


Big Data Analytics in Climate Smart Agriculture: A Social Science Perspective
Abstract
In an era of climate volatility and population explosion, increasing productivity of agriculture in a sustainable means has to be emphasized. As the digitization rate exceeding in an accelerated manner, data generation also increases in case of agricultural sector as well. Hence, big data analytics emerged as a transformative tool for climate-smart agriculture (CSA). Big data is characterized by different attributes and have several differences from traditional data. It can be used in structured data analysis, text data analysis, website data analysis, multimedia data analysis, network data analysis, and mobile data analysis, and it has several applications in climate smart agriculture as well. Using different analytical methods including predictive modelling, sentiment analysis, and automated content analysis, researchers will be able to perform social sciences research with the help of various tools (e.g., R, RapidMiner, WEKA). Sentimental analysis of digital platforms can identify behavioural patterns influencing technology adoption, while predictive models can enhance precision in resource allocation, reducing costs and emissions. However, challenges such as infrastructural gaps, data privacy concerns, and digital literacy barriers hinder the widespread usage of big data analytics. The study reveals that the integration of big data into social science frameworks can be explored more, particularly in understanding how socio-economic dynamics, farmer behaviour, and community-level decision-making intersect with environmental data. It also suggests that keeping big data analytics as a bridge between technological innovation and social equity can redefine CSA as a tool not only for climate adaptation but for empowering farmers as key agents of sustainable transformation. 
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INTRODUCTION:
In India, digitalization has become a key factor in the country’s economic and social transformation. India has experienced a surge in digitalization over the past decade, largely driven by the government’s push for Digital India and growing smartphone penetration. As internet access has expanded, so has the generation of vast amounts of data. Digitalization has brought about significant changes across various sectors in India, including e-governance, e-commerce, digital education, smart agriculture.etc (Shobana and Kumar, 2024). It is also projected that by 2030, digital economy will contribute nearly one-fifth of the overall economy of the country (GOI,2025). Rural tele density and number of internet subscribers in both rural and urban population has been showing an increasing trend 2014 onwards (OGD, 2023). In agriculture, digital tools and platforms are increasingly being used to capture and analyze diverse data types, which are ranging from satellite imagery and weather data to soil health and crop performance. In agriculture, a diverse range of data types are generated, including scientific, experimental, and survey-based data from laboratories and fields, including animal health diagnostics, soil and water assessments, and productivity trials from AICRP. Geo-referenced data such as weather records, remote sensing images, along with high-volume datasets like genome sequences and live-streamed sensor data from drones, tractors, and RFID systems, also form a significant part of agricultural big data. These are complemented by administrative, socio-economic, and institutional data, as well as information from government schemes and digital platforms (NAAS, 2021). These diverse data in agriculture lead to ‘Data-driven form of farming’, in which decision-making processes are based on explicit information derived from data collected through various sources (Wolfert et al., 2017). However, the enormity of the size and complexity of agricultural data, and its fragmented nature, pose significant challenges to unlocking its potential economic value, estimated at $65 billion in India alone (World Economic Forum, 2023). All these indicate a need for a common data interchange and analysis format, pointing to big data analytics.
At the same time, the changing climate has become an undeniable fact and all over the world, it has affected people at various levels. Global warming has increased, with global surface temperature above 1.1°C above 1850-1900 in the last decade, particularly with the major contribution of human activities (IPCC,2023). Along with this, it is expected that within the upcoming 30 years, around 2 billion population can be increased and it can go up to nearly 10.4 billion in mid of 2080s (UN, 2024). Increase in the global population has raised the food demand and the concerns about food security need to be quickly addressed (Bloom, 2011). Climate change has implications on agriculture and allied sectors, natural ecosystem, water supply, health, soil and atmosphere (IPCC, 2014). Simultaneously, agricultural sector acts as a cause to increase the climate change effects, as it contributes to more than 25% of anthropogenic emissions globally(IPCC, 2018). These dual role of agricultural sector as an effect as well as a cause leads to the need for a solution, which acts as an adaptive mechanism, and simultaneously acts as a mitigative mechanism. Climate Smart Agriculture (CSA), offers a solution by increasing productivity and climate resilience, and reducing emissions, thereby supporting food security and sustainable development(Lipper et al., 2014). This present study analyses how these aspects can be addressed together, i.e., assessing the role of big data analytics in climate smart agriculture, that also, through a social science lens.
Big Data Analytics
The ‘Big Data’ is a term, which originally denoted the data which could not be fitted into/handled by the memory of a single computer server. It can also be defined as data sets with sizes beyond the ability of commonly used software tools to capture, curate, manage, and process data within a tolerable elapsed time (Snijders et al., 2012). The term ‘Analytics’ denotes systematic analysis of data to uncover patterns, interpretation and communication applying statistical tools. It means that by using analytics in big data, the various distorted data can be made into a useful form.
Attributes of big data are very wide, varying from 3‘V’s to 15‘V’s by researchers overtime(Kapil et al., 2016). Some of them includes volume (size of data), velocity (speed of data generation), value (worth in terms of relevance), variety (types), veracity (quality) etc. (Ishwarappa & Anuradha, 2015)
Table 1. Comparison of big data Vs traditional data
	Traditional Data
	Big Data
	Reference

	It is usually a small amount of data that can be collected and analyzed using traditional methods easily.
	It is usually a big amount of data that cannot be processed and analyzed easily using traditional methods.
	(Ramdas & Masleker, 2023)
	It is usually structured data and can be stored in spreadsheets, databases, etc.
	It includes semi-structured, unstructured, and structured data.
	(Mishra & Misra, 2017)
	It often collects data manually.
	It collects information automatically with the use of automated systems.
	(Gopal & Ramanathan, 2022)
	It usually comes from internal systems.
	It comes from various sources such as data streams, social media and public domains
	(Matilda S., 2017)
	Analysis of traditional data can be done with the use of primary statistical methods.
	Analysis of big data needs advanced analytics methods such as machine learning, data mining, etc.
	(Elgendy & Elragal, 2014)
	Traditional methods to analyze data are slow and gradual.
	Methods to analyze big data are fast and instant.
	(Elgendy & Elragal, 2014)
	It is typically processed in batches.
	It can be developed and processed in real-time.
	(Kekevi & Aydin, 2022)
	It contains reliable and accurate data.
	It may contain unreliable, inconsistent, or inaccurate data because of its size and complexity.
	(Hariri et al., 2019)
	It is easy to secure and protect than big data because of its small size and simplicity.
	It is harder to secure and protect than traditional data because of its size and complexity.
	(Jain et al., 2016)
	It can be managed in a centralized structure easily.
	It requires a decentralized infrastructure to manage the data.
	(Rajendran et al., 2016)


Big Data Analysis Fields 
Data analysis research can be divided into six key technical fields, i.e., structured data analysis, text data analysis, website data analysis, multimedia data analysis, network data analysis, and mobile data analysis (Chen et al., 2014).
Structured Data Analysis : Structured data refers to data that is organized in a fixed format or schema, typically in rows and columns, making it easily searchable and analyzable. Examples include spreadsheets, relational databases, and CSV files(Grossman & Pedahzur, 2020). Can be applied in financial analysis, customer data management, inventory tracking, and any field where data is systematically collected and stored.
Text Data Analysis: It involves analyzing and extracting meaningful information from unstructured text data. This type of data can come from various sources, such as social media posts, reviews, emails, and documents(Verma & Agrawal, 2016). It has much potential through sentiment analysis, customer feedback analysis, document classification, and chatbots.
Website Data Analysis: This field focuses on the collection and analysis of data from websites, including user behavior, traffic patterns, and interaction data, also known as web analytics. Applications include digital marketing, user experience optimization, e-commerce, and website performance monitoring(Alghizzawi et al., 2025).
Multimedia Data Analysis: Multimedia data analysis deals with data that includes images, videos, audio, and other forms of multimedia(Pouyanfar et al., 2019). This type of analysis is crucial for tasks like image and speech recognition, video analysis, and multimedia content recommendation.
Network Data Analysis: Network data analysis involves studying the patterns and structures of networks, whether they are social networks, communication networks, or biological networks. It focuses on the relationships and flows between entities in the network (Prell, 2012). It can be applied to social media analysis, network security, and organizational studies.
Mobile Data Analysis: This field involves analysing data generated from mobile devices, including app usage, location data, and sensor data. It can be used for location-based services, app optimization, and user engagement analysis.
Applications of Big data analytics in agriculture and its significance in CSA
Big data plays various roles in modern agriculture by accelerating plant breeding through precision techniques and enhancing bioinformatics to analyze genetic makeup and gene expression in plants. It facilitates faster technology development and adoption by identifying innovation opportunities and assessing associated risks. In farming practices, big data optimizes input use, predicts yields, and aids in effective crop planning to meet market demand and manage risks. It also enables accurate quality assessment and traceability, ensuring food safety and increase consumer confidence. Furthermore, big data supports customized farm advisory services by offering personalized guidance and real-time monitoring, thereby empowering farmers to make informed decisions and improve productivity(Javergowda& Indiramma, 2019; NAAS,2021).
Big Data increase the heterogeneity “across farms, farmers, climates, crops, soils, natural resources, models, management strategies and outcomes, post production value chain system, and other economic variables of interest” that can boost knowledge with regard to the concept of climate-smart agriculture (Rao, 2018). It can act as the future as a one-window solution for increasing the opportunities of increasing the yield and productivity of more than 140 mha of agricultural land (Bordoloi, 2017). Also, it has the potential to supplement precision agriculture with extension activities by using GIS-GPS-RS linked to mobile apps, profiling and sharing of information in social media to reach cultivators, farmers and different stakeholders as well (Reghunadhan, 2020). 
Steps in Big data analytics
In a general way, the steps in big data analytics can be summarised in 5 steps.
1.Data extraction
Big data is  a potent platform to store the diverse data collected and analyze the data to make site-specific decisions(J & M, 2019). Data  acquisition in agriculture include  soil characters, seeding rates, crop  yields that can be combined with  the  historical  records  such  as  weather  patterns, topography and  crop performance (Bunge, 2014). Since we are dealing with climate-smart agriculture, here are some methods for extracting climate data. Climate data is a time series of measurements of sufficient length, consistency, and continuity to determine climate variability and change continuity (Drobot et al., 2004). Several popular sources of climate data provide reliable and accessible information for various users. Some of the commonly used sources globally include Intergovernmental Panel on Climate Change (IPCC), NASA Earth Observing System Data and Information System (EOSDIS), National Oceanic and Atmospheric Administration (NOAA), World Meteorological Organization (WMO), Climate Data Online (CDO) etc. and in Indian context Indian Meteorological Department (IMD), Indian National Centre for Ocean Information Services (INCOIS), National Centre for Medium Range Weather Forecasting (NCMWRF), etc. used as sources (Panja et al.,2023).
The question is, being in the field of social scieneces, what is the need for extracting climate data? Most of the time, perception, awareness or attitude of the farmers were assessed regarding climate change scenario. Ability of farmers to detect climate change is questionable, as their perceptions are often based on short-term experiences and personal memories rather than scientific measurements. Without the aid of meteorological instruments, it will be difficult to recognize the climate change which is slow and having a long-term nature (Weber, 2010). For instance, in the study of (Hasan & Kumar, 2019), in contrast to the farmers’ perception, the temperature showed a decreasing trend before 1990, whereas after 1990 it was found to be consistent with the meteorological data. Extracting data can be done from various methods including IMD web porta or using Python code (Fig.1), or from Open Government platform (OGD).
Fig 1. Extraction of climate data from IMD using Python code
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2. Data Pre-processing 
Data pre-processing is necessary as the raw data may be prone to noise, corruption, misplaced, and variation (Maharana et al., 2022). Data preprocessing is the process of collecting the quality data from large datasets. It includes several stages some of which includes, ‘data cleaning’ which transforms raw data into a machine-understandable format, ‘data Integration’ which means combining data from multiple sources to create a unified dataset(Lenzerini, 2002), ‘data transformation’ where the quality data consolidated into alternate forms by changing the value, structure, or format of data, by means of  normalization, attribute selection, aggregation, smoothing etc.(Mangla et al., 2022), and ‘data reduction’ which is replacing the original data with few charactors with all relevant data (Massart et al., 2003).
3. Data Storage 
Data storage can be defined as the capability to store, manage, and analyse large amounts of heterogeneous data hints towards the emergence of a data-driven society and economy with huge transformational potential (Manyika et al. 2011). Different types of storage systems include distributed file systems, cloud storage, NoSQL database, Big data querying platforms..etc.
4. Data analysis 
Data analysis in terms of big data is the process of applying algorithms in order to analyse the sets of data and extract useful and unknown patterns, relationships, and information (Song & Kusiak, 2009). In research and technologies, data analysis has a significant impacts as it will help decision makers learn more from previous data sets (Song & Kusiak, 2009).
Few analytical methods for Social Science Research
1. Automated Content analysis
This ﬁeld concerns the use of algorithms, data structures, and associated to extract information from social data, corpus data etc. be it in the form of large or small data sets. Research in this area requires an understanding of principles of linguistics and content analysis, semantic dimensions of meaning, and data mining in a technical sense. Typical approaches of computational content analysis are text mining and dictionary approaches. Text mining is a method for searching large amounts of texts for specific information (e.g., certain textual attributes). In dictionary approaches, texts are searched for word families based on dictionaries and rules that are fed to the computer software (Krippendorff, 2013; Scharkow, 2013). In the climate context, Keller et al.(2020) has used this method to analyse the themes and topics in media coverage of climate change in India from 1997-2016 and as a result the content was categorized into 28 topics and 4 themes.
Sentiment Analysis 
One way to see the close connection between the humanities and the social sciences is through the sentiments or emotions derived from or extracted from the text or, as alternatively put, the psychology of reading the text. Sentiment analysis is a discipline focused on  the analysis of people’s opinions,  sentiments,  evaluations,  appraisals, attitudes, and emotions towards products, services, organizations,  and  other  entities  with  methods   of  natural  language  processing  (Liu,  2012). The rapid growth of unstructured data in social networking, blogs, reviews, posts, comments, and tweets are the most important source  for sentiment  analysis (Zhang et  al.,  2008). Here, the collected data will be categorized into positive, negative and neutral polarities(Piryani et al., 2017). In a study by Ofori & El-Gayar(2019) Climate change was identified as one of the key driver for adopting smart agriculture, from online posts during 2010 January to 2018 December where they observed 52% joy, 21% anger and 12% sadness in 385 of the posts.
Predictive modelling 
Predictive modelling involves the use of statistical and machine learning techniques to predict future outcomes based on historical data. Big data denotes the exploding growth of data that may be analyzed to reveal patterns, trends, and associations, especially relating to human behaviour and interactions (Stawski,2015). In the context of social sciences, predictive modelling can involve analysing data on human interactions, socio-economic indicators, or behavioural trends to make predictions about future developments. A research among small holders used this approach to develop a system which provide farmers with crop recommendations and yield predictions based on soil and meteorological parameters(Srikanth et al., 2022). In another study conducted by Malik et al. (2023) climate variability is examined and the impact of socio-economic and climatic factors on agricultural growth is assessed using this approach. 
5. Data visualisation 
Data visualisation involves the graphical representation of large and complex datasets to uncover insights, patterns, and trends that might otherwise be difficult to discern (Qin et al., 2022). Presenting data visually makes it easier to analyse, interpret, and communicate findings. Below are some commonly used data visualisation methods:
Tag Cloud:  A tag cloud is a visual representation of textual data where each word or tag is displayed with a weight coefficient. The size of each word correlates with its frequency or importance: the higher the weight or frequency, the larger the font size of the word. This method is particularly useful for highlighting key themes or topics in unstructured data, like a collection of documents or social media posts. It's an effective way to quickly grasp the most prominent terms within a dataset (Vilela et al., 2022).
Clustergram: A clustergram is a heatmap-like visual tool used to demonstrate how elements in a dataset are grouped into clusters based on similarities. It helps to represent hierarchical clustering, which reveals patterns of how data points are related and grouped. Each row or column of the clustergram corresponds to different data points, with colour intensity indicating the strength of relationships between clusters. This method is often used in bioinformatics, genomics, and market segmentation to understand relationships within multidimensional data (Fleischmann, 2023).
Dashboard: A dashboard is a visual display that consolidates and presents different types of data visualisations in one centralised interface. It is often used in business intelligence to provide a high-level overview of key performance indicators (KPIs) or metrics from multiple data sources. Dashboards are designed to be intuitive, combining bar charts, line graphs, pie charts, and other visual elements to help users quickly digest information and make data-driven decisions. Dashboards are customizable and often interactive, allowing users to drill down into specific metrics for deeper analysis (Schwendimann, 2016).
Some of the popular tools for data visualisation include Tableau, Power BI, QuikView, Plotly, etc (Qin et al., 2022).
Tools for Big Data Analysis
Since we are dealing with data which requires more than the conventional techniques, some advanced tools are required for big data analytics. Here are some of the tools which can be used for big data analytics (Katal et al., 2013; Grover & Kar, 2017).
1. R: R is a free, open-source programming language and software widely used for statistical computing and data analysis. It offers an extensive range of libraries and tools for tasks such as data visualisation, machine learning, and statistical modelling. R's syntax is designed to be user-friendly, making it accessible for both beginners and experienced programmers. The language is popular in academia, research, and industries like finance, healthcare, and bioinformatics due to its powerful data handling capabilities.
2. Excel: Microsoft Excel is a powerful spreadsheet application widely used for data organisation, analysis, and visualisation. It allows users to perform calculations, create graphs, and manage data sets efficiently with formulas and functions. Excel is highly versatile, catering to a wide range of industries, including finance, business, and research, for tasks such as budgeting, forecasting, and statistical analysis. Some advanced plug-ins of Excel, such as Analysis ToolPak and Solver Add-in, can be used for complex computations.
3. WEKA: WEKA (Waikato Environment for Knowledge Analysis) is an open-source software suite for machine learning and data mining tasks, developed at the University of Waikato in New Zealand. It provides a collection of tools for data pre-processing, classification, regression, clustering, association rules, and visualisation. WEKA is designed to be user-friendly with a graphical interface, making it accessible for both beginners and advanced users.
4. RapidMiner: RapidMiner is a powerful, open-source data science platform designed for advanced analytics, machine learning, and data mining. It offers a drag-and-drop interface, making it accessible to users without deep coding knowledge, while still being robust enough for experienced data scientists. The platform supports a wide range of tasks, including data preprocessing, model building, validation, and deployment.
Initiatives using Big Data analytics- at the international level
Big data analytics to identify and overcome scaling limitations to climate-smart agricultural practices in South Asia (BigData2CSA): It is an innovative approach aimed at leveraging big data technologies to address the challenges faced in implementing climate-smart agriculture (CSA) across the region, under the CGIAR Research Program on climate change, agriculture and food safety. Climate-smart agriculture focuses on improving agricultural productivity, resilience, and reducing greenhouse gas emissions, making it a critical strategy in the context of South Asia’s vulnerability to climate change (Malik, 2023). However, scaling CSA practices is often hindered by numerous limitations, including resource constraints, socio-economic factors, and lack of access to relevant data. Indian Agricultural Research Institute (IARI) and Indian Council of Agricultural Research (ICAR) are partners.
CG Labs: ‘CGIAR Platform for Big Data in Agriculture’ developed CG Labs, an analytic environment linked to the GARDIAN data ecosystem under the CGIAR platform for big data in agriculture. Using CGLabs, researchers assessed and predicted the climate risk and adaptation potential of agricultural value chains in various countries, including India (Malik, 2023). 
Extension Perspective
· Advanced big data collection tools (data mining, web scraping) help to gather a large volume of data regarding various stakeholders in CSA (Wally, 2021).
· Integration of various disciplines will help in giving more adaptable and reliable recommendations for farmers (Raj & Garlapati, 2020)
· Assessment of new types of data (eg, data from social media) will give insights into new patterns of human behaviour.
· The scope of integration of new types of data may change the perspectives of the research questions in the field of extension (Amadu,2022).
· Introduction to new analysis techniques may lead to the development of new methodologies in the field.
Challenges of big data analytics in climate-smart agriculture
1. Data Quality and Availability: In climate-smart agriculture, inconsistent or incomplete data sources can limit the effectiveness of big data analytics, making it difficult to derive accurate insights for decision-making (Rao, 2017).
2. Infrastructure and Technology: Many rural farming areas lack the necessary technological infrastructure, such as reliable internet connectivity and sensors, to support big data-driven agriculture (Ramya et al., 2015).
3. Skill Gap: A significant challenge is the shortage of farmers and agricultural professionals trained in using data analytics tools, limiting the adoption of advanced techniques.
4. High Cost of Investment: Implementing big data solutions often requires substantial financial investment in technology, infrastructure, and training, which can be prohibitive for smallholder farmers (Rao, 2017).
5. Data Integration and Interoperability: The variety of data formats and sources, such as satellite data, soil sensors, and market information, makes it challenging to integrate and analyse the data without much effort.
6. Privacy and Security: Ensuring data privacy and safeguarding sensitive agricultural information from cyber threats is a major concern in the widespread use of big data in agriculture (Wally, 2021).

Conclusion
[bookmark: _Hlk188955575]Big data refers to data sets with sizes beyond the ability of commonly used software tools to capture, manage, and process data within a short time. The necessity to format all the structured, unstructured and semi-structured data led to the development of big data analytics. Rapid advancement in technologies as well as greater extent of digitization caused the production as well as increased usage of various kinds of data across the globe, particularly in agriculture. The dual role of the agricultural sector as an effect and a cause of climate change leads to the need for a solution, which acts as an adaptive as well as a mitigative mechanism, therefore points to Climate Smart Agriculture (CSA). The ability to handle heterogeneous data expands the potential of social science in climate-smart agriculture by integrating socio-economic data with soil, crop and climatic data. New research methodologies open new avenues toward transformational change in agricultural social sciences. The general trends in big data analytics include data extraction, data pre-processing, data storage, data analysis and data visualisation. Reliable climate data is available globally from sources like NOAA, NASA EOSDIS, IPCC, and WMO, and in India from IMD, NCMWRF, and INCOIS, supporting diverse needs of users, and it can be extracted using different methods. Predictive modelling, Sentiment Analysis, Automated Content analysis, etc are some of the analytics methods which can be applied in the field of social sciences. Commonly used tools for researchers include R, Excel, RapidMiner, and WEKA, and as per the complexity of data and analysis, tools also change. Results of big data analytics can be visualised by novel methods like tag cloud, clustergram, dashboards, etc. Even though international-level initiatives are promoting big data analytics in agriculture, it has certain challenges in practice. Still, with proper planning and execution, big data analytics can be seen as a huge potential in social science sector in agriculture. 
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