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Accurate crop yield prediction requires both precision and interpretability for
practical agricultural decision-making. This study is the first to systematically
benchmark linear regression (LR) against gradient boosting baselines
((extreme gradient boosting (XGBoost) and light gradient boosting machine
(LightGBM)) alongside random forest (RF), support vector machine (SVM),
and artificial neural network (ANN) for Indian agricultural yield forecasting,
demonstrating that interpretable models can match or outperform black-box
approaches. Using a comprehensive Indian agricultural dataset spanning
multiple crops, states, and growing seasons (2000-2022), comprising 58,000
records across 22 states and 35 crop varieties, we analyzed features including
cultivated area, rainfall, fertilizer applications, and pesticide usage. LR
achieved R? of 0.401+0.02 across 10-fold cross-validation, mean squared
error (MSE) of 480,239, mean absolute error (MAE) of 139.50, and root mean
square error (RMSE) of 692.99, outperforming complex models while
maintaining full transparency. Transparent models allow policymakers to
understand the impact of rainfall and fertilizer use, enabling evidence-based
resource allocation. Results demonstrate that model complexity does not
guarantee superior agricultural predictions, and LR provides interpretable
coefficients—such as embedding LR coefficients into advisory tools to guide
fertilizer recommendations and irrigation scheduling-enabling actionable
agronomic insights for sustainable farming practices.
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1. INTRODUCTION

The growing dependence on predictive analytics across healthcare, finance, and agriculture
necessitates tools that balance accuracy, interpretability, and computational efficiency [1], [2]. In agriculture,
yield forecasting serves as a cornerstone for food security planning, policy decisions, and optimal resource
allocation including water and fertilizers [3], [4]. Given inherent uncertainties shifting weather patterns,
varying soil health, and diverse cultivation methods stakeholders require estimation tools that are both precise
and immediately comprehensible. Modern machine learning (ML) techniques including random forests (RF),
support vector machines (SVM), and deep neural networks (DNNs) have received widespread attention for

yield forecasting [5], [6].

However, deeper examination reveals several shortcomings. Promising gains in predictive skill are
often offset by excessive computational loads, overfitting to heterogeneous inputs, and opacity that leaves end
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users farmers, extension agents, and policy makers struggling for explanations [7], [8]. More concerning,
reliance on high-dimensional stochastic features often prevents safe extrapolation to novel environments [9].
The integration of explainable approaches in agricultural decision support has gained significant attention [10],
[11]. Post-hoc explanation methods such as shapley additive explanations (SHAP) and local interpretable
model-agnostic explanations (LIME) provide valuable insights but do not substitute for inherently interpretable
models [12]. Regression techniques generate coefficients that correspond directly to agronomic principles,
offering discipline informed interpretable outputs essential for successful implementation.

This paper proposes a systematic evaluation of linear regression (LR) against contemporary ML
methods for crop yield prediction, emphasizing the balance between predictive accuracy and model
interpretability. The primary contributions include: i) empirical validation demonstrating LR can match or
exceed complex ensemble and gradient boosting models in large area crop yield forecasting; ii) emphasis on
interpretability and institutional trust as critical factors for model adoption; iii) evidence that predictive
accuracy and interpretability can be satisfied simultaneously through appropriately designed linear models;
and iv) comprehensive bench-marking across multiple performance metrics including computational
efficiency, extended to include extreme gradient boosting (XGBoost) and light gradient boosting machine
(LightGBM) baselines.

The proposed framework addresses critical requirements for agricultural decision support systems
where transparency enables actionable recommendations. The remainder of this paper is organized as follows:
section 2 reviews prior studies on ML for crop yield prediction, focusing on interpretability limitations.
Section 3 outlines the dataset, preprocessing, and experimental methodology. Section 4 presents
the comparative performance evaluation together with the discussion of the findings and their implications.
Section 5 concludes the paper with future research directions.

2. RELATED WORK

Das et al. [13] evaluated multiple LR, neural networks (NNs), and penalised regression for rice yield
prediction on the west coast of India using weather parameters. Their findings demonstrated that linear models
provide consistent accuracy while allowing clear identification of influential meteorological predictors. The
study reinforced that sophisticated algorithms may seem appealing, but operational complexity can outweigh
marginal gains in predictive accuracy for heterogeneous agricultural datasets [14]. Gandhi et al. [15] examined
SVM for rice yield prediction in India using agro-climatic features. Although SVMs managed high-dimensional
feature spaces effectively, sensitivity to kernel selection resulted in unstable forecasts across diverse growing
conditions, underscoring the interpretability advantage of simpler linear models [16]. Ogutu et al. [17] employed
probabilistic ensemble models for maize yield prediction over East Africa, demonstrating the importance of
uncertainty quantification in agricultural forecasting. Networks capturing complex nonlinear interactions
demanded extensive training volumes and produced outputs difficult for agronomists to verify, whereas
regression techniques with modest sample sizes produced coherent, immediately interpretable forecasts [18].

You et al. [19] applied deep Gaussian processes for large-scale crop yield prediction using remote
sensing, achieving strong accuracy but relying on opaque architectures. Such approaches are prone to
overfitting when regional sample sizes are small or data are noisy—conditions frequently encountered in
agricultural applications [20]. Cai et al. [21] integrated satellite and climate data to predict wheat yield in
Australia using ML approaches. RF models utilized multispectral inputs efficiently, yet LR attained
comparable predictive accuracy when confined to structured covariates such as rainfall totals and fertilizer
applications [22]. Oikonomidis et al. [10] reviewed deep learning methods for crop yield prediction with
emphasis on interpretability requirements. While highly accurate black-box architectures offer peak numerical
performance, they provide limited self-explaining structural insight. Regression techniques generate
coefficients corresponding directly to agronomic principles, confirming the continued role of interpretable
models in practical agricultural applications [11].

Khaki et al. [23] developed a CNN-RNN framework for multi-year crop yield prediction, demonstrating
strong performance of deep learning architectures on structured temporal data. However, regression-based
predictions delivered satisfactory accuracy with far lower computational requirements and offered continuous
refinement mechanisms accommodating observed seasonal patterns [6]. Johnson et al. [22] benchmarked
remotely sensed vegetation indices and ML methods for crop yield forecasting on the Canadian Prairies. RF
excelled quantitatively in predictive accuracy, yet obscured feature importance limited advisory utility. LR
allowed extension agents to articulate specific yield changes expected from rainfall and fertilizer application
variations, validating its position in advisory toolkits [5]. Klompenburg et al. [5] conducted a systematic literature
review of ML methods for crop yield prediction, identifying the dominant algorithms and features used across 50
studies. Model complexity has steadily increased, yet LR remains the reference baseline. The authors noted that
trust and interpretability are mandatory for scaling predictive analytics in farming contexts [3]. Recent advances
in ensemble methods [12], deep learning architectures [2], and hybrid approaches [9] have further expanded
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agricultural prediction capabilities. However, the fundamental trade-off between accuracy and interpretability
persists [1], [7], motivating continued investigation of transparent modeling approaches.

Recent studies have further demonstrated the capabilities of deep learning for agricultural prediction.
Nevavuori et al. [24] applied convolutional NNs to crop yield prediction from RGB imagery, achieving high
accuracy but at the cost of interpretability and data requirements. Cao et al. [25] used integrative deep learning
for crop yield prediction with multi-source data, showing improved performance over single-source models
but requiring complex architectures. These studies, while demonstrating the potential of deep learning, do not
address the fundamental need for transparent, reproducible baselines. LR provides such a baseline: its results
are fully reproducible, its coefficients are directly interpretable, and its computational requirements are
minimal, making it the natural reference point against which more complex methods should be evaluated.

3. METHOD

The crop yield prediction framework evaluates LR against contemporary models with three core goals:
predictive accuracy, model interpretability, and generalizability across diverse agro-climatic conditions. The
pipeline covers data preprocessing, multilevel feature encoding, regression-based prediction, comparative
benchmarking against RF, SVM, artificial neural network (ANN), XGBoost, and LightGBM, and an
explainability layer that translates model outputs into actionable agronomic guidance. Figure 1 presents the
complete workflow diagram of the proposed framework.

Step 2: Preprocessing

Step 1: Data collection median imputation, Step 3: Feature engineering Step 4: Train-test split
58,000 records; 22 states winsorization, yield per unit area, 80%-20%, stratified
35 crops; 2000-2022 label encoding, rainfall xfertilizer interaction by state (seed = 42)

Min-Max scaling

Step 5: Model training I

]

L] ¥ v ¥ v ¥
LR :
RF SVM ANN XGBoost LightGBM
(proposed)

| | | |
'

Step 6: Evaluation Step 7: Residual diagnostics Step 8: Comparative benchmarking
R2, MSE, MAE, RMSE; & VIF analysis & interpretation report
10-fold cross-validation (VIF > 5 removed) (coefficient ranking)

Figure 1. Workflow diagram of the proposed crop yield prediction framework showing the complete pipeline
from data collection through comparative evaluation

3.1. Dataset, preprocessing, and feature engineering

The dataset comprises Indian agricultural records sourced from the Directorate of Economics and
Statistics, Ministry of Agriculture and Farmers Welfare, Government of India. The dataset spans the period
20002022, encom passing 58,000 records, 22 Indian states and union territories, 35 crop varieties (including
rice, wheat, soybean, maize, and sugarcane), and three growing seasons (Kharif, Rabi, and Whole Year). Features
include crop variety, cultivated area (hectares), growing season, administrative state, annual rainfall (mm),
fertilizer application (kg/hectare), pesticide usage (kg/hectare), and historical yield (metric tons per hectare).
Missing values (less than 2.3% of records) were imputed using feature-wise medians; outliers beyond 3¢ were
capped viawinsorization. Categorical variables (crop type, state, and season) were encoded via Label Encoding;
continuous features were normalised using Min-Max scaling to [0, 1]. Engineered features include yield per
unit area and a rainfall-fertilizer interaction term.

The data were partitioned into training (80%) and test (20%) sets using stratified random sampling by
state to ensure proportional geographic representation. A fixed random seed (seed=42) was used across all
experiments to guarantee reproducibility.

The architecture operates through three tiers: a feature preparation tier (encoding and normalisation),
a predictive tier (LR with Ordinary least squares estimation on an 80-20 train-test split), and a comparative
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evaluation tier (benchmarking LR against RF, SVM, ANN, XGBoost, and LightGBM on R?, mean squared
error (MSE), mean absolute error (MAE), and root mean square error (RMSE)). The LR approach yields:
R?=0.401+0.02 across 10 folds, MSE=480,239, MAE=139.50, and RMSE=692.99.

3.2. Stability, generalization, and explainability

Robustness is ensured through 10-fold cross-validation, residual diagnostics confirming zero-mean
forecast errors, and variance inflation factor (VIF>5) analysis to remove multicollinear covariates. LR’s single
global parametric structure inherently limits overfitting and yields stable performance under distributional
shifts across diverse geographies. Transparency is provided directly through regression coefficients, which
quantify each feature’s contribution to yield without requiring post-hoc surrogate methods such as SHAP or
LIME, thereby guaranteeing full explanation fidelity (ExpFid) and enabling actionable recommendations for
fertilizer and irrigation management.

3.3. Algorithm description

Algorithm 1 presents the complete LR crop yield prediction framework. The algorithm initializes
weight parameters, loads and preprocesses the agricultural dataset, trains the model through iterative gradient
descent, computes performance metrics, performs residual analysis, conducts cross-validation, evaluates multi-
collinearity, benchmarks against alternative models, and extracts interpretable coefficients for feature
importance ranking.

Algorithm 1. Linear regression-based crop yield prediction framework

1: Set initial parameters 6 — 60 (weights), b « bo (bias)

2: Load dataset D = {Crop, Season, State, Area, Rainfall, Fertilizer, Pesticide, Yield}
3: Encode categorical features — numeric labels

4: Normalize continuous features - [0, 1]

5: Construct feature matrix X and target vector y

6: Split data into training set (80%) and test set (20%) with stratified random sampling

(seed = 42)
7: Initialize model M with 6, b
8: for each iteration t =1 .. T do

9: 9 = Xtrain © 0 + b
10: Error e = Ytrain — §
11: Loss L = (1/n) 3(e?)
12: Ve = =(2/n) X* - e
13: Vo = -(2/n) % e

14: 6 ~ 06 - I]Ve

15: b« b -1V

16: end for

17: Predict yields: Jtest = Xtest * 6 + b

18: Compute R? = 1 — % (Vtest — Jrest)? / I (Vtest — ¥)?
19: Compute MSE = (1/n) 3 (Ytest — Ytest)?

20: Compute MAE = (1/n) 3 |Vtest — Vtest

21: Compute RMSE = VMSE

22: Store metrics {R?, MSE, MAE, RMSE}

23: Perform residual analysis: r = Vtest — Vtest
24: Plot r versus Ytest, check mean(r) = 0
25: Apply K-fold cross-validation, k = 10

26: for each fold £ =1 .. k do

27: Train on k - 1 folds
28: Validate on fold f
29: Record {R?, MSEf, MAE:}

30: end for

31: Average metrics across folds; compute + standard deviation
32: Calculate VIF for multicollinearity

33: if VIF > 5 then

34: Remove correlated feature
35: Retrain model
36: end if

37: Train benchmark RF, SVM, ANN, XGBoost, LightGBM - {metrics}
38: Compare metrics: LR vs RF vs SVM vs ANN vs XGBoost vs LightGBM
39: if R%r 2 R%wr, R%wmu, R, R%wcs, R%cesv then

40: Select linear regression as best model
41: else

42 Prefer LR due to interpretability advantage
43: end if

44: Extract coefficients B; from 6
45: Rank B: by |Bil - feature importance
46: Output predictions + interpretation report
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3.4. Experimental setup

Experiments were conducted on an Indian agricultural dataset spanning multiple states, crop types,
and growing seasons. The dataset includes:

— Features: crop type, cultivated area (hectares), growing season, administrative state, annual rainfall (mm),
fertilizer application (kg/hectare), and pesticide usage (kg/hectare).
— Target variable: crop yield (metric tons).

Training employed gradient descent optimization with learning rate n=0.01 for 1000 iterations. Cross
validation used 10 folds. Multicollinearity threshold was set at VIF>5. Table 1 reports the hyperparameter
configurations for all benchmark models. All models were implemented using scikit-learn (v1.3) and their
respective libraries. To ensure fair comparison, hyperparameters were selected via grid search with 5-fold inner
cross-validation on the training set.

Table 1. Hyperparameter configurations for all benchmark models

Model Hyperparameters
LR OLS (closed-form); gradient descent variant with #=0.01, and iterations=1000
RF n estimators=200, max depth=15, min samples split=5, and min samples leaf=2
SVM Kernel=RBF, C=10, y=scale, and ¢=0.1
ANN Hidden layers=(128, 64, 32), activation=ReLU, optimizer=Adam, Ir=0.001, epochs=200, and batch size=64

XGBoost n estimators=200, learning rate=0.05, max depth=6, subsample=0.8, and colsample_bytree=0.8
LightGBM  num leaves=200, learning rate=0.05, feature fraction=0.8, and bagging fraction=0.8

Experiments were conducted on standard computing hardware (Intel i7, 16GB RAM) demonstrating
LR computational efficiency advantage.
Code availability: the complete source code for data preprocessing, model training, and evaluation is available
upon reasonable request to the corresponding author.

4. RESULTS

The results establish that LR with modest feature engineering yields more interpretable and
computationally efficient predictions than RF, SVM, ANN, XGBoost, and LightGBM approaches. This section
records explicit outcomes with interpretive analysis, anchoring comparative performance against RF, SVM,
ANN, XGBoost, and LightGBM baselines across model training time, inference speed, prediction error,
interpretability, generalization stability, and accuracy. Figure 2 summarizes this comparison as a whole: it
collects, in a single panel, the behaviour of the six models over the six evaluation dimensions listed above, so
that the trade-off between accuracy, speed, transparency, and stability can be read at a glance. The six
constituent sub-figures, Figures 2(a) to (f), are then examined individually in sections 4.1 to 4.6, in the same
order in which they appear in the figure.

4.1. Model learning and deployment time

Adaptation time (T,) quantifies duration required for model coefficients to stabilize. Figure 2(a)
illustrates T, comparison across methods. LR compresses training to single-step matrix inversion rather than
iterative mini-batch loops or epoch-based ridge adjustments. The architecture achieves 36% faster training
than RF and 54% faster than ANN. SVM requires 48% more elapsed time than LR. XGBoost and LightGBM,
despite their gradient boosting efficiency optimizations, still require 41% and 29% more time than LR
respectively, owing to sequential tree construction and leaf-wise splitting operations. This efficiency reflects
algorithmic simplicity in basic matrix operations without computational overhead (CO) of kernel lookups, back-
propagation, or boosting iterations.

4.2. Computation time per prediction

Prediction speed measures time required to process features and deliver forecasts. Figure 2(b) presents
computation time (CT) comparison. LR, with straightforward coefficient lookup and efficient matrix routines,
bypasses recursive node tests in RF and iterative weight updates in NN. Consequently, LR returns predictions
31% faster than RF and 44% faster than ANN, consistently remaining under 0.5 seconds. XGBoost and
LightGBM, while faster than ANN, still require ensemble evaluation over multiple trees, resulting in 26% and
20% more inference time than LR respectively. This efficiency suits extensive agricultural datasets requiring
rapid operational forecasts. support without specialized hardware requirements.
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4.3. Prediction error analysis

Prediction quality is quantified through MSE, MAE, and RMSE. Figure 2(c) shows RMSE
comparison across methods. On the agricultural dataset, LR achieved MSE of 480,239, MAE of 139.50, and
RMSE of 692.99-comfortably lower than RF (799) and SVM (884), whose metrics inflated due to over-
adaptation to regional land characteristics. ANN exhibited highest error (1053) indicating potential overfitting,
a behaviour widely reported for neural architectures trained on moderate-sized heterogeneous tabular data [26].
Notably, XGBoost (RMSE: 761) and LightGBM (RMSE: 743), despite their capacity to model complex
nonlinear interactions, could not surpass LR on this heterogeneous agricultural dataset. This result supports
the hypothesis that gradient boosting methods, while excellent on balanced tabular benchmarks, tend to overfit
the region-specific variance patterns in multi-state agricultural data, where the dominant signal is captured
adequately by linear feature relationships. Residual analysis confirmed near-zero mean for LR, indicating
consistent performance across regions. Cross-validation produced 27% lower variance in LR than ANN,
reinforcing reliability.

4.4. Interpretability and feature influence

Understanding yield prediction drivers is essential in precision agriculture. Figure 2(d) presents ExpFid
comparison. LR delivers interpretable coefficients numerically reflecting each covariate’s contribution strength.
Precipitation and nitrogen application exhibited highest positive coefficients, while pesticide volumes registered
negligible weight. Cultivated area contributed positively (Barea=0.18), and the rainfall-fertilizer interaction term
showed a synergistic positive effect (Binteraction=0.09), highlighting that fertilizer efficacy is amplified under
adequate rainfall—an actionable insight for agronomic planning. This coefficient-centered view translates
directly into policy, allowing decision-makers to assess marginal contributions of each practice.

LR artifacts require no supplemental modeling, guaranteeing 100% ExpFid. RF and NNs necessitated
layer-specific permutation methods (SHAP, LIME), incurring surrogate error peaking at 38% on agricultural
data. XGBoost and LightGBM, while providing native feature importance scores, still rely on aggregate
impurity or SHAP approximations that do not provide the direct perprediction coefficient transparency of linear
models, achieving fidelity scores of 0.70 and 0.72 respectively. The interpretability advantage is critical for
agricultural advisory systems where practitioners must understand and trust model recommendations.

4.5. Generalization stability

Generalization stability assesses model capacity to perform beyond training distributions. Figure 2(e)
illustrates stability under distribution shift. A selection of states served as training cohort with completely
distinctive geographies supplying test data. LR, possessing the most conservative hypothesis space, exhibited
smallest test-set error increase confined to 7% drift. RF followed with 15% penalty, SVM at 18%, XGBoost
at 13%, LightGBM at 12%, and NNs at 22% shift. While XGBoost and LightGBM generalize better than RF
due to regularization mechanisms, they still exhibit measurably higher distributional drift than LR, confirming
that parametric simplicity remains the strongest safeguard against geographical covariate shift in Indian
agricultural contexts. LRs comparative robustness arises from its single global parametric structure ensuring
that subtle region-specific covariate distribution changes are partially absorbed rather than fully misaligned.
This stability is critical for agricultural applications spanning diverse geographical conditions.

Figure 2(e) stability under distribution shift measured by generalization drop (GenDrop) percentage.
Lower values indicate better generalization. LR exhibits only 7% performance degradation on unseen
geographical regions, substantially outperforming ANN (22% drop), SVM (18% drop), RF (15% drop),
XGBoost (13% drop), and LightGBM (12% drop). The relative improvement in generalization stability
validates LR’s suitability for deployment across diverse agricultural environments.

4.6. Predictive accuracy

Cumulative accuracy was assessed through coefficient of determination (R?). Figure 2(f) presents R?
comparison across methods. LR attained R?=0.401+0.02 across 10 folds, exceeding RF (0.35+0.03), SVM
(0.3240.04), ANN (0.29+0.05), XGBoost (0.37+0.03), and LightGBM (0.38+0.02). While R?values are modest,
they reflect inherent dataset complexity characteristic of agricultural prediction tasks. LR maintained lowest
variance across cross-validation folds and demonstrated highest predictive fidelity with steady convergence.
Results highlight that LT, beyond its parsimonious formulation, provides the most robust accuracy achieved in
this investigation.

4.7. Performance and comparative analysis

Table 2 compiles performance metrics across all methods. LR records T, of 0.42 s, CT of 0.46 s,
ExpFid of 1.0, RMSE of 692.99, GenDrop of 7%, R? of 0.401, and latency of 0.42 s. These results reinforce
patterns illustrated in Figures 2(a)—(f) and demonstrate LRs comprehensive advantages across all evaluation
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dimensions. Table 3 presents the detailed 10-fold cross-validation results with 95% confidence intervals for all
models, addressing the need for statistical robustness reporting.
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Figure 2. Performance comparison of LR, RF, SVM, ANN, XGBoost, and LightGBM: (a) adaptation time,
(b) computation time per prediction, (c) prediction error (RMSE in tons), (d) explanation fidelity, (e) stability
under distribution shift, and (f) predictive accuracy (R?)

Table 2. Performance and comparative analysis

Methods Ta(s) CT(s) ExpFid RMSE  GenDrop (%) R? Latency (s) CO
ANN 0.92 0.84 0.62 1053 22 0.29+0.05 0.55 High
SVM 0.81 0.76 0.65 884 18 0.32+0.04 0.50 Moderate
RF 0.65 0.67 0.68 799 15 0.35+0.03 0.48 Moderate
XGBoost 0.71 0.58 0.70 761 13 0.37+0.03 0.44 Moderate
LightGBM 0.59 0.55 0.72 743 12 0.38+0.02 0.42 Moderate
LR 0.42 0.46 1.00 693 7 0.401+0.02 0.42 Low

*ExpFid: 0-1, RMSE (tons), R coefficient of determination (+std across 10 folds). Bold indicates best result per column

Table 3. 10-fold cross-validation results with 95% confidence intervals (meanzstd)

Model

R? (meanzstd [95% CI])

RMSE (meanzstd [95% CI]) MAE (meanzstd [95% CI])

ANN
SVM

RF
XGBoost
LightGBM
LR

0.290+0.05 [0.254, 0.326]
0.320+0.04 [0.291, 0.349]
0.350+0.03 [0.328, 0.372]
0.370+0.03 [0.348, 0.392]
0.380+£0.02 [0.366, 0.394]
0.401+0.02 [0.387, 0.415]

105389 [989, 1117]
884+72 [832, 936]
799458 [757, 841]
76151 [724, 798]
74347 [709, 777]
69342 [663, 723]

198+21 [183, 213]
175+18 [162, 188]
161+14 [151, 171]
153+12 [144, 162]
148+11 [140, 156]
140210 [133, 147]

4.8. Discussion

The experimental results demonstrate LR’s superior performance across multiple dimensions relevant
to agricultural decision support. The accuracy advantage (R?=0.401 vs. 0.29-0.38 for alternatives) stems from
LR’s resistance to overfitting on heterogeneous agricultural data, where complex models tend to memorize
regional peculiarities rather than learning generalizable patterns [21], [22]. The inclusion of XGBoost and
LightGBM as additional baselines strengthens this conclusion: even state-of-the-art gradient boosting methods,
which consistently outperform other algorithms on structured tabular benchmarks, do not surpass LR on this
diverse multi-crop, multi-state dataset. The finding underscores that when the dominant data-generating
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mechanism is approximately linear-as is the case for area-aggregate yield estimation at state level—parametric
linear models that match this inductive bias generalize more reliably than nonparametric methods [7], [27].

The superior performance of LR can be attributed to several factors. First, at the state-level aggregate
scale, the relationships between predictors (area, rainfall, fertilizer) and yield are approximately linear,
matching LR’s inductive bias. Second, LR’s resistance to overfitting is particularly advantageous on
heterogeneous data where complex models tend to memorize region-specific noise rather than learning
generalizable patterns. Third, the stability of LR under distribution shift (only 7% degradation vs. 12-22% for
alternatives) confirms that parametric simplicity provides a natural regularization effect. These explanations
align with the bias-variance trade-off: on datasets with high variance across regions and moderate sample sizes
per region, the lower model variance of LR compensates for any potential increase in bias.

It is important to note that complex models may outperform LR in scenarios involving field-level
predictions with rich temporal features, high-resolution remote sensing inputs capturing nonlinear vegetation-
yield relationships, or datasets where crop-weather interactions exhibit strong threshold or saturation effects.
The advantage of LR demonstrated here is specific to the state-level aggregate prediction task with structured
tabular features, and should not be generalized without further investigation to all agricultural prediction
contexts.

The interpretability advantage is particularly significant for agricultural applications. LR coefficients
directly quantify yield sensitivity to rainfall (Br.in=0.23), fertilizer application (Brr=0.31), cultivated area
(Barea=0.18), and pesticide usage (Bpest=0.04), enabling practitioners to communicate specific recommendations
[10]. For instance, extension agents can state that a 10% increase in nitrogen application is expected to increase
yield by approximately 3.1%, providing actionable guidance for farming decisions. The rainfall-fertilizer
interaction coefficient (Binteraction=0.09) further reveals that fertilizer inputs are most effective under adequate
rainfall conditions, a finding that can directly inform irrigation scheduling and input optimization strategies.
Compared to recent agricultural prediction studies [5], [6], LR achieves comparable or superior accuracy while
offering substantially better interpretability and computational efficiency. The 68% relative improvement in
generalization stability compared to NNs validates the approach for deployment across diverse Indian
agricultural regions without extensive retraining [3]. The practical implications are substantial. In advisory
settings, LR’s transparent coefficients satisfy requirements for explainable recommendations to farmers and
policy makers. The computational efficiency enables deployment on resource-constrained systems common
in rural agricultural contexts. The generalization stability ensures consistent performance across the diverse
agroclimatic conditions characterizing Indian agriculture [8], [13].

5. CONCLUSION

This study systematically evaluated LR against RF, SVM, ANN, XGBoost, and LightGBM for crop
yield prediction using a comprehensive Indian agricultural dataset spanning 58,000 records across 22 states
and 35 crop varieties from 2000 to 2022. The comparative analysis demonstrates that model complexity does
not guarantee superior performance in agricultural forecasting contexts.

LR emerged as the preferred model, outperforming all alternatives across prediction accuracy
(R?=0.401%0.02), computational efficiency, interpretability, and geographical generalization. Its explicit
coefficients enable practitioners to directly understand and communicate how agronomic inputs influence
yield— a critical requirement for trustworthy decision support in farming communities. The key differentiator
of this study is the emphasis on interpretability: while gradient boosting methods achieve near-comparable
accuracy, they cannot provide the per-prediction coefficient transparency that agricultural advisory systems
require. Notably, even gradient boosting methods such as XGBoost and LightGBM, which are widely regarded
as top performers on structured tabular data, could not surpass LR on this large-scale, heterogeneous
agricultural dataset, reinforcing the importance of matching model inductive bias to data-generating structure.

These findings carry important implications for agricultural Al policy: transparent, interpretable
models should be prioritised over opaque alternatives, particularly in resource-constrained and high-stakes
deployment environments. LR coefficients can be integrated into farm advisory tools, policy dashboards, and
government agricultural information systems to deliver evidence-based, explainable recommendations to
farmers and policymakers.
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