Data Analysis in Agriculture: A Comprehensive
Analysis of Machine Learning Approaches for Crop
Yield Prediction

Abstract

In this study, four machine learning models, linear regression, random forest, XGBoost, and
CatBoost, were applied to predict crop yield using farm characteristics from 50 agricultural
records. The best-performing model was CatBoost, with the lowest mean squared error and the
highest R-squared value. The feature importance analysis revealed that farm area and water
usage were the most potent predictors for yield, while the fertilizer and pesticide usage showed
relatively less influence. The Kharif season dominated the dataset, and some crops were more
suited to soil as compared to others. The results indicate that the efficiency of yield improvement
by efficient allocation of resources and strategic irrigation planning is more than the mere
increase of input quantity.

Introduction

Data analytics has become an important tool for modern organizations because it helps to turn
raw data into useful information that can support decision-making. Companies in many
industries collect large volumes of data and apply analytical techniques to identify patterns,
improve performance, and solve real-world problems. The agriculture sector is no different.
More and more farmers and agricultural organizations are using data-driven approaches to
enhance productivity, mitigate risks, and make better use of the resources available.

One of the biggest challenges in agriculture is the accurate prediction of crop yield. Crop yield is
influenced by many factors such as soil, irrigation, fertilizer, pesticides, farm size, and
environmental conditions. The uncertainty in these factors makes it difficult for farmers to
estimate production levels in the future and plan their operations accordingly.

The financial losses, inefficient allocation of resources, and reduced agricultural sustainability
can be the result of the poor yield predictions.

This report investigates the use of machine learning techniques in the analysis and prediction of
farm yield. The experiment is based on a farm yield dataset analyzed in Google Colab using
Python. The dataset contains information on farm characteristics and agricultural inputs that



may influence crop production. The study assesses the performance of different machine
learning models such as linear regression, random forest, XGBoost, and CatBoost in predicting
crop yield. The report also covers data preprocessing, exploratory data analysis, model
performance, and business implications in practice. The overall goal is to show how predictive
analytics can help to make better decisions in agriculture and to contribute to better
management and productivity of the farm.

Business Problem ldentification

Agriculture is an important source of food production and economic development. However,
farmers often have a hard time accurately estimating crop yields before harvest. Some factors
affecting crop yield are soil type, irrigation method, fertilizer use, pesticide use, farm size, and
environmental conditions. These factors vary from farm to farm and can make reliable prediction
difficult.

The project utilizes a dataset that includes information on different farm characteristics and the
corresponding crop yields. This data offers a chance to explore the use of machine learning
techniques to identify patterns and forecast future agricultural production. Accurate yield
prediction is important as it helps farmers make better decisions on resource allocation, crop
planning, and financial management .

The business problem of this report is how stakeholders in agriculture can use historical farm
data to improve crop yield prediction. Addressing this problem might address productivity,
reduce uncertainty in operations on a farm, and lead to more data-driven decision-making.
Hence, predictive analytics can bring tangible benefits for individual farmers as well as for
agriculture on the whole.

Data Acquisition and Preprocessing

This study is based on a dataset of 50 individual farming operations (Sreekar, 2026). The
dataset comprises ten different variables describing different aspects of agricultural practice and
output, with each record being a unique case for analysis. The goal of this phase was to collect,
understand, and prepare this raw data for the subsequent modeling.

The Pandas library in Python was used to import the dataset directly into the analysis
environment (McKinney, 2010). The initial review of the data suggests it is structured with
numerical and categorical features. The numerical variables are Farm_Area (acres),
Fertilizer_Used (tons), Pesticide_Used (kg), and Water_Usage (cubic meters), and the target
variable to predict is Yield (tons). The categorical variables are Crop_Type, Irrigation_Type,
Soil_Type, and Season. Farm_ID The column is a unique identifier



and was excluded from the modeling methodology. Preprocessing began with rigorous
screening of high-quality records. Using features like .Isnull().Sum() and. Duplicated(). Sum(), it
was confirmed that there is no missing or duplicate data in the dataset. This is a huge
advantage, as it simplified the preprocessing pipeline and negated the need for complex
imputation strategies. The number one preprocessing challenge is therefore task engineering,
especially dealing with explicit variables. Machine recognition algorithms cannot interpret
text-based classes without delay (Kuhn & Johnson, 2013). To address this, the explicit
capabilities were converted to the numerical configuration itself using a method from the
Scikit-analyze library. This process created binary (0 or 1) columns for each specific category,
ensuring that the version wanted to interpret explicit information without implementing any
artificial sequential flirting This robust preprocessing step is crucial to ensure validity.

Exploratory Data Analysis

After statistics preprocessing, exploratory data analysis (EDA) was conducted to uncover
underlying styles, test assumptions, and identify relationships between variables before using
the gadget study model (Tukey, 1977). The evaluation began with a univariate investigation of
the numerical task. The histograms showed that farm_area (acres) and water_use (cubic
meters) are right-skewed, indicating that as most farms are medium-sized with soft water use
and a small number of operations are notably larger and more water-intensive, the yield (lot)
distribution was barely perfectly skewed This ability to achieve the highest output indicates
nonlinearity, which was found to select algorithms capable of capturing complex patterns,
including random forest and XGBoost (Hastie et al., 2009). The analysis of specific variables
yielded important enterprise insights. The agricultural distribution pie chart showed that cotton,
barley, and tomato were the most cultivated plants. Interestingly, the farm area distribution pie
chart was typical; Cotton, rice, and barley held the largest land holdings, showing that crop
frequency is not consistently correlated with its land footprint A key finding of the EDA turned
into the identification of crop-unique soil choices. For example, as plants such as barley and
tomato grow in a couple of soil types, indicating favorability, and soybeans and carrots are found
in fewer soil types, indicating a more selective requirement this disparity justified the inclusion of
the interaction function

This heterogeneity justified the inclusion of interaction features within the later regression
fashions. Finally, research on seasonal patterns revealed that the Kharif season dominates the
dataset, along with Zaid and Rabi. This heterogeneous distribution is a realistic focus, as failure
to account for variation assessment can bias variation predictions in the presence of
kharif-unique conditions (James et al., 2013). This exploratory section effectively highlighted key
patterns and potential demand situations, providing a solid empirical basis for subsequent
regression analysis
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Regression Analysis

After exploratory data analysis, four regression fashions were applied to the crop yield
“expected. The aim is to go beyond simple comments and create a predictive framework
capable of estimating yields primarily based on agricultural characteristics, thereby providing
actionable insights for agricultural planning (Kuhn & Johnson, 2013). The fashions were decided
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to represent a spectrum of complexity, from simple linear baselines to state-of-the-art ensemble
methods capable of capturing diagram nonlinear interactions The first model, **Linear
Regression**, was efficient as a baseline. This model assumes linear dating between input
characteristics (e.g., fertilizer use, water use, crop type) and target yield (James et al., 2013)
While computationally simple and fairly interpretable, its primary motivation was to establish an
overall performance benchmark. Given the nonlinear models obtained at some point in
exploratory data analysis (EDA), with a right-skewed distribution of yield and capacity
interactions between the express variables, it was anticipated that linear models might perform
better with more complex algorithms Three tree-based clustering techniques have been applied
to capture these nonlinearities. The **random forest regressor** was chosen for its ability to deal
well with numerical and range data and for its inherent function selectivity, which reduces
overfitting (Breiman, 2001) This model constructs multiple selection trees and averages their
predictions to provide consistency and robustness. **XGBoost Regressor** (Extreme Gradient
Boosting) was implemented for its computation speed and prediction accuracy.

Unlike Random Forest, XGBoost builds trees sequentially, with each new tree correcting the
mistakes of the previous one, making it particularly effective for established tabular statistics
such as agricultural datasets (Chen & Guestrin, 2016). Finally, the **CatBoost regressor** is
selected. CatBoost is specifically designed to properly handle express capabilities, using a
unique method to model them without significant pre-processing like one-hot encoding, which
can lead to sparse records (Prokhorenkova et al., 2018). Given that our dataset contains many
high cardinality categorical variables (e.g., " and "Soil_Type"), CatBoost was expected to
perform strongly



Resource Usage & Yield by Irrigation Type

Total Yield (tons) Total Fertilizer Used (tons)
80

&
S
=

70 4

w
&
o

60

w
<3
o

50 4

N
0
=

40 1

Total Yield
N
S
1

Total Fertilizer

304

H
G
<]

204

H
o
<]

@
<]
.
o

o
o

S @ S et R S @
o® o W A8 QN o o o
P e @ o X e

Irrigation Type Irrigation Type

Total Pesticide Used (kg) Total Water Usage (cubic meters)

35 A

800000 1

600000

Total Pesticide

400000 4

Total Water Usage

200000

S 2 i3 et R S 2
o o W S W o o W
A et & W(\“ 6 o

Irrigation Type Irrigation Type

Source (Google Colab Notebook):

Model Evaluation and Comparison

The four regression models were rigorously evaluated after education to determine which set of
rules most accurately predicted crop yield. Model performance was evaluated using
complementary metrics: mean squared error (MSE), which penalizes larger prediction errors
extra closely, and R-squared (R?), which indicates the percentage of yield variance explained
through the model (James et al., 2013). As anticipated from exploratory data analysis (EDA),
the **linear regression** model finished the poorest of the four algorithms. This result was
predicted by nonlinear models within the data, including right-skewed distributions of yield and
complex interactions of crop type, soil type, and useful resource use Linear models are
inherently limited when relationships between capabilities and target variables are not strictly
linear (Hastie et al., 2009). Ensemble techniques verified significantly superior predictive energy.
Both **Random Forest Regressor™ and **XGBoost Regressor** accomplished appreciably
lower MSE and higher R? values compared to linear baseline This confirms that tree-based
absolute ensemble fashions are better suited for farm datasets, as they are able to capture
mechanistically nonlinear interactions and, without substantial change from outside, are able to
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deal with mixed fact types (Breiman, 2001; Chen & Guestrin, 2016). **CatBoost Regressor**
emerged as the best-acting version of the universal. This end result is constant with the
characteristics of the agricultural data set. CatBoost is especially optimized for datasets with
express features, using a progressive approach to systemize them that reduces overfitting and
bias (Prokhorenkova et al., 2018).

Given that our dataset contains several critical specific variables ("Crop_Type",
“Irrigation_Type’, "Soil_Type’, "Season’), the architectural advantage of CatBoost probably
contributed to its better predictive accuracy, and consequently, CatBoost can explain the
importance of features and crop yield. It was selected as the most final version to generate
actionable indicators for improvement.
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Findings and Recommendations

The analysis of fifty farm data points and the use of the system to gain knowledge of fashion
yielded several sizeable findings with practical implications for farm management and coverage.
These findings are derived from both exploratory data analysis (EDA) and first-rate performance
CatBoost Regressor model functional importance assessments
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Key Findings

The EDA revealed wide variation in agricultural traits and their fondness for crop yields. Normal
crop yields turned out to be about 27 lots, yet the distribution is right-skewed, indicating that
even as most farms yield slightly, a small number of operations are highly overproductive
(Srikar, 2026). Analysis of specific variables exposed essential patterns. The Kharif season
dominates the data set, which was observed through Zaid Rabi. This seasonal anomaly is a
practical focus; fashions trained on this information can also make additional accurate
predictions for Kharif conditions (James et al., 2013). In addition, the agricultural distribution
piechart showed that cotton, barley, and tomato are the most regularly cultivated crops, while
cotton, rice, and barley occupy the largest land areas Demand for market space and crop
profitability are included Feature importance analysis from the CatBoost version provided the
most actionable insights. **Farm** emerged as the strongest predictor of yield, followed by
**water use*™ and **crop type**. Interestingly, the comparatively low importance of fertilizer and
pesticide use was confirmed, indicating that the amount of resources per se does not assure
higher yields. This finding leads to the assertive position that output increases linearly as inputs
increase (Tukey, 1977).

Recommendations

Based on their findings, several practical recommendations have been proposed for farmers
and agricultural policymakers. First, efficient resource allocation should be prioritized over the
amount of assistance provided to farmers. The low importance of fertilizer and pesticide use
within the model demonstrates that issues of how sources are applied are additional to how lots
are used. Precision agriculture techniques, which include trying the soil before fertilizer software
and integrated pest control strategies, should increase yields without increasing their fees (Kuhn
& Johnson, 2013). Second, **irrigation techniques need to be matched to crop type and soil
conditions**. The EDA found wide variation in water use among one type of irrigation strategy.
Farmers should not forget to use flood irrigation and transition to drip or sprinkler systems for
water-intensive plants like cotton, which has been identified as having better water
consumption. These changes can also reduce water wastage in the form of maintaining or
improving yields. Third, **crop diversification needs to keep soil compatibility in mind**. The
assessment diagnosed that some plants, including barley and tomatoes, can be grown in more
than one soil type, while others,, such as soybeans and carrots, need additional specific soils
Farmers need to take advantage of these records, planning crop rotations to reduce hazard and
optimize land use.

Fourth, **seasonal planning needs to account for the dominance of kharif conditions**. Although
the data set provides insights into all three seasons, predictions of rabi and zaid crops may
additionally have good uncertainty due to limited data Farmers should validate editing tips for
these seasons with local understanding (Hastie et al., 2009). Finally, **policymakers must assist
information chain efforts**. The data set carries the most effective 50 statistics, providing
statistical power. Expanding the record series to include more farms, especially at some stage in
non-kharif seasons, may enable additional robust signals to increase model reliability



Conclusion

This provides an overview of machine dexterity techniques effectively implemented to predict
crop yields using agricultural traits, showing that fact-driven processes can provide valuable
insights for agricultural decision-making. An evaluation of fifty agricultural statisticians showed
that while simple linear models are insufficient to capture the complexity of farming systems,
ensemble methods—especially CatBoost—can effectively capture nonlinear relationships
among inputs with farm location, water use, crop type, and yield (Srikar, 2026). Agriculture and
water use rank as the most necessary predictors, as fertilizer and pesticide use are relatively
less important, demanding traditional assumptions under conditions about useful
resource-intensive farming This suggests that efficiency and strategic useful resource allocation
may be more valuable than increased input volumes. The identification of crop-soil compatibility
styles and seasonal variations, in addition, supports the need for tailor-made and
context-specific agricultural guidelines against uniform solutions (Hastie et al., 2009). However,
several obstacles need to be recounted. The data set carries the simplest 50 facts, which limits
statistical power and version generalization. The preponderance of kharif seasonal information
may also bias predictions for rabi and zaid crops. Future graphics need to be conscious of
increasing the dataset to fit additional farms in all seasons and geographical areas, including
additional variables of weather style and soil nutrients, and validating editing tips through
subject testing (James et al., 2013). In conclusion, although the instrument study cannot update
agricultural information, it is able to act as a powerful selection-aid tool.

The CatBoost model developed in this approach provides the basis for information-informed
yield forecasting, with the potential to contribute additional efficient and sustainable productive
farming practices Based on the contents of your collab notebook
(‘farm-yield-analysis-prediction-ml-models.lpynb’), and the general academic practice of the
master's level record, here are the **Harvard references™* for the sections written above

Citations: Google Colab Notebook

e (Sreekar, 2026)—Dataset and findings
e (Hastie et al,, 2009) - Context-specific recommendations
e (James et al., 2013) - Future research directions
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