

may vary in ways that could influence the treatment effect. The first type of variation is 

random error within studies, as seen in the fixed effect model. The second type is true 

variation in effect size across different studies. The random effects model aims to 
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account for the fact that the study effect estimates  ̂𝐾  are often more variable than 

assumed in the fixed effect model.  

Under the random effects model,  

𝜃𝑘 =  +uk + kk, k   N (0,1); uk N (0,1) 

where the u’s and ’s are independent. The primary distinction from the fixed effect model 

is the question of whether the random effects model is appropriate. Several authors have 

suggested that, since smaller studies are more prone to bias, the fixed effect estimate is 

generally more desirable.  The MLE function is  

𝑄 = ∑ 𝑊𝑘(𝜃𝑘 − 𝜃𝐹)
2

𝑘

𝑘=1

 

Wk = 1/ 𝜎̂𝑘
2 represents the weighted sum of squares regarding the estimates of fixed effects. 

This is usually referred to as either the homogeneity test statistic or the heterogeneity 

statistic. Next define 

𝑆 = ∑ 𝑊𝑘

𝑘

𝑘=1

−
∑ 𝑊𝑘

2𝑘

𝑘=1

∑ 𝑊𝑘
𝑘
𝑘=1

 

If Q < (K-1), then 2 is set to 0 and the random effects estimate 𝜃𝑅 is made equal to the 

fixed effect estimate 𝜃𝐹 . Otherwise, the DerSimonian-Laird estimator of the between-study 

variance is given by  

𝜏̂2 =
𝑄 − (𝑘 − 1)

𝑆
 

And the random effects estimate and its variance can be calculated as  

𝜃𝑅 =
∑ 𝑊𝑘

∗𝜃𝑅
𝑘

𝑘=1

∑ 𝑊𝑘
∗𝑘

𝑘=1

 

𝑉𝑎𝑟̂(  ̂𝑅) =
1

∑ 𝑊𝑘
∗𝑘

𝑘=1

 

With weights 𝑊𝑘
∗= 1/ (𝜎̂𝑘

2 + 𝜏̂2). The random effects estimator 𝜃𝑅is a weighted average of 

the individual effect estimates 𝜃𝐾with weights 1/ (𝜎̂𝑘
2 + 𝜏̂2).  Consequently, this approach 

is frequently referred to as the inverse variance method. A (1-) confidence interval for 

𝜃𝑅  can be computed by using 
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̂𝑅  = ±𝑧1−
𝛼

2
 𝑆. 𝐸 (̂𝑅) 

With standard error S.E (̂𝑅) =  √𝑉𝑎𝑟̂( ̂𝑅) and 𝑧1−
𝛼

2
 denoting the 1 −

𝛼

2
  quantile of 

the standard normal distribution. A corresponding test for an overall treatment effect can 

be constructed using ̂𝑅/ S. E (̂𝑅) as test statistic.  

Tests and measures of heterogeneity: 

The degree of heterogeneity is quantified in terms of Q, expressed as 𝑄 =

∑ 𝑊𝑘(𝜃𝑘 − 𝜃𝐹)
2
,

𝑘

𝑘=1
 which represents the weighted sum of squares about the fixed effect 

estimate 𝜃𝐹 . Higher values of Q suggest increased heterogeneity among the individual 

studies in a meta-analysis, as well as higher values of the between-study heterogeneity 2. 

Under the null hypothesis that 2=0,  

𝑄~𝜒𝑘−1
2  

The test statistic against the null hypothesis is calculated as  

𝐻2 =
𝑄

𝑘 − 1
 

𝐼2 = {
(H2 − 1)/ H2 if Q >  (K − 1)

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 

 

Under the null hypothesis that 2= 0; Q has mean K -1; so H2 has mean 1; again, large 

values of H2 indicate greater heterogeneity. I2 is a scaled version of H2; lying between 0 

and 1 (or 0 % and 100 %).   

Funnel plot 

The funnel plot is used to depict the publication bias in the meta-analysis, which shows the 

estimated treatment effects on the x-axis against a measure of their precision, on the y-axis, 

typically represented by the standard error, with the standard error positioned at the top, 
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i.e. an inverted axis. For the odds ratio the coordinates xk and yk of the funnel plot are 

defined as 

𝑥𝑘 = 𝑙𝑜𝑔 𝜓̂𝐾 

Yk= S.E (𝑙𝑜𝑔 𝜓̂𝐾) 

Occasionally, the y-axis may represent the inverse standard error, inverse variance, or some 

function of sample size rather than the standard error.  

 

Fig 1: Ideal funnel plot 

In the absence of small-study effects, treatment effects of large and small studies are 

dispersed around a common average treatment effect. If no excessive between-study 

heterogeneity exists, smaller studies (with larger standard errors) would scatter more than 

larger studies. That is, the funnel plot would resemble a symmetric triangle regarding the 

average treatment effect, with wide variability for small, imprecise studies at the bottom of 

the plot and minimal dispersion for large, precise studies at the top. An asymmetric funnel 

plot indicates the influence of small-study effects. The ideal funnel plot with 25 studies is 

shown in figure 1.  

Sub group analysis: 

Subgroup analyses are conducted to understand the treatment effect of the other factors or 

sub group treatment effects that influence the effect size of other treatments. The factor 

that defines the subgroups is said to be an effect moderator and it is essential to calculate 
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the treatment-subgroup interaction for the subgroup analysis. i.e. whether the treatment 

effect is modified, or moderated, by subgroup membership. The subgroup analysis will 

also help in identifying heterogeneity between studies.  

Meta Regression: 

Tests for differences among subgroups are based on a single covariate with a limited 

number of values, specifically a binary or categorical covariate. Meta-regression expands 

on this by allowing for either multiple binary/categorical covariates or a continuous 

covariate. In the case of meta regression, a subgroup analysis could result in subgroups of 

size one, i.e. each covariate value generates a subgroup. Let us consider the following meta-

regression model 

𝜃𝑘 = 𝜃 + 𝛽1𝑥1𝑘 + ⋯+ 𝛽𝑝𝑥𝑝𝑘+𝑢𝑘 + 𝜎𝑘𝑘, k   N (0,1); uk N (0, 2) 

with k = 1, …, K and independent error terms u and  . As this model has both fixed effect 

(s) and random effects terms (uk with variance 2), it is classified as called a mixed effects 

model. The fixed effect meta-regression represents a special case of the mixed effects 

model when the between-study variance 2=0. Subgroup analyses involving more than two 

subgroups are essentially a meta-regression with a categorical predictor. For meta-

regression, these subgroups are then dummy-coded. 

Forest Plots: 

The forest plot helps in presenting summary effect visualized with a point estimate bounded 

by its confidence interval. It indicates whether the overall effect is based on many studies 

or only a few. Additionally, it indicates whether these studies are precise or imprecise and 

reveals whether the effects reported across all studies are consistent or significantly 

different from one another. The forest plot is useful for verifying the proper interpretation 

of an entire meta-analysis and for highlighting anomalies, such as outliers, that need to be 

addressed. It represents a compilation of meta-analysis findings in a format that is easy to 

understand, even for those who do not understand the complex statistics involved in meta-

analysis.An example of a forest plot is seen in figure 2. 
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                                                   Fig.2: Forest plot 

Galbraith plot: 

The Galbraith plot, also referred to as Galbraith's radial plot or simply a radial plot, is a 

tool used to display several estimates of the same quantity that have different standard 

errors. It helps assess heterogeneity in a meta-analysis and can serve as either an alternative 

or a complement to a forest plot. To create a Galbraith plot, standardised estimates or z-

statistics are calculated by dividing each estimate by its standard error (SE). This results in 

a scatter plot with z-statistics on the vertical axis and the inverse of the standard error on 

the horizontal axis. A larger radius in the Galbraith plot indicates smaller variance. Figure 

3 provides an example of a radial plot. 
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Fig.3: Radial plot 

Conclusion:  

In various research fields, a wide range of datasets has been produced, often utilising the same 

variables and similar study methods. This makes integrative analytical approaches, such as 

comparative analysis, feasible and potentially beneficial. However, they can also result in 

duplicative inferences, which may lead to confusion when generalising the concepts. Meta-analysis 

improves upon comparative analyses by providing a rigorous methodology for synthesising 

quantitative research. Although meta-analysis has drawbacks, including the substantial effort and 

expertise required and the risks of errors and biases from combining studies, these challenges can 

generally be addressed through careful research, planning and interpretation. Effect sizes are the 

most commonly used summary statistic in meta-analyses. However, Robinson and Levin (1997) 

suggest reporting effect sizes only after achieving statistical significance, but this could result in 

overestimating those effect sizes. In summary, meta-analysis is a scientific method for aggregating 

research findings and provides confirmatory results from small and large studies aimed at specific 

objectives. 

  

R codes to perform meta-analysis: 

Source: http://www.metafor-project.org/doku.php/metafor 

Code source: 

 http://www.deeplytrivial.com/2018/04/v-is-for-meta-analysis-variance.html 

http://www.deeplytrivial.com/2018/04/w-is-for-meta-analysis-weights.html 

http://www.deeplytrivial.com/2018/04/e-is-for-effect-sizes.html  

##install.packages("metafor") 

library(metafor) 

smd_meta<-data.frame( 

  id = c("005","005","029","031","038","041","041","058","058","067","067"), 

  study = c(1,2,3,1,1,1,2,1,2,1,2), 

  author_year = c("Ruva 2007","Ruva 2007","Chrzanowski 2006","Studebaker 2000", 

                  "Ruva 2008","Bradshaw 2007","Bradshaw 2007","Wilson 1998", 

                  "Wilson 1998","Locatelli 2011","Locatelli 2011"), 

  n1 = c(138,140,144,21,54,78,92,31,29,90,181), 

  n2 = c(138,142,234,21,52,20,18,15,13,29,53), 

  m1 = c(5.29,5.05,1.97,5.95,5.07,6.22,5.47,6.13,5.69,4.81,4.83), 

  m2 = c(4.08,3.89,2.45,3.67,3.96,5.75,4.89,3.80,3.61,4.61,4.51), 

  sd1 = c(1.65,1.50,1.08,1.02,1.65,2.53,2.31,2.51,2.51,1.20,1.19), 

  sd2 = c(1.67,1.61,1.22,1.20,1.76,2.17,2.59,2.68,2.78,1.39,1.34) 

##install.packages("metafor") 

http://www.metafor-project.org/doku.php/metafor
http://www.deeplytrivial.com/2018/04/v-is-for-meta-analysis-variance.html
http://www.deeplytrivial.com/2018/04/w-is-for-meta-analysis-weights.html
http://www.deeplytrivial.com/2018/04/e-is-for-effect-sizes.html
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library(metafor) 

smd_meta<-data.frame( 

  id = c("005","005","029","031","038","041","041","058","058","067","067"), 

  study = c(1,2,3,1,1,1,2,1,2,1,2), 

  author_year = c("Ruva 2007","Ruva 2007","Chrzanowski 2006","Studebaker 2000", 

                  "Ruva 2008","Bradshaw 2007","Bradshaw 2007","Wilson 1998", 

                  "Wilson 1998","Locatelli 2011","Locatelli 2011"), 

  n1 = c(138,140,144,21,54,78,92,31,29,90,181), 

  n2 = c(138,142,234,21,52,20,18,15,13,29,53), 

  m1 = c(5.29,5.05,1.97,5.95,5.07,6.22,5.47,6.13,5.69,4.81,4.83), 

  m2 = c(4.08,3.89,2.45,3.67,3.96,5.75,4.89,3.80,3.61,4.61,4.51), 

  sd1 = c(1.65,1.50,1.08,1.02,1.65,2.53,2.31,2.51,2.51,1.20,1.19), 

  sd2 = c(1.67,1.61,1.22,1.20,1.76,2.17,2.59,2.68,2.78,1.39,1.34) 

) 

smd_meta <- escalc(measure="SMD", m1i=m1, m2i=m2, sd1i=sd1, sd2i=sd2, n1i=n1, n2i=n2, 

                   data=smd_meta) # effect size using smd 

or_meta<-data.frame( 

  id = c("001","003","005","005","011","016","025","025","035","039","045","064","064"), 

  study = c(1,5,1,2,1,1,1,2,1,1,1,1,2), 

  author_year = c("Bruschke 1999","Finkelstein 1995","Ruva 2007","Ruva 2007", 

                  "Freedman 1996","Keelen 1979","Davis 1986","Davis 1986", 

                  "Padawer-Singer 1974","Eimermann 1971","Jacquin 2001", 

                  "Ruva 2006","Ruva 2006"), 

  tg = c(58,26,67,90,36,37,17,17,47,15,133,68,53), 

  cg = c(49,39,22,50,12,33,19,17,33,11,207,29,44), 

  tn = c(72,60,138,140,99,120,60,55,60,40,136,87,74), 

  cn = c(62,90,138,142,54,120,52,57,60,44,228,83,73) 

) 

tibble(or_meta) 

or_meta <- escalc(measure="OR", ai=tg, bi=(tn-tg), ci=cg, di=(cn-cg), data=or_meta) 

smd_meta <- escalc(measure="SMD", m1i=m1, m2i=m2, sd1i=sd1, sd2i=sd2, n1i=n1, 

                   n2i=n2,data=smd_meta) 

or_meta <- escalc(measure="OR", ai=tg, bi=(tn-tg), ci=cg, di=(cn-cg), 

                  data=or_meta) 

smd.rma<-rma(yi,vi,method="FE",data=smd_meta) 

summary(smd.rma) 

smd.rma$zval 

smd.rma$pval 

or.rma<-rma(yi,vi,method="FE",data=or_meta) 

summary(or.rma) 

or.rma$zval 

exp(or.rma$beta) 

forest(smd.rma) ## Forest plot 

smd.rma 

funnel(smd.rma)  ## Funnel plot 

radial(smd.rma)  ## Radial Plot 

smd.rma.reml<-rma(yi,vi,method="REML",data=smd_meta) 

summary(smd.rma.reml) 

funnel(smd.rma.reml) 

 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-220- 

 

Suggested readings: 
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Greenland, S.: Invited commentary: a critical look at some popular meta-analytic 

methods. Am. J. Epidemiol. 140, 290–296 (1994) 

Poole, C., Greenland, S.: Random-effects meta-analysis are not always conservative. Am. 

J. Epidemiol. 150, 469–75 (1999) 

 DerSimonian, R., Laird, N.: Meta-analysis in clinical trials. Control Clin. Trials 7, 177–
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(1985) 

Berkey, C.S., et. al. (1995). A random-effects regression model for meta-analysis. 
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patientversus group-level data meta-regressions for the investigation of treatment 

effect modifiers: ecological bias rears its ugly head. Stat. Med. 21, 371–387 (2002 

Higgins, J.P.T., Thompson, S.G.: Controlling the risk of spurious findings from 

metaregression. Stat. Med. 23, 1663–1682 (2004) 
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Construction of PCA-based Composite Indices 
Ponnaganti Navyasree, Nobin Chandra Paul, Santosha Rathod, K. Ravi Kumar and 

Prabhat Kumar 
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Email: navyaponnaganti97 @gmail.com 
 

Introduction: What is a composite index? 

A composite index is defined as a quantitative or qualitative measure that combines 

different dimensions and indicators to provide a single, comprehensive representation of a 

particular phenomenon or concept.  It is fundamentally constructed by aggregating a set 

of individual indicators into one summary measure. The primary purpose of developing 

composite indices is to capture complex, multi-dimensional concepts that cannot be 

adequately represented by a single indicator. These indices are invaluable tools for 

understanding and measuring phenomena such as development, sustainability, or 

performance across various locations or over time. 

2. Key Characteristics and Uses of Composite Indices 

Composite indices are distinguished by several key characteristics and practical uses: 

• Multi-dimensionality: They are designed to encompass multiple facets of a 

complex concept, providing a holistic view rather than focusing on a single aspect. 

• Aggregation: They involve a structured process of combining diverse indicators, 

often with different units and scales, into a single, normalised score. 

• Comparability: A significant advantage of composite indices is their utility in 

comparing the performance of different entities—such as districts, states, or 

countries—or for tracking changes over time. 

• Policy Formulation and Resource Allocation: They serve as critical tools for 

policy formulation, enabling targeted interventions and efficient resource allocation 

to specific areas or issues. 

• Varying Complexity: Composite indices can range from very simple constructions 

based on a few indicators to highly intricate ones incorporating a large number of 

variables. 

3. Examples of Composite Indices 

The lecture highlighted several widely recognised composite indices: 

• Human Development Index (HDI) 

• Global Hunger Index (GHI) 
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• Corruption Perception Index (CPI) 

• Global Innovation Index 

• Technology Development Index 

• Sustainable Livestock Production Index (SLPI): Developed at both district and 

state levels in India. 

• Sustainable Farming Index (SFI): Developed at the district level in India. 

4. Broad Steps in Constructing a Composite Index 

The construction of a robust composite index typically follows a systematic five-step 

process: 

1. Defining the Conceptual Framework and Purpose: Clearly outlining what the 

index aims to measure and why. 

2. Identifying and Screening Indicators: Selecting appropriate indicators that are 

relevant, measurable, and available. 

3. Normalisation: Transforming indicators to a common scale to ensure 

comparability. 

4. Weighting Indicators and Dimensions: Assigning relative importance to different 

components. 

5. Aggregation: Combining the normalised and weighted indicators into the final 

composite index. 

6. Visualization of the results 

5. Detailed Explanation of Construction Steps 

5.1. Step 1: Defining the Conceptual Framework and Purpose 

This initial step is paramount. It involves carefully defining the concept that the index 

aims to understand what is being measured, who are the clients of the index, whether it is 

static or dynamic, and its specific purpose. It provides the basis for grouping of variables 

into a meaningful composite indicator under a fitness-for-purpose principle. This definition 

relies heavily on insights drawn from existing literature and expert opinion. A clear 

understanding of the purpose helps in delineating the multi-dimensional nature of the 

concept, which is crucial for defining its various sub-components or dimensions. For 

instance, a sustainability index might be conceptualised with economic, social, and 

ecological dimensions, each requiring specific indicators. Without a clear conceptual 

framework, the index risks being arbitrary or misleading. 
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5.2. Step 2: Identifying and Screening Indicators 

Once the conceptual framework is established, the next step involves selecting the specific 

indicators that will be used to measure the different dimensions. Use proxy wherever the 

data is not available. It should have a balance between input and output; demand and 

supply; efficiency and inclusiveness; state, pressure and response. This process is not 

arbitrary and involves rigorous screening based on several criteria: 

• Relevance: Indicators must be directly relevant to the concept and dimensions 

being measured. 

• Data Availability: Practicality dictates that data for chosen indicators must be 

available or collectable. 

• Complexity and Cost-Effectiveness: While comprehensive, the selection should 

avoid excessive complexity that might make data collection or analysis 

prohibitively expensive or time-consuming. 

• Geographical coverage: 

• Policy Relevance: Indicators should ideally offer insights that are actionable and 

useful for policy formulation. 

• Measurability: The indicators must be quantifiable or categorizable in a 

meaningful way. 

• Relationship to the Theme: Indicators should ideally have a clear and 

understandable relationship to the overall theme of measurement. 

• Balance: It's important to ensure a balanced representation of indicators across all 

dimensions. 

Statistical methods such as Correlation, PCA can assist in screening by identifying 

redundancy or grouping indicators, but the ultimate judgment should always be guided by 

the index's purpose. 

5.3. Step 3: Normalisation 

Indicators often come with different units of measurement (e.g., rupees, percentages, 

kilograms) and varying scales, which makes direct comparison or aggregation impossible. 

Normalisation is the process of transforming these diverse indicators into a common, unit-

less scale. This ensures that each indicator contributes appropriately to the overall index 

without being disproportionately influenced by its original unit or range. Selection of the 

normalization depends on the purpose, nature of the data, variance in data, importance of 

extreme values, etc. 
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In general, there are five normalisation methods: 

a) Min-Max Normalisation: This is a common and straightforward method, especially 

useful when comparing performances of districts or states relative to the minimum and 

maximum observed values within the dataset. 

Formula for Positive Relationship (higher value = better performance):  

Iijk = 
𝑋𝑖𝑗𝑘−𝑀𝑖𝑛 𝑋𝑖𝑗𝑘

𝑀𝑎𝑥 𝑋𝑖𝑗𝑘−𝑀𝑖𝑛 𝑋𝑖𝑗𝑘
 

Formula for Negative Relationship (higher value = worse performance):  

Iijk = 
𝑀𝑎𝑥 𝑋𝑖𝑗𝑘− 𝑋𝑖𝑗𝑘

𝑀𝑎𝑥 𝑋𝑖𝑗𝑘−𝑀𝑖𝑛 𝑋𝑖𝑗𝑘
 

𝑋𝑖𝑗𝑘 = value of the ith variable representing jth component of the kth region. 

It is also known as feature scaling or unitary method. No information loss as it retains 

the variability of the data and widen the range of indicators lying with a small interval. 

This method scales all values between 0 and 1. However, it can be sensitive to outliers, 

where extreme values can distort the normalisation range. 

 

b) Z-score Normalisation: This method transforms data into standard deviations from 

the mean. 

Z = 
𝑋−𝑀𝑒𝑎𝑛

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛
 

This method is considered more statistically robust as it is less affected by outliers than 

Min-Max normalisation. The transformation standardizes all indicators to a common 

scale with a mean of zero and a standard deviation of one, ensuring consistency and 

minimizing distortions during aggregation, especially when indicators have varying 

original means. This approach is particularly suitable when it is desirable to reward or 

penalize exceptional values, as indicators with extreme deviations will exert a stronger 

influence on the resulting composite index. 

c) Ranking: A simple method where entities (states, districts, countries) are ranked based 

on their indicator values. This method is simple to understand and implement, not 

sensitive to the outliers. It is useful in the case of lack of precise data, ordinal data. 

One of the disadvantages is loss of information about the magnitude of differences 

between ranks (e.g., the difference between rank 1 and 2 might be very small, while 

between 2 and 3 it might be large, but ranking treats them equally). 

d) Categorical scaling: This method is almost similar to ranking which involves 

assigning numerical scores based on class or percentiles. 
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e) Distance to Reference Point: This approach measures the performance of an entity 

relative to one or more reference points. Reference points can be internal (e.g., the best 

performer in the dataset) or external (e.g., a global benchmark). Defining the reference 

point is crucial and results may be misleading if not defined properly. 

𝐼𝑞𝑐
𝑡 = 

𝑋𝑞𝑐
𝑡

𝑋𝑞𝑐=𝑐̅
𝑡0

 

𝑋𝑞𝑐
𝑡 = is value of the indicator, q for country c, at time t, 𝑐̅ is the reference country. 

f) Threshold-based Normalisation (as applied in SLPI/SFI): This method defines 

lower and upper thresholds for each indicator. 

For indicators positively related to sustainability (higher value is better):  

• If Actual Value <= Lower Threshold (LT), the score is 0. 

• If Actual Value >= Upper Threshold (UT), the score is 1. 

• If LT < Actual Value < UT, the score is calculated linearly: (Actual Value - 

LT) / (UT - LT). 

For indicators negatively related to sustainability (lower value is better, e.g., Cost 

of Milk Production or Fertiliser Use):  

• If Actual Value <= Lower Threshold (LT), the score is 1. (This implies that 

very low cost/use is highly sustainable). 

• If Actual Value >= Upper Threshold (UT), the score is 0. (This implies that 

very high cost/use is unsustainable). 

• If LT < Actual Value < UT, the score is calculated linearly: (UT - Actual 

Value) / (UT - LT). This method ensures that values beyond acceptable 

thresholds are capped at 0 or 1, preventing extreme outliers from 

disproportionately affecting the index, and focuses on performance within a 

defined 'sustainable' range. 

5.4. Step 4: Weighting Indicators and Dimensions 

After normalisation, the next step is to assign weights to indicators and/or dimensions. 

Weights reflect the relative importance or contribution of each component to the overall 

composite index. 

Methods for assigning weights include: 

a) Equal Weighting (Simple Aggregation): This is the simplest method where all 

indicators or dimensions are given the same weight. It implies that all components are 

equally important. While easy to implement and understand, it often lacks a statistical 

or theoretical basis for choosing a different scheme or sufficient knowledge of casual 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-226- 

 

relationships or consensus on alternative solutions and may not reflect the true 

significance of different components. 

b) Different weights 

i. Weighing based on statistical tools. 

• Principal Component Analysis (PCA): This method is useful when the indicators 

are linearly correlated. It uses statistical techniques to derive weights from the data 

itself, often based on the variance explained by each component. Weights are 

assigned by addressing the information of two or more correlated variables. If 

spurious correlations are present, this method reduces the influence of such 

indicators by assigning them to lower weights. However, the resulting weights may 

not necessarily align with the theoretical relevance or anticipated significance of 

the indicators.  

• Data envelopment analysis 

ii. Subjective/Expert-based Weighting: This involves 

• Eliciting opinions from experts or stakeholders.  

• Budget allocation process: Experts are given a "budget" of points (e.g., N =100 

points) to distribute among indicators or dimensions based on their experience and 

subjective judgement or perceived importance. These methods allow for 

incorporating domain-specific knowledge but can be subjective and potentially 

influenced by biases. 

• Analytic Hierarchy Process (AHP): This method incorporates expert judgment in 

the weighting process and employs an analytical approach to break down a complex 

problem into a structured hierarchy of simpler, more manageable components or 

groups. A structured technique for organizing and analyzing complex decisions, 

involving pairwise comparisons of elements. Objectively derived from data can 

identify underlying structures and reduce redundancy among indicators. Finally, 

weights are computed using a eigenvector technique. 

Choice of weight depends on objective of constructing index, reliability and pattern of data, 

and ease of weighting methodology. If the indicators are highly correlated, it is advised to 

use weight based on PCA. Theoretical factors and policy priority should be kept in mind 

in choosing weighting scheme Most of the composite indicators rely on equal weights.  

5.5. Step 5: Aggregation 

Aggregation is the last step where the individual, normalised, and weighted indicators are 

combined to form the composite index. The choice of aggregation method depends on the 

conceptual understanding of how the indicators interact and whether inferior performance 

in one area can be compensated by superior performance in another. 
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Three broad types of aggregation methodologies were discussed: 

a) Additive Aggregation: This typically uses a simple or weighted arithmetic mean 

by summing up the rank based normalized scores of each indicator or aggregating 

the weighted normalized indicators using arithmetic mean. This approach implies 

perfect substitutability between indicators. This means that poor performance in 

one indicator can be fully compensated by excellent performance in another. For 

example, a low score in "access to education" could be offset by a high score in 

"health infrastructure" if both contribute to an overall "human development" index 

additively. It is suitable when all the indicators have the same measurement 

unit. This method rewards the indicators based on their relative weights. It should 

not be used when different goals are equally legitimate and vital. 

𝐶𝐼𝑐 = ∑ 𝑤𝑞𝐼𝑞𝑐

𝑄

𝑞=1

 

b) Geometric Aggregation: This uses a geometric mean. This method implies 

imperfect substitutability (partial compensability). While good performance in 

one area can still compensate for bad, it does so to a lesser extent than additive 

aggregation, and it penalises extreme imbalances. It cannot be applied if any 

indicator value is zero, as the product would become zero. 

𝐶𝐼𝑐 = ∏𝑋𝑞.𝑐

𝑤𝑞

𝑄

𝑞=1

 

c) Non-Compensatory Aggregation: Both linear and multiplicative aggregations are 

unsuitable if the modeller decides that the loss of one dimension cannot be 

compensated by increasing the performance of another dimension/indicator. This 

approach explicitly limits the ability of one indicator to compensate for another. It 

is used when certain minimum thresholds are critical for all dimensions or 

indicators. More relevant when extremely different dimensions are composited. 

Ranking is done based on multi-criterion approach (MCA) 

6. Principal Component Analysis and Composite Index Generation 

Principal Component Analysis (PCA) is a statistical method used to reduce the number of 

variables in a dataset while retaining as much of the original variability as possible. It does 

this by converting a group of correlated variables into a smaller number of uncorrelated 

variables known as principal components (PCs). These components are linear 

combinations of the original variables and are ranked based on the proportion of variance 

they capture from the data. 
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This document outlines the PCA process and the generation of a composite index, a single 

metric summarizing multidimensional data, such as the environmental performance of 

products or the impact of training on startups. 

Principal Component Analysis (PCA): PCA involves several key steps to derive 

principal components from a dataset with n observations and p variables. 

a) Standardization 

Ensure variables with different scales contribute equally, they are standardized to have a 

mean of 0 and a standard deviation of 1: 

𝑋𝑖𝑗
′ = 

𝑋𝑖𝑗 − 𝑋̅𝑗

𝜎𝑗
 , 𝑖 = 1… . 𝑛 ; 𝑗 = 1,… , 𝑝 

Where 𝑋𝑖𝑗 is the original data value, 𝑋̅𝑗 is the mean, and 𝜎𝑗  is the standard deviation of the 

jth variable. 

b) Correlation Matrix 

When variables are standardized, the covariance matrix becomes the correlation matrix, 

with diagonal elements equal to 1. The sum of the eigenvalues of the correlation matrix 

equals the number of variables (𝜌), which is the trace of the matrix. 

c) Eigenvalues and Eigenvectors 

The eigenvalues (𝜆1 ≥ 𝜆2 ≥ 𝜆3 ≥ ... ≥ 𝜆p ≥ 0) and corresponding eigenvectors (l1, l2,…..lp) 

of the correlation matrix are computed. Each principal component is defined as: 

PC1 = ℓ1'𝑋 = ℓ11𝑋1 + ℓ12𝑋2 + ... + ℓ1p𝑋𝑝 

PC2 = ℓ2'𝑋 = ℓ21𝑋1 + ℓ22𝑋2 + ... + ℓ2p𝑋𝑝 

              and so on till        PCi = ℓi'𝑋= ℓi1𝑋1 + ℓi2𝑋2 + ... + ℓi𝑝𝑋𝑝                                                    

where ℓi = (ℓi1, ℓi2, …. ℓip) is the ith eigenvector, and X = (X1, X2, ……. Xp) is the vector of 

standardized variables. 

d) Variance Explained 

The variance of the ith principal component is equal to its eigenvalue: 

Var(PCi) = 𝑙𝑖
′ ∑ 𝑙𝑖= λ𝑖 

Principal components are uncorrelated: 
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Cov (PCi, PCk) = 𝑙𝑖
′ ∑ 𝑙𝑘= 0, i ≠ k 

The proportion of total variance explained by the rth principal component is: 

λ𝑟

λ1 + λ2 + λ3 + ⋯+ λ𝑝
 

Since the correlation matrix is used, the total variance equals p. 

e) Selecting Principal Components 

Typically, the first r ≤ p principal components are selected based on a cumulative variance 

threshold (e.g., 70–90%). These components capture the most significant patterns in the 

data. 

f) Loadings 

Loadings are the elements of the eigenvectors, representing the contribution of each 

original variable to a principal component. For use in a composite index, the absolute 

values of loadings may be normalized to sum to 1 for each principal component. 

g) Composite Index Generation 

A composite index (CI) aggregates multiple variables into a single metric to summarize 

complex phenomena. Using PCA, the composite index for the ith observation (e.g., a startup 

or district) is: 

 𝐶𝐼𝑖 =
λ1𝑃𝐶1𝑖+ λ2𝑃𝐶2𝑖+ λ𝑄𝑃𝐶𝑄𝑖

λ1+ λ2+ λ3+⋯+ λ𝑄
 

𝐶𝐼𝑖: Composite index for the i-th observation. 

𝜆𝑗:Eigenvalue of the j-th principal component. 

𝑃𝐶𝑖𝑗 Value of the j-th principal component for the i-th observation. 

Q: Number of selected principal components (𝑄 ≤  𝑝). 

The denominator normalizes the index by the sum of the eigenvalues of the selected 

components. 

Normalization 

To make the composite index comparable, it is normalized to a range of 0 to 1: 

𝑪𝑰𝑵𝒊 =
𝐶𝐼𝑖 − 𝑚𝑖𝑛(𝐶𝐼)

𝑚𝑎𝑥(𝐶𝐼) − 𝑚𝑖𝑛(𝐶𝐼)
 

where 𝐶𝐼𝑁𝑖  is the normalized composite index, and 𝑚𝑖𝑛(𝐶𝐼)  and 𝑚𝑎𝑥(𝐶𝐼)  are the 

minimum and maximum composite index values across all observations. 
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Interpretation 

• Principal Components: Each 𝑃𝐶𝑖 is a linear combination of standardized variables, with 

weights from the eigenvector 𝑙𝑖 . The first principal component explains the largest 

proportion of variance, followed by subsequent components. 

• Composite Index: The composite index summarizes the selected principal components 

into a single score, weighted by their eigenvalues to their explanatory power. 

• Application: Higher composite index values indicate better performance (e.g., positive 

impact of training on startups), while lower values suggest poorer performance. 

 

Case Study: Evaluating Agricultural Performance Using PCA-Based Composite 

Index 

In this case study, we evaluate the agricultural performance of twelve farms using 

multivariate data on key indicators: 

i. Crop Yield (x): Measured in kilograms per hectare (kg/ha), this represents the total 

crop output from each farm and is a direct indicator of productivity. 

ii. Rainfall (y): Recorded in millimetres (mm), this denotes the total precipitation 

received during the cropping season and significantly influences crop growth. 

iii. Fertilizer Use (z): Represented in kilograms per hectare (kg/ha), this refers to the total 

quantity of fertilizer applied, affecting crop health and yield potential. 

iv. Pesticide Use (w): Also measured in kilograms per hectare (kg/ha), this indicates the 

intensity of pest management practices employed by the farm. 

Objective of the Study: 

The goal is to integrate these four variables into a single composite index using Principal 

Component Analysis (PCA), which can be used to: 

✓ Rank farms based on overall agricultural performance. 

✓ Identify which variables contribute most to performance variation. 

✓ Enable targeted interventions and policy recommendations. 

Why Use PCA? 

Agricultural performance is influenced by multiple interrelated factors. PCA helps in: 

✓ Reducing data complexity by converting correlated variables into uncorrelated 

principal components. 

✓ Prioritizing farms without subjectively assigning weights. 

✓  Objectively combining variables into one metric that reflects multivariate 

performance. 
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By conducting unweighted PCA (equal importance to all farms), we ensure that the index 

reflects inherent performance rather than external survey biases. 

Step 1: Prepare the Data 

The dataset includes 12 farms with the following variables: 

- Crop Yield (x) in kg/ha 

- Rainfall (y) in mm 

- Fertilizer Use (z) in kg/ha 

- Pesticide Use (w) in kg/ha 

The `Serial_No` is an identifier. The variables x, y, z, and w are extracted into a matrix for 

analysis. 

Step 2: Compute the Covariance Matrix 

The covariance matrix is calculated to capture the relationships among the variables, 

assuming equal weight for each observation. It provides the basis for PCA, showing how 

much the variables vary together. 

Step 3: Perform Eigen Decomposition 

Eigenvalues and eigenvectors are extracted from the covariance matrix. Eigenvalues 

represent the variance explained by each principal component (PC), while eigenvectors 

(loadings) indicate the contribution of each variable to each PC. 

Step 4: Calculate Principal Component Scores 

PC scores are computed by projecting the original data onto the principal components. 

These scores represent the transformed coordinates in the PCA space, capturing the 

underlying data structure. 

Step 5: Compute the Composite Index 

The composite index is calculated as a weighted sum of PC scores, where the weights are 

derived from the eigenvalues. This gives more importance to components explaining 

greater variance. 

Step 6: Normalize the Composite Index 

Min-max normalization is applied to rescale the composite index between 0 and 1. This 

allows for intuitive comparison across farms. 

Step 7: Rank the Farms 

Farms are ranked based on their normalized composite index, from highest to lowest. This 

ranking reflects their relative agricultural performance. 

Case Study Interpretation: PCA-Based Composite Index of Agricultural 

Performance 

This case study applies Principal Component Analysis (PCA) to develop a composite 

index that integrates four farm-level indicators: 

• x: Crop yield (kg/ha) 

• y: Rainfall (mm) 

• z: Fertilizer use (kg/ha) 
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• w: Pesticide use (kg/ha) 

The PCA composite index enables ranking the farms based on multivariate agricultural 

performance in a single, objective score normalized between 0 (worst) and 1 (best). 

##  R Code for PCA-based Composite Index ## 

The following R code implements the steps described above, using a dataset with crop yield, 

rainfall, fertilizer, and pesticide use for 12 farms: 

# Sample Data 

Serial_No<- 1:12 

x <- c(840,204,944,1009,745,811,883,593,254,215,172,169)  # Crop yield 

y <- c(150,104,293,331,113,52,164,201,124,108,95,90)      # Rainfall 

z <- c(350,214,693,731,413,352,364,301,214,208,186,130)   # Fertilizer 

w <- c(50,20,70,90,45,55,62,49,23,21,19,18)               # Pesticide use (new) 

 

# Combine into a data frame 

data <- data.frame(Serial_No, x, y, z, w) 

 

# Step 1: Extract variables matrix 

var <- as.matrix(data[,-1])  # Remove Serial_No  

n <- nrow(var) 

 

# Step 2: Covariance matrix 

cov_farm <- cov(var) 

 

# Step 3: Eigen decomposition 

eigenvalues <- eigen(cov_farm)$values 

loadings<- eigen(cov_farm)$vectors 

 

# Step 4: Principal component scores 

scores<- var %*% loadings 

 

# Step 5: Composite score using eigenvalue weights 

score <- (scores %*% eigenvalues) / sum(eigenvalues) 

 

# Step 6: Normalize composite index to [0,1] 

a <- max(score) 

b <- min(score) 

comp_pcindex <- (score - b) / (a - b) 

 

# Step 7: Rank the index 

ranked_index <- cbind(data[order(-comp_pcindex), "Serial_No"], round(comp_pcindex 

[order(-comp_pcindex)], 4), 1:n) 

colnames(ranked_index) <- c("Sample_id", "Composite_index", "Rank") 

 

# View the ranked result 

print(ranked_index) 
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Composite Index Results & Rankings 

Rank Farm (Sample_id) Composite Index 

1 4 1.0000 

2 3 0.9227 

3 7 0.7269 

4 1 0.6815 

5 6 0.6453 

6 5 0.6177 

7 8 0.4524 

8 9 0.1111 

9 10 0.0726 

10 2 0.0647 

11 11 0.0248 

12 12 0.0000 

Key Interpretations 

Top Performing Farms (Rank 1–3) 

a) Farm 4 (Index: 1.0000) 

• Best performing farm across all four variables. 

• Extremely high crop yield (1009 kg/ha), highest rainfall (331 mm), high fertilizer 

(731 kg/ha), and high pesticide use (90 kg/ha). 

• Dominates PC1, which captures the largest share of variance (~91% in your earlier 

setup). 

• Sets the benchmark for 100% performance in this dataset. 

b) Farm 3 (Index: 0.9227) 

• Strong performer, especially in crop yield (944 kg/ha), rainfall (293 mm), and 

fertilizer (693 kg/ha). 

• Slightly lower pesticide use than Farm 4, but still very good overall. 

• Reflects a well-balanced input-output profile. 

c) Farm 7 (Index: 0.7269) 

• High crop yield (883 kg/ha), moderate rainfall and input use. 

• Balanced input strategy with efficient use of fertilizer and pesticide. 

• Performs well but not as input-intensive as Farm 3 or 4. 
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Moderate Performing Farms (Rank 4–7) 

These farms show moderate productivity and reasonable input use, but may be lagging 

in one or two areas. 

a) Farm 1 (0.6815) and Farm 6 (0.6453): Strong yield and fertilizer use, but rainfall 

and/or pesticide inputs are relatively lower. 

b) Farm 5 (0.6177): Slightly lower yield and rainfall, possibly indicating more 

efficient use of resources. 

c) Farm 8 (0.4524): Shows moderate levels of performance, possibly lower input use 

or environmental constraints. 

Low Performing Farms (Rank 8–12) 

These farms are significantly lagging in most performance metrics. 

a) Farm 12 (Index: 0.0000) 

• Poorest performance across all variables. 

• Lowest crop yield (169 kg/ha), lowest rainfall (90 mm), and very low fertilizer (130 

kg/ha) and pesticide use (18 kg/ha). 

• May face multiple constraints: poor soil, low investment, or drought stress. 

b) Farm 11 (0.0248) and Farm 2 (0.0647) 

• Very low yields and inputs. 

• May be candidates for intervention — soil fertility, irrigation access, or capacity-

building. 

c) Farm 9 (0.1111) and Farm 10 (0.0726) 

• Low yield with modest inputs. 

• Likely operating under sub-optimal environmental or economic conditions. 

Insights for Decision-Making 

For Policymakers and Planners 

• Target support to lowest-ranked farms (Farm 12, 11, 2, 10, 9) with interventions 

like irrigation, fertilizer subsidies, or soil health cards. 

• Best practices from top-ranked farms (4, 3, 7) could be disseminated as model 

cases. 
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For Researchers 

• Variables like crop yield and fertilizer use contributed significantly to PC1, the 

most vital component. 

• PCA helped identify latent patterns — e.g., farms with high pesticide but low 

rainfall didn't perform well, indicating diminishing returns. 

For Farmers 

• Understanding the composite score helps benchmark performance. 

• Encourages balanced use of inputs and highlights the importance of managing 

multiple factors (not just fertilizer or yield). 

Conclusion 

The importance of composite indices is essential for policy applications, data-driven 

decision-making, and understanding complex realities. It emphasised the need for 

transparency, careful selection of indicators and methodologies, and involving experts to 

ensure the reliability and validity of the constructed index. The choice of normalisation, 

weighting, and aggregation methods should always align with the overall purpose and 

conceptual framework of the index. In this case study, the PCA-based composite index 

simplifies multidimensional agricultural performance into a single, comparable metric. It 

provides: Ranked performance of each farm, Variable contribution insights via PCA 

and Targeted policy suggestions based on data 
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Introduction 

The Difference-in-Differences (DiD) method is a cornerstone of impact evaluation, 

particularly in the field of econometrics, where it is often described as a "controlled before-

and-after study." This powerful and intuitive approach is designed to estimate the causal 

effects of a policy, program, or intervention by leveraging a combination of temporal 

(before-and-after) and group-based (treatment and control) comparisons. Its widespread 

use in economics and related disciplines stems from its ability to provide credible estimates 

of treatment effects in settings where randomized controlled trials may not be feasible.  

At its core, DiD seeks to answer a fundamental question: How has a specific intervention-

such as a policy change, program implementation, or external treatment-impacted the 

individuals or entities exposed to it? This question is deceptively complex because, in 

reality, we cannot observe the counterfactual scenario-that is, what would have happened 

to those individuals had the intervention never occurred. For example, if a new labour 

policy is introduced in one region, we cannot directly observe how workers in that region 

would have fared without the policy, as the policy was indeed implemented.  To address 

this challenge, DiD employs a clever strategy: it uses a control group—individuals or 

entities not exposed to the intervention—as a proxy for the counterfactual. The control 

group is assumed to experience similar trends to the treatment group in the absence of the 

intervention. By comparing the changes in outcomes (e.g., employment rates, wages, or 

health metrics) between the treatment and control groups before and after the intervention, 

DiD isolates the effect of the intervention itself. Specifically, it calculates the treatment 

effect as the difference in the average post-intervention outcomes between the treatment 

and control groups, adjusted for any pre-existing differences in trends. The method relies 

on a key assumption known as the "parallel trends assumption," which posits that, in the 
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absence of the intervention, the treatment and control groups would have followed similar 

trajectories over time. While this assumption cannot be directly tested, researchers often 

examine pre-intervention trends to assess its plausibility. When applied correctly, DiD 

provides a robust way to disentangle the impact of an intervention from other confounding 

factors, making it a preferred method in fields like economics, public policy, and social 

sciences for evaluating real-world interventions. 

The Difference-in-Differences (DiD) model is a widely used method to evaluate the impact 

of a specific change, such as a policy, program, or intervention, by comparing two groups 

over time.  

Components of the Difference-in-Differences (DiD) Model: 

The DiD model relies on four key elements that work together to estimate the effect of a 

change. These components allow us to isolate the impact of the change by comparing what 

happens to a group affected by it (the treatment group) to a similar group that isn’t affected 

(the control group). Here’s a detailed explanation of each component: 

• A sudden exogenous source of variation (Treatment): The "treatment" is the specific 

change, policy, or intervention you want to study. It’s called "exogenous" because it 

comes from outside the system and isn’t influenced by the people or things being 

studied. In other words, the treatment is something that happens suddenly and isn’t 

caused by the behaviour of the treatment or control groups. The treatment is the event 

or action you’re trying to evaluate. For DiD to work, the treatment should affect only 

the treatment group and not the control group, and it should happen at a clear point in 

time. 

• A quantifiable and measurable outcome: The outcome is the specific thing you 

measure to see if the treatment had an effect. It’s something you can put a number on, 

like income, test scores, or health outcomes. The outcome can either be the direct target 

of the treatment (e.g., the program aims to increase employment, so you measure 

employment rates) or an indirect proxy (e.g., the program aims to improve confidence, 

but you measure hours worked as a related indicator). A measurable outcome is crucial 
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because DiD relies on comparing numbers before and after the treatment for both 

groups. Without a clear, quantifiable outcome, you can’t calculate the effect of the 

treatment. 

• A treatment group: The treatment group consists of the people, organizations, or 

things that experience the treatment (the policy or change). These are the subjects 

directly affected by the intervention you’re studying.  By comparing their outcomes 

before and after the treatment, you can start to see the effect, but you’ll need the 

control group to make sense of it. 

• A control group: The control group is a group of people, organizations, or things 

that are similar to the treatment group in key characteristics (like age, location, or 

economic status) but do not experience the treatment. They act as a "comparison 

group" to show what would have happened without the change. 

Method 

The DiD method calculates the impact of the policy or program by comparing how the 

outcome (e.g., wages, test scores, or employment rates) changes over time for the treatment 

group versus the control group. The key idea is to isolate the effect of the policy by 

removing changes that would have happened anyway, which we see in the control group. 

The DiD estimate is calculated using a simple formula that compares the average outcomes 

for the two groups (treatment and control) across the two time periods (before and after). 

Here’s the formula, explained in plain language: 

DiD Estimate = (Change in Treatment Group’s Average Outcome) - (Change in Control 

Group’s Average Outcome) 

In mathematical terms, it is written as: 

DiD = (ȳs = Treatment, t=After - ȳs=Treatment, t=Before) (ȳs=Control, t=After - ȳs = 

Control, t=Before) 

where y is the outcome variable like wages, test scores, or employment status.  
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ȳ represents the average outcome for a group at a specific time, calculated by adding up 

the outcomes for all individuals in that group and dividing by the number of individuals. 

s: This indexes the group, either “Treatment” (the group that gets the policy) or “Control” 

(the group that doesn’t). The letter “s” is often used because many studies involve policies 

applied at the state level, but it can represent any group. 

t: This indexes the time period, either “Before” (before the policy) or “After” (after the 

policy). 

Individuals (i): The data is typically at the individual level, so the averages (ȳ) are 

calculated over many individuals, each indexed by “i” (e.g., each worker or student in the 

sample). The formula calculates the difference in the average outcome for the treatment 

group (after minus before) and subtracts the difference in the average outcome for the 

control group (after minus before). This “double difference” gives you the estimated effect 

of the policy. 

How the DiD Method Analyses Data 

The DiD method calculates the impact of the treatment by comparing how the outcome 

changes over time for the treatment group versus the control group. The key idea is to 

isolate the effect of the treatment by subtracting out changes that would have happened 

anyway, which we see in the control group. Here’s how the analysis works in simple steps: 

1. Calculate the Change (or “Gain”) for Each Group:  

• For the treatment group, find the difference in the average outcome between the 

“after” period and the “before” period. This shows how much the outcome changed 

after the treatment was introduced.  

Change in Treatment Group = Average OutcomeAfter, Treatment - Average 

OutcomeBefore, Treatment 
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• For the control group, do the same: find the difference in the average outcome 

between the “after” period and the “before” period. This shows how much the 

outcome changed without the treatment.  

Change in Control Group = Average OutcomeAfter, Control - Average OutcomeBefore, 

Control 

Subtract the Change in the Control Group from the Change in the Treatment 

Group: 

Determine the change over time within the treatment group and subtract the 

corresponding change observed in the control group. This difference-in-differences 

approach isolates the estimated impact of the treatment by accounting for trends that 

would have occurred in the absence of the intervention. 

 

DiD Estimate = (Average OutcomeAfter, Treatment - Average OutcomeBefore, Treatment) - 

(Average OutcomeAfter, Control - Average OutcomeBefore, Control) 

 

In mathematical notation, this is often written as:  

DiD = (ȳs=Treatment, t=After - ȳs=Treatment, t=Before) - (ȳs=Control, t=After - ȳs=Control, t=Before) 

where: 

• ȳ is the average outcome (e.g., average test score or wage). 

• s indicates the group (Treatment or Control). 

• t indicates the time period (Before or After). 

The Difference-in-Differences (DiD) method is a powerful tool used to figure out whether 

a specific change, like a new law, policy, or program, actually made a difference. It’s called 

a quasi-experimental design because it mimics a scientific experiment without randomly 

assigning people to groups, which isn’t always possible in real-world situations. Instead, 

DiD uses longitudinal data—information collected over time—to compare two groups: one 

that experiences the change (the treatment group) and one that doesn’t (the control group). 

By looking at how outcomes change over time for both groups, DiD helps us estimate the 
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causal effect of the change, meaning the true impact it had, separate from other factors. 

DiD is especially useful for studying the impact of specific interventions or treatments, 

such as passage of a law, enactment of a policy, or large-scale program implementation: A 

nationwide job training program rolled out in some regions but not others. 

 

Figure 1. Graphical explanation of DiD estimation (Source: Conrad et al. 2021) 

Difference-in-Differences (DiD) method is a widely used analytical tool for evaluating the 

impact of a policy, program, or intervention (referred to as the “treatment”) in observational 

settings, where researchers cannot randomly assign individuals to treatment or control 

groups. Unlike randomized controlled trials, where groups are made comparable through 

random assignment, DiD works with real-world data where the treatment is applied 

naturally—for example, a new law or a job training program implemented in one region 

but not another. By comparing changes in outcomes over time between a treatment group 

(those affected by the intervention) and a control group (those unaffected), DiD estimates 

the causal effect-the true impact of the intervention—while accounting for differences and 

trends that could skew results. 
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DiD in Observational Settings: Why Randomization Isn’t Needed 

In an ideal experiment, researchers would randomly assign people to a treatment group 

(e.g., receiving a new drug) or a control group (e.g., receiving a placebo) to ensure the 

groups are nearly identical in all ways except the treatment. This exchangeability means 

any difference in outcomes can be confidently attributed to the treatment. However, in 

observational settings, like studying the effect of a new minimum wage law in one state 

compared to another, random assignment isn’t possible. States or individuals differ in ways 

that might affect outcomes (e.g., economic conditions, education levels, or local policies), 

so full exchangeability isn’t realistic. 

The Difference-in-Differences (DiD) approach addresses this issue by using a less stringent 

assumption called the parallel trends assumption. This assumption posits that, in the 

absence of the treatment, the unobserved differences between the treatment and control 

groups—such as factors like motivation, social norms, or community attitudes—would 

remain stable over time. By assuming these unmeasured characteristics evolve similarly in 

both groups, DiD helps isolate the true effect of the treatment. In other words, without the 

intervention, the outcome (e.g., employment rates or test scores) for both groups would 

have followed similar trends. By focusing on changes in outcomes over time rather than 

their absolute levels, DiD accounts for these differences and isolates the treatment’s effect, 

making it a practical tool for real-world studies where randomization isn’t feasible. 

Data Requirements for DiD 

To apply DiD, you need longitudinal data—information collected over time—to track 

outcomes before and after the intervention. This data must include: 

• Pre-Intervention Period: Data from before the treatment is introduced, providing 

a baseline. 

• Post-Intervention Period: Data from after (or during) the treatment, showing the 

outcome after the change. 
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The data can be collected in two main ways: 

• Cohort or Panel Data: This involves tracking the same individuals or entities over 

time. For example, you might follow the same group of workers before and after a 

job training program, measuring their employment status at both points. Panel data 

is powerful because it reduces the variation by focusing on the same people.  

• Repeated Cross-Sectional Data: This involves collecting data from different 

individuals or groups at each time period, ideally using random samples to 

represent the population. For example, you might survey different workers in a state 

before and after a policy change. This is useful when tracking the same individuals 

isn’t possible. 

The data is typically at the individual level (e.g., each worker’s wages or each student’s 

test scores) but can also be at the group level (e.g., average employment rates for a city or 

state). The key is to measure the same outcome for both the treatment and control groups 

in both time periods to ensure a fair comparison. 

Causal Effects 

The Difference-in-Differences (DiD) method is a useful for determining the causal effect 

of a policy, program, or intervention (the “treatment”)—that is, the true change in an 

outcome, such as employment rates or test scores, directly caused by the intervention. DiD 

is most commonly used to estimate the treatment effect on the treated, which measures the 

impact on the group that receives the intervention. With stricter assumptions, it can also 

estimate the Average Treatment Effect (ATE), which reflects the effect if the intervention 

were applied to the entire population, including those not treated. DiD’s strength lies in its 

simple yet effective approach to handling differences between groups, making it ideal for 

observational studies where groups may not be identical. Let’s explore this in a clear and 

straightforward way. 

Types of Causal Effects 
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DiD typically focuses on the treatment effect on the treated—the impact of the intervention 

on the group that experiences it. For instance, if a city launches a job training program, 

DiD can reveal how it affected the employment rates of the workers who participated. This 

is the causal effect for those “exposed” to the treatment. 

In some cases, researchers aim to estimate the Average Treatment Effect (ATE), which is 

the expected impact if the intervention were applied to everyone, including the control 

group (those not receiving the treatment). Estimating the ATE requires stronger 

assumptions, such as the treatment having the same effect on the control group as on the 

treatment group if they were treated. This can be challenging in observational studies where 

groups differ, so DiD is most often used for the treatment effect on the treated, with ATE 

estimation reserved for studies with robust design and assumptions. 

Key Assumptions for the Difference-in-Differences (DiD) Method: 

1. Stable Group Composition: The DiD method assumes that the composition of the 

treatment and control groups remains consistent over the study period (before and after 

the intervention). This means the characteristics of the individuals or entities in each 

group—such as age, income, education, or other relevant factors—should not change 

significantly during the time frame of the study. Stable composition ensures that any 

changes in the outcome (e.g., employment rates or test scores) are due to the treatment, 

not shifts in who makes up the groups. 

2. No Spillover Effects: The DiD method assumes that the treatment only affects the 

treatment group and has no spillover effects on the control group. Spillover effects 

occur when the intervention indirectly influences the control group’s outcomes, 

contaminating their role as a counterfactual (what would have happened without 

the treatment). 

3. Exogenous Treatment (Treatment Not Determined by Outcome): The DiD 

method assumes that the amount or assignment of the treatment is not influenced 

by the outcome being studied. In other words, the intervention is exogenous—it 

comes from outside the system and isn’t driven by factors related to the outcome. 
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For example, a policy shouldn’t be implemented because of changes in the outcome 

it aims to affect. 

4. Parallel Trends Assumption: The DiD method assumes that, in the absence of the 

treatment, the treatment and control groups would have followed similar trends in 

the outcome over time. This is called the parallel trends assumption. It means the 

difference in the average outcome between the groups (e.g., a 3% higher 

employment rate in the treatment group) would remain constant over time if neither 

group received the treatment. In other words, both groups would experience similar 

changes in the outcome due to external factors, like economic trends. 

Strengths and Weaknesses of Difference in Differences 

Strengths of the DiD Method 

1. Intuitive and Easy to Understand 

DiD is straightforward and intuitive, making it accessible to researchers, policymakers, and 

stakeholders. It works by comparing the change in an outcome (e.g., employment rates or 

test scores) for the treatment group to the change in the same outcome for the control group. 

The difference between these changes—the “difference in differences”—isolates the 

treatment’s effect. This simple logic (before vs. after, treatment vs. control) makes DiD 

easy to explain and apply, even for those new to statistical methods. 

2. Flexible for Observational Data 

DiD is highly flexible because it can estimate causal effects using observational data, where 

randomization (like in a clinical trial) isn’t feasible. It’s ideal for studying real-world 

interventions, such as new laws, public health campaigns, or educational programs, where 

groups are naturally assigned to treatment or control conditions (e.g., different states or 

cities). As long as the key assumptions are met (see below), DiD can provide reliable causal 

estimates without requiring perfectly identical groups. 
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3. Handles Different Starting Levels 

Unlike methods that require groups to have similar baseline outcomes, DiD focuses on 

changes in outcomes rather than absolute levels. This means the treatment and control 

groups can start with different outcome levels (e.g., different employment rates) without 

biasing the results, as long as the differences are constant over time (the parallel trends 

assumption). By differencing out these fixed differences, DiD isolates the treatment’s 

effect, making it versatile for diverse settings. 

4. Accounts for External Factors 

A major strength of DiD is its ability to control for changes in outcomes caused by factors 

other than the treatment, such as economic trends, seasonal effects, or societal shifts. These 

external factors often affect both the treatment and control groups similarly. By subtracting 

the control group’s change (which captures these external influences) from the treatment 

group’s change, DiD isolates the treatment’s true effect. 

Weaknesses of the DiD Method 

1. Reliance on Strict Assumptions 

DiD’s effectiveness depends on several critical assumptions, and violating any of them can 

lead to biased or unreliable results. These assumptions include stable group composition, 

no spillover effects, exogenous treatment, and parallel trends (detailed below). If these 

conditions aren’t met, the DiD estimate may not accurately reflect the treatment’s causal 

effect, limiting its applicability in some cases. 

2. Requirement for Baseline and Control Group Data 

DiD requires data from both before and after the intervention (longitudinal data) for both 

the treatment and control groups. This can be a limitation in settings where baseline (pre-

intervention) data is unavailable or where finding a suitable control group is challenging. 

Without a control group to serve as a counterfactual, or without pre-intervention data to 

establish trends, DiD cannot be applied. 
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3. Limitations Due to Assumption Violations 

DiD should not be used if certain conditions are not met, as they undermine the method’s 

ability to isolate the treatment’s effect: 

• Treatment Determined by Baseline Outcome: If the treatment’s assignment or 

intensity is influenced by the outcome being studied (endogenous treatment), DiD 

results will be biased. For example, if a job training program is offered only to 

workers with low employment rates, the treatment is tied to the outcome, making 

it hard to separate the program’s effect from pre-existing conditions. 

• Different Outcome Trends (Non-Parallel Trends): DiD assumes that, without 

the treatment, the treatment and control groups would have followed similar 

outcome trends (parallel trends assumption). If the groups have different trends 

before the intervention (e.g., one group’s employment rates are rising faster due to 

local factors), the DiD estimate may attribute these trends to the treatment, leading 

to incorrect conclusions. 

• Unstable Group Composition: DiD assumes the treatment and control groups’ 

characteristics (e.g., age, skills, or demographics) remain stable over the study 

period. If the groups’ composition changes significantly (e.g., new people join or 

leave), these changes could affect the outcome and be mistaken for the treatment’s 

effect. 

Conclusion: 

The DiD method offers a straightforward and effective approach to estimating the causal 

effects of policies, programs, or interventions (referred to as the “treatment”). By 

comparing changes in outcomes over time between a treatment group (those affected by 

the intervention) and a control group (those unaffected), DiD isolates the true impact of the 

treatment, making it an intuitive and accessible tool for researchers and policymakers. Its 

simplicity lies in its focus on changes rather than absolute values, allowing it to work with 

real-world observational data where groups may differ at the outset. In recent years, the 
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DiD method has gained significant traction in management studies, where it is increasingly 

applied to evaluate the impact of organizational changes, workplace policies, or strategic 

interventions. Its flexibility makes it a viable research design across various subfields of 

management, such as human resources, organizational behavior, and strategic 

management. For example, DiD can assess how a new employee training program affects 

productivity or how a shift in corporate policy impacts firm performance. The choice of 

research method depends on the context, data availability, and study goals, but DiD stands 

out as a particularly well-suited approach for estimating the causal effects of policy changes 

or management practices. It excels in observational settings where controlled experiments 

or natural experiments are not feasible, providing policymakers and managers with critical 

insights into the effectiveness of their initiatives. By leveraging longitudinal data and a 

control group, DiD accounts for external factors and group differences, delivering reliable 

estimates of a treatment’s impact. Globally, DiD has been widely adopted to study the 

effects of diverse policies and reforms, from labor market interventions to public health 

campaigns and educational initiatives. Its ability to provide actionable evidence without 

requiring randomization makes it a valuable tool for decision-makers seeking to understand 

the real-world impact of their actions. As management studies continue to embrace data-

driven approaches, DiD’s simplicity, flexibility, and robustness position it as a go-to 

method for evaluating change and informing evidence-based policy and practice. 

Implementation of DiD Test Using R 

Government of India introduced the Pradhan Mantri Fasal Bima Yojana (PMFBY) in 

2016 to provide financial protection to farmers through crop insurance. While the scheme 

has been widely implemented, the actual impact of crop insurance on farmers’ income 

remains a critical policy question. This study uses a DiD framework to estimate the causal 

impact of crop insurance on farm income by comparing income changes over time between 

districts that adopted the scheme at scale (treated group) and those with low or no 

implementation (control group). 
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Dataset Overview 

• Total districts analyzed: 50 

• Treated districts: 25- These districts represent areas where crop insurance was 

widely adopted between 2015 and 2019. 

• Control districts: 25- These are districts with minimal or no adoption of crop 

insurance in the same period. 

• Time period covered: 

o Pre-intervention year: 2015 

o Post-intervention year: 2019 

• Observations: 100 (2 years × 50 districts) 

Each district has two observations (one pre- and one post-policy), capturing their average 

farm income over time. The DiD model estimates how income changed in the treated 

districts compared to the control group, isolating the effect of crop insurance by controlling 

for common time trends and fixed district characteristics. 

Synthetic Dataset (Excerpt) 

Below is a snapshot of the synthetic dataset used for the DiD analysis: 

District Treated Post Year Income (₹) 

District_1 1 0 2015 73534.25 

District_1 1 1 2019 75864.57 

District_2 1 0 2015 62519.13 

District_2 

 

 

. 

. 

. 

. 

. 

1 1 2019 72297.64 

. . . . . 

. . . . . 

. . . . . 

. . . . . 

District_48 0 0 2015 63372.43 

District_48 0 1 2019 63470.14 

District_49 0 0 2015 58083.71 

District_49 0 1 2019 60984.03 

District_50 0 0 2015 60981.38 

District_50 0 1 2019 63780.79 
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R code: 

 

 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-251- 

 

 

 
 

Suggested Readings 

 

Fredriksson, A., & Oliveira, G. M. D. (2019). Impact evaluation using Difference-in-

Differences. RAUSP Management Journal, 54, 519-532. 

Cao, Zhun et al. Difference-in-Difference and Instrumental Variabels Approaches. An 

alternative and complement to propensity score matching in estimating treatment 

effects.CER Issue Brief: 2011. 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-252- 

 

Columbia University Population Health Methods: DiD Estimation. 

https://www.mailman.columbia.edu/research/population-health-

methods/difference-difference-estimation. 

Conrad, D. A., Milgrom, P., Du, Y., Cunha-Cruz, J., Ludwig, S., & Shirtcliff, R. M. (2021). 

Impacts of innovation in dental care delivery and payment in Medicaid managed 

care for children and adolescents. BMC Health Services Research, 21(1), 565 

Donald, S. G., & Lang, K. (2007). Inference with difference-in-differences and other panel 

data. The review of Economics and Statistics, 89(2), 221-233. 

Goodman-Bacon, A. (2021). Difference-in-differences with variation in treatment 

timing. Journal of econometrics, 225(2), 254-277. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://www.mailman.columbia.edu/research/population-health-methods/difference-difference-estimation
https://www.mailman.columbia.edu/research/population-health-methods/difference-difference-estimation


Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-253- 

 

Applications for Propensity Score Matching in Agricultural 

Economics Research. 
Ponnaganti Navyasree1, Rakesh N2, Nobin Chandra Paul1, Santosha Rathod1, K. 

Ravi Kumar1 and Prabhat Kumar1 

 ICAR-National Institute of Abiotic Stress Management, Baramati-413115 

ICAR- Mahatma Gandhi Integrated Farming Research Institute, Motihari, Bihar-

845429 

Email: navyaponnaganti97 @gmail.com 
 

1. Introduction: 

Randomized Controlled Trials (RCTs) are considered the gold standard for evaluating 

the causal impact of treatments on outcomes. In RCTs, random assignment ensures that 

both observed and unobserved baseline characteristics do not systematically differ between 

treated and control groups, thus eliminating confounding. This allows for a reliable 

comparison of outcomes to estimate the treatment effect (Austin, 2011). However, in 

observational studies, where treatment assignment is not under the control of the 

researcher (Porta, 2008), individuals often self-select into treatment based on their 

characteristics. This selection process introduces confounding, as the treated and control 

groups may differ in ways that affect the outcome. To address this issue, Propensity Score 

Matching (PSM) is employed. PSM is a statistical method designed to reduce selection 

bias by pairing individuals in the treatment and control groups who have similar observable 

characteristics. Its goal is to replicate the balance achieved in randomized experiments by 

controlling for differences in pre-treatment variables (X), thereby providing a more 

accurate estimate of the treatment’s causal effect. PSM has gained wide application across 

disciplines such as labor economics, pharmacoepidemiology, education, and the social 

sciences. In the agriculture sector, recent applications include evaluating the economic 

benefits of Integrated Pest Management (IPM) and Farmer Field Schools (FFS) 

(Sanglestsawai et al., 2015), assessing the effects of on-farm climate adaptation strategies 

(Gorst et al., 2015), examining the influence of irrigation technologies on rural poverty 

(Solomon and Ketema, 2015), and analyzing the impact of agricultural extension services 

on social capital (Rijn, 2015). 

2. The Propensity Score: 

 

Propensity scores offer a valuable alternative for estimating treatment effects when 

random assignment is not possible. A propensity score represents the probability that an 

individual receives a specific treatment based on their observed characteristics (covariates). 

This score is usually estimated using statistical models such as logistic regression, which 

predicts treatment likelihood using variables like age, income, or, in agricultural contexts, 

factors such as farm size and soil quality. By summarizing multiple covariates into a single 

value, the propensity score simplifies the task of achieving balance between treatment and 

control groups. For instance, in a study comparing organic and conventional farming 

practices, the propensity score reflects the likelihood that a farmer chooses organic 

methods, given their farm’s attributes. Matching farmers with similar propensity scores 
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allows researchers to create equivalent groups, thereby reducing selection bias and 

producing more reliable estimates of treatment effects-such as differences in crop yield. 

The key advantage of the propensity score lies in its ability to adjust for numerous 

confounding factors simultaneously, without requiring exact matching on each individual 

variable. Propensity Score Matching (PSM) involves pairing individuals from treatment 

and control groups who have similar propensity scores (and potentially similar covariates), 

while discarding unmatched units to improve comparability (Inacio et al., 2015). PSM is 

widely used to compare groups in observational studies where randomization is not 

practical. 

 

Statistical Definition: 

The estimated propensity score, for subject i, ( i = 1,…, N) is the conditional probability of 

being assigned to a particular treatment given a vector of observed covariates xi 

(Rosenbaum and Rubin, 1983):  

𝑒 (𝑋𝑖) = Pr(𝑍𝑖 = 1/𝑋𝑖) 

where:  

Zi=1, for treatment  

Zi=0, for control and  

Xi, the vector of observed covariates for the ith subject  

Since the propensity score is probability, it ranges in value from 0 to 1. In randomized 

studies, covariates are variables that are not affected by the allocation of treatments to 

subjects. 

3. History of Propensity score matching 

 

The concept of Propensity Score Matching (PSM) was first introduced by Rosenbaum 

and Rubin (1983) in their seminal work titled “The Central Role of the Propensity Score 

in Observational Studies for Causal Effects.” They established the theoretical foundation 

for using propensity scores to reduce bias in observational studies by balancing covariates 

between treatment and control groups. Heckman (1997) also significantly contributed to 

the advancement of PSM methodologies, particularly by addressing selection bias in non-

randomized settings. His work focused on improving causal inference when treatment 

assignment is influenced by observed or unobserved factors. Furthermore, Heckman later 

developed the Difference-in-Differences (DiD) approach, which complements PSM and 

is often used in combination to strengthen causal analysis in observational studies. 

 

4. Key Assumptions for PSM Validity 

Assumption 1: (Unconfoundedness / Conditional Independence Assumption or CIA) 

After accounting for a set of observable covariates, the potential outcomes become 

independent of the treatment assignment. Let 𝑌1 represent the outcome that would occur 

under the treatment condition and 𝑌0 represent the outcome under the control condition. 

(Y1 , Y0 ) ⊥ D |X 

This implies that, once we control for the observed covariates (X), the assignment to 

treatment can be considered effectively random. This assumption, known as 
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unconfoundedness or selection on observables, is crucial for identifying the true effect 

of a program or intervention. It allows for an accurate estimation of selection bias by 

ensuring that differences between treated and control groups are attributable to observed 

factors. As a result, it becomes possible to construct a valid counterfactual for the treatment 

group using comparable individuals from the control group. 

Assumption 2: (Overlap Condition or Common Support Condition): 

For each value of X, there is a probability of being both treated and control. 

0<P(Xi|D=1)<1 

This means that, for every possible value of the covariates (X), the probability of receiving 

treatment falls strictly between 0 and 1, and likewise, the probability of not receiving 

treatment also lies within this range. In other words, both treated and control units must 

exist for all values of X. This condition ensures sufficient overlap in the characteristics of 

both groups, allowing for meaningful comparisons and adequate matching-a concept 

referred to as the overlap condition or common support. When both this overlap 

condition and the unconfoundedness assumption are met, the treatment assignment is 

considered strongly ignorable (Rosenbaum and Rubin, 1983, pp. 41-50). This foundation 

allows researchers to reliably estimate causal effects using methods like Propensity Score 

Matching. This relationship can be illustrated in Figure 1. 

 

 

 

 
                                         0            Propensity score            1                           

Fig 1: Propensity score density curves with common support region. (Source: Duy., 

2012.) 

 

5. Basic steps for propensity score matching 

A propensity score represents the likelihood that a unit with specific observed 

characteristics will receive the treatment rather than being assigned to the control group. In 

observational studies, these scores are used to reduce or eliminate selection bias by 

ensuring that covariates (participant characteristics) are balanced across treatment and 

control groups. When this balance is achieved, it becomes significantly easier to match 

individuals based on multiple characteristics, thereby improving the validity of causal 

comparisons. 

Density of scores for 

participants 

Density of 

scores for non- 

participants 

High probability of 

participating given X  

Density 

Region of 

common 

support 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-256- 

 

 

 

The primary objective is to replicate the conditions of a randomized experiment, thereby 

addressing many of the limitations associated with analyzing observational data. Matching 

designs can be classified as either bipartite or non-bipartite. In bipartite matching, each 

treated unit is paired with a unique control unit-similar to sampling without replacement-

making it the more commonly used approach. In contrast, non-bipartite matching allows 

for the reuse of control units across multiple treated units, resembling sampling with 

replacement. This design is useful in situations where suitable matches are limited, and a 

single control unit may need to serve as a match for multiple treated individuals. Beyond 

matching, propensity scores can also be applied through other techniques to address 

confounding. These include stratification (dividing data into subgroups based on 

propensity score ranges), regression adjustment (incorporating the propensity score into 

regression models), and inverse probability weighting, which assigns weights to 

observations based on the inverse of their propensity scores to create a balanced pseudo-

population. 

Implementation Steps for PSM 

Step 1: Model the Propensity Score 

This initial step involves estimating each individual's probability of receiving treatment 

based on their observed covariates.  

Model Choice: 

a) For binary treatment cases (participation vs. non-participation), logistic regression 

(logit) or probit models are most used. These are preferred over linear probability 

models due to their ability to constrain predictions within the probability bounds. The 

choice between logit and probit is often not critical as they typically yield similar 

results. 
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ln  
𝑒 (𝑋𝑖)

1 −  𝑒 (𝑋𝑖)
= ln

Pr(𝑍𝑖 =
1
𝑋𝑖

 )

1 − Pr(𝑍𝑖 =
1
𝑋𝑖

 )
= 𝑎 + 𝛽𝑇𝑋𝑖 

where:  

𝑒 (𝑋𝑖) =  Pr(𝑍𝑖 =
1

𝑋𝑖
 ) 

𝑒 (𝑋𝑖) = 𝑏0 + 𝑏1𝑋1 + 𝑏2𝑋2 + ⋯+ 𝑏𝑖𝑋𝑖  

b0 is the intercept  

bi is the regression coefficient  

Xi ,  the treatment variables and covariates (random variables)  

xi , observed value of variables  

In logistic regression, the dependent variable is binary, Zi=1 is for the treatment and Zi 

=0 for the control.  

b) For multiple treatment cases (e.g., choosing among several programmes), the choice 

becomes more important. While multinomial probit is generally preferred over 

multinomial logit (due to the latter's "independence from irrelevant alternatives" 

assumption), it can be computationally burdensome. A practical alternative is to 

estimate a series of binomial models (e.g., comparing each treatment group to a 

reference group or to other treatment groups pairwise). 

• Variable Choice (Covariates): 

a) Careful selection of covariates (X) is essential, as they must plausibly meet the 

unconfoundedness assumption. Only those variables that simultaneously affect both 

the likelihood of participating in the treatment and the outcome of interest should be 

included. The selection process should be informed by economic theory, prior 

empirical studies, and a solid understanding of the institutional context. 

Additionally, covariates must be measured before treatment occurs and should not 

be influenced by participation or the anticipation of it. Ideally, data for both treated 

and untreated individuals should be drawn from the same data sources to ensure 

consistency and comparability. 

b) Concerns with Exclusion/Inclusion: Omitting important variables can significantly 

increase bias. However, including too many extraneous variables can exacerbate the 

common support problem or increase the variance of estimates, especially in smaller 

samples. This highlights a trade-off between ensuring the plausibility of the CIA and 

managing the variance of the estimates. 

c) Statistical Strategies for Selection: While theory is paramount, formal statistical tests 

can assist:  

▪ "Hit or Miss" Method (Prediction Rate Metric): Variables are chosen to 

maximise the within-sample correct prediction rates of treatment assignment. 

▪ Statistical Significance: Start with a parsimonious model and iteratively add 

variables that are statistically significant. 
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▪ Leave-One-Out Cross-Validation: Choose variables by comparing mean 

squared errors (MSEs) as different blocks of variables are added. 

d) Overweighting Key Variables: If some variables are considered particularly 

important, researchers can "overweight" them by carrying out matching on 

subpopulations (e.g., matching men with men, women with women) or insisting on a 

perfect match for those specific variables prior to PSM. 

Step 2: Choose a Matching Algorithm 

Once propensity scores are estimated, individuals are matched. Different algorithms 

determine how a treated individual's counterfactual outcome is constructed from the 

comparison group. An appropriate matching technique is implemented with the estimated 

propensity score. Below are seven of the primary types of propensity score matching: 

 

 

 

 

 

 

 

 

Fig 3: Propensity score matching methods. 

(Source:http://umanitoba.ca/faculties/health_sciences/medicine/units/community_health_

sciences/departmental_units/mchp/protocol/media/propensity_score_matching.pdf) 

 

Stratified Matching:  

 

Propensity scores are often grouped into intervals or strata based on their range of values. 

Within each interval, or stratum, the treatment and control units are expected to have 

similar propensity scores on average, allowing for meaningful comparisons. To estimate 

the average treatment effect (ATE), the differences in outcomes between treated and 

control units are calculated within each stratum. These differences are then averaged, with 

each stratum weighted according to the proportion of treated units it contains. Dividing the 

sample into five strata (i.e., quintiles of the propensity score distribution) has been shown 

to remove over 90–95% of the bias arising from differences in covariates between groups 

(Cochran, 1968). This stratification method is a practical and effective way to reduce 

selection bias in observational studies. 

  

N: N Matching:  

Propensity score 

matching methods 

Stratified Matching 
 

Nearest Neighbor Matching 

N: N matching 

Radius Matching 

Kernel Matching 

Mahalanobis Metric Matching 

Caliper Matching 
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In this approach, treatment and control subjects are randomly ordered, and each of the first 

n treated individuals is matched to n control individuals with the closest propensity scores. 

The most commonly used matching ratios include 1:1 (one treated matched to one control), 

1:N (one treated matched to multiple controls), and N:1 (multiple treated units matched to 

a single control). These matching strategies help ensure comparability between groups by 

minimizing differences in propensity scores. 

Nearest Neighbor Matching:  

The goal is to minimize the absolute difference between the estimated propensity scores 

of treated and control subjects. After randomly ordering the treatment and control groups, 

each treated individual is matched with a control subject whose propensity score is closest 

in value, forming matched pairs or sets. This process ensures that matched units are as 

similar as possible in terms of observed covariates, thereby reducing selection bias and 

improving the validity of causal inference. 

C (Pi) = min |Pi - Pj| 

Where:  

C (Pi) indicates the group of control subjects j matched to treated subjects i (on the 

estimated propensity score)  

The estimated propensity score for the treated subjects i denoted by Pi 

The estimated propensity score for the control subjects j denoted by Pj 

 

Fig 4: Nearest Neighbor Matching 

Source: https://sites.google.com/site/econometricsacademy/econometrics-

models/propensity-score-matching. 

Radius Matching: 

In this approach, each treated individual is paired with a control subject whose propensity 

score falls within a specified range of the treated subject’s score. This ensures that matches 

are made only when the control subject is sufficiently similar to the treated one in terms of 

observed characteristics. However, because matches are restricted to a defined interval, not 

all treated subjects may find suitable control counterparts, limiting the number of possible 

comparisons. This method enhances the quality of matches by avoiding those with large 

differences in propensity scores. 
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| Pi – Pj | < r 

 Mahalanobis Metric Matching:  

• The distance between the treated and control subjects are calculated after randomly 

ordering the subjects. The distance is:  

 

𝐷𝑖𝑗 = √(𝑥𝑖 − 𝑦𝑗)
𝑇
𝑆−1(𝑥𝑖 − 𝑦𝑗) 

Where: 

• S-1 indicates the sample covariance matrix of matching variables from the control 

subjects.  

• xi and yi are the matching variable values including the propensity score where i 

represents the treated subjects and j the control subjects  

Treatment and control units are matched based on the smallest Mahalanobis distance, 

which accounts for the correlations among covariates to identify the closest matches. The 

process continues until each treated subject is paired with a control subject, and any 

unmatched controls are excluded from further analysis. If a treated unit does not have a 

suitable control match, it is also excluded, as drawing causal inferences without a 

comparable counterpart would require extrapolation, which may compromise validity. This 

matching method is conceptually similar to blocking in randomized experiments, where 

subjects with similar characteristics are grouped together to control for confounding. 

Kernel Matching:  

 

In this method, each treated subject is matched with a weighted average of control subjects. 

The weights are assigned such that they are inversely proportional to the distance between 

the propensity scores of the treated and control subjects. 

 

Fig 5: Kernel matching. 

Source: https://sites.google.com/site/econometricsacademy/econometrics-

models/propensity-score-matching. 
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𝑊 (𝑖, 𝑗) =
𝐾 (

𝑝𝑗 − 𝑝𝑖

ℎ
)

∑ 𝐾(
𝑝𝑗 − 𝑝𝑖

ℎ
)

𝑛0

𝑗=1

 

Caliper Matching:  

As per Sianesi (2002), this method uses a predefined range, typically set within 0.25 of the 

standard error of the estimated propensity score. Observations falling outside this range are 

excluded from the analysis.  

                                                        The range is: |Pi – Pj|< e 

Where: 

Estimated propensity score for the treated subjects is denoted as Pi  

Estimated propensity score for the control subjects is denoted as Pj 

Pre-determined range of values is determined as e. 

Step 3: Check Overlap and Common Support 

This method is suitable when there is considerable overlap between treated and control 

groups. It involves checking the difference in mean propensity scores, the variance ratio, 

and the ratio of covariate residuals between groups. Mean scores should be close, and ratios 

should be near one. To estimate the treatment effect, the regression model includes both 

the treatment indicator and the propensity score as covariates, along with any additional 

relevant variables. 

Limitations: 

This method requires sufficient overlap between the treatment and control groups. If 

covariate distributions differ significantly, regression adjustment may be ineffective, as it 

adjusts toward the mean of the dependent variable, potentially misrepresenting individual 

group effects. The difference in mean propensity scores between groups should be small 

(around 0.5s), unless sample sizes are similar and distributions are symmetric with equal 

variance. Bias correction may be unreliable if the variance ratio of propensity scores is far 

from one. Likewise, the variance ratio of covariate residuals between groups should be 

close to one after adjusting for the propensity score. 

Step 4: Assess Matching Quality and Estimate Treatment Effect 

After matching, it is essential to check if the procedure has successfully balanced the 

distribution of the relevant covariates between the treated and matched control groups. This 

is critical because PSM conditions on the propensity score, not directly on each covariate. 

Estimating Treatment Effects: 

The estimated treatment effect is, 
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𝑡̂ = (𝑌̅𝑡 − 𝑌̅𝑐) −  𝑏 (𝑋̅𝑡 − 𝑋̅𝑐) 

It is generally preferable to measure effects from the beginning of the programme to avoid 

endogeneity issues and align with policy decision-making. However, one must be mindful 

of potential "locking-in effects" where participants might initially show negative effects 

(e.g., reduced job search intensity while in a programme) before positive impacts emerge. 

Step 4: Propensity Score Estimation: The most common method for estimating 

propensity scores is logistic regression. 

log
𝑒(𝑥)

1 − 𝑒(𝑥)
= 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ 𝛽𝑘𝑋𝑘 

Where, 

𝑋𝑖 are covariates (e.g., age, income) 

𝛽𝑖 are coefficients estimated from the data 

Step 5: Sensitivity Analysis 

Testing the sensitivity of estimated treatment effects is an increasingly important topic in 

applied evaluation literature. It helps to assess the robustness of results to departures from 

key assumptions. 

Estimating the Propensity Score with an example 

 

𝑒 (𝑋𝑖) = Pr(𝑇𝑖 = 1| 𝑥1,𝑥2, … , 𝑥𝑘𝑖) 

 

𝑒̂(𝑋𝑖) =
1

1 + 𝑒− (𝑎+𝑆𝑏𝑘𝑥𝑘)
 

Where  

 

Ti= TRT 

Ti =0, without treatment  

Ti =1, with treatment  

x1i= SEX(1,2) 

1= female and 2= male  

x2i= AGE(CONTINUOUS)  

x3i= HYP(0,1) 

 HYP=0, without hypertension   

HYP=1, with hypertension  

So the model becomes,  

𝑒̂(𝑋𝑖) =
1

1 + 𝑒−(𝑎+𝑏1𝑆𝐸𝑋𝑖+𝑏2  𝐴𝐺𝐸𝑖+𝑏3𝐻𝑌𝑃𝑖)
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If we estimate following parameters using maximum likelihood (ML) techniques: 

 a= -3.9 

 b1= 0.63 𝑒̂(𝑋𝑖) =
1

1+𝑒−(−3.9+0.63𝑆𝐸𝑋𝑖+0.025𝐴𝐺𝐸𝑖+0.343𝐻𝑌𝑃𝑖)
  

 b2= 0.025 

 b3= 0.343 

Suppose the subject is female (SEX=1), 75 (AGE =75) and has hypertension (HYP = 1).  

𝑒𝑋𝑖 =
1

1+𝑒−(−3.9+0.63(1)+0.025 (75)+0.343 (1))
 =

1

1+𝑒−(−1.05) = 0.25  

After calculating the estimated propensity scores, the treated subjects are matched with the 

control subjects that have the same/similar propensity score. The unmatched subjects are 

discarded from the analysis. This example follows a 1-to-1 match:  

Received treatment  0.25  0.54 0.63

 0.90 

 1  2 3 4 

 

No treatment A       B C D E F 

 0.37 0.19 0.53            0.9 0.62

 0.26 

6. Step-by-step explanation of PSM and implementation in R  

The case study evaluates the impact of organic farming (treatment) versus conventional farming 

(control) on crop yield, using a sample dataset with covariates: farm size, farmer experience, soil 

quality, and irrigation access. a sample dataset of 1000 farmers, with the following variables: 

• farm_size: Farm size in acres (numeric) 

• experience: Years of farming experience  

• soil_quality: Soil quality index (0 to 1) 

• irrigation: Access to irrigation (binary: 0 = No, 1 = Yes) 

• treatment: Whether the farmer adopted organic farming (binary: 1 = Yes, 0 = No) 

• yield: Crop yield (tons/ha), with 0.5 tons/ha added if the farmer adopted organic farming 
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Figure 1. Sample dataset of 20 farmers. 

Step 1: Model the Propensity Score 

The first step in PSM is to estimate the propensity score, which is the probability of receiving the 

treatment given a set of covariates. We use logistic regression to model this probability, where the 

treatment (e.g., organic farming = 1, conventional = 0) is the dependent variable, and covariates 

like farm size, experience, soil quality, and irrigation access are predictors. The logistic regression 

model is: 

𝒍𝒐𝒈𝒊𝒕(𝑷(𝑻 = 𝟏 ∣ 𝑿 ))

= 𝜷𝟎 + 𝜷𝟏 ∗ 𝒇𝒂𝒓𝒎 𝒔𝒊𝒛𝒆 + 𝜷𝟐 ∗ 𝒆𝒙𝒑𝒆𝒓𝒊𝒆𝒏𝒄𝒆 + 𝜷𝟑 ∗ 𝒔𝒐𝒊𝒍 𝒒𝒖𝒂𝒍𝒊𝒕𝒚 + 𝜷𝟒

∗ 𝒊𝒓𝒓𝒊𝒈𝒂𝒕𝒊𝒐𝒏 

In the R code, we load the necessary packages (“MatchIt” for PSM and “dplyr” for data 

manipulation). The dataset includes farm_size (acres), experience (years), soil_quality (index), 

irrigation (binary), treatment (organic = 1, conventional = 0), and yield (tons/ha), with a 0.5 tons/ha 

treatment effect added for organic farming. Here, glm fits the logistic regression model, and 

predict calculates the propensity scores, stored in data$pscore. 

The code for this step is: 

## Simulated dataset of farmers ## 

library(MatchIt) 

library(dplyr) 

set.seed(123) 

n <- 1000 

data <- data.frame( 

  farm_size = runif(n, 1, 100), 

  experience = rnorm(n, 20, 5), 
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  soil_quality = runif(n, 0, 1), 

  irrigation = rbinom(n, 1, 0.4), 

  treatment = rbinom(n, 1, 0.5), 

  yield = rnorm(n, 5, 1) 

) 

data$yield <- data$yield + 0.5 * data$treatment 

ps_model <- glm(treatment ~ farm_size + experience + soil_quality + irrigation,  

                family = binomial(), data = data) 

data$pscore <- predict(ps_model, type = "response") 
Explanation: We use a logistic regression model to estimate the probability that a farmer adopts organic farming 

based on their characteristics. This is called the propensity score. 

In our example, covariates include farm size, experience, soil quality, and irrigation access. Logistic 

regression is suitable because the treatment is binary (organic vs. conventional). Alternatives like 

probit regression or machine learning methods (e.g., random forests) can be used, but logistic 

regression is simple and widely accepted. In the R code, the glm function with family = binomial() 

fits this model, and predict with type = "response" converts log-odds to probabilities (propensity 

scores).  

Step 2: Match Individuals 

After estimating propensity scores, we match treated and untreated individuals with similar scores 

to create comparable groups. The R code uses nearest-neighbor matching with a caliper of 0.1, 

meaning each treated farmer is paired with a control farmer whose propensity score is within 0.1 

units. The caliper ensures high-quality matches but may exclude some treated units if no suitable 

control is found. The code is: 

# Step 2: Perform matching using MatchIt 

# Nearest neighbor matching with a caliper of 0.1 

match_obj <- matchit(treatment ~ farm_size + experience + soil_quality + irrigation,  

                     data = data,  

                     method = "nearest",  

                     caliper = 0.1,  

                     ratio = 1) 

matched_data <- match.data(match_obj) 
Explanation: We match each treated (organic) farmer to a control (conventional) farmer with a similar 

propensity score (within a caliper of 0.1). This forms a balanced dataset. 

The matchit function from the “MatchIt” R package performs the matching, specifying the 

treatment and covariates. The method = "nearest" indicates nearest-neighbor matching, caliper = 

0.1 sets the maximum allowable difference in propensity scores, and ratio = 1 ensures one control 

per treated unit. The match.data function extracts the matched dataset, which includes only the 

paired individuals. This matching reduces bias by ensuring treated and control groups have similar 

covariate distributions, mimicking randomization. 

Step 3: Check Balance 

To ensure the matching was successful, we check whether the covariates are balanced between 

treated and control groups. A common metric is the Standardized Mean Difference (SMD), 

calculated as: 
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𝑆𝑀𝐷 =
|𝑋̅𝑇 − 𝑋̅𝐶|

√(𝑠𝑇
2 + 𝑠𝐶

2)/2

 

where 𝑋̅𝑇 and 𝑋̅𝐶  are the means of a covariate for the treated and control groups, and 𝑠𝑇
2 and 𝑠𝐶

2  

are their variances. An SMD < 0.1 indicates good balance. We also use visual tools like jitter plots 

and histograms to assess propensity score overlap. The code is: 

 

summary(match_obj) 

par(mfrow = c(1, 2)) 

plot(match_obj, type = "jitter", main = "Propensity Score Distribution") 

plot(match_obj, type = "histogram", main = "Propensity Score Histogram") 
Explanation: We examine whether matching has balanced the covariates using: SMD: A value < 0.1 

indicates good balance and Plots: Show score overlap between groups. 

The summary(match_obj) output shows SMDs before and after matching. We should look for 

SMDs below 0.1 post-matching, indicating that covariates like farm size and soil quality are 

balanced. The jitter plot shows individual propensity scores, with overlap suggesting good 

matching, while the histogram compares score distributions. It is to be noted that the poor balance 

may require adjusting the matching method or adding more covariates to the propensity score 

model. 

 

Figure 2. Jitter plot of propensity scores. 
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Figure 3. Histogram of propensity scores. 

Step 4: Estimate Treatment Effect 

After confirming balance, we estimate the treatment effect by comparing the outcome 

(yield) between matched groups. The code calculates the mean yield for each group and 

performs a t-test to check significance: 
# Step 4: Estimate treatment effect 

# Compare mean yield between treated and control groups in matched data 

effect <- matched_data %>% 

  group_by(treatment) %>% 

  summarise(mean_yield = mean(yield)) 

print(effect) 

t_test <- t.test(yield ~ treatment, data = matched_data) 

print(t_test) 
Explanation: We calculate the average treatment effect on the treated (ATT) by comparing the mean yield 

between organic and conventional groups using a t-test. 

The code groups the matched data by treatment and computes the mean yield. In this 

example, organic farming might yield 5.5 tons/ha, while conventional yields 5.0 tons/ha, 

suggesting a 0.5 tons/ha increase. The t-test checks if this difference is statistically 

significant (p-value < 0.05).  

Additionally, we use regression adjustment to account for any residual imbalances: 
# Perform a t-test to check if the difference is significant 

model <- lm(yield ~ treatment + farm_size + experience + soil_quality + irrigation,  

            data = matched_data) 
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summary(model) 
Explanation: We can further refine the treatment effect estimate using regression on the matched sample, 

controlling for covariates. 

The linear model estimates the treatment effect while controlling covariates. The coefficient for 

treatment (e.g., 0.48) approximates the average treatment effect on the treated (ATT). This step 

quantifies the intervention’s impact, and regression adjustment can improve precision by 

addressing minor imbalances. 

Interpretation of the PSM results 

In this example, we aimed to estimate the causal effect of a treatment (e.g., agricultural 

intervention) on crop yield using Propensity Score Matching (PSM). The logistic regression model 

estimated each farmer's propensity to receive the treatment based on covariates including farm size, 

farming experience, soil quality, and irrigation availability. The output dataset shows propensity 

scores ranging from approximately 0.41 to 0.55, indicating the predicted probability of each farmer 

adopting organic farming. For example, the first farmer (farm_size = 58.2, experience = 24, 

soil_quality = 0.087, irrigation = 0, treatment = 1) has a propensity score of 0.491, suggesting a 

49.1% chance of adopting organic farming based on their characteristics. Using nearest neighbor 

matching with a caliper of 0.1, 455 treated units were successfully matched with 455 control units, 

ensuring strong overlap in propensity scores. Balance statistics showed significant improvement 

post-matching, with standardized mean differences across covariates nearing zero, indicating good 

covariate balance. Visual checks through jitter plots and histograms confirmed overlapping 

propensity score distributions, reflecting adequate common support. The treatment effect was then 

estimated by comparing crop yields between the matched groups. The result shows that the mean 

yield for conventional farmers (treatment = 0) is 5.05 tons/ha, while for organic farmers (treatment 

= 1), it is 5.49 tons/ha, suggesting a 0.44 tons/ha increase for organic farming.  A Welch two-

sample t-test confirmed that this difference was statistically significant (𝑡 =  −6.55, 𝑝 <  0.05), 

with a 95% confidence interval ranging from -0.56 to -0.30. This suggests that the treatment led to 

an average yield increase of approximately 0.43 units. Hence, the intervention had a positive and 

significant impact on yield, after accounting for selection bias through matching. 

7. Limitations of PSM  

• This method requires a large sample size to be effective. 

• Since randomization is absent and propensity scores are based on observational 

data, bias from unobserved covariates may persist, as matching only accounts 

for observed variables. 

• To support strong causal inference, there must be sufficient overlap in propensity 

scores between treated and control groups. The method becomes ineffective when 

subjects with high propensity scores (treated) are compared to those with low 

scores (untreated). 

• There are no universally accepted guidelines for selecting variables in the 

propensity score model. Some researchers include variables predicting treatment, 

others include those related to the outcome, and some include only variables 

associated with both treatment and outcome. 
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Characteristics of a Good PSM  

• Variables are measured reliably and accurately.   

• Substantial overlap between the treatment and control groups on the propensity scores.  

• Covariates of the treated and untreated subjects are balanced adequately in the model.  

• Minimizes group differences of many variables and adjusts for selection bias.  

• Variables are chosen and adjusted for propensity scores based on logic, theory and 

empirical evidence  

 

8. Conclusion 

 

Propensity Score Matching (PSM) is a valuable and flexible statistical approach that 

allows agricultural researchers to estimate causal effects using observational data, 

particularly when randomized controlled trials are impractical. By balancing observed 

covariates between treated and control groups, PSM offers a solid foundation for assessing 

the impacts of interventions such as organic farming, irrigation practices, or the adoption 

of improved crop varieties on key outcomes like yield, income, and soil quality. 

The method involves a series of steps-estimating propensity scores, matching individuals, 

evaluating covariate balance, and estimating treatment effects-all of which can be 

efficiently carried out in R using tools like the MatchIt package, as shown in the example. 

This approach supports researchers in making evidence-based inferences, aiding 

sustainable agricultural practices and policy formulation. However, the validity of PSM 

depends on careful selection of covariates, thorough assessment of balance, and an 

awareness of limitations, particularly unobserved confounding, which may still bias 

results despite matching. 
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Introduction 

In today’s highly competitive environment, micro-level planning, implementation, 

monitoring, and evaluation are crucial for effective utilization of organizational 

resources. Strategic planning facilitates the systematic allocation of these resources across 

various operational and management levels. This process typically begins with defining 

the vision, mission, goals, objectives, and identifying appropriate methods to achieve 

desired outcomes. One widely used strategic tool is the SWOT analysis, which examines 

both internal (strengths and weaknesses) and external (opportunities and threats) factors 

influencing an organization or enterprise. The origin of SWOT can be traced back to the 

early 1950s, during a period of intense competition between the U.S. government and large 

corporate entities. Between 1948 and 1950, U.S. federal agencies—including the Justice 

Department, the Federal Trade Commission, and Congress—began scrutinizing large 

multinational corporations (Feinstein, p. 161). In this context, Stewart proposed a 

framework where organizations are composed of independent systems, structures, and 

procedures, allowing multiple internal and external stakeholders to contribute to strategic 

reasoning (Steiner & Cannon, 1966, p. 302). The technique gained popularity in the 1960s 

and 1970s, largely due to the efforts of Albert Humphrey, a management consultant at 

Stanford Research Institute (SRI), who initially developed the SOFT analysis-where ‘S’ 

stood for satisfactory, ‘O’ for opportunity, ‘F’ for fault, and ‘T’ for threat. This eventually 

evolved into the modern SWOT framework. SWOT analysis serves as a valuable tool for 

both strategic planning and formative evaluation. It provides insights into critical 

organizational aspects such as planning, staffing, coordination, control, and budgeting. By 

considering the organization as an interactive system comprising multiple dimensions and 

subsystems, SWOT helps in understanding the broader economic, social, political, and 

environmental context. It supports comprehensive decision-making and must be grounded 

in evidence from case studies, market trends, forecasts, and financial data. The primary 

advantage of using SWOT lies in its ability to create actionable strategies that leverage an 

organization’s strengths-such as brand recognition, technology adoption, and efficient 

resource management-while also highlighting weaknesses like high operational costs, 

unfavorable locations, or underperforming research units, particularly in profit-driven 

enterprises. The insights gained from SWOT are instrumental in guiding decisions related 
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to new business strategies, product launches, market expansion, navigating competition, 

adapting to regulatory changes, and embracing technological innovation. 

 

 

The external analysis is necessary to identify the probable threats and opportunities in 

competitive environment. The history and trend of competitive markets and how is has 

evolved over a period of time and a special preference towards economic crisis. 

The process of SWOT analysis involves four components i.e., Strengths, Weakness, 

Opportunities and Threats. Which can be grouped into two dimensions Strengths and 

Weakness are considered as internal factors which mostly depends on organization overall 

structure and functioning, whereas opportunities and threats as external factors which is 

influenced by environment. For summary purpose it is drawn in four quadrant boxes. 

Components of SWOT Analysis 

Organization Strength  Characteristics that are relatively better than others in the 

global / national / regional market. 

Organization Weakness Characteristics that are negative which are disadvantage 

to the organization.  

Organization Opportunities External factors that will give benefit to the organization 

growth and development. 

Organization Threats  External factors that could harm the organization growth 

and development.  

 

Framework of SWOT 

Organizational Strengths and Weaknesses  

Advertisement  Information technology  Resources  

Popular Brand Leadership  Research and development 

Competency of staff Location Reengineering 

Distribution network Management  Services 

Decentralization Organization structure  Technologies  

Efficient system Physical facilities   

Costs  Product quality  

Forecasting Quality management   

 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-272- 

 

Organizational Opportunities and Threats 

Competition  Political factors Technological factors  

Judiciary system Religious factors  

Market fluctuations Social values  

 

Organizational Strengths:  

Strength refers to any attribute or capability that enhances an organization’s performance 

and efficiency, giving it a competitive advantage over others. These are favorable internal 

characteristics that contribute to innovation, effectiveness, and overall success. The 

effectiveness and efficiency of an organization largely depend on how well it utilizes its 

strengths. An organization can be considered strong, average, or weak in comparison to its 

competitors based on several criteria, including relative market position, financial 

structure, production and technical capacity, research and development potential, and 

human resource and managerial effectiveness (Dinçer, 2007: 145). Strength is essentially 

a distinctive competence that provides the organization with a comparative edge in the 

marketplace. As noted by Pearce and Robinson (1991: 182), strengths may relate to various 

areas such as financial resources, brand image, market leadership, and relationships with 

buyers or suppliers. 

Organizational Weaknesses:  

Weakness refers to deficiencies in competencies and structure of the organizations. 

Weaknesses is something relatively disadvantageous and negative characteristic which 

limits the potential functioning of operation. It can be skills, resources, facilities, budget 

and some times and brand image can be sources of weaknesses” (Pearce and Robinson, 

1991: 182). 

Both strengths and weakness analysis is needed to understand the efficient and inefficient 

quality as well as negative and positive characters of the organisations, so that authority 

could able to decide upon building efficient system.  

Environmental Opportunities:  

Opportunity refers to a situation or condition that is favorable for initiating or advancing 

an activity. It serves as an advantage and acts as a motivating factor, carrying a positive 

and beneficial nature. Opportunities arise from external environmental conditions and, 

when identified through analysis, can lead to favorable outcomes for an organization (Emet 

Gürel and Merba Tat, 2017: 998). To effectively leverage these opportunities, 

organizations must align them with their strategic objectives and determine the most 

appropriate course of action to enhance their competitive position. 
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Environmental Threats:  

Threat refers to a situation or condition that poses a risk to the successful execution of an 

activity. It represents a disadvantage or external challenge that can hinder organizational 

performance or strategic goals. Due to its harmful and unfavorable nature, a threat is 

considered a negative factor that organizations should seek to anticipate, mitigate, or avoid 

(Emet Gürel and Merba Tat, 2017: 998). 

Advantages of SWOT analysis: 

The process of making plans or decisions is essential for both managers and employees 

within any organization. SWOT Analysis is a widely used and trusted method in strategic 

management and marketing, valued for its simplicity and effectiveness (Emet Gürel and 

Merba Tat, 2017: 998). It serves as a fundamental tool for analyzing internal and external 

factors that influence organizational success. However, the categorization of variables 

into the four SWOT quadrants-Strengths, Weaknesses, Opportunities, and Threats-can 

be complex. A single factor may fit into more than one category; for example, it can be 

viewed as both a strength and a weakness depending on context. Similarly, a current 

strength may become a weakness if not sustained, and opportunities that are ignored but 

seized by competitors can evolve into threats. The classification also varies depending on 

the specific objective of the analysis, making it a subjective and context-dependent 

exercise (Emet Gürel and Merba Tat, 2017: 998). 

Conclusion: 

In any business planning or entrepreneurial process, the assessments of social, economic, 

environmental factors is considered to be crucial exercise done mostly in initial phase of 

business development. SWOT analysis facilitates in strategic planning and decision 

making in development of plans short term and long term, allocation of resources, Human 

resource development and specific intervention needed for business development 

strategies. Although there are few limitations such as overlapping of factors based on 

situations, over generalization of characteristics, critics on categorization of factors into 

four quadrants which is mostly challenging and since it’s a dynamic process it can 

interchange based on the situation hence flexibility needed for changing according to 

market situations. This tool is been used from decades which contributed significant for 

development of organizations. Identifying shortcomings and developing a actionable plan 

or strategy is the critical phase in any process. It helps in analyzing the present situation 

and facilitate in developing future action plans.  SWOT analysis lays down foundation for 

strategic planning ensuring business success positioning efficiently itself in the market 

while overcoming internal and external factors that impact the organizational growth.  

Additionally, it is crucial for aligning organizational strategies with overall mission and 

vision which is vital for achieving long term goals.  
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Introduction 

   Scientometrics is a broader field that specifically focuses on the quantitative study of 

science, including the production, dissemination, and use of scientific knowledge across 

various disciplines. It aims to understand the dynamics of scientific research and 

innovation, including how knowledge is created, shared, and applied. It encompasses not 

only publications but also research funding, patents, collaborations, and institutional 

activities. Scientometric applications used in science policy, research funding decisions, 

and understanding the growth and impact of scientific disciplines. The term scientometrics 

was coined in the 1960s by Nikolay Vasilyevich Pukinel in the Soviet Union, though the 

field gained significant traction after the 1970s. Boris S. Zuckerman and Nikolay S. 

Smirnov were important early contributors to the field, establishing scientometrics as a 

discipline that extended beyond bibliometrics, incorporating the analysis of research 

policies, the dynamics of scientific collaboration, and the economics of science.  

      Bibliometrics is the statistical analysis of written publications, such as books, articles, 

and other forms of literature. It is used to assess the impact of publications, track trends in 

research, and evaluate the performance of individual researchers, institutions, or journals. 

Bibliometric includes citation counts, h-index, impact factor, and publication frequency to 

evaluate the performance of journals, authors, or institutions. Bibliometrics often looks at 

a narrower view, focusing mainly on publications and their citations within the field of 

literature and information science. The term bibliométrie was indeed first introduced by 

Paul Otlet in 1934. Otlet, a Belgian bibliographer and information scientist, defined 

bibliométrie as the "measurement of all aspects related to the publication and reading of 

books and documents." The term bibliometrics was first introduced by Alan Pritchard in 

1969 in his seminal paper titled "Statistical Bibliography or Bibliometrics?". In this paper, 

Pritchard proposed the use of statistical methods to analyse written publications, laying the 

foundation for what we now know as bibliometrics. His use of the term bridged the gap 
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between the earlier theoretical ideas of Otlet and the more systematic, empirical approach 

that characterizes modern bibliometric analysis. 

 

      Scientometric analysis refers to the quantitative evaluation of scientific literature to 

understand research trends, productivity, collaboration, and influence within a specific 

field. Originating from the broader domain of bibliometrics, scientometrics particularly 

focuses on measuring and analyzing scientific publications using tools such as citation 

analysis, co-authorship mapping, and keyword co-occurrence networks (Hood & Wilson, 

2001). In recent decades, scientometric methods have emerged as crucial tools for 

understanding research dynamics in agriculture and allied sectors such as horticulture, 

animal husbandry, fisheries, forestry and agricultural engineering. 

In the field of agriculture, scientometric analysis provides valuable insights into the 

evolution of research topics, institutional productivity, collaborative patterns, and the 

impact of research outputs. It enables stakeholders, including policymakers, funding 

bodies, and researchers, to evaluate the effectiveness of national and international research 

efforts. Studies by Garg and Kumar (2014) and Chaurasia et al. (2018) have revealed that 

agriculture research in India has experienced significant growth in recent decades, 

especially in the domains of crop science, biotechnology, and sustainable agriculture. 

These findings underscore the strategic role of scientometric studies in identifying research 

gaps, prioritizing funding, and promoting effective dissemination of agricultural 

innovations. 

Theoretical Framework and Metrics 

Foundational Scientometric Laws 

1.     Bradford’s Law (Journal Dispersion): Bradford’s Law describes how articles on a 

specific subject are distributed across scientific journals. It states that a core group of 

journals will produce the majority of articles on a topic, while a larger group will produce 

fewer. This law is useful in identifying core journals in a research domain. 

Example: In agricultural sciences, journals like Field Crops Research or Agricultural 

Systems may appear in the core zone. 
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2.     Lotka’s Law (Author Productivity): Lotka’s Law states that the number of authors 

publishing n papers is inversely proportional to n². That means, for every 100 authors 

publishing one paper, about 25 will publish two, 11 will publish three, and so on. It helps 

assess author contribution inequality. 

Application: Identifies the small percentage of highly productive researchers in agriculture. 

3.     Price’s Law (Growth of Scientific Knowledge): Price’s Law suggests that scientific 

output grows exponentially, but only a small number of researchers contribute to half of 

the publications in a field. This law provides a framework for understanding the 

evolutionary nature of research growth. 

Relevance: Highlights the concentration of agricultural research in elite institutions or 

countries. 

Key Scientometric Metrics 

1.     h-index:  

The h-index measures both productivity and citation impact of a researcher. A scholar has 

an h-index of h if h of their N papers have at least h citations each. 

Example: An author with an h-index of 15 has 15 papers each cited at least 15 times. 

2.     g-index:  

The g-index improves upon the h-index by giving more weight to highly cited papers. It is 

defined such that the top g articles together have at least g² citations. 

Example: A researcher’s top 10 articles have a total of 100 citations → g-index = 10. 

3.   M index:  

The m-index is a metric used to assess the research productivity and impact of an academic 

researcher, particularly over time. It is related to the h-index, but while the h-index 

measures both productivity (the number of publications) and citation impact (the number 

of citations those publications have received), the m-index normalizes the h-index over 

time to account for the researcher’s career length. The m-index is calculated as the h-index 

divided by the number of years since the researcher’s first publication. The formula can be 

expressed as: 

              m index= h index / years since first publication 
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If a researcher has an h-index of 20 and has been published for 10 years, their m-index 

would be: 20/10=2. 

4.     i10-index:  

This metric is specific to Google Scholar and counts the number of publications with at 

least 10 citations. 

Example: A scientist with 25 papers cited at least 10 times each has an i10-index of 25. 

5.     Total Citations: The total number of times a researcher’s or institution’s work has 

been cited.  

Used for: General impact assessment. 

6.     Average Citations per Document: The average number of citations received per 

publication. This metric reflects the per-paper impact. 

Example: 200 citations across 50 publications = average 4 citations per paper. 

7.     Degree of Collaboration: It is the proportion of co-authored publications compared 

to total publications. It measures collaborative behaviour in research. 

Formula: DC = (Number of co-authored papers) / (Total papers). 

8.     Co-authorship Index: Indicates the average number of authors per publication. It 

reveals collaboration intensity within the field. 

Example: High co-authorship is common in multi-institutional agriculture research project 

Relational and Network-Based Metrics 

1.     Co-citation: Co-citation occurs when two documents are cited together by a third 

document. If this happens frequently, the two are likely related in topic or conceptually 

linked. 

Used for: Discovering research clusters or scientific schools of thought. 

2.     Bibliographic Coupling: When two documents cite the same third source, they are 

said to be bibliographically coupled. This implies a similarity in their knowledge base. 

Used for: Detecting research communities working on similar problems. 

3.     Thematic Evolution: This involves tracking how keywords or topics evolve over 

time. It shows the emergence, growth, decline, or merging of research themes. 

Application: Tracing how topics like “climate-smart agriculture” have grown over the 

years. 
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4.     Burst Detection: This technique identifies sudden increases in the frequency of 

terms, citations, or topics — signalling emerging trends. 

Example: A burst in the keyword "AI in agriculture" might indicate a new research front. 

Popular Tools Used in Scientometric Analysis 

1.     VOS viewer: A free tool used for creating maps based on network data, particularly 

for co-authorship, co-citation, and keyword co-occurrence. 

Strength: Excellent for visualizing large bibliometric networks. 

2.Cite Space: Java-based software for visualizing and detecting emerging trends and 

research fronts over time. 

Special Feature: Temporal bursts and cluster labelling. 

3.     SciMAT (Science Mapping Analysis Tool): Focuses on longitudinal analysis of 

themes and helps in understanding thematic evolution. 

Application: Used to track how a field like "organic farming" has changed over 30 years. 

4.     Bibliometrix (R Package): An R-based software for comprehensive bibliometric 

analysis. It also offers a web interface called Biblioshiny. 

Strength: Fully customizable, supports advanced statistics. 

5.     Gephi:  

An open-source network analysis tool, especially used for large and complex networks. 

Commonly used for collaboration networks. 

Application: Visualizing institutional or country-level research collaborations. 

Scopus and Web of Sciences  

    Scopus and Web of Science are two of the largest and most widely used academic 

databases that provide access to scholarly articles, journals, conference papers, patents, and 

other academic content. Both databases are essential tools for researchers, institutions, and 

academics to search for literature, track citations, and measure research impact. 

Scopus is owned by Elsevier and covers a wide range of disciplines, including science, 

technology, medicine, social sciences, and arts & humanities. It includes over 23,000 

journals, conference proceedings, and other content types. Scopus provides citation 

analysis, author profiles, and metrics like the h-index. It also offers tools for tracking 

citation trends and measuring research performance. Scopus is known for its 
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comprehensive indexing of conference proceedings, which makes it especially valuable for 

those in fast-evolving fields where conference presentations are important. 

Web of Science is owned by Clarivate Analytics (formerly Thomson Reuters). The web of 

Science includes journals across a variety of disciplines, with a strong emphasis on science, 

social sciences, arts & humanities, and indexes over 21,000 journals, books, and patents. 

Features are similar to Scopus, Web of Science provides citation analysis, author and 

institutional profiles, and impact metrics. It includes a powerful citation search tool, which 

allows users to track the number of articles that have been cited and explore citation 

relationships. The Web of Science is particularly well-regarded for its rigorous selection 

process for journal inclusion, meaning the journals indices are often considered to be of 

high scholarly quality. 

Benefits of Scientometric Analysis 

     Scientometric analysis helps identify areas where further research is needed, enabling 

targeted investments in agricultural research and development. By analyzing citation 

patterns and research output, scientometric analysis can assess the impact of research in 

agriculture and allied sectors. Scientometric analysis can provide insights into emerging 

trends and areas of research focus, informing policy decisions and resource allocation. Data 

analytics helps farmers identify optimal conditions for each crop variety and field location, 

leading to improved yields and reduced waste. Technologies like drones, sensors, and 

satellite imagery enable farmers to make data-driven decisions, optimizing resource use 

and maximizing yields. 

Analytics helps farmers reduce environmental impact through targeted interventions, such 

as precision irrigation and fertilizer application. 

     Scientometric analysis in agriculture and allied sectors involves evaluating research 

activity and productivity in these fields. Several scientometric studies have used databases 

such as Scopus, Web of Science, CAB Abstracts, and AGRIS to analyse agricultural 

research output. For example, Singh et al. (2022) conducted a comprehensive analysis of 

Indian agricultural research using Scopus data and found that institutions of Indian Council 

of Agricultural Research (ICAR) like Indian Agricultural Research Institute (IARI), and 

State Agricultural Universities like Tamil Nadu Agricultural University (TNAU) were 

among the most prolific contributors. The study also indicated an increase in international 
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collaboration, particularly with the United States, China, and European countries, driven 

by global issues like food security and climate change. 

Methodologically, scientometric studies in agriculture involve several analytical 

techniques, including citation analysis (Garfield, 1979), co-authorship networks (Newman, 

2001), keyword co-occurrence analysis (Callon et al., 1983), and productivity analysis. 

Tools like VOS viewer (Van Eck & Waltman, 2010), CiteSpace (Chen, 2006), and 

Bibliometrix in R are widely used to visualize and interpret the data. These tools help 

identify core authors, influential journals, thematic clusters, and emerging research fronts. 

For instance, Das and Mishra (2020) used VOS viewer to analyse the growth of literature 

in climate-smart agriculture, highlighting the increasing attention to sustainable farming 

practices and adaptation strategies. 

The scope of scientometric studies in agriculture has expanded to cover diverse subfields. 

In crop science, researchers analyse the publication trends in precision farming, plant 

breeding, and genetic engineering. In horticulture, analysis often focuses on high-value 

crops such as mango, banana, and tomato. Animal sciences have seen increasing 

publications in areas like dairy management, animal health, and feed technology (Kumar 

& Garg, 2021). Similarly, research in soil science, forestry, and fisheries is being evaluated 

to understand their contributions to ecological sustainability and economic development. 

India has demonstrated significant research output in areas such as rice and wheat breeding, 

soil nutrient management, and agrometeorology. However, several studies (e.g., Raj, 2019; 

Singh et al., 2022) point out under-researched areas like post-harvest management, value 

chain development, and farmer-centric technological adoption. There is also a need for 

better integration of socio-economic factors in agricultural research, especially in domains 

like agricultural extension, market intelligence, and rural livelihood resilience. 

Challenges in conducting scientometric analysis in agriculture include language bias (most 

databases prioritize English publications), name variations among authors and institutions, 

limited access to full-text articles, and underrepresentation of regional or non-indexed 

journals (Moed, 2005). Moreover, research outputs from low-income countries are often 

excluded from global scientometric reviews, thereby limiting the comprehensiveness of 

such studies. 
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Despite these limitations, scientometric analysis offers significant opportunities for 

enhancing agricultural research and development. The integration of altmetrics which 

includes mentions in news, social media, and policy documents provides an additional 

layer of understanding beyond citations. The use of machine learning and natural language 

processing (NLP) is also gaining popularity in processing large volumes of agricultural 

texts to extract themes and sentiments (Zhang et al., 2021). With the growing emphasis on 

interdisciplinary research, scientometric approaches can help bridge gaps between 

agricultural sciences and other domains like environmental science, economics, and public 

policy. 

Limitations and Ethical Considerations 

While scientometric analysis provides critical insights, several limitations exist: 

·     Underrepresentation of non-English and regional-language research 

·     Over-dependence on citation counts, which may not reflect true impact in applied 

fields 

·     Algorithmic bias in databases and tools 

·     Ethical issues in data scraping or misrepresentation of co-authorship networks 

Researchers are encouraged to triangulate findings with qualitative assessments and expert 

judgment. 

Conclusion 

Scientometric analysis in agriculture and allied sectors is a powerful tool for 

assessing research productivity, detecting trends, and informing strategic decisions. The 

increasing complexity of agricultural challenges ranging from food insecurity and climate 

change to resource degradation requires a robust and evidence-based research ecosystem. 

Scientometric studies, supported by reliable databases and advanced analytical tools, can 

play a pivotal role in shaping this ecosystem. As agriculture moves towards digitization 

and data-driven innovation, scientometric insights will become indispensable for 

optimizing research investments, fostering international collaborations, and guiding 

national research agendas in a sustainable and inclusive manner. 
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1. Introduction: 

Forecasting in agricultural systems plays a crucial role in effective planning. In the field of 

time series analysis, various statistical approaches have been developed for modeling and 

forecasting in different domains. However, each modeling approach has its own set of 

advantages and limitations. One common limitation shared by many time series models is 

the requirement of a substantial number of observations, typically 50 or more, to construct 

an accurate model. Unfortunately, there are situations where we are only able to gather a 

limited number of observations due to societal constraints, rapid technological 

advancements, or evolving policies. This poses a challenge when applying conventional 

time series models. To address this issue, the grey model, introduced by Deng in 1982, 

offers a non-traditional forecasting technique based on scarce and fuzzy information. The 

grey model utilizes differential equations to describe future tendencies within a time series. 

One notable advantage of the grey model is its ability to generate reliable forecasts even 

when only a few observations, as few as four, are available for the prediction process. This 

flexibility makes the grey model a valuable tool in situations where data scarcity or limited 

historical records hinder the application of traditional time series models. The grey model 

provides an innovative approach to time series forecasting, particularly in cases where 

conventional models face limitations due to a small number of observations. By leveraging 

scarce and fuzzy information, the grey model offers a viable solution for forecasting in 

agricultural systems and other domains with limited data availability. 

The grey model finds applications in various domains, showcasing its versatility and 

usefulness. Numerous studies have demonstrated the effectiveness of the grey model in 

different fields. For instance, it has been employed for high precision forecasting, as shown 

by Lin et al. in 2001. The model has also been utilized in estimating vehicle fatality risk, 

as demonstrated by Mao and Chirwa in 2006. Additionally, the grey model has proven 

valuable in time series prediction, as highlighted by Kayachan et al. in 2010. Moreover, 
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the grey model has been successfully employed in diverse areas such as predicting the 

growth trend of internet users, revenue, and the online game industry, as explored by Chang 

et al. in 2013. It has also been applied to forecast the output of the integrated circuit 

industry, as researched by Wang and Hsu in 2007.Beyond its applications in specific 

domains, the grey model has found utility in other research fields, including linear 

planning, financial forecasting, and tourism demand analysis. Notably, one of the strengths 

of the grey model lies in its simplicity of computation. Conventionally, the Ordinary Least 

Square (OLS) technique is employed to estimate the parameters of the grey model, further 

emphasizing its simplicity and ease of implementation. In summary, the grey model's wide 

range of applications in various domains, coupled with its straightforward computation 

procedure using techniques like OLS, make it a valuable tool for forecasting and analysis 

in fields such as linear planning, finance, tourism, and beyond. 
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2. Illustration 

In a research study conducted by Ray et al. (2022), the grey model was applied to analyze 

the annual yield of Bt cotton in India from the years 2002-03 to 2016-17. The data used for 

this analysis were obtained from the Cotton Advisory Board of India. Out of the fifteen 

available observations, the first eleven data points were used to fit the grey model, while 

the remaining four data points were reserved for forecasting purposes. By utilizing the grey 

model, Ray et al. aimed to examine its effectiveness in predicting future yields of Bt cotton 

based on historical data patterns. The grey model, known for its ability to handle limited 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-287- 

 

data and fuzzy information, provided a suitable framework for forecasting the yield of Bt 

cotton in this study. Through the process of model fitting, the grey model was calibrated to 

capture the underlying trends and patterns present in the yearly Bt cotton yield data. Once 

the model was fitted using the initial eleven observations, the researchers tested its 

forecasting capabilities by predicting the yield for the remaining four years. This 

illustration from Ray et al.'s research serves as a practical example of applying the grey 

model in the agricultural domain, specifically in analyzing and forecasting Bt cotton yield 

in India. By partitioning the data into a fitting subset and a forecasting subset, the 

researchers were able to assess the grey model's performance in capturing and predicting 

the variations in cotton yield over time. The study showcases how the grey model can be a 

valuable tool for agricultural forecasting, enabling researchers, policymakers, and 

stakeholders to make informed decisions based on historical data patterns. It demonstrates 

the potential of the grey model to provide insights and aid in planning and managing 

agricultural systems, even with limited available data. 

           The estimated parameters 𝑎 =  −0.018 and 𝑏 = 450.03 are obtained using the Ordinary 

Least Squares (OLS) method applied to the difference equation described in Step 5 of 

Section 2. Based on these estimates, the conventional forecast equation for the GM(1,1) 

model (refer to Equation 7) is given by: 

(0) (0) 0.018 0.018( 1)

0

450.033
ˆ ( ) [ (1) ](1 )

0.018

kx k x e e− −= − −                                                                             

3. Conclusion 

In conclusion, the grey model proves to be a valuable forecasting technique, particularly in 

situations where conventional time series models face limitations due to data scarcity or 

limited observations. Its ability to handle sparse and fuzzy information sets it apart from 

traditional approaches. The grey model has demonstrated successful applications in various 

domains, ranging from high precision forecasting to vehicle fatality risk estimation, time 

series prediction, and industry output forecasting. It has shown promise in fields such as 

agriculture, linear planning, financial forecasting, and tourism demand analysis. One of the 

significant advantages of the grey model is its simplicity of computation. The use of 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-288- 

 

techniques like Ordinary Least Square (OLS) to estimate model parameters contributes to 

its ease of implementation and wide accessibility. Moreover, the grey model has proven 

effective even when working with a small number of observations. It offers a viable 

solution for forecasting purposes, allowing reliable predictions to be made even with 

limited data points. This characteristic makes it particularly useful in rapidly evolving 

environments or situations where a small number of observations are available due to 

societal or technological factors. Overall, the grey model serves as a powerful alternative 

for time series forecasting, enabling researchers, practitioners, and decision-makers to 

make informed decisions and plan effectively. Its versatility, simplicity, and ability to 

handle scarce data make it a valuable tool for analyzing and predicting trends in various 

domains, contributing to improved forecasting accuracy and decision-making processes. 

R code: 
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Introduction: 

Many real-life systems evolve over time due to a mix of randomness and dependence on 

their current state. To model and anticipate behaviour of such systems, stochastic processes 

are employed, mathematical frameworks that account for both unpredictability and 

dynamic progression. A Markov chain is a special type of stochastic process that describes 

a system where probability of moving to next state depends only on current state, not on 

the path taken to reach it. This characteristic is known as Markov property.  

For example, consider a farmer who monitors daily moisture level of his field. The soil can 

be in one of two conditions: well irrigated (W) or under irrigated (U). Each day, the state 

of soil can either remain same or change, influenced by weather or irrigation. To estimate 

tomorrow’s condition, farmer doesn’t need to recall moisture levels from past several days; 

just today’s condition is sufficient. This makes it a typical example of a Markov chain, 

where system’s states are W & U and transition probabilities might state that if today soil 

is well irrigated then there is 80% chance it remains well irrigated tomorrow.  

Markov chains are valuable tools for modelling such time-dependent transitions in various 

agricultural scenarios, such as soil moisture status, crop growth stages, pest or disease 

progression, market shift, price prediction model etc. They are particularly useful when 

focus is on how process evolves over time and when future predictions rely solely on 

present state. 

Terminologies used in Markov chain: 

I. State (𝒔𝟏, 𝒔𝟐, … , 𝒔𝒏):  

A state refers to a specific condition of agricultural system at a given point 

in time. Example: Soil moisture levels can be classified into three states: 𝒔𝟏= Dry, 

𝒔𝟐 = Moist and 𝒔𝟑 = Saturated At any day t, soil will be in one of these states. 

II. Transition Probability (𝑃ᵢⱼ):  

The probability of moving from one state to another or probability of system 

moves from state i to state j in one time step. If soil is Moist today (𝒔𝟐), the chance 

it becomes Dry tomorrow (𝒔𝟏) is:    𝑃21 = 𝑃(𝑋𝑡+1 = 𝑠1 ∣∣ 𝑋𝑡 = 𝑠2 ). 

III. Transition Probability Matrix (TPM), P:  

A square matrix P that shows all one-step transition probabilities between 

states. 
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Each row represents a current state and each column shows probability of going to 

a future state. Example, 3 soil states: 

P = [

𝑃11 𝑃12 𝑃13

𝑃21 𝑃22 𝑃23

𝑃31 𝑃32 𝑃33

]Where, P12 = P(Dry → Moist) 

∑𝑃𝑖𝑗

𝑛

𝑗=1

= 1 

 

One-step transition probability: 

𝑝𝑖𝑗 = 𝑃(𝑋𝑡+1 = 𝑗 ∣∣ 𝑋𝑡 = 𝑖 ) 

P = 

[
 
 
 
 
𝑃11 𝑃12 . . . . . 𝑃1𝑛

𝑃21 𝑃22 . . . . . 𝑃2𝑛

. . . .

. . . .
𝑃𝑛1 𝑃𝑛2 . . . . . 𝑃𝑛𝑛]

 
 
 
 

 

N-Step Transition Probability: 

𝑝𝑖𝑗
(𝑛)

= 𝑃(𝑋𝑡+𝑛 = 𝑗 ∣∣ 𝑋𝑡 = 𝑖 ) 

 

𝑃𝑛 = 

[
 
 
 
 
 𝑃11

(𝑛) 𝑃12
(𝑛) . . . . . 𝑃1𝑛

(𝑛)

𝑃21
(𝑛) 𝑃22

(𝑛) . . . . . 𝑃2𝑛
(𝑛)

. . . .

. . . .

𝑃𝑛1
(𝑛) 𝑃𝑛2

(𝑛) . . . . . 𝑃𝑛𝑛
(𝑛)]

 
 
 
 
 

 

IV. Initial Probability Distribution (π):  

This is a row vector representing the probability of being in each state at 

start (t = 0), where 𝜋 = [𝜋1, 𝜋2, … , 𝜋𝑛]. If soil moisture starts with 20% Dry, 50% 

Moist and 30% Saturated, then 𝜋 = [0.2,0.5,0.3] 
V. Steady-State Distribution (π*):  

  This is a long-term probability distribution where the probabilities no longer 

change after many steps. 

𝜋∗ = 𝜋∗𝑃   and     ∑ 𝜋𝑖
∗𝑛

𝑖=1 = 1 

After simulating many days of irrigation and weather patterns, soil stabilizes to a 

state where 𝜋∗ = (0.1,0.6,0.3)  𝑖. 𝑒. , in long run, soil will be Moist 60% of time. 

VI. Markov Property:  

The future state depends only on current state and not on past history. 

𝑃(𝑋𝑡+1 = 𝑗 ∣∣ 𝑋𝑡 = 𝑖, 𝑋𝑡−1, … , 𝑋0 ) = 𝑃(𝑋𝑡+1 = 𝑗 ∣∣ 𝑋𝑡 = 𝑖 ) 

If today soil is Moist, chance of it being Wet tomorrow depends only on the 

fact that it's Moist today, not on whether it was Dry or Wet in the past. 

Classification of States: 

To better understand Markov chains, concept different states should be familiar. Following 

are the types of state: 
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I. Accessibility (i → j):  

State j is accessible from state i if  𝑃𝑖𝑗 > 0 . From "Moist" soil (state i), "Dry" soil 

(state_j) can be reached in some number of steps. 

II. Communication (i ↔ j):  

States i and j communicate if both are accessible from each other like i → j and j 

→ i ⇒ i ↔ j.  

III. Recurrent State (Persistent): 

A state is recurrent if the system is guaranteed to return to it eventually. Example: 

Soil will eventually become "Moist" again due to rainfall/irrigation cycle. 

IV. Transient state: 

A state is considered transient if, once the process enters this state, there is a 

nonzero probability that it may never return to it. More formally, state i is 

transient if there exists at least one state j that is reachable from state i, but state 

i is not reachable from state j. In other words, the process can move from state i 

to state j, but there is no path back from j to i. 

 

 

 

 

 

 

 

 

Fig 1: A Markov chain with one transient state and two recurrent states  

(Source: Brilliant.org) 

 

V. Absorbing State: 

A state i is absorbing if once entered, the process stays there forever. If a plant 

reaches “Dead” state due to drought, it cannot return to a “Recovering” stage. 

 

 

 

 

 

 

 

 

 

Fig 2: Absorbing states A & E (Source: Brilliant.org) 
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VI. Periodic & Aperiodic: 

A state is periodic if it can only be returned to after fixed intervals. A system always 

goes from Seed → Flower → Fruit → Seed in exact order, like a fixed cycle. A 

state is aperiodic if it can be returned to at any time, not just fixed intervals.  

VII. Ergodic State: 

A state is ergodic if it is recurrent and aperiodic.  

 

 

 

 

Fig 3: Ergodic States (Source: Brilliant.org)  

Characteristics of Markov Chains: 

A. Ergodic Chain: 

A chain is ergodic if all its states are ergodic. Only ergodic chains have well 

defined steady-state distributions. Soil transitioning daily between all three 

moisture states with no fixed cycle. 

 

B. Irreducible Chain:  

A chain is irreducible if all states communicate with each other. The system can 

move from any state to any other (possibly in multiple steps). Soil moisture 

transitioning between Dry, Moist, Wet. 

C. Reducible Chain: 

A chain is reducible if at least one state cannot be reached from another. After 

moving from "Seedling" to "Harvest", the cycle never returns to "Seedling". 

D. Reversibility:  

A Markov chain is said to be reversible if the likelihood of moving from one state 

to another is the same as the likelihood of returning to the original state from the 

second state. 

   Types of Markov Chain 

There are two main types of Markov chains: Discrete-Time Markov Chain (DTMC) 

and Continuous-Time Markov Chain (CTMC). As their names suggest, DTMC 

involves transitions occurring at fixed, discrete time intervals, whereas CTMC allows 

transitions to happen at any continuous point in time (Ross, 2014; Lawler, 2018). These 

two types of Markov chains are summarized in Table 1. 

Table 1: Types of Markov chain 

Type Full Form State Time 

DTMC Discrete Time Markov Chain Discrete Discrete 

CTMC Continuous Time Markov Chain Discrete Continuous 

 

A. Discrete-time Markov chains (DTMC): In DTMC, transitions happen at fixed 

time intervals. This is where Hidden Markov Models (HMMs) fit in. 
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✓ Hidden Markov Model (HMM): 

A Hidden Markov Model (HMM) is a statistical model in which the system being 

modelled is assumed to follow a Markov process with unobservable (hidden) states 

(Rabiner, 1989). The actual sequence of states is not directly visible, but each state 

generates an observation that is visible. Hence, model consists of: 

a. Hidden States: 𝑆 = {𝑠1, 𝑠2, … , 𝑠𝑁} 

b. Observations: 𝑂 = {𝑜1, 𝑜2, … , 𝑜𝑇} 
c. Initial State Probability: Initial distribution over states,  

𝜋 = {𝜋𝑖} where 𝜋𝑖 = 𝑃(𝑞1 = 𝑠𝑖) 

d. Transition Probability Matrix:  

Probability of transitioning between states:  

𝐴 = [𝑎𝑖𝑗] where 𝑎𝑖𝑗 = 𝑃(𝑞𝑡+1 = 𝑠𝑗 ∣∣ 𝑞𝑡 = 𝑠𝑖 ) 

e. Emission Probability Matrix:  

Describes the probability of observing a symbol given a state:  

𝐵 = [𝑏𝑗(𝑘)] where 𝑏𝑗(𝑘) = 𝑃( 𝑜𝑡 = 𝑣𝑘 ∣∣ 𝑞𝑡 = 𝑠𝑗 ) 

Here, 𝑞𝑡 denotes the hidden state at time t while 𝑜𝑡 denotes observed 

output at time t and 𝑣𝑘 represents a specific possible observation of output 

series. 

 

Fig 4: Hidden Markov Model (HMM) (Wu, 2020) 

✓ Algorithms for solving HMMs  

Hidden Markov Models (HMMs) utilize various algorithms, each designed for 

specific tasks, such as Forward Algorithm, Backward Algorithm and Viterbi 

Algorithm. However, this chapter focuses exclusively on the Viterbi Algorithm. 

The Viterbi Algorithm is specifically used to address what is known as 

“decoding problem” in Hidden Markov Models (HMMs). Given a known HMM; 

comprising defined a.  Hidden states b. Transition probabilities c. Emission 
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probabilities d. Initial state distributions e. Sequence of observed events, the 

objective is to determine the most likely sequence of hidden states responsible for 

generating those observations. In other words algorithm decodes most probable 

path through hidden layer of the model, offering a powerful tool for inference in 

sequential data (Viterbi, 1967). 

While the decoding problem in HMMs may seem straightforward, 

“identifying most likely sequence of hidden states behind a given observation”, it 

quickly becomes computationally intense as sequence length grows. For example, 

with just three hidden states and ten observations, there are over 59,000 (310 = 

(State)observations = 59,049) possible paths to consider. Exhaustive search is 

impractical for longer sequences. 

The Viterbi Algorithm (Forney, 1973) solves this challenge efficiently using 

dynamic programming. Rather than evaluating all possible paths, it incrementally 

builds the most probable path using two key structures as mentioned in table 2. This 

step-by-step optimization makes decoding tractable even for long sequences. 

Table 2: Two main structures of Viterbi Algorithm 

Table Purpose 

Viterbi Table (V) Highest probability of any path reaching each state at time t 

Backpointer Table Which previous state led to that highest probability 

 

✓ Steps to be followed in Viterbi Algorithm: 

1. Initialization: At time t = 0, calculate: 

𝑉1(𝑠) = 𝜋(𝑠) ⋅ 𝑃(𝑂0 ∣∣ 𝑠 ) 

Where, 𝜋(𝑠) is probability of starting in state S1, 𝑃(𝑂0 ∣∣ 𝑠 ) is probability 

that state S1 emits first observation 𝑂0. Also at this time, backpointer will be 

none (this is the start). 

 

2. Recursion: (for t = 1 to t-1) and for each state S𝑗  

𝑉𝑡(𝑠) = 𝑚𝑎𝑥
𝑠′

[𝑉𝑡−1(𝑠
′) ⋅ 𝑃( 𝑠 ∣ 𝑠′ )] ⋅ 𝑃( 𝑂𝑡 ∣∣ 𝑠 ) 

𝑃( 𝑠 ∣ 𝑠′ ) 𝑖𝑠 𝑝robability of going from state 𝑠′  to 𝑠 while 

𝑃(𝑂𝑡 ∣∣ 𝑠 ) 𝑖𝑠 𝑒mission probability of observation 𝑂𝑡 from state 𝑠. Save index 

of state 𝑠′ that gave the max value in the backpointer.   

 

3. Termination: At final time t, find: 

𝑃∗= Bestpathprob = 𝑚𝑎𝑥
𝑠

𝑉𝑇 (𝑠) 

This gives the highest probability of any complete state path. Note the state 𝑞𝑡
∗ 

where this highest probability ends. 
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4. Backtracking: From t−1 to 0, follow: 

qt
* = 𝑏𝑎𝑐𝑘𝑝𝑜𝑖𝑛𝑡𝑒𝑟(𝑞𝑡+1

∗ ) 

Most likely full sequence of hidden states: 

𝑄∗ =[ 𝑞0
∗,  𝑞1

∗,  𝑞2
∗, . . . . . . ] 

 

B. Continuous-time Markov chains (CTMC):  

CTMC is a stochastic process where system transitions between discrete states 

continuously over time. Unlike DTMCs, CTMCs allow transitions at any real-

valued time point and are governed by transition rates rather than probabilities. 

Components of CTMC are given table 3. 

Table 3: Core component of CTMC 

Components Description 

States (S) A finite set of states 

Holding Time (T) The time spent in a state before transitioning, modelled as 

exponential distribution: T ∼ Exp(λi), where λi is the 

transition rate from state i. 

Transition Rate (λ) Inverse of average holding time: λ=1/τ  

Generator (Q) Matrix Diagonal entries are negative (rate of leaving a state); 

rows sum to 0. 

In Continuous-Time Markov Chain (CTMC), these transitions are governed by 

exponential random variables, meaning the time a system spends in any given state, 

called the holding time and it follows an exponential distribution. 

To illustrate, consider life cycle of pest, which progresses through four stages: Egg 

→ Larva → Pupa → Adult.  

At any moment, a pest can transition from its current stage to the next. 

However, the exact timing of this transition is random and varies for each stage. In 

such systems, once the timer for the current stage "expires", the pest transitions to 

the next stage. This unidirectional progression, typical in biological development, 

does not involve multiple competing paths, so the “competing exponentials” 

mechanism commonly seen in network systems or general CTMCs with multiple 

transition options per state is not applicable here. Instead, the pest always moves to 

a fixed next state, making the transition deterministic in direction, though stochastic 

in timing. 

Despite the fixed path, the CTMC framework still applies. The system can 

be described using a Q-matrix (generator matrix), which encodes the transition 

rates. In this matrix: 
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• Off-diagonal entry qij represents the rate of transition from state i to state 

j. 

• Diagonal entries qii are negative and equal to negative sum of all outgoing 

rates from state i, ensuring each row sums to zero. 

This behavior forms what is known as a jump process. While timing of 

transitions is continuous and governed by exponential distributions, the sequence 

of transitions forms a discrete-time Markov chain, called the embedded or jump 

chain. A defining feature of CTMCs is the Markov property, often described as 

“memorylessness”.  

✓ Steps to be followed in CTMC: 

1. Compute mean duration (𝜏) for leaving the stage 

2. Calculate transition rate (λ) for each stage: 

λ = 1
𝑚𝑒𝑎𝑛 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛⁄ = 1

𝜏⁄  

3. Q matrix 

𝑄 = (

−λ1 λ1 0 0
0 -λ2 λ2 0
0 0 −λ3 λ3

0 0 0 0

) 

4. Simulate Holding Times Ti 

𝑇𝑖~𝐸𝑥𝑝(λ𝑖) = 𝑊𝑎𝑖𝑡𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 = −
𝑙𝑛(𝑈)

λ
;   𝑈~ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0,1) 

Here U is random number between 0 to 1. 

5. Add cumulative time at each stage transition 

𝑇𝑡𝑜𝑡𝑎𝑙=𝑇1 + 𝑇2 + 𝑇3 +. . . . .. 

Practical examples of Markov Chain: 

Category: Discrete-Time Markov Chain (DTMC) 

Q1. Given 15 days of daily rainfall data (in mm), forecast the probability of rainfall 

(Wet  

        state) over the next 10 days using the DTMC approach. 

Days Rainfall (mm) Days Rainfall (mm) 

1 0.0 9 12.1 

2 5.2 10 15.3 

3 0.0 11 0.0 
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4 0.0 12 0.0 

5 7.3 13 2.0 

6 0.0 14 0.0 

7 0.0 15 0.0 

8 0.0 
  

Solution: 

Convert Rainfall into discreate states 

 
Day 

1 

Day 

2 

Day 

3 

Day 

4 

Day 

5 

Day 

6 

Day 

7 

Day 

8 

Day 

9 

Day 

10 

Day 

11 

Day 

12 

Day 

13 

Day 

14 

Day 

15 

Rainfall  0.0 5.1 0.0 0.0 7.3 0.0 0.0 0.0 12.1 15.3 0.0 0.0 2.0 0.0 0.0 

State(0/1) 0 1 0 0 1 0 0 0 1 1 0 0 1 0 0 
 

Count Transitions 

From \ To Dry (0) Wet (1) Total 

Dry (0) 5 4 9 

Wet (1) 4 1 5 

 

Transition Probability Matrix (TPM) 

 TPM=(
5

9⁄
4

9⁄

4
5⁄

1
5⁄
) = (

0.5556 0.4444
0.8 0.2

) 

Initial Probability Distribution (π₀): (Dry = 10;    Wet = 5; Total = 15) 

π₀ =(10
15⁄   5 15⁄ ) = (0.6667   0.3333) 

π1 = π₀ ∗ TPM = (0.6667 0.3333) * (
0.5556 0.4444

0.8 0.2
) 

                            =[0.6667 × 0.5556 + 0.3333 × 0.8,   0.6667 × 0.4444 + 0.3333 × 

0.2] 

                            =[0.3704 + 0.2667,  0.2963 + 0.0667]=[0.6371,  0.3630] 

π2 = π1 ∗ TPM = (0.6371 0.3630) * (
0.5556 0.4444

0.8 0.2
)=[ 0.5941  0.3431 ] 

π3 = π2 ∗ TPM = (0.5941  0.3431) * (
0.5556 0.4444

0.8 0.2
)=[ 0.6045  0.3326 ] 

π4 = π3 ∗ TPM = (0.6045  0.3326) * (
0.5556 0.4444

0.8 0.2
)= [0.6019   0.3351] 

π5 = π4 ∗ TPM = (0.6019   0.3351) * (
0.5556 0.4444

0.8 0.2
)=[0.6024  0.3345 ] 
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π6 = π5 ∗ TPM = (0.6024  0.3345) * (
0.5556 0.4444

0.8 0.2
)=[ 0.6022   0.3345 ] 

π7 = π6 ∗ TPM = (0.6022   0.3345) * (
0.5556 0.4444

0.8 0.2
)=[ 0.6021  0.3346 ] 

…………………. keep multiplying until π10 

Probabilty of next 10 days = π₀ *  (TPM)10 

Python Code Implementation Rainfall Forecast  
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Q2. A farmer, in absence of soil sensors, relies on leaf color observations from drone 

images recorded over 3 consecutive days to estimate soil moisture status. The 

probabilities are given in diagram below. 

I. Determine most probable sequence of soil moisture states over 3 days, given 

observed leaf color sequence as L → D → Y.  

 

 

 

 

Observed Leaf Colours: Hidden States (Soil Moisture Condition): 

• Day 1 → Light Green (L) 

• Day 2 → Dark Green (D) 

• Day 3 → Yellowish (Y) 

• W: Well Irrigated 

• U: Under Irrigated 
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Solution: 

Enlist all matrices first which is required to solve the problem using Viterbi algorithm: 

𝜋 (Initial state) =  {0.  5 0.5} 
A (State Transition Matrix) = {

0.8 0.2
0.4 0.6

} 

B (Emission Matrix) = {
0.7 0.2 0.1
0.2 0.5 0.3

} 

Viterbi algorithm steps: 

i. Initialization: 
𝑉1(𝑠) = π(𝑠) ⋅ 𝑃( 𝑂1 ∣∣ 𝑠 ) 

ii. Recursion (for t ≥ 2): 

𝑉𝑡(𝑠) = max
𝑠′

[𝑉𝑡−1(𝑠
′) ⋅ 𝑃( 𝑠 ∣∣ 𝑠′ )] ⋅ 𝑃(𝑂𝑡 ∣∣ 𝑠 ) 

iii. Last step: 
Best path prob = max

𝑠
𝑉𝑇 (𝑠) 

i. Initialization (Day 1 → L) 

𝑉1(𝑊) = 𝜋(𝑊) ⋅ 𝑃( 𝐿 ∣ 𝑊 ) = 0.5 ∗ 0.2 = 0.1 

𝑉1(𝑈) = 𝜋(𝑈) ⋅ 𝑃( 𝐿 ∣ 𝑈 ) = 0.5 ∗ 0.5 = 0.25 

ii. Recursion (Day 2 → D) 

𝑉2(𝑊) = 𝑚𝑎𝑥[𝑉1(𝑊) ∗ 𝑃(𝑊 ∣ 𝑊 ),  𝑉1(𝑈) ∗ 𝑃(𝑊 ∣ 𝑈 )] ∗ 𝑃(𝐷 ∣ 𝑊 ) 

                                 = max[0.1 ∗ 0.8,  0.25 ∗ 0.4] ∗  0.7 = max[0.08,  0.10] ∗ 0.7 

= 0.10 ∗ 0.7 = 0.07 
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𝑉2(𝑈) =  max[𝑉1(𝑊) ∗ 𝑃(𝑈 ∣ 𝑊 ),  𝑉1(𝑈) ∗ 𝑃(𝑈 ∣ 𝑈 )] ∗ 𝑃(𝐷 ∣ 𝑈 ) 

                           = max[0.1 ∗ 0.2,  0.25 ∗ 0.6] ∗ 𝑃( 𝐷 ∣ 𝑈 ) = max[0.02,  0.15] ∗

0.2 

= 0.15 ∗ 0.2 = 0.03 

iii. Recursion (Day 3 → Y) 

𝑉3(𝑊) = 𝑚𝑎𝑥[𝑉2(𝑊) ∗ 𝑃(𝑊 ∣ 𝑊 ),  𝑉2(𝑈) ∗ 𝑃(𝑊 ∣ 𝑈 )] ∗ 𝑃( 𝑌 ∣ 𝑊 ) 

                              = 𝑚𝑎𝑥[0.07 ⋅ 0.8,  0.03 ⋅ 0.4] ⋅ 0.1 = 𝑚𝑎𝑥[0.056,  0.012] ⋅ 0.1 

= 0.056 ⋅ 0.1 = 0.0056 

 

𝑉3(𝑈) =  max[𝑉2(𝑊) ∗ 𝑃(𝑈 ∣ 𝑊 ),  𝑉2(𝑈) ∗ 𝑃(𝑈 ∣ 𝑈 )] ∗ 𝑃( 𝑌 ∣ 𝑈 ) 

                  = max[0.07 ⋅ 0.2,  0.03 ⋅ 0.6] ⋅ 𝑃( 𝑌 ∣ 𝑈 ) = max[0.014,  0.018] ⋅ 0.3 

= 0.018 ⋅ 0.3 = 0.0054                            

 

So the most probable path ends in W and the maximum path probability is 0.0056 

Then trace back: 

Day 3: W (← came from W) 

Day 2: W (← came from U) 

   Day 1: U 

So most probable hidden state sequence for 3 consecutive days is U → W → W 
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Python Code Implementation for Soil Moisture Estimation Using Leaf Color 
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Category: Continuous-Time Markov Chain (CTMC) 

Q3. Lifecycle data of 10 eggs of a single pest species recorded under uniform 

conditions. Each pest transitions through four stages: Egg → Larva → Pupa → 

Adult.. 

I. Calculate average time in each state and corresponding transition rates  

II. Construct CTMC Q matrix for 4-stage lifecycle 

III. Simulate adult emergence of 100 pests and prepare a day-wise emergence table 

IV. How many reaching Adult stage by Day 5, 6, 7 and determine peak infestation day 

 

 

 

 

 

 

 

 

 

Solution: 

A. Estimation of Stage Durations 

▪ For each pest, compute the time spent in each stage: 

• Egg duration = Larva Emerged − Day 0 

• Larva duration = Pupa Formed − Larva Emerged 

• Pupa duration = Adult Emerged − Pupa Formed 

▪ Compute the mean duration for Egg, Larva and Pupa stages across all 10 pest 

ID manually. 

B. Estimation of Transition rate & Q matrix 

Pest ID Egg Laid 

(Day 0) 

Larva Emerged 

(Day) 

Pupa Formed 

(Day) 

Adult Emerged 

(Day) 

P1 0.0 2.1 5.4 9.3 

P2 0.0 1.8 4.7 8.8 

P3 0.0 2.2 5.2 9.5 

P4 0.0 2.0 5.0 9.1 

P5 0.0 1.9 4.8 8.9 

P6 0.0 2.3 5.3 9.6 

P7 0.0 2.1 5.1 9.4 

P8 0.0 2.0 5.2 9.2 

P9 0.0 2.2 5.4 9.5 

P10 0.0 2.1 5.3 9.3 
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• Calculate the transition rate (λ) for each stage : 

λ = 1
𝑚𝑒𝑎𝑛 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛⁄ = 1

𝜏⁄  

• Q matrix 

𝑄 = (

−λ1 λ1 0 0
0 -λ2 λ2 0
0 0 −λ3 λ3

0 0 0 0

) 

C. Simulation for 100 pests via using python 

 

 

 

• 𝝉 (𝑚𝑒𝑎𝑛 ) 𝑎𝑛𝑑 λ (lamda=transition rate) are calculated in the above table. 

Additionally, Q matrix is formulated with help of λ. 

𝑸 = (

−𝟎. 𝟒𝟖𝟑𝟏 𝟎. 𝟒𝟖𝟑𝟏 𝟎 𝟎
𝟎 −𝟎. 𝟑𝟐𝟓𝟕 𝟎. 𝟑𝟐𝟓𝟕 𝟎
𝟎 𝟎 −𝟎. 𝟐𝟒𝟐𝟕 𝟎. 𝟐𝟒𝟐𝟕
𝟎 𝟎 𝟎 𝟎

) 

• Compute holding time T 

𝑻𝒊~𝑬𝒙𝒑(λ𝒊) = 𝑾𝒂𝒊𝒕𝒊𝒏𝒈 𝒕𝒊𝒎𝒆 = −
𝐥𝐧(𝑼)

λ
;   𝑼~ 𝑼𝒏𝒊𝒇𝒐𝒓𝒎(𝟎, 𝟏) 

▪ Randomly choose U values for each pest and each stage (from [0.1–0.9]): 
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▪ Pest 1 

o U₁ (Egg) = 0.7 

o U₂ (Larva) = 0.4 

o U₃ (Pupa) = 0.3 

𝑻U₁ = −
𝒍𝒏(𝟎.𝟕)

0.4831
≈0.7384 days 

𝑻U2
= −

𝒍𝒏(𝟎.𝟒)

0.3257
 ≈2.8134 days 

𝑻U𝟑 = −
𝒍𝒏(𝟎.𝟑)

0.2427
 ≈4.9636 days 

• Total time to adult = 0.7384 + 2.8134 + 4.9636 = 8.5154 days 

• Similarly it is simulated for all 10 eggs 

 

Cohort Forecasting (Simulation for 10 eggs) 
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Python Code Implementation for Pest Infestation Forecasting (CTMC) 
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Abstract 

The Analytic Hierarchy Process (AHP), developed by Thomas Saaty in the 1970s, is a 

structured and widely used methodology for decision-making, particularly in complex and 

multi-criteria environments. Its first real-world application was in 1973, and it was 

formally published in 1980. Since then, AHP has become one of the most applied 

techniques in decision analysis. The method is based on three core principles: 

decomposition, comparative judgment, and synthesis of priorities. The decomposition 

principle involves breaking down a complex decision problem into a hierarchical structure 

composed of different levels. The top level represents the overall objective, the 

intermediate levels represent criteria and sub-criteria, and the bottom level includes the 

decision alternatives. Each level is independent of the others, allowing a clear and 

organized approach to problem-solving from general goals to specific elements. The 

second principle, comparative judgment, entails constructing pairwise comparison 

matrices in which elements within a level are compared with respect to their importance 

relative to a criterion in the level above. These comparisons are used to populate a 

reciprocal matrix, from which the principal eigenvector is derived to determine the relative 

priority of each element. 

Finally, the synthesis principle involves aggregating the local priorities downward through 

the hierarchy to produce global priorities for the decision alternatives. This is done by 

multiplying the local priorities of each element by the priority of its parent criterion in the 

upper level and summing the results. AHP is particularly valuable for incorporating 

subjective expert judgments into a structured framework and enables consistent evaluation 

of alternatives. The method’s strengths lie in its ability to handle both qualitative and 

quantitative factors, its hierarchical organization of complex problems, and its systematic 

approach to deriving and aggregating priorities for informed decision-making. 
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According to Saaty (1980), priorities in the Analytic Hierarchy Process (AHP) are 

synthesized from the second level downward by multiplying each element’s local 

priority by the priority of its corresponding criterion in the level above. These products 

are then summed for each element in a level, based on the criteria they relate to. This 

process yields the composite or global priority for that element, which is subsequently 

used to weight the local priorities of the elements in the level below when making 

comparisons based on that criterion, and the procedure continues down to the bottom 

level of the hierarchy. As with any methodological framework, AHP is grounded in a 

set of foundational axioms. These axioms serve as the base assumptions that support 

the structure and logic of the process. The reciprocal axiom requires that if a paired 

comparison between elements A and B with respect to a parent element C (denoted 

PC(A, B)) indicates how many times more A possesses a certain property compared to 

B, then the inverse comparison PC(B, A) must equal the reciprocal value, i.e., 1 / PC(A, 

B). The homogeneity axiom asserts that elements being compared should not vary too 

widely in the property being assessed. To avoid large judgmental errors, the linguistic 

scales used for comparisons should be limited to within one order of magnitude. The 

synthesis axiom implies that judgments regarding the priorities of elements in a 

hierarchy should remain unaffected by elements in lower levels. This ensures that the 

relative importance of higher-level objectives is not influenced by the priorities of 

lower-level components. While it doesn’t require complete independence of all factors, 

it ensures that the hierarchical composition remains valid for additive aggregation of 

priorities. Lastly, the expectation axiom maintains that individuals should ensure their 

beliefs and reasoning are adequately captured within the decision structure. This means 

the final output priorities should not drastically deviate from any well-informed 

expectations or prior knowledge the decision-maker holds. Together, these axioms 

uphold the consistency, rationality, and reliability of the AHP framework. 
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The Analytical Process 

The AHP is essentially an additive weighted aggregation method, where priority scores 

are computed by combining weights assigned to various criteria. These weights are derived 

from subjective pairwise comparisons of the lowest-level factors or criteria within the 

decision hierarchy. Through this structured comparison, AHP quantifies the relative 

importance of each factor and aggregates them to produce an overall priority score for 

decision alternatives. 

Hierarchical Decomposition of the Decision 

The decision-making process using the AHP begins by decomposing the problem into a 

hierarchical structure that includes all the essential and sufficient elements required for 

the decision. This hierarchy typically starts with the overall objective at the top, followed 

by higher-level factors or categories, and then further broken down into more specific sub-

factors or criteria at the lower levels. In the illustrative structure shown in Figure 1, element 

A represents the overall priority of an alternative, determined by considering all relevant 

factors. The higher-level elements B, C, and D might represent broad decision categories 

such as Lifecycle Cost, Benefits, and Risks, while the lower-level elements (depicted as 

ellipses in Figure 1) represent sub-criteria within each of these main categories. To clarify 

the methodology and computational steps of AHP, we reference a military application 

related to enhancing airborne surveillance capabilities. In this case, five potential 

alternatives have been shortlisted for evaluation, forming the basis for comparison and 

prioritization using the AHP framework. This approach allows decision-makers to 

systematically assess each alternative by considering its performance against multiple 

structured criteria. 

Alt1: Airborne Warning & Control System,  Alt2: Strategic Surveillance System  

Alt3: Tactical Surveillance System                            Alt4: Electromagnetic Intelligence 

Alt5: Battlefield Surveillance System 

The top level categories are: 

B = Acquisition Feasibility, C = Sustainability, D = Military Gain 

The next level factors are: 
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B1 = Availability, B2 = Cost  

C1 = Import Content, C2 = Technology Absorption, C3 = Indigenous Production  

D1 = Non-existing Capability, D2 = Enhancement of Exis ting Capability,  

D3 = Reduction in Enemy Capability, D4 = Morale Booster for Own Force. 

And the lowest level factors are: 

B21 = Set-up Cost, B22 = Running Cost, B23 = Annual Equivalent Cost 

Pairwise Comparisons 

In the AHP, two types of pairwise comparisons are conducted. The first involves 

comparing pairs of factors within the same level of the hierarchy, where analysts provide 

input on their relative importance. These comparisons yield computed values known as 

factor weights, which are crucial for the final merit aggregation across the hierarchy. The 

weights are derived from a top-down comparison process and are normalized so that their 

total under each parent node equals one. The second type of comparison is between pairs 

of alternatives, evaluating their relative performance with respect to each leaf or terminal 

node in the hierarchy. To carry out all pairwise comparisons, a graded rating scale is used 

to express the strength of preference between the compared elements. 

Selection of Comparison Scale Type 

Since the interpretation of a numerical rating depends on the nature of the scale it is derived 

from-such as ordinal, interval, or ratio-it is essential to define the scale type being used. 

According to Saaty [27], the AHP operates using a ratio scale, allowing for meaningful 

comparisons of relative magnitudes between elements. 

Selection of Comparison Scale Units 

When applying a ratio scale for mutual comparisons, the assigned numbers indicate the 

relative magnitude of the attribute or property held by the two factors under comparison. 

However, in the Analytic Hierarchy Process (AHP), decision-makers typically express 

their judgments using verbal or linguistic terms to convey relative importance. These 

qualitative assessments are then translated into numerical values to populate the pairwise 

comparison matrix. A commonly used scale, as proposed by Saaty, assigns values such as 
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1 for equal importance, 3 for moderate importance, 5 for strong importance, 7 for very 

strong importance, and 9 for extreme importance, with even numbers (2, 4, 6, 8) serving 

as intermediate values for finer discrimination. 

 Equal 

Importance 

Mildly 

Stronger 

Stronger Much Stronger Extremely 

Stronger 

 1 3 5 7  9 

 

 ratings of relative importance 

Equally  preferred 1 

Equally  to  moderately  preferred 2 

Moderately  preferred 3 

Moderately  to  strongly  preferred 4 

Strongly  preferred 5 

Strongly  to  very  strongly  preferred 6 

Very  strongly  preferred 7 

Very  to  extremely  strongly  preferred 8 

Extremely  preferred 9 

 

The reciprocals of the numbers represent the inverse of the original comparisons, aligning 

with the reciprocity axiom. The corresponding set of values for the 5 main grades 

mentioned above thus includes their respective reciprocals: 

{ 0.11, 0.14, 0.20, 0.33, 1, 3, 5, 7, 9 } 

The AHP calculates factor weights and alternative priorities from square matrices of 

pairwise comparison ratings using matrix algebra, specifically through eigenvalue-based 

methods. 

For any square matrix A, λ is an eigenvalue associated with a vector Ψ such that A Ψ =λ 

Ψ , where Ψ is called the corresponding eigenvector.  
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Step 1: Determine the largest eigenvalue (λ) that satisfies the characteristic polynomial of 

the comparison matrix. 

Step 2: Compute the principal eigenvector corresponding to this maximum eigenvalue. 

Step 3: Normalize the principal eigenvector so that the sum of its elements equals one. 

The normalized elements indicate the relative weights of factors or the relative priorities 

of alternatives with respect to a given criterion. To assess the consistency of rankings 

within any options matrix (or criterion priority matrix), the Consistency Index (CI) is first 

computed using the formula provided below. For a case with 4 options, 𝑬𝒎𝒂𝒙 represents 

the estimated maximum eigenvalue: 

CI = (λmax – n) / (n-1)   

where 𝜆𝑚𝑎𝑥 is the largest eigenvalue and 𝑛 is the number of criteria. The Consistency 

Ratio (CR) is then obtained by dividing the CI by the Random Consistency Index (RCI), 

which varies based on the number of options. The RCI values, as provided by Saaty (1980), 

are listed in the table below for different values of 𝑛. 

RANDOM CONSISTENCY INDEX 

TABLE 

Number of 

Options 

RCI 

1 0 

2 0 

3 0.58 

4 0.90 

5 1.12 

6 1.24 
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7 1.32 

8 1.41 

9 1.45 

 

The consistency ratio (CR) is given by: 

CR = CI / RCI   

A CR value greater than 0.10 (or 10%) indicates the need to re-examine and revise the 

pairwise comparisons in the matrix. The ideal of the AHP pairwise comparison model 

offers a strong and justifiable framework for identifying the most suitable (reasonable and 

feasible) options from a wide set of location alternatives. 

Case study for AHP 

The research aims to determine the most suitable technology for achieving sustainability 

in Plant Breeding and Genetics, focusing on five major crops: oilseeds, pulses, cotton, 

wheat, and maize. The evaluation is based on five key criteria: high yield potential, broad 

adaptation, resistance to biotic/abiotic stresses, good stability, and early maturity. The 

initial step in the AHP involves creating a graphical representation of the decision problem, 

structured as a hierarchy. Figure 1 illustrates this hierarchy, with the top level representing 

the overall goal-selecting the appropriate technology for sustainability. The second level 

outlines the five evaluation criteria that contribute to this goal. The third level includes the 

five crop alternatives, which serve as the options to be evaluated and compared based on 

the defined criteria. 
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To apply the AHP, the decision-maker must express judgments regarding the relative 

importance of each criterion in contributing to the overall goal. This is typically done 

through pairwise comparisons. For example, the decision-maker may be asked, “Between 

High yield potential and Broad adaptation, which is more important for setting research 

priorities across food crops?” Similar questions are posed for all possible pairs of criteria 

to construct a pairwise comparison matrix, following the method outlined by Saaty (1986). 

A sample priority matrix for the criteria (for demonstration purposes) is presented in Table 

1. 
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From this preference matrix a corresponding set of weights (the eigenvector w) are 

determined by the AHP. These are 

 

The next step is to make pairwise comparisons for each crop alternative with respect to 

each of the criteria which is given in table 2 to 6.  
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Table 6: The relative importance of factors High yield potential, Broad adaptation, 

Resistance to biotic  / abiotic stresses and Good stability, with respect to Early maturity. 

 Oilseed Pulses Cotton  Wheat Maize 

Oilseed 1 1/5 1/3 1/7 1/5 
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Pulses 5 1 5 6 8 

Cotton 3 1/5 1 1/3 1/2 

Wheat 7 1/6  3 1 1/7 

Maize 5 1/8 2 7 1 

 

 

 

 

 

 

The composite score indicates that stability has highest research priority followed by early 

maturity, broad adoption, stress resistance and high yield potential. 

241.0156.0084.0499.0045.0

387.0258.0072.0186.0095.0

301.0319.0154.0083.0139.0

209.0296.0241.0185.0067.0

149.0317.0169.0081.0280.0
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I. Introduction to NADRES v2 

The geographic and seasonal distribution patterns of numerous infectious livestock diseases are 

closely associated with climatic factors, positioning seasonal climate forecasts as crucial components 

of disease early warning systems (EWS). Recognizing this relationship, ICAR-NIVEDI 

conceptualized and developed the National Animal Disease Referral Expert System (NADRES), a 

web-based platform, to enhance proactive surveillance and early detection of major livestock diseases 

in India. Initiated during the early 2000s and supported by the National Agricultural Technology 

Project (NATP), NADRES was officially launched in 2005. Initially built on an Oracle database and 

later migrated to a MySQL architecture, the system enabled access to forewarning information on 16 

prioritized livestock diseases at the district level with a two-month lead time. With advancements in 

remote sensing, satellite data, and AI/ML technologies, NADRES evolved into a more dynamic and 

scalable system NADRES V2.0. This upgraded version integrates machine learning algorithms, high-

resolution climatic and disease datasets, and a robust processing pipeline to support national-level 

livestock disease forecasting and decision-making. 
 

 

Fig 1. NADRES V2 Home page 
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II. Forewarning Methodology 

Preamble 

NADRES V2.0 functions as a comprehensive early warning system powered by AI and 

ML, providing timely and actionable information to safeguard livestock health. Its 

architecture is designed to support preparedness among farmers, veterinarians, and 

institutions through advanced risk prediction and disease control. 

Objectives 

• Development of forecasting models for major livestock diseases with a lead time 

of two months. 

• Design and implementation of state-of-the-art communication models for 

effective dissemination of disease risk information. 

1. Materials and Data Acquisition 

• Livestock Disease Data: A decade’s worth of historical livestock disease 

outbreak data is retrieved from the NADRES database and linked with relevant 

risk factors. 

• Livestock Population Data: Population data for cattle, buffalo, sheep, goat, and 

pig at the village level were obtained from the 20th Livestock Census (2019), 

DAHD, GoI. 

2. Meteorological and Remote Sensing Data 

The disease risk forecasting framework integrates livestock census data with multiple 

climatic and ecological parameters. These include: 

• Remote Sensing Indicators: LST, NDVI, EVI, PET, LAI 

• Meteorological Variables: Air temperature, rainfall, wind speed, soil moisture, 

surface pressure, specific humidity, etc. 

• Data Sources: NASA’s GLDAS, MODAPS, and CRU datasets from the 

University of East Anglia. 

3. Delta Weather Parameters 

• Static Set: Long-term deltas (2001–2021) to capture climatic trends. 

• Dynamic Set: Recent averages (2018–2023) for short-term forecasting. 

• A total of 46 weather parameters (23 each for static and dynamic sets) are now 

used for robust modelling. 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-327- 

 

4. Ecological Parameters 

Additional data layers include soil pH, elevation (min/max/mean), and datasets on carbon 

emissions and water bodies (under process). 

5. Risk Modelling Workflow 

• Data collection and cleaning 

• Feature scaling and extraction 

• ARIMA-based weather forecasting (validated by IMD) 

• Dimensionality reduction using PCA 

• Application of multiple machine learning algorithms 

• Model validation using ROC, Cohen’s Kappa, and other metrics 

• Risk classification into six levels for intervention planning 

6. Seven-Step Risk Prediction Methodology 

1. Spatial Endemicity 

2. Temporal Endemicity 

3. Autocorrelation 

4. Space-Time Clustering 

5. Linear Discriminant Analysis 

6. Risk Modelling & Mapping 

7. Secondary Infection Analysis (R0) 

 

II. NADRES v2 Data Flow and Data Processing Diagram 

A) Data Flow Diagram: 
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Fig 2. NADRES V2 Data Flow Diagram 

 

B) Artificial Intelligence enabled Data Capturing and Forewarning System: 

 

 
Fig 3. Data Capturing and Forewarning system  
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III. Machine Learning Models for Disease Prediction 

Disease occurrence data is geospatially aligned and linked with climatic risk variables. The 

following algorithms have been employed: 

• Regression Models: GLM, GAM 

• Machine Learning Models: RF, BRT, ANN, MARS, FDA, CTA, XGM, SVM, 

Tree_prob, LASSO, GP, NN, Multinom_probs, KSVM, Ridge, Elastic Net, CRF 

Model performance is assessed using metrics such as ROC, Kappa, TSS, Accuracy, 

Precision, Sensitivity, Specificity, F1 Score, MAE, RMSE, and Gini Coefficient. Ensemble 

results are combined using raster stacking. All models are tested for overfitting and 

optimized for generalization. 

 

 

 

Figure 7. Livestock disease risk forewarning Bulletin Cover pages 

IV. Disease Risk Communication Strategy 

A structured, multi-modal risk communication strategy ensures timely and inclusive 

dissemination of disease forecasts: 

• Bulletins: Hard copies sent to ICAR and DAHD officials; digital versions 

emailed to state departments, KVKs, and NADEN centers. 

Risk Prediction  Livestock Disease Forewarning Maps (June  2025)
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Fig. 6. Risk Prediction – Livestock Disease Forewarning Maps (June 2025) 
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• LDF Mobile App: Offers real-time, location-specific risk data for veterinary 

officers; supports surveillance and sampling. 

• Web Portal: Public access to risk maps and forecasts; over 26.8 lakh users 

recorded. 

 

 

• SMS Alerts via FRUITS: Integrated with the Government of Karnataka’s 

FRUITS platform; 1.22 crore SMS alerts issued between April 2023–March 2024. 

• DLT Alerts: Direct communication with field veterinarians for rapid response. 

• Social media: Outreach via YouTube, LinkedIn, Twitter promotes awareness and 

participatory surveillance. 

 

LDF App Download Links: 

• APK: http://www.nivedi.res.in/android_nadres/LDF.apk 

• Google Play: https://play.google.com/store/apps/details?id=info.androidhive.ldf 

Interactive Visualization of AI  Based Disease Predictions: State  Disease and Month  Specific Insights in NADRES V2
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Prabhat Kumar, K. Ravi Kumar, Ponnaganti Navyasree, Nobin Chandra Paul and 

Santosha Rathod,  

 ICAR-National Institute of Abiotic Stress Management, Baramati-413115 

Email: kure.ravi@gmail.com 
 

Introduction  

Social Network Analysis (SNA) is a methodological approach used to study the 

relationships and interactions among individuals, groups, systems, or entities. Unlike 

traditional data analysis that focuses on individual characteristics, SNA emphasizes the 

connections and patterns of interactions within a network. These networks consist of nodes 

(also called vertices) representing entities, and edges (or links) representing the 

relationships or interactions between them. Originally rooted in sociology, SNA has grown 

into a multidisciplinary tool applied in areas such as epidemiology, communication studies, 

economics, and increasingly, environmental and agricultural sciences. In recent years, 

SNA has proven valuable for analyzing complex systems, such as those governing climatic 

interactions and abiotic stress patterns across regions. 

What is SNA? 

Social Network Analysis (SNA) is a methodological approach used to study the 

relationships and interactions among a set of entities referred to as "nodes" that are 

connected by "links" or "edges". These nodes can represent individuals, organizations, 

locations, concepts, or any elements capable of forming relationships, while edges capture 

the nature and strength of their interactions. 

SNA allows researchers to move beyond individual attributes and focus on the structure 

and pattern of relationships within a system. It is widely used across disciplines including 

sociology, biology, economics, information science, and systems research. 

At its core, SNA involves: 

• Nodes: The entities or actors in the network (e.g., people, organizations, systems). 
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• Edges: The relationships or interactions between the nodes (e.g., communication, 

collaboration, similarity). 

• Weights: The strength or intensity of connections (e.g., frequency, importance, or 

numerical correlation). 

How Does Social Network Analysis Work? 

SNA operates by: 

• Modeling the system as a graph, where entities are represented as nodes and their 

relationships as edges. 

• Analyzing the structure of the graph using network metrics such as: 

o Degree centrality (how many connections a node has), 

o Betweenness centrality (how often a node acts as a bridge), 

o Closeness and eigenvector centrality (how influential a node is). 

• Visualizing the network to detect hidden patterns, relationships, or clusters. 

• Identifying communities or subgroups, which are tightly connected portions of 

the network, using community detection algorithms. 

SNA offers valuable insights into system dynamics, interdependencies, and influence 

pathways that are not easily captured through conventional linear analysis. It is particularly 

useful for understanding complex systems, mapping influence flows, and optimizing 

network-based interventions. 

Data Requirements for Social Network Analysis in Climatic Studies 

To perform Social Network Analysis (SNA) effectively in the domain of climate science 

and abiotic stress research, diverse and high-quality data are essential. The construction of 

a meaningful and accurate network depends on the availability of structured information 

that captures the relationships between different climate-related entities; such as locations, 

time periods, or variables. 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-334- 

 

In the context of climatic studies, the following types of data are commonly required: 

• Temporal Climatic Data: Time series data of temperature, rainfall, humidity, 

wind speed, solar radiation, etc. 

• Spatial Data: Geographic coordinates or locations of weather stations or regions 

under study. 

• Derived Similarity Metrics: Correlation or distance matrices that quantify the 

similarity or dissimilarity between stations or variables. 

• Remote Sensing and Satellite Data: Large-scale environmental observations that 

can be spatially linked across regions. 

• Sensor-Based IoT Data: Real-time climatic data from automated sensors deployed 

in agricultural fields. 

• Anomaly or Event Data: Information about extreme events (e.g., droughts, 

heatwaves) and their spatial-temporal occurrence. 

Why and When to Use SNA in Climatic Studies? 

SNA is particularly useful in climate science for: 

• Exploring spatial and temporal interactions in climate variables. 

• Identifying zones or stations most affected by or contributing to climatic extremes. 

• Revealing early warning signals by monitoring central or bridge nodes. 

• Understanding regional connectivity in the spread of abiotic stress. 

Use SNA when: 

• Climate variables show interdependency across space or time. 

• The goal is to analyze system-level behavior (not just individual variables). 

• Traditional statistical approaches are insufficient to model complex, dynamic 

systems. 
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Analysis and Visualization in R  

Purpose of the Analysis 

To analyze correlation patterns in rainfall across multiple stations using Social Network 

Analysis. This helps identify spatial dependencies, similar climatic behavior, and zones 

with shared rainfall patterns—vital for abiotic stress monitoring (like droughts/floods). 

Simulated Rainfall Dataset 

We simulate simulated dataset of rainfall (monthly rainfall in mm) for 10 hypothetical 

weather stations over 12 months, followed by R code to perform Social Network Analysis 

using correlation-based edges. 

# Simulate rainfall data 

set.seed(123) 

rainfall_data <- matrix(round(runif(120, 10, 300), 1), nrow = 10, ncol = 12) 

rownames(rainfall_data) <- paste0("Station_", 1:10) 

colnames(rainfall_data) <- paste0("Month_", 1:12) 

rainfall_df <- as.data.frame(rainfall_data) 

# Correlation between stations 

cor_matrix <- cor(t(rainfall_df))  # transpose: station-wise correlation 

# Melt correlation matrix 

library(reshape2) 

cor_df <- melt(cor_matrix) 

# Filter: remove self-loops and keep strong correlations (>0.5) 

cor_df <- subset(cor_df, Var1 != Var2 & value > 0.5) 

# Build network 

library(igraph) 

g <- graph_from_data_frame(cor_df, directed = FALSE) 

# Plot 

plot(g, 

     vertex.label.cex = 0.8, 

     vertex.color = "skyblue", 

     edge.width = cor_df$value * 2, 

     main = "Rainfall Correlation Network") 

library(tidygraph) 

library(ggraph) 

g_tbl <- as_tbl_graph(g) 

ggraph(g_tbl, layout = "fr") + 

  geom_edge_link(aes(width = value), color = "darkgray") + 
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  geom_node_point(color = "skyblue", size = 5) + 

  geom_node_text(aes(label = name), vjust = 1.5, size = 4) + 

  theme_void() + 

  ggtitle("Rainfall Correlation Network (SNA)") 

 

Fig. Network Plot 

Interpreting the Network Plot 

• Nodes: Weather stations 

• Edges: Significant correlations (r > 0.6) 

• Thicker Edges: Stronger similarity in rainfall patterns 

• Isolated Nodes: No significant link with others 

E.g., if Station_1, Station_5, and Station_9 are tightly connected, they likely share similar 

rainfall patterns → zonal behavior → important for climate zoning or irrigation planning. 

Conclusion 

Social Network Analysis (SNA) provides a robust framework to uncover hidden patterns, 

relationships, and zones of similarity within complex climatic data. By transforming 

rainfall correlations among weather stations into a network structure, researchers can 

visualize and quantify how different regions are interlinked through similar climatic 

behavior. This approach goes beyond conventional pairwise analysis by emphasizing 

system-level connectivity, helping identify core zones, bridge regions, and clusters that 
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might share or propagate climatic stresses like droughts or floods. Integrating SNA into 

climatic studies supports better-informed decisions for climate-smart agriculture, resource 

allocation, early warning systems, and regional planning. The example using simulated 

rainfall data demonstrates how R can effectively model, analyse, and visualize such 

networks, providing a foundation for further real-world applications. 

Suggested Readings 

Borgatti, S. P., Everett, M. G., & Johnson, J. C. (2018). Analyzing Social Networks (2nd 

ed.). SAGE Publications. 

Knoke, D., & Yang, S. (2019). Social network analysis. SAGE publications. 

Wasserman, S., & Faust, K. (1994). Social network analysis: Methods and applications. 

Kolaczyk, E. D., & Csárdi, G. (2014). Statistical analysis of network data with R (Vol. 65). 

New York: Springer. 

Csardi, G., & Nepusz, T. (2006). The igraph software. Complex syst, 1695, 1-9. 

Team, R. C. (2020). RA language and environment for statistical computing, R Foundation 

for Statistical. Computing. 
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Introduction:  

Survival analysis is a branch of statistics which deals with the expected duration of time 

until one or more events occurs, such as death in biological organisms and failure in 

mechanical systems. Survival Analysis is called as reliability theory/ analysis in 

engineering, duration analysis or duration modelling in economics, and event history 

analysis in sociology. Survival analysis is generally defined as a set of methods for 

analyzing data where the outcome variable is the time until the occurrence of an event of 

interest. The event of interest can be can be death, occurrence of a disease, marriage, 

divorce, unemployment after education, etc. The time to event or survival time can be 

measured in days, weeks, years, etc. For example, if the event of interest is heart attack, 

then the survival time can be the time in years until a person develops a heart attack.  

In logistic regression, we were interested in studying how independent variables were 

associated with the occurrence of categorical dependent event/ disease. Sometimes, 

though, we are interested in how an independent variable affects the dependent event to 

occur and data underlying process is assumed to be normal. But, in case of time to event 

occurred data, the underlying process may not follow the normal distribution it may falls 

under other than normal distributions. In these cases, logistic regression is not appropriate, 

then survival analysis come into the picture. In survival analysis, subjects are usually 

followed over a specified time period and the focus is on the time at which the event of 

interest occurs. Linear regression cannot model the survival time as a function of predictor 

variables because, times are typically positive numbers; ordinary linear regression may not 

be the best choice Secondly, ordinary linear regression cannot effectively handle the 

censoring of observations. The response in survival analysis is often referred to as a failure 

time, survival time, or event time. The Survival data can be derived from laboratory studies 
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of animals or from clinical trials, epidemiologic studies and secondary data on crop 

insurance, time to disease or pest incidence, secondary data on unemployment etc. 

Commonly used terminologies: 

Survival Time: Survival time refers to a variable which measures the time from a 

particular starting time (e.g., time initiated the treatment) to a particular endpoint of interest 

(e.g., attaining certain functional abilities). It is important to note that for some subjects in 

the study a complete survival time may not be available due to censoring.  

Survival Rate: Survival rate is defined as the percent of observations/ peoples who survive 

a disease such as cancer for a specified amount of time. For example, if the five-year 

survival rate for a particular cancer is 34 percent, this means that 34 out of 100 people 

initially diagnosed with that cancer would be alive after 5 years. 

Time-to-event: The main variable of interest in survival analysis is time-to-event. It is the 

time until the event occurs. Time-to-event is a positive random variable. For example, 

Times to death of patients with certain disease, Remission duration of certain disease in 

clinical trials, Incubation times of certain disease, such as AIDS, SARS etc., Failure times 

of certain manufactured products, Life times of elderly in particular social programs.  

Censoring: In longitudinal studies exact survival time is only known for those individuals 

who show the event of interest during the follow-up period. For others (those who are 

disease free at the end of the observation period or those that were lost) all we can say is 

that they did not show the event of interest during the follow-up or observational or study 

period. These individuals are called censored observations. An attractive feature of survival 

analysis is that we are able to include the data contributed by censored observations right 

up until they are removed from the risk set. The following terms are used in relation to 

censoring: 

Right censoring: A subject is right censored if it is known that failure occurs sometime 

after the recorded study period. 
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Left censoring: A subject is left censored if it is known that the failure occurs some time 

before the recorded follow-up period. For example, you conduct a study investigating 

factors influencing days to first oestrus in dairy cattle. You start observing your population 

at 40 days after calving but find that several cows in the group have already had an oestrus 

event. These cows are said to be left censored at day 40. 

Interval censoring: A subject is interval censored if it is known that the event occurs 

between two times, but the exact time of failure is not known. For example, an event 

occurred between date A and date B, but exact date is not known.  

Hazard: The instantaneous rate at which a randomly-selected individual known to be alive 

at time (t - 1) will die at time t is called the conditional failure rate or instantaneous hazard.  

Life table:  Also called a mortality table or actuarial table, shows, for each age, what the 

probability is that a person of that age will die before his or her next birthday ("probability 

of death"). In other words, it represents the survivorship of objects from a certain 

population, also called as Kaplan–Meier survival life table. 

The Hazard and Survival Functions: 

Let T be a non-negative random variable representing the waiting time until the occurrence 

of an event. Say, the event of interest as `death' and to the waiting time as ‘survival’ time, 

but the techniques to be studied have much wider applicability. They can be used, for 

example, to study age at marriage, the duration of marriage, the intervals between 

successive births to a woman, the duration of stay in a city (or in a job), and the length of 

life.  

The Survival Function:  

A function describing the proportion of individuals surviving to or beyond a given time. 

Let T denote the survival time, then the survival function S(t) is defined as follows; 

 



Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data Analysis 
Using Open-Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

-341- 

 

𝑆̂(𝑡) =
𝑁𝑜. 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 𝑠𝑢𝑟𝑣𝑖𝑣𝑒𝑠 𝑙𝑜𝑛𝑔𝑒𝑟 𝑡ℎ𝑎𝑛 𝑡

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑎𝑣𝑡𝑖𝑜𝑛𝑠
 

S(t)  = P(surviving longer than time t ) 

 = P(T > t) 

The function S(t) is also known as the cumulative survival function, which lies between 0 

to 1.  

Example: Four animal’s survival time are 10, 20, 35 and 40 months.  Estimate the survival 

function. 
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Fig.1: Survival Curve 

Let us assume T is a continuous random variable with probability density function (p.d.f) 

f(t) and cumulative distribution function (c.d.f)   𝐹(𝑡) = Pr {𝑇 < 𝑡}, giving the 

probability that the event has occurred by duration t. It will often be convenient to work 

with the complement of the c.d.f, i.e. the survival function.  

𝑆(𝑡) = Pr{𝑇 ≥ 𝑡} 
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𝑆(𝑡) = 1 − 𝐹(𝑡) 

𝑆(𝑡) = ∫ 𝑓(𝑥)𝑑𝑥
∞

𝑡

 

which gives the probability of being alive just before duration t, or more generally, the 

probability that the event of interest has not occurred by duration t. 

The Hazard Function:  

An alternative characterization of the distribution of T is given by the hazard function, or 

instantaneous rate of occurrence of the event, `defined as follows; 

𝜆(𝑡) = lim
𝑑𝑡→0

Pr {𝑡 ≤ 𝑇 < 𝑡 + 𝑑𝑡|𝑇 ≥ 𝑡}

𝑑𝑡
 

The numerator of this expression is the conditional probability that the event will occur in 

the interval [t, t+dt) given that it has not occurred before, and denominator is the width of 

the interval.  

In other words, the hazards function is defined as the ratio of rate of occurrence of the event 

at duration t equals the density of events at t, to the probability of surviving to that duration 

without experiencing the event. 

𝜆(𝑡) =
𝑓(𝑡)

𝑆(𝑡)
 

The cumulative hazard function is  

𝐻(𝑡) = ∫ ℎ(𝑢)𝑑𝑢
𝑡

0

 

𝑆(𝑡) = 𝑒−𝐻(𝑡) 

It means, the higher the hazard, the lower the survival.  

Estimation of Survival Function: 

One objective of the analysis of time-to-event data is to estimate and plot the survival 

function. A very widely used method of estimating survival function is by using Kaplan–

Meier method and the resulting plot is called as Kaplan–Meier curve. This is a non-

parametric method of estimating the survival function. Non-parametric methods are simple 

methods which lacks the distributional assumptions. Non-parametric methods are very 
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useful for summarizing survival data and making simple comparisons but cannot so easily 

deal with more complex situations. 

Let t1< t2<…< t2 be the observed event times and n=n0 the sample size. Let dj be the number 

of individuals who have an event at time tj, where j=1,…,k, and mj the number of 

individuals censored in the interval [tj,tj+1). Then nj=(mj+ dj)+…+(mk+dk) is the number 

of individuals at risk just prior to tj. The Kaplan–Meier (or product-limit) estimator is a 

non-parametric estimator of the survival function is  

𝑆̂(𝑡) = ∏
𝑛𝑗 − 𝑑𝑗

𝑛𝑗
𝑗:𝑡𝑗≤𝑡

 

Standard errors can be calculated using Greenwood's formula, which approximates the 

variance as 

𝑉𝑎𝑟̂{𝑆̂(𝑡)} = {𝑆̂(𝑡)}2 ∏
𝑑𝑗

𝑛𝑗(𝑛𝑗 − 𝑑𝑗)
𝑗:𝑡𝑗≤𝑡

 

 

Fig.2: Kaplan-Meier Survivor curve 

Figure 2 is an example of a Kaplan–Meier curve, Confidence intervals can be plotted 

around the curve. An alternative, less commonly used but very similar, non-parametric 

estimate of the survival function is the life table estimator, based on dividing the time scale 
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into cells. Kaplan–Meier curves can be used in simple analyses of which the aim is to 

compare survival times of two or more generally a small number of groups. 

To estimate and plot the cumulative hazard function, the Nelson–Aalen estimator can be 

used. The Nelson–Aalen estimator is a non-parametric estimator of the cumulative hazard 

function, is as follows; 

𝐻̂(𝑡) = ∑
𝑑𝑗

𝑛𝑗
:𝑡𝑗≤𝑡

= ∑ ℎ̂

:𝑡𝑗≤𝑡

 

Where, dj is the number of individuals who have an event at time tj, where j=1,…,k, and nj 

is the number of individuals at risk just prior to tj. 

Comparison of Survival Curves: 

When we have more than two groups or survival functions, then we go for comparison of 

survival times of two or more groups. A simple test of statistical significance is the log-

rank or Mantel–Haenzel test. It can be used to test whether the survival of individuals in 

two or more groups is significantly different and it is similar to the χ2 (chi-squared) test for 

association.  

The Log-Rank Test: 

The method calculates at each event time, for each group, the number of events one would 

expect since the previous event if there were no difference between the groups. These 

values are then summed over all event times to give the total expected number of events in 

each group, say Ei for group i. The logrank test compares observed number of events, say 

Oi for treatment group i, to the expected number by calculating the test statistic.  

Null hypothesis (H0): No difference between (true) survival curves 

𝜒2 = ∑
(𝑂𝑖 − 𝐸𝑖)

2

𝐸𝑖
~𝜒2, 𝑔 − 1

𝑔

𝑖=1
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This value is compared to a χ2 distribution with (g−1) degrees of freedom, where g is the 

number of groups. In this manner, a P-value may be computed to calculate the statistical 

significance of the differences between the complete survival curves. 

Parametric Models: 

An alternative basis for estimation and testing in survival analysis is the use of parametric 

models. Parametric methods are methods in which we make assumptions about the patterns 

of survival times. The distribution of survival times can be represented using continuous 

parametric survival models. This can be most easily thought of as assuming that the hazard, 

as a function of time, has a particular type of shape, with its exact shape being determined 

by one or more parameters which are estimated using the observed data. Some commonly 

used distributions in survival analysis are the exponential, the Weibull and the log-logistic 

distribution. The exponential distribution is the simplest with a single parameter to be 

estimated and a special case of the Weibull distribution. The choice of parametric family 

to be used depends on the shape of the distribution. Fitting an exponential distribution to a 

set of data assumes that the underlying hazard function is constant in time, that is, it 

assumes that the occurrence of events in time is totally random. A Weibull distribution 

allows a monotonic (either continuously increasing or decreasing hazard) and a log-logistic 

distribution allows either a monotonic or a unimodal hazard function.  

When using parametric models, we make assumptions the plausibility of which 

should be investigated. For example, if the event of interest is death of any cause and the 

time origin is an individual’s birth (that is, our time scale is age), then using an exponential 

model is not a valid option, as the instantaneous all cause death probability (i.e. the hazard) 

is unlikely to be constant with age. Such a model can be fitted to a set of survival data in 

order to summarize the features of the data. It may also facilitate the comparison of two or 

more sets of data. Parametric models can be used in regression analyses of survival data 

when the effects of other variables on survival are to be investigated. Estimation of the 

parameters can be done using maximum likelihood. The parameter estimates are found by 

differentiation the log likelihood with respect to the unknown parameters, setting the 

derivatives to zero and solving the resulting equations with respect to the parameters 
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Regression models: 

One of the objectives of the analysis of survival data might be to examine whether survival 

times are related to other features. Regression models can be used to assess the effect of 

covariates on the outcome. These are similar to regression analyses for other types of 

outcomes, such as linear regression for a continuous numeric outcome or logistic regression 

for binary outcomes.  

Two common types of regression models for survival data, classified by the way in 

which covariates are assumed to affect the survival times are the Cox proportional hazards 

model and the accelerated failure time (or accelerated life) model. 

Cox proportional hazards model: 

A Cox proportional hazards model is represented as follows;   

ℎ(𝑡; 𝑥) = ℎ0(𝑡)𝑒𝑥𝑝𝛽𝑥 

Where, h0(t) is the baseline hazard, x is a covariate and b is a parameter to be estimated, 

representing the effect of the covariate on the outcome. The baseline hazard is the hazard 

when, in the case of a single covariate, the covariate is equal to zero. The main assumption 

implied is the proportional hazards assumption, is that the hazard ratio, that is the ratio of 

the hazard function to the baseline hazard, is constant over time. The use of the exponential 

function ensures that the hazard is positive. The unknown parameters b in a Cox 

proportional hazards model can be estimated using the partial likelihood. 

The Weibull model (and thus the exponential, being a special case of the Weibull) 

can be used in regression as a proportional hazards model. If we assume that the 

explanatory variable acts multiplicatively on the hazard, starting from the survival function 

of a Weibull model and replacing the baseline hazard with the hazard that includes the 

explanatory variable effect, we end up with a survival function which has the form of a 

Weibull distribution but with different parameters. Therefore, the Weibull model belongs 
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to the family of proportional hazards models. It can be shown that the Weibull model can 

also be written as an accelerated life model. 

Accelerated life models: 

An accelerated life model (or accelerated failure time model) is a regression model in which 

the survival function is assumed to have the same shape for all individuals and explanatory 

variables are assumed to affect survival by changing the speed with which individuals 

move on the curve. That is, some individuals move across it more slowly or more quickly 

than others. So instead of having the hazard multiplied by a quantity as in a proportional 

hazards model, here the survival time is multiplied by a quantity. This can be represented 

as; 

𝑇 = 𝜓𝑇0 𝑜𝑟 𝑇 = 𝑇0(𝑡)𝑒𝑥𝑝−𝛽 

The resulting survival function is  

𝑆(𝑡; 𝑥) = 𝑆0(𝑒𝑥𝑝𝛽𝑥) 

Where, S0(.) is the is the ‘baseline’ survival of an individual with explanatory variable 

taking the value zero. The factor eb is called as the acceleration factor, which, represents 

how faster or slower an individual would move on the survival curve for a unit increase in 

the explanatory variable x. If the acceleration factor is greater than 1 then individuals with 

higher values of x will tend to have earlier event times, whereas if it is less than 1 then 

individuals with higher values of x will tend to have later event times, that is their survival 

times will be longer. The hazard and density function can be deduced from the survival 

function. Unlike proportional hazards models, accelerated life models are usually fully 

parametric. The log-logistic model is an example of an accelerated life model. 
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Illustration:  

Data from a clinical trial on colon cancer adjuvant therapy1 are used as an illustration. A group of colon cancer patients are followed up 

from diagnosis to death. That is, the time scale has origin the time of diagnosis of colon cancer and endpoint the time of death from 

colon cancer. The dataset is freely available in R Software R (dataset ‘colon’ in package ‘survival’), contains 929 observations on colon 

cancer. Following are the first 20 observations on a subset of the colon data.  

Table 1: Colon Cancer data 

Id Study Rx Sex Age Obstruct Perfor Adhere Nodes Status Differ Extent Surg Node4 Time etype 

1 1 Lev+5FU 1 43 0 0 0 5 1 2 3 0 1 1521 2 

2 1 Lev+5FU 1 63 0 0 0 1 0 2 3 0 0 3087 2 

3 1 Obs 0 71 0 0 1 7 1 2 2 0 1 963 2 

4 1 Lev+5FU 0 66 1 0 0 6 1 2 3 1 1 293 2 

5 1 Obs 1 69 0 0 0 22 1 2 3 1 1 659 2 

6 1 Lev+5FU 0 57 0 0 0 9 1 2 3 0 1 1767 2 

7 1 Lev 1 77 0 0 0 5 1 2 3 1 1 420 2 
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8 1 Obs 1 54 0 0 0 1 0 2 3 0 0 3192 2 

9 1 Lev 1 46 0 0 1 2 0 2 3 0 0 3173 2 

10 1 Lev+5FU 0 68 0 0 0 1 0 2 3 1 0 3308 2 

11 1 Lev 0 47 0 0 1 1 0 2 3 0 0 2908 2 

12 1 Lev+5FU 1 52 0 0 0 2 0 3 3 1 0 3309 2 

13 1 Obs 1 64 0 0 0 1 1 2 3 0 0 2085 2 

14 1 Lev 1 68 1 0 0 3 1 2 3 0 0 2910 2 

15 1 Obs 1 46 1 0 0 4 0 2 3 0 0 2754 2 

16 1 Obs 1 68 0 0 0 1 0 2 3 1 0 3214 2 

17 1 Lev 1 62 1 0 1 6 1 2 3 0 1 406 2 

18 1 Lev 1 79 1 0 0 1 1 2 3 1 0 522 2 

19 1 Lev+5FU 0 34 1 0 0 1 1 2 2 0 0 887 2 

20 1 Lev 0 50 0 0 1 1 0 2 3 0 0 3329 2 
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Table 2: Data description  

Id: Patient I.D 

Study: 1 for all patients 

Rx: Treatment - Obs(ervation), Lev(amisole), Lev(amisole)+5-FU 

Sex: 1=male 

Age: in years 

Obstruct: obstruction of colon by tumour 

Perfor: perforation of colon 

Adhere: adherence to nearby organs 

Nodes: number of lymph nodes with detectable cancer 

Time: days until event or censoring 

Status: censoring status 

Differ: differentiation of tumour (1=well, 2=moderate, 3=poor) 

Extent: 

Extent of local spread (1=submucosa, 2=muscle, 3=serosa, 4=contiguous 

structures) 

Surg: time from surgery to registration (0=short, 1=long) 

Node4: more than 4 positive lymph nodes 

etype: event type: 1=recurrence,2=death 

The variable ‘status’ indicates whether a patient has died or alive, taking the value 1 if a patient 

has died and 0 otherwise, and ‘time’ is the survival time since diagnosis in days. ‘age’ is the 

patients’ age at the time of entry into the study, ‘nodes’ is the number of lymph nodes with 

detectable cancer and ‘node4’ is a binary variable taking the value 1 if the patient has more 
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than four lymph nodes with cancer and 0 if the patient has fewer than or equal to four positive 

lymph nodes.  

The survival function: A very widely used method of doing that is calculating and plotting a 

Kaplan–Meier curve.  In figure 3 and 4 Kaplan–Meier survival curve, is depicted calculated 

from the colon data by considering sex and rx variables. 

Cox proportional hazards regression model: As part of the analysis Cox proportional 

hazards regression model was also fitted and results are depicted in Table 3.  

Accelerated Failure Time Model: Results of Accelerated Failure Time Model are depicted in 

Table 4.  

 

Fig.:3 Kaplan–Meier survival curve for variable sex 
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Fig.:4 Kaplan–Meier survival curve for variable rx 

Table 3: Fitting of Cox proportional hazards model 

  coef e xp(coef) se(coef) z p 

sex -0.06607 0.93606 0.06828 -0.97 0.33323 

age 0.00213 1.00213 0.00291 0.73 0.46476 

rxLev -0.03789 0.96282 0.07957 -0.48 0.63397 

rxLev+5FU -0.43677 0.64612 0.08622 -5.07 4.10E-07 

obstruct 0.22062 1.24685 0.08471 2.6 0.00921 

perfor 0.12898 1.13767 0.18578 0.69 0.48752 

adhere 0.16846 1.18348 0.09254 1.82 0.06871 

nodes 0.04075 1.04159 0.01078 3.78 0.00016 

differ 0.13872 1.14881 0.07015 1.98 0.04797 
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extent 0.45389 1.57442 0.08401 5.4 6.60E-08 

surg 0.24301 1.27508 0.07432 3.27 0.00108 

node4 0.62764 1.87319 0.10059 6.24 4.40E-10 

etype -0.26914 0.76404 0.06778 -3.97 7.20E-05 

Table 4: Fitting of Accelerated Failure Time Model 

  Value Std. Error z p 

(Intercept) 9.69056 0.40934 23.6737 6.73E-124 

sex 0.09091 0.08304 1.0948 2.74E-01 

age -0.00455 0.00348 -1.3065 1.91E-01 

rxLev 0.00637 0.09868 0.0645 9.49E-01 

rxLev+5FU 0.46576 0.10267 4.5367 5.71E-06 

obstruct -0.39551 0.10353 -3.8203 1.33E-04 

perfor -0.04704 0.23454 -0.2006 8.41E-01 

adhere -0.2058 0.11633 -1.7691 7.69E-02 

nodes -0.05982 0.01693 -3.5333 4.10E-04 

differ -0.20853 0.08205 -2.5414 1.10E-02 

extent -0.5706 0.09607 -5.9396 2.86E-09 

surg -0.29579 0.0921 -3.2116 1.32E-03 

node4 -0.77004 0.1386 -5.5557 2.76E-08 

etype 0.49455 0.08237 6.0039 1.93E-09 

Log(scale) 0.43598 0.02657 16.4107 1.60E-60 
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R codes: 

Install the Package “Survival” 

# Create the response variable: 

>s <- Surv(colon$time, colon$status) 

> class(s) 

> head(colon, 20) 

> s1fit <- survfit(Surv(time, status)~sex, data=colon) 

> plot(s1fit) 

> s1fit 

> install.packages("survminer") 

> ggsurvplot(s1fit, pval=TRUE) 

#For rx 

> s2fit <- survfit(Surv(time, status)~rx, data=colon) 

> ggsurvplot(s2fit, PVal=TRUE) 

> summary(s1fit) 

> fit1 <- coxph(Surv(time, status)~sex+age+rx+obstruct+perfor+adhere+nodes+differ+extent

+surg+node4+etype,data=colon) 

> fit1 

>ggsurvplot(survfit(Surv(time, status)~rx, data=colon), pval=TRUE) 

#Accelerated Failure Time Model 

> artfit <- survreg(Surv(time, status)~sex+age+rx+obstruct+perfor+adhere+nodes+differ+ext

ent+surg+node4+etype,dist="lognormal",data=colon) 

> artfit 

> summary(artfit) 

Suggested Readings: 

Cox DR. Regression models and life-tables. J R Stat Soc B 1972; 34: 187-220. 

Kalbfleisch JD, Prentice RL. The statistical analysis of failure time data. 2nd edn. New York: 

John Wiley & Sons, 2002. 

Kaplan EL, Meier P. Nonparametric estimation from incomplete observations. J Am Stat Assoc 

1958; 58: 457-481.  
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Kartsonaki C, Cox DR. Some matched comparisons of two distributions of survival time. 

Biometrika 2016; 103: 219-224. 

Kleinbaum, David G., and Mitchel Klein. Survival Analysis: A Self-Learning Text. 3rd ed. ed. 

Springer, 2012. Statistics for Biology and Health. 

Moeschberger ML, Klein JP. Survival analysis: techniques for censored and truncated data. 

2nd edn. New York: Springer Science and Business Media, Inc, 2003. 

Therneau T (2015). A Package for Survival Analysis in S. version .38,  

                   https://CRAN.R-project.org/package=survival. 

 Van Houwelingen H, Putter H. Dynamic prediction in clinical survival analysis. CRC Press, 

2011. 
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Abstract 

The Soil Quality Index (SQI) has emerged as a comprehensive tool for assessing soil health 

by integrating multiple soil indicators across physical, chemical, and biological domains. 

This chapter explores the statistical methods essential for developing SQI and their 

application in both field-level experiments and regional-scale studies. It traces the 

conceptual evolution of soil quality from productivity-centered views to multifunctional 

ecosystem perspectives endorsed by global agencies. Emphasis is placed on the importance 

of SQI in sustainable land management, climate resilience, and food security. The chapter 

outlines key components of SQI development, including indicator selection, data collection 

methods, preprocessing, normalization, dimensionality reduction (e.g., PCA and 

regression), scoring function transformation, and index construction techniques. It also 

discusses advanced tools such as fuzzy logic, geostatistics, and machine learning for 

enhancing spatial and predictive capabilities. Analytical frameworks such as ANOVA, 

cluster analysis, and geospatial interpolation are reviewed to interpret SQI outcomes. 

Challenges related to scale dependency, temporal variability, data gaps, and the need for 

integrating traditional knowledge are critically examined. Finally, the chapter highlights 

future directions involving remote sensing, open-access digital platforms, and artificial 

intelligence to improve SQI applicability and decision-making in soil and land resource 

management. 

Keywords:  Soil Quality index, Indicator selections; Scoring functions; Data reductions; 

Artificial Intelligence 

1. Introduction 

The concept of soil quality has evolved considerably over the past few decades, 

reflecting the growing recognition of soils as living systems that not only support plant 

growth but also perform critical ecosystem functions. Initially, soil quality was equated 

with soil fertility and productivity. For example, during the Green Revolution era, the 

United States Department of Agriculture (USDA) and related agronomic institutions 

defined soil quality primarily as the capacity of a soil to support high crop yields. This 

productivity-centric perspective dominated early discourse, with an emphasis on chemical 

inputs and crop response. However, a more holistic understanding began to emerge in the 
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1990s. A widely accepted definition by Doran and Parkin (1994) described soil quality as 

"the capacity of a specific kind of soil to function within natural or managed ecosystem 

boundaries, to sustain plant and animal productivity, maintain or enhance water and air 

quality, and support human health and habitation." This marked a significant conceptual 

shift, placing equal emphasis on environmental quality and ecosystem functioning 

alongside productivity. It recognized soils as dynamic systems involved in nutrient cycling, 

water filtration, and biological activity (Doran & Parkin, 1994; Karlen et al., 1997). 

Following this, the USDA's Natural Resources Conservation Service (NRCS) further 

refined the definition by identifying five key functions of soil: sustaining biological 

productivity, regulating water flow, filtering and buffering pollutants, cycling nutrients, 

and supporting biodiversity and root growth. Around the same time, international agencies 

such as the Food and Agriculture Organization (FAO) began emphasizing soil quality in 

terms of sustainability. The FAO defined soil quality as the ability of the soil to perform 

its functions and provide ecosystem services such as biomass production, carbon 

sequestration, nutrient cycling, and water regulation (FAO, 2020). Their approach 

highlighted soil's role in supporting ecosystem resilience, biodiversity, and climate 

regulation. In more recent years, the concept has continued to expand, particularly with the 

emergence of global initiatives such as the Intergovernmental Science-Policy Platform on 

Biodiversity and Ecosystem Services (IPBES) and the European Union Soil Strategy for 

2030. These frameworks emphasize the contribution of healthy soils to nature-positive 

solutions, climate change mitigation, and the achievement of Sustainable Development 

Goals (SDGs) (Bünemann et al., 2018). 

As the concept of soil quality became broader and more integrative, the Soil Quality Index 

(SQI) emerged as a practical tool to quantify and assess soil function. The SQI condenses 

complex information from multiple soil indicators spanning physical, chemical, and 

biological domains into a single score that can be used to compare management practices, 

monitor degradation or improvement, and guide land use planning (Andrews et al., 2004). 

While there is no universally accepted definition of SQI, it is generally described as a 

composite index derived from a minimum data set of soil indicators using statistical or 

rule-based methods to evaluate the soil’s capacity to perform key functions. 

Over time, the conceptual development of soil quality and SQI can be traced through key 

milestones. In the 1960s and 1970s, the focus was on soil fertility and yield maximization. 

By the 1990s, researchers began considering multifunctionality and environmental 

impacts. From the 2000s onward, soil quality has been increasingly linked to ecosystem 

services, policy frameworks, and resilience. In the 2020s, emphasis is being placed on soil 

biodiversity, climate change mitigation, and the integration of soil health indicators into 

national and global reporting systems. In summary, the definition of soil quality has 
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evolved from a narrow focus on productivity to a comprehensive view of soils as 

foundational to ecosystem health, climate regulation, and human sustainability. Different 

agencies and frameworks have contributed to this evolution by emphasizing varied but 

complementary aspects such as productivity, environmental quality, ecosystem services, 

and policy relevance. This progression has laid a strong foundation for the development 

and application of statistical methods for SQI appraisal at both field and regional scales. 

Importance of SQI in sustainable land management, climate resilience, and food 

security 

The SQI plays a pivotal role in advancing sustainable land management (SLM) by 

offering a science-based, integrative approach to evaluating the functional capacity of soils. 

As soil health underpins agricultural productivity, water regulation, biodiversity support, 

and nutrient cycling, SQI serves as a critical diagnostic and decision-support tool for land 

users and policymakers (Lal, 2015). In the context of climate resilience, soils act as both 

sources and sinks of greenhouse gases. An SQI framework can capture soil organic carbon 

levels, biological activity, and structural stability, which are key to enhancing soil carbon 

sequestration and reducing emissions. Moreover, SQI enables the monitoring of soil 

degradation and restoration progress under changing climatic conditions. From a food 

security perspective, SQI ensures that soil's capacity to support crop growth is assessed not 

only by yield potential but also by long-term soil health indicators such as nutrient balance, 

microbial activity, and water-holding capacity. In this way, SQI aligns with global goals 

for sustainable intensification and resilience in agri-food systems (Pretty & Bharucha, 

2014). 

Need for robust statistical methods in SQI development 

The development of an effective Soil Quality Index depends heavily on the use of 

robust statistical methods to reduce data complexity, ensure indicator relevance, and 

maintain scientific rigor. Soils are inherently variable across space and time, and 

integrating multiple indicators—physical, chemical, and biological—requires analytical 

techniques that can handle multivariate datasets. Statistical tools such as Principal 

Component Analysis (PCA), correlation analysis, and regression models are commonly 

used to identify a minimum data set (MDS), eliminate redundancy, and determine 

weighting schemes for indicators (Shukla et al., 2006; Ghaemi et al., 2014). Without such 

techniques, SQI construction can be arbitrary or biased, potentially misrepresenting soil 

functionality. Moreover, the reliability and comparability of SQI across studies and scales 

depend on consistent, transparent statistical protocols. Advanced methods like fuzzy logic, 

geostatistics, and machine learning further enhance the sensitivity and predictive power of 

SQI models, making them more responsive to complex land management scenarios and 

environmental changes (Qi et al., 2009). 
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Difference in Approach Between Field-Level Experiments and Regional Assessments 

The approach to SQI development and application differs considerably between 

field-level experiments and regional-scale assessments, primarily due to differences in 

scale, objectives, and data availability. In field experiments, SQI is typically used to 

compare the effects of management practices (e.g., tillage, fertilization, crop rotation) on 

soil quality under controlled conditions. These studies involve detailed measurements of 

multiple soil properties with replication and randomized experimental design, enabling 

rigorous statistical testing such as ANOVA or regression (Andrews et al., 2004). In 

contrast, regional-scale SQI assessments are designed to evaluate soil health patterns across 

landscapes, agroecological zones, or administrative boundaries. These assessments often 

rely on spatial sampling schemes, secondary data, and geographic information systems 

(GIS) to cover broad areas. Here, techniques like stratified sampling, geostatistics, fuzzy 

logic modeling, and remote sensing are used to interpolate and map SQI spatially (Qi et 

al., 2009; Ghaemi et al., 2014). Additionally, while field studies may prioritize short-term 

functional changes due to specific treatments, regional assessments aim to support land use 

planning, policy interventions, and long-term sustainability goals. The choice of indicators, 

scoring methods, and interpretation frameworks must therefore be adapted to suit the scale 

and purpose of the SQI analysis. 

2. Indicator Selection and Data Acquisition 

2.1. Indicator Selection 

Selecting appropriate soil quality indicators is a foundational step in developing a 

reliable Soil Quality Index (SQI). The effectiveness and relevance of the SQI depend on 

the careful selection of a set of indicators that are sensitive to management practices, 

measurable using standard procedures, and functionally relevant to soil processes 

(Andrews et al., 2004; Bünemann et al., 2018). The main criteria for indicator selection 

include sensitivity, measurability, and functional relevance. Sensitivity refers to an 

indicator’s ability to respond to land use changes, agricultural practices, and environmental 

stressors within a reasonable time frame. Measurability emphasizes the practicality and 

reproducibility of the indicator across sites and laboratories, ensuring that data can be 

consistently gathered and interpreted. Functional relevance links each indicator to specific 

soil functions such as nutrient cycling, water retention, aeration, organic matter 

decomposition, and microbial activity. Indicators that reflect multiple soil functions or 

integrate across physical, chemical, and biological processes are especially valuable for 

inclusion in an SQI framework (Bünemann et al., 2018). 

Soil indicators can be broadly grouped into three major categories: physical, chemical, and 

biological. 
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Physical indicators describe the structural and hydrological properties of soil, which 

directly influence root growth, water infiltration, and soil aeration. Commonly used 

physical indicators include bulk density, which provides insight into compaction and root 

penetration; porosity, which determines the soil’s ability to store air and water; and 

aggregate stability, which reflects resistance to erosion and structural degradation. High-

quality soils generally exhibit low bulk density, high porosity, and well-formed aggregates. 

Chemical indicators assess the soil’s nutrient content, buffering capacity, and chemical 

environment. Parameters such as soil pH and electrical conductivity (EC) reflect the 

chemical environment influencing nutrient availability and microbial activity. Organic 

carbon (OC) content is a central chemical indicator as it serves as a source of energy and 

nutrients for soil organisms and plants. The availability of macro-nutrients like nitrogen 

(N), phosphorus (P), and potassium (K) is directly related to plant productivity, while 

cation exchange capacity (CEC) serves as an indicator of the soil’s ability to retain and 

supply nutrients. 

Biological indicators are increasingly recognized as critical components of soil quality 

assessments because they reflect dynamic processes such as decomposition, nutrient 

cycling, and microbial interactions (Bünemann et al., 2018). Key biological indicators 

include microbial biomass carbon (MBC), which measures the living portion of soil 

organic matter and serves as a proxy for microbial activity and soil fertility. Soil enzyme 

activities (e.g., dehydrogenase, phosphatase, urease) are also widely used as they provide 

insights into the biochemical functioning of the soil and its capacity for nutrient 

transformations. Additionally, microbial diversity assessed using molecular tools or 

functional assays offers valuable information about the resilience and adaptability of the 

soil biological community. In summary, the selection of soil quality indicators must be 

context-specific, balancing scientific relevance with practical feasibility. While some 

indicators may be universally important (e.g., organic carbon, pH, bulk density), others 

may be chosen based on land use, agroecosystem type, or specific research objectives. A 

well-designed indicator set ensures that the SQI reflects not just the current state of the soil 

but also its capacity to sustain productivity and ecosystem services over time. 

2.2. Data Collection Methods 

The reliability and interpretability of the Soil Quality Index (SQI) are 

fundamentally influenced by the quality and representativeness of the data collected. Data 

collection methods must be tailored to the scale of assessment—whether field-level 

experiments or regional-scale studies—as each demand’s different designs and sampling 

strategies to capture variability and ensure statistical robustness (Karlen et al., 1997). 
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In field experiments, where the primary objective is to evaluate the effect of specific 

treatments or land management practices on soil quality, data collection is typically guided 

by experimental designs that allow for replication, control, and statistical testing. One of 

the most widely used designs is the Randomized Block Design (RBD), where treatments 

are randomly assigned within blocks that account for known variability such as slope or 

soil type. This design minimizes experimental error and enables clear comparison of 

treatment effects on soil indicators. The split-plot design is another common approach, 

especially when dealing with two factors such as tillage and fertilization. In this method, 

one factor is applied to main plots and another to sub-plots, allowing researchers to test 

interactions between factors efficiently. Strip trials are often used in on-farm research or 

farmer participatory studies where treatments are applied in large, continuous strips across 

a field, mimicking real-world conditions while capturing spatial variability. Soil samples 

in field experiments are usually collected at multiple depths and time intervals to capture 

both spatial and temporal dynamics of soil quality indicators (Andrews et al., 2004). 

In contrast, regional-scale soil quality assessments are aimed at understanding patterns 

across landscapes, watersheds, or administrative zones. These studies require sampling 

methods that ensure representation of the heterogeneity found across diverse soil types, 

land uses, and topographies. Stratified random sampling is a commonly used method in 

which the region is divided into homogeneous strata—such as by land use, slope position, 

or soil type—and random samples are collected within each stratum. This approach 

increases sampling efficiency and improves statistical representativeness. Another widely 

used method is transect-based sampling, where samples are collected systematically along 

linear paths that traverse key landscape features. This method is particularly useful in hilly 

or undulating terrains where slope and aspect influence soil properties. Soil survey grid 

sampling is often employed for spatial mapping of SQI using geostatistical tools. In this 

approach, samples are collected at regular intervals (e.g., 1 km × 1 km grid) across the 

study region, and data are interpolated using techniques such as kriging to generate 

spatially continuous SQI maps (Qi et al., 2009). 

Each method has its own advantages and limitations. While experimental designs offer 

controlled environments for testing hypotheses and comparing practices, regional sampling 

approaches are essential for generating large-scale insights that inform land-use planning, 

policy-making, and resource management. The choice of data collection method should be 

aligned with the study objectives, scale, variability of the study area, and available 

resources to ensure that the resulting SQI is both meaningful and actionable. 

3. Data Preprocessing and Normalization 

Preprocessing soil quality data is a critical step before applying statistical analysis 

and constructing the Soil Quality Index (SQI). Raw soil data, especially when collected 
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from diverse sites or treatments, often contain inconsistencies, outliers, missing values, and 

varying scales of measurement. To ensure valid comparisons and robust results, data must 

be cleaned, normalized, and transformed appropriately. This step enhances the reliability 

of statistical outputs and prevents the dominance of indicators with larger numerical ranges 

over those with smaller but equally important values (Nielsen & Winding, 2002; Sun et al., 

2013). 

One of the first steps in data preprocessing is outlier detection, as extreme values can skew 

statistical results and misrepresent the true state of soil properties. Visual tools like 

boxplots are commonly used for preliminary detection of outliers by identifying data points 

lying outside the interquartile range (IQR). For more formal testing, the Grubbs test is 

frequently employed to determine whether a specific value in a univariate dataset is 

significantly different from the rest (Mowlick et al., 2014). Identified outliers can either be 

removed or winsorized, depending on their cause and potential influence. 

After cleaning, normalization of soil indicators is essential because the variables used in 

SQI calculations often differ in units and ranges. For instance, soil pH typically ranges 

from 4 to 9, whereas microbial biomass carbon may range from a few mg/kg to several 

hundred. To enable meaningful integration of such indicators, various normalization 

techniques are applied. Min–Max scaling is a widely used method where each value is 

transformed to a range between 0 and 1, using the formula: (value – min) / (max – min). 

This method preserves the relative position of data points and is suitable for indicators with 

known boundaries. Another commonly used method is Z-score normalization, which 

transforms data based on the mean and standard deviation, effectively centering the data 

around zero with a standard deviation of one. This approach is particularly useful for 

datasets that are normally distributed and when detecting deviations from the mean is 

important. Percentile ranking is also used in some SQI models to assign scores based on 

the position of a value relative to the rest of the dataset. This non-parametric approach is 

less sensitive to outliers and is effective in large-scale or regional studies (Ghaemi et al., 

2014). 

In addition to normalization, handling missing data is a crucial component of data 

preprocessing. Missing values may arise due to sampling errors, instrument failure, or 

laboratory issues. Ignoring missing data or handling it improperly can lead to biased or 

incomplete analysis. Common strategies include imputation, where missing values are 

estimated based on statistical relationships using methods such as mean substitution, 

regression imputation, or nearest neighbor estimation. Alternatively, if the proportion of 

missing data is small and randomly distributed, deletion rules such as listwise or pairwise 

deletion may be applied (Qi et al., 2009). The choice of method depends on the nature of 
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the missing data, the size of the dataset, and the statistical techniques to be used in 

subsequent steps. 

In summary, data preprocessing including outlier detection, normalization, and handling 

of missing values ensures that the dataset used for SQI construction is clean, consistent, 

and comparable across indicators. These preparatory steps form the backbone of reliable 

SQI development, especially when integrating diverse indicators collected across field 

plots or large-scale landscapes. 

4. Indicator Reduction Techniques 

Developing a robust and meaningful Soil Quality Index (SQI) often involves the 

challenge of handling a large number of soil indicators, many of which may be correlated 

or redundant. Including too many variables can dilute the interpretability of the index and 

introduce statistical noise. Therefore, indicator reduction techniques are applied to identify 

a core set of meaningful and non-redundant variables, often referred to as the Minimum 

Data Set (MDS). The MDS includes the most informative indicators necessary to capture 

the variability in soil quality without compromising the functional representation of soil 

health (Andrews et al., 2002; Shukla et al., 2006). 

4.1 Principal Component Analysis 

One of the most widely used techniques for reducing dimensionality in soil datasets 

is Principal Component Analysis (PCA). PCA transforms the original correlated variables 

into a smaller number of uncorrelated variables known as principal components, which 

capture the majority of variance in the dataset. Each principal component is a linear 

combination of the original variables, weighted by their contribution to total variability 

(Ghaemi et al., 2014). 

The process begins with standardizing the dataset to ensure comparability among variables 

with different units. The selection of principal components for MDS is usually guided by 

the eigenvalue >1 rule, where components with eigenvalues greater than one are retained. 

This criterion ensures that only those components explaining more variance than a single 

original variable are considered significant. A scree plot, which displays the eigenvalues 

in descending order, is used to visually identify the point where additional components 

contribute minimally to explaining variance (the “elbow” point). To improve 

interpretability, Varimax rotation is often applied to the factor loadings, allowing the 

original variables to load more strongly onto specific components, making it easier to 

assign functional meaning to each component (Qi et al., 2009). 

For example, in a field trial evaluating the impact of different nutrient management systems 

on soil quality, 15 soil indicators were initially measured including pH, EC, bulk density, 



 
 

 

Training Manual   │ Twenty-One Days Online Training Program on "Advanced Statistical & Machine Learning Techniques for Data 
Analysis Using Open Source Software for Abiotic Stress Management in Agriculture” (16 July- 05 August 2025) 

- 364 - 
 

organic carbon, available nitrogen, phosphorus, potassium, microbial biomass carbon, and 

enzyme activities. PCA reduced these 15 variables into five principal components that 

explained over 80% of the total variance. From these, a Minimum Data Set was derived by 

selecting one indicator from each principal component typically the one with the highest 

absolute factor loading and functional relevance (e.g., organic carbon from PC1, available 

phosphorus from PC2). This streamlined set of indicators was then used to construct the 

SQI with reduced redundancy and increased clarity. 

4.2 Correlation Analysis and Stepwise Regression 

Another useful approach for indicator reduction is the combination of correlation 

analysis and stepwise regression. Correlation analysis helps identify highly correlated 

variables, which may provide overlapping information about soil processes. When two 

variables show a high correlation (e.g., r > 0.85), one of them may be dropped to avoid 

redundancy. However, care must be taken to retain indicators that represent distinct soil 

functions, even if they are statistically correlated (Sharma et al., 2005). 

Stepwise regression, either forward or backward, can be used to determine which variables 

best explain variation in a dependent variable of interest—such as crop yield, carbon 

sequestration, or a composite soil function score. This method involves iteratively adding 

or removing variables based on statistical criteria such as the Akaike Information Criterion 

(AIC), p-values, or adjusted R², ultimately retaining only those predictors that make a 

significant contribution to explaining the outcome. When used in conjunction with PCA or 

as a standalone method, stepwise regression is particularly valuable in studies with a clear 

response variable and when modeling relationships between soil indicators and ecosystem 

services (Velasquez et al., 2007). 

Together, PCA and regression-based methods offer powerful tools for simplifying complex 

soil datasets. While PCA is more appropriate for exploratory, unsupervised dimensionality 

reduction, correlation and stepwise regression are suitable for confirmatory analyses aimed 

at identifying functionally independent and predictive indicators. The choice of method 

depends on the study design, data structure, and research objectives, but both approaches 

enhance the efficiency, interpretability, and accuracy of SQI models. 

5. Scoring Functions for Indicator Transformation 

Once relevant soil quality indicators have been selected and pre-processed, the next 

step in the construction of a Soil Quality Index (SQI) is to transform raw indicator values 

into standardized scores. This transformation enables integration of diverse indicators—

often measured in different units and scales—into a common scoring system (typically 

ranging from 0 to 1 or 0 to 100). The choice of scoring function is crucial because it directly 
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affects how soil conditions are interpreted and ranked. Several types of scoring functions 

are commonly used in SQI development, including linear, non-linear, threshold-based, and 

expert- or rule-based scoring methods (Andrews et al., 2004; Masto et al., 2008). 

Linear scoring functions are among the simplest and most widely used. They assume a 

direct, proportional relationship between the raw value of an indicator and soil quality. For 

example, if higher values of organic carbon or microbial biomass are considered beneficial, 

a "more is better" linear scoring function is applied. Conversely, for parameters like bulk 

density or electrical conductivity, where lower values are preferred, a "less is better" 

function is used. Linear functions are easy to implement and interpret but may not 

accurately reflect complex, non-linear soil processes (Karlen et al., 2003). 

To address such complexities, non-linear scoring functions such as sigmoid or exponential 

models are often used. These functions capture diminishing returns or threshold effects, 

where improvements in soil quality indicators may level off beyond a certain point. For 

example, the biological activity may increase rapidly with organic carbon up to a critical 

threshold but show little improvement thereafter. Sigmoid curves (S-shaped) are 

particularly useful in modelling such responses, while exponential functions can capture 

rapid changes at low or high ends of an indicator range. These models are more realistic 

for biological and ecological processes but require careful parameterization and calibration 

(Velasquez et al., 2007). Threshold-based scoring involves assigning scores based on 

whether an indicator falls within predefined “optimum,” “acceptable,” or “poor” ranges. 

This approach is especially useful for indicators with well-established agronomic or 

ecological thresholds, such as pH (e.g., optimum range 6.5–7.5) or salinity levels (e.g., EC 

< 2 dS/m for non-saline conditions). Scores are typically assigned categorically or on a 

step-wise basis. Though simple and intuitive, threshold methods may not capture the 

continuous nature of soil variability and can introduce abrupt changes in scoring (Qi et al., 

2009). 

Finally, expert opinion or rule-based scoring is applied when dealing with qualitative 

indicators or when empirical scoring functions are unavailable. This method relies on 

domain knowledge, field experience, or consensus among experts to assign scores. 

Examples include assessing soil structure quality based on visual ratings or evaluating land 

use intensity through management histories. While subjective, this approach adds value in 

contexts where measurable data are limited or not fully descriptive of soil function (Karlen 

et al., 1997). The choice of scoring function should align with the nature of the indicator, 

available data, and the purpose of the SQI. In many cases, a combination of scoring 

methods is used within the same SQI framework to account for the unique behaviour of 

different soil indicators. 

Table 1. Scoring Functions and Their Suitability for Soil Quality Indicators 
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Indicator Indicator 

Type 

Preferred 

Value 

Scoring 

Method 

Remarks 

Bulk Density Physical Lower Linear (less 

is better) 

Compaction increases 

with value; linear 

decrease in soil 

quality. 

Soil Organic 

Carbon (SOC) 

Chemical Higher Linear or 

Sigmoid 

Biological response 

plateaus at high SOC; 

sigmoid may be more 

realistic. 

Soil pH Chemical Optimum 

range 

Threshold-

based 

Best between 6.5–7.5; 

sharp decline outside 

this range. 

Electrical 

Conductivity 

(EC) 

Chemical Lower Exponential 

decay 

High EC adversely 

affects plant growth; 

exponential function 

captures this. 

Available 

Phosphorus 

Chemical Moderate 

to higher 

Sigmoid or 

threshold 

Low P limits growth, 

excess P can cause 

runoff; non-linear 

preferred. 

Microbial 

Biomass Carbon 

Biological Higher Sigmoid Increases microbial 

activity up to a 

saturation point. 

Dehydrogenase 

activity 

Biological Higher Linear or 

sigmoid 

Reflects microbial 

oxidation activity; 

more is better up to a 

point. 

Soil Structure 

(visual) 

Physical 

(qual.) 

Good 

structure 

Rule-based Scored based on 

expert observation or 

classification. 

 

6. Index Construction Methods 

After scoring individual soil quality indicators, the next step in SQI development is 

to aggregate these scores into a single composite index. This process, known as index 
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construction, allows diverse indicators spanning physical, chemical, and biological 

dimensions to be integrated into a unified value that represents the soil’s overall health or 

functionality. The choice of aggregation method can significantly influence the final SQI 

outcome and its interpretation, especially across different scales and land-use systems. 

Common methods include weighted additive models, aggregation of scoring functions 

using mathematical means, and advanced decision-making tools such as fuzzy logic and 

Analytic Hierarchy Process (AHP). 

6.1 Weighted Additive Method 

The weighted additive method is the most commonly used approach for SQI 

construction, particularly in field-scale studies. In this method, each scored indicator is 

multiplied by a weight representing its relative importance, and the weighted scores are 

summed to derive the final index. Weight assignment is a critical step and can follow either 

an equal weightage approach or a PCA-based weightage approach. 

In the equal weightage approach, all indicators are treated as equally important, and each 

is given the same weight (e.g., if five indicators are used, each receives a weight of 0.2). 

This approach is simple, transparent, and often used when no prior knowledge exists 

regarding the relative contribution of each indicator to soil function. However, it may 

oversimplify complex soil processes and ignore the differential influence of certain 

parameters. 

In contrast, PCA-based weighting assigns weights based on the contribution of each 

indicator to the total variability explained in principal components. Indicators with higher 

factor loadings in the principal components receive greater weights, thereby incorporating 

the statistical significance and data structure into the index construction. This method 

reduces subjectivity and better reflects the variability observed in experimental data, 

making it more suitable for data-driven field studies. 

6.2 Scoring Functions Aggregation 

Another set of methods involves aggregating the individual scores using 

mathematical functions such as the additive, multiplicative, or geometric mean models. In 

the additive model, the final SQI is simply the sum (or average) of all normalized scores. 

This method assumes that poor performance in one indicator can be compensated by high 

performance in others. While this makes the additive model tolerant to variability, it may 

also mask critical limitations if a key soil function is underperforming. 

The multiplicative model (product of scores) assumes that each indicator contributes 

interactively to soil function. A low score in one indicator can significantly lower the 

overall index, thereby emphasizing the weakest link. Similarly, the geometric mean model 
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balances between the additive and multiplicative models, preserving sensitivity to both 

good and poor values without exaggerating extremes. These models are often selected 

based on the theoretical relationships among indicators and the desired level of 

compensability. 

A widely used standardized system that incorporates aggregation rules is the Soil 

Management Assessment Framework (SMAF). SMAF uses non-linear scoring curves, 

assigns context-specific weights, and applies mathematical rules for combining scores to 

derive a functional SQI. It is particularly useful in long-term agricultural trials and has been 

adapted globally for various cropping systems. 

6.3 Fuzzy Logic and Analytic Hierarchy Process (AHP) 

For regional or watershed-level soil quality assessments, where indicators are often 

heterogeneous and relationships are non-linear or uncertain, more advanced decision-

support methods such as fuzzy logic and Analytic Hierarchy Process (AHP) are preferred. 

Fuzzy logic allows for the modeling of uncertainty and gradation in soil indicators by 

converting crisp input values into fuzzy membership functions. Each indicator is assigned 

a degree of membership to qualitative categories such as “low,” “medium,” or “high.” This 

method is particularly useful when indicator thresholds are not rigid or when expert 

knowledge needs to be incorporated. Fuzzy models enable nuanced interpretation of soil 

quality, especially in spatially variable and data-scarce regions. 

The Analytic Hierarchy Process (AHP) is a multi-criteria decision-making tool that relies 

on pairwise comparisons of indicators to derive relative weights. These weights reflect 

expert judgments about the importance of each indicator in relation to soil functions. AHP 

is highly applicable in regional assessments where local stakeholder input and policy 

relevance are critical. It provides a transparent framework for integrating qualitative and 

quantitative information and supports hierarchical evaluation of soil quality at landscape 

scales. 

In conclusion, index construction methods vary in complexity and application depending 

on the scale, data type, and decision-making context. While additive and PCA-based 

models are suitable for controlled field studies, fuzzy logic and AHP offer flexibility and 

interpretive strength for regional planning and natural resource management. The choice 

of method should align with the study's objectives, the nature of the data, and the end-users 

of the SQI. 

7. Statistical Analysis and Interpretation 
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Once the Soil Quality Index (SQI) has been constructed, robust statistical analyses are 

essential to interpret the results, identify significant differences across treatments or 

landscapes, and validate the classification and spatial distribution of soil quality. A variety 

of statistical tools from classical inferential techniques to advanced spatial and multivariate 

methods are used to draw meaningful inferences from SQI data. 

To assess the influence of different treatments (e.g., nutrient management systems, tillage 

practices) or site conditions (e.g., slope positions, land use types) on SQI, Analysis of 

Variance (ANOVA) or Multivariate Analysis of Variance (MANOVA) is commonly 

employed. ANOVA allows researchers to determine whether mean SQI values differ 

significantly among predefined groups. MANOVA, an extension of ANOVA, is used when 

multiple dependent variables (e.g., individual indicator scores along with SQI) are analyzed 

simultaneously. These tests are especially useful in field experiments with replicated 

designs, helping identify which management practices or environmental variables 

significantly affect soil quality. 

Cluster Analysis is a powerful exploratory tool used to group similar soil profiles, land 

units, or regions based on their SQI values or indicator profiles. Hierarchical or non-

hierarchical clustering methods classify sites into homogeneous groups without prior 

knowledge of group membership. This helps in identifying soil quality zones or 

management domains, especially in regional-scale studies. For example, cluster analysis 

can be used to distinguish high-performing, moderately degraded, and severely degraded 

soil clusters, which can guide targeted soil conservation interventions. 

To evaluate how well a set of indicators or derived SQI scores differentiate among known 

groups (e.g., land use systems, management zones), Discriminant Function Analysis 

(DFA) is used. DFA develops functions based on weighted linear combinations of variables 

that best separate the groups. It also serves as a validation tool by checking the accuracy of 

classification and identifying which indicators contribute most to group discrimination. In 

SQI research, DFA helps verify whether the selected Minimum Data Set (MDS) and 

scoring models effectively differentiate between soil quality categories. 

For spatial assessments, geostatistical techniques such as Kriging and Inverse Distance 

Weighting (IDW) are used to interpolate SQI values between sampling points. Kriging is 

a more advanced interpolation method that considers both the distance and the spatial 

autocorrelation between points to provide unbiased and minimum-variance estimates. In 

contrast, IDW estimates values at unsampled locations based on weighted averages of 

nearby observations, with weights decreasing with distance. Both methods allow the 

generation of continuous SQI surface maps that reveal spatial patterns of soil quality across 

regions or watersheds. 
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To make these spatial patterns accessible and visually interpretable, Geographic 

Information Systems (GIS) are employed. GIS enables the overlay of SQI maps with other 

spatial datasets such as land use, topography, rainfall, or administrative boundaries 

allowing integrated spatial analyses. Visualization tools within GIS platforms (e.g., QGIS, 

ArcGIS) can be used to classify SQI into categories (e.g., low, moderate, high), highlight 

critical zones, and support evidence-based land use planning and resource allocation. In 

summary, statistical analysis and interpretation not only validate the SQI but also enhance 

its utility in decision-making. From hypothesis testing at the plot level to regional mapping 

and classification, these analytical methods form the backbone of quantitative soil quality 

assessment and contribute to the scientific and practical credibility of SQI-based 

evaluations. 

8. Challenges and Limitations 

While the Soil Quality Index has emerged as a valuable tool for assessing and 

managing soil health, its development and application are not without challenges. These 

limitations arise from methodological, practical, and contextual factors that can influence 

the reliability, comparability, and interpretability of SQI results especially across different 

agroecological zones and land use systems. 

One major limitation is the scale dependency of indicators and methods. Indicators that are 

effective at the field level, such as microbial enzyme activities or short-term nutrient 

availability, may not retain their significance or measurability at the regional or watershed 

scale, where soil heterogeneity, land use diversity, and climatic variability come into play. 

Similarly, statistical techniques and scoring models developed for controlled experiments 

may not be appropriate for large-scale assessments with sparse or inconsistent data. This 

scale mismatch can lead to either oversimplification or overcomplication, affecting the 

utility of the SQI for practical land management decisions. Another critical issue is the 

influence of temporal variability. Soil quality indicators are not static; they respond 

dynamically to seasonal changes, management interventions, and climatic fluctuations. For 

instance, microbial biomass and enzyme activity may vary significantly between wet and 

dry seasons, while soil moisture and nutrient availability can change within days due to 

rainfall or irrigation events. A single-point sampling approach, although practical, may not 

adequately capture these temporal dynamics, leading to misleading conclusions about 

long-term soil quality. Repeated or seasonal sampling adds logistical complexity and cost, 

but may be necessary for accurate temporal interpretation. In regional assessments, the 

availability and quality of data pose significant constraints. Soil databases, particularly in 

developing regions, may be outdated, fragmented, or collected using inconsistent 

methodologies. This can hinder the application of geostatistical tools or the development 

of spatially explicit SQI models. Moreover, indicators like biological properties or land use 
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histories are often missing from national databases, reducing the comprehensiveness of 

regional SQI evaluations. Limited access to high-resolution remote sensing data, lack of 

ground-truthing, and institutional constraints further exacerbate these issues. 

Finally, a frequently overlooked limitation is the lack of integration of traditional 

knowledge and farmer perceptions in SQI frameworks. Farmers often possess nuanced, 

experiential insights about soil behavior, crop response, and long-term land changes, which 

are not captured through conventional scientific indicators. For example, indigenous soil 

classifications based on color, texture, or vegetation response may correlate well with 

scientific indicators but remain underutilized. Including participatory approaches and 

farmer-derived indicators can enhance the relevance, acceptance, and sustainability of SQI-

based recommendations, especially in community-managed or smallholder landscapes. In 

summary, while SQI is a powerful concept, its application must be context-sensitive, 

flexible, and inclusive. Addressing challenges related to scale, temporal variability, data 

quality, and stakeholder engagement is essential to improve the robustness and impact of 

soil quality assessments. Future work should focus on harmonizing methods, enhancing 

monitoring systems, and bridging scientific and local knowledge systems to make SQI a 

truly integrative tool for sustainable land management. 

9. Future Perspectives 

The advancement of soil quality assessment is entering a transformative era, driven by 

innovations in data science, earth observation technologies, and participatory digital tools. 

As the complexity of soil–plant–climate interactions becomes increasingly evident, there 

is a pressing need for more predictive, scalable, and accessible approaches to Soil Quality 

Index (SQI) modeling. These emerging perspectives aim to enhance the precision, 

timeliness, and usability of SQI for researchers, planners, and farmers alike. 

A promising frontier lies in the application of machine learning algorithms for predictive 

SQI modeling. Unlike traditional statistical methods, which often assume linearity and 

require predefined relationships among variables, machine learning can handle non-linear 

interactions, large datasets, and complex patterns. Algorithms such as Random Forests 

(RF), Support Vector Machines (SVM), and Artificial Neural Networks (ANN) have 

shown significant potential in classifying soil quality levels, identifying key predictors, and 

generating high-accuracy spatial models. For example, Random Forests can rank the 

importance of physical, chemical, and biological indicators in determining SQI, while 

SVM and ANN can predict soil quality classes based on diverse input variables, including 

topography, climate, and land use. These models improve the objectivity and 

generalizability of SQI frameworks, especially in heterogeneous and data-rich 

environments. 
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Another major advancement is the integration of SQI modeling with remote sensing and 

geospatial technologies. Satellite data from platforms such as Sentinel-2, Landsat 8, or 

hyperspectral sensors can provide continuous, near-real-time observations of land surface 

characteristics like vegetation indices, surface moisture, soil brightness, and land cover. 

These variables can be correlated with ground-based soil indicators, allowing for the 

remote prediction and monitoring of SQI across large areas and over time. The coupling of 

remote sensing data with machine learning models enables the creation of dynamic SQI 

maps, which can support early warning systems for land degradation, drought impact 

assessments, and precision land management interventions. 

Equally important is the development of open-access, user-friendly digital platforms that 

democratize SQI knowledge. Web-based interfaces and mobile applications can allow 

farmers, extension workers, and planners to input local soil and crop information, access 

SQI scores, and receive tailored management recommendations. Integrating these 

platforms with national soil health databases, GPS tagging, and weather APIs can provide 

real-time, location-specific soil quality advisories. Such tools will empower stakeholders—

particularly smallholder farmers with actionable insights for nutrient management, 

conservation practices, and climate-smart agriculture. Initiatives that combine open data 

standards, participatory design, and multilingual interfaces are crucial to maximize 

adoption and equity. 

In conclusion, the future of soil quality assessment lies in building smart, scalable, and 

inclusive SQI systems. Machine learning and remote sensing offer powerful tools for 

predictive and spatially explicit modeling, while digital platforms bring soil information 

directly to the hands of users. The integration of these technologies promises a shift from 

static assessments to dynamic soil quality monitoring, aligned with the goals of sustainable 

land management, climate resilience, and food security. 
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