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Machine-learning models for crop yield prediction are usually judged by overall 
accuracy alone, which hides large differences in prediction quality between 
regions. This study shows that a standard Random Forest with an aggregate R² of 
0.935 can be misleading: state-level MAE ranges from 0.168 t/ha to 2.505 t/ha, a 
14.9-fold gap that the overall score conceals. Two independent structural factors 
underlie this imbalance: the number of records per state (data-volume 
imbalance) and the agricultural complexity of each state, both of which can be 
observed in any census or statistical record. To address both at once, a 
Complexity-Aware Geographic Fairness (CAGF) framework is presented that 
combines a Crop Diversity Index based on Shannon entropy with inverse-
frequency sample re-weighting. Four architectures (Random Forest, XGBoost, 
SVR and MLP) are evaluated under three training regimes (unweighted baseline, 
inverse-frequency weighting and CAGF) using expanding-window temporal cross-
validation, and TreeSHAP attribution shows that CAGF directs model attention 
toward crop-specific regional patterns. For XGBoost, CAGF gives the best overall 
accuracy among the three regimes (R² = 0.918; MAE = 1.299 t/ha) together with 
a lower geographic Gini of prediction error than the unweighted baseline (GGPE 
= 0.289 versus 0.293), so fairness improves without any loss of accuracy. 
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1. Introduction 
 
Agriculture is one of the sectors in the global economy that employ a majority of people in 

developing countries and plays a big role in the GDP of a country [1]. Accurate crop forecasts are 
essential for governance, as it allows the right amount of crop insurance premiums to be set, budgets 
for disaster reliefs established, and food procurement strategies implemented. Adverse results at a 
national level led to immediate repercussions at a local level: Farmers in certain areas receive 
financial aid and emergency relief which are badly calculated because of the poor performance of 
the prediction model they rely on. In the last 10 years, the predominant method for yield prediction 
has been machine learning [2], and recent reviews covering studies up to 2025 still report that 
machine-learning models outperform empirical and process-based baselines while cross-regional 
generalisation remains an open problem [30]. In a wide range of agricultural contexts, more complex 

 
* Corresponding author. 
E-mail address: vipin88406@gmail.com  

https://doi.org/10.59543/y2sa1w83 

http://www.aeskm.org/
mailto:vipin88406@gmail.com
https://doi.org/10.59543/y2sa1w83
https://orcid.org/0009-0006-6672-6789
https://orcid.org/0000-0001-9019-8230


Applied Expert Systems and Knowledge Management 

Volume 1, (2026) 284-300 

285 
 
 

 

methods such as ensemble classifiers Random Forests [3] and gradient boosting [4], have been more 
successful than simpler linear classifiers. The use of advanced techniques such as deep neural 
networks [5], have been able to obtain 𝑅2 scores higher than 0.92 for county-level predictions. Within 
single architectures, XGBoost [6, 7] is often cited as the most predictive approach for forecasting yield 
in multiple environments. In spite of this technical advancement, most research available on the web 
is based on a single aggregate accuracy score, which is found also in the systematic reviews of the 
literature [2, 8, 14]. Recent Indian multi-crop studies, for instance, summarise accuracy per crop and 
per time fold across 311 districts [31], and county-level studies in the United States likewise note that 
aggregation hides sub-county heterogeneity [32]. Regional differences in model performance are 
rarely quantified, creating a major vulnerability for real-world policy application. Such a "blind spot" 
is a problem in the way the datasets are put together and the models are trained. Severe geographic 
imbalance is a recurring issue with datasets; a model that focuses on minimizing the average 
prediction error necessarily learns more from high volume states and pays little attention to those 
that have low volume, effectively ignoring them. This phenomenon is considered as representation 
bias [9]. An established solution to this volume imbalance is called inverse-frequency re-weighting 
[10], and addresses this problem by correcting the volume imbalance, but fails to address a second 
source of error: agricultural complexity. Yet a small area may have a dozen crop varieties distributed 
across a variety of climatic zones. 

This paper deals with these challenges by the following contributions: 
(1) Measuring 14.9-fold state-level MAE gap, one that is completely hidden by the typical 

aggregate scores. 
(2) Effective proposal of the use of CAGF framework which combine inverse-frequency re-

weighting with the use of Shannon entropy-based crop diversity index to correct both data 
volume and complexity imbalances. 

(3) Particularly, we introduce GGPE, distributional fairness indicator (DFI) for measuring 
inequality across all 𝐾(𝐾 − 1)/2 pairs (𝐾 − 1)/𝐾, Which is formally proved. 

(4) Rigorous using expanding-window temporal cross validation (ETCV) to evaluate four ML 
architectures, under three training regimes with bootstrap confidence intervals on all 
metrics. 

(5) Mechanistic explanation via TreeSHAP attribution of how capacity gets reallocated 
towards regional patterns of crop-specific responses due to CAGF re-weighting, providing 
improved accuracy and geographic fairness. 

 

2. Related Work 
2.1 Machine Learning for Crop Yield Prediction 

 
The ensemble approach improved in consistently outcompeting other crop yield prediction 

methods [2]. Random Forests and gradient boosting have been shown to be superior to single 
decision trees in various geographic settings [3, 4]. In the case of large-scale implementation, 
XGBoost is the most powerful single model that is capable of multienvironment yield predictions [6, 
7]. Recent developments have shown the effectiveness of deep neural networks to make localized 
yield predictions [5], and convolutional neural networks can be used effectively processing overhead 
agricultural images [18]. Co-estimation of the yields and climate change effects has been developed 
using semi-parametric machine learning models [19]. For Indian agriculture, a 2026 study of 311 
districts and six crops found that Random Forest gave the strongest results under time-series cross-
validation and that temporal features dominated feature importance, with diversification indices 
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playing a secondary role [31]. A 2026 county-level study of corn yield in the United States combined 
ensemble learners with SHAP explanations, but explicitly cautioned that its model cannot be 
transferred to other regions without recalibration [32]. One of the most common things found in this 
literature is the lack of reporting on aggregate accuracy; this means this is no way to determine if 
accuracy in the models is fair across geographic units. 
 
2.2 Fairness and Bias in Machine Learning 

 
The representation bias in machine learning taxonomies is cited as the major cause of geographic 

inequities [9]. Sample re-weighting was first introduced as a pre-processing method to allocate 
"weights" to samples to give minority classes proportionate influence on the training process [10]. 
Later, this method was extended to fit multiple fairness constraints optimization [12]. Alternative 
approaches are related to post-processing fairness specifications like equalized odds for classification 
models [13]. Extensive surveys on algorithmic fairness cover dozens of bias types and respective 
mitigations [14]. The real-world implications of ignoring representation bias have been heavily 
documented in clinical applications [15], where algorithms systematically underestimated the needs 
of underrepresented groups, a situation directly analogous to the agricultural prediction problem. 
 
2.3 Explainability in Agricultural Models 

 
To achieve model transparency, SHAP (SHapley Additive exPlanations) [16] was introduced to 

assign theoretical contribution scores to each feature based on cooperative game theory. It satisfies 
three core axiomatic properties: local accuracy, missingness, and consistency. The TreeSHAP variant 
operates efficiently for tree-based ensembles and provides exact Shapley values in polynomial time 
[29]. Within agricultural modelling specifically, SHAP-based attribution has been applied to identify 
dominant environmental and agronomic drivers of yield variation across heterogeneous growing 
regions [6], and to distinguish between the contributions of weather, soil, and management practices 
in large-scale crop models [19]. Recent 2026 work continues to pair gradient-boosting and deep-
learning yield models with SHAP to expose climatic and soil drivers at county scale [32, 33]. In the 
present study, explainability is essential not only for ranking global feature importance, but for 
verifying the mechanism by which fairness interventions alter the learned decision boundaries across 
different geographic regions. 
 

3. Theoretical Framework 
 

Let 𝒟 = {(𝐱𝑖, 𝑦𝑖, 𝑘𝑖)}𝑖=1
𝑁 , where 𝐱𝑖 ∈ ℝ𝑝 is the feature vector for record 𝑖, 𝑦𝑖 ∈ ℝ≥0 is the crop 

yield (t/ha), and 𝑘𝑖 ∈ {1,… , 𝐾} is the geographic state. Let 𝑛𝑘 = |{𝑖: 𝑘𝑖 = 𝑘}| represent the record 

count for state 𝑘, where ∑ 𝑛𝑘
𝐾
𝑘=1 = 𝑁. 

Standard Empirical Risk Minimisation (ERM) learns a predictor by minimising the unweighted loss: 

 
𝑓 = argmin

𝑓∈ℱ
 
1

𝑁
∑ℓ

𝑁

𝑖=1

(𝑦𝑖 , 𝑓(𝐱𝑖)) (1) 

where ℓ(𝑦, 𝑦̂) = (𝑦 − 𝑦̂)2. Because high-volume states contribute more terms to this 
summation, the optimiser prioritises them. Weighted ERM corrects this by applying a sample weight 
𝑤𝑖 > 0: 
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𝑓𝑤 = argmin

𝑓∈ℱ
 ∑𝑤𝑖

𝑁

𝑖=1

⋅ ℓ(𝑦𝑖, 𝑓(𝐱𝑖)) (2) 

3.1 Crop Diversity Index 
 
Two geographic regions can have identical dataset sizes but vastly different prediction difficulties. 

A region growing a single dominant crop possesses a simple yield distribution, whereas a region 
cultivating dozens of crops across contrasting climatic zones possesses a highly complex, multimodal 
distribution. 

Let 𝐶𝑘 be the number of distinct crops grown in state 𝑘, let 𝑐𝑟𝑜𝑝𝑖 ∈ {1,… , 𝐶𝑘(𝑖)} denote the crop 

type of record 𝑖, and let 𝑝𝑗𝑘 be the fraction of state-𝑘 records belonging to crop 𝑗: 

 
𝑝𝑗𝑘 =

|{𝑖: 𝑘𝑖 = 𝑘, 𝑐𝑟𝑜𝑝𝑖 = 𝑗}|

𝑛𝑘
,  ∑𝑝𝑗𝑘

𝐶𝑘

𝑗=1

= 1 (3) 

The Crop Diversity Index for state 𝑘 is the Shannon entropy of its empirical crop distribution: 

 
𝐷𝑘 = −∑𝑝𝑗𝑘

𝐶𝑘

𝑗=1

log2𝑝𝑗𝑘 (4) 

where the convention 0log20:= 0 is adopted throughout. 
𝐷𝑘 is a strictly concave and principled measure of distribution complexity, based on known 

properties of Shannon entropy [17]. A large 𝐷𝑘 value is mathematically more uniform distribution of 
the crop, which results in highly multimodal yield surfaces and more model capacity needed to fit the 
data. 
 
3.2 CAGF Sample Weights 

 
Standard inverse-frequency weighting [10] assigns the same overall weighting for every region 

based on only the number of records printed, and does not account for the agricultural complexity 
(𝐷𝑘) of each region. To reflect this secondary term, CAGF is added. 

The unnormalised CAGF weight for record 𝑖 in state 𝑘(𝑖) is: 

 
𝑤̃𝑖 =

𝑁

𝐾
[
𝛼

𝑛𝑘(𝑖)
+
(1 − 𝛼) 𝐷𝑘(𝑖)

∑ 𝐷𝑘′
𝐾
𝑘′=1

] (5) 

The ratio between the volume correction and complexity correction is controlled by the value of 
𝛼, which is in the range [0,1]. 

The final normalised weight is scaled to ensure ∑ 𝑤𝑖
𝑐𝑎𝑔𝑓𝑁

𝑖=1 = 𝑁: 

 𝑤𝑖
𝑐𝑎𝑔𝑓

=
𝑁

∑ 𝑤̃𝑖′
𝑁
𝑖′=1

⋅ 𝑤̃𝑖 (6) 

Remark 1 (Role of the 𝑁/𝐾 prefactor). The 𝑁/𝐾 factor in Equation (5) is included for interpretive 
clarity: it ensures that when all states have equal record counts and equal diversity, 𝑤̃𝑖 = 1 for all 𝑖, 
preserving the unweighted baseline. Because this prefactor is a global constant, it cancels exactly in 
the normalisation step (Equation (6)) and does not affect the final weights. 

When there is no significance for complexity, 𝛼 = 1 will result in the inverse-frequency formula 
that is commonly used in the standard format [10]. If 𝛼 = 0, it represents a simple complexity-
weighted scheme, where sample weights are assigned only based on each state’s Crop Diversity Index 
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𝐷𝑘. The optimal hyperparameter 𝛼∗ = 0.85 is determined empirically via cross-validation in Section 
4.4. 
 
3.3 Geographic Gini of Prediction Error 

 
Standard disparity metrics, such as Performance Disparity (PD), measure only the gap between 

the absolute best and worst groups. Formally, for 𝐾 states with per-state errors 𝑀𝐴𝐸1, … ,𝑀𝐴𝐸𝐾: 
 𝑃𝐷 = max

𝑘
𝑀𝐴𝐸𝑘 −min

𝑘
𝑀𝐴𝐸𝑘 (7) 

The Geographic Gini of Prediction Error (GGPE) is introduced as a comprehensive, unit-free metric 
that evaluates the dispersion of error across all regions based on the classical Gini coefficient [11], 
rather than only the two extreme groups. 

Geographic Gini of Prediction Error 

 
𝐺𝐺𝑃𝐸 =

∑ ∑ |𝑀𝐴𝐸𝑘 −𝑀𝐴𝐸𝑗|
𝐾
𝑗=1

𝐾
𝑘=1

2𝐾2 𝑀𝐴𝐸
 (8) 

where 𝑀𝐴𝐸 =
1

𝐾
∑ 𝑀𝐴𝐸𝑘
𝐾
𝑘=1 . An equivalent sorted-list formulation is: 

 
𝐺𝐺𝑃𝐸 =

2∑ 𝑘𝐾
𝑘=1 ⋅ 𝑀𝐴𝐸(𝑘)

𝐾∑ 𝑀𝐴𝐸(𝑘)
𝐾
𝑘=1

−
𝐾 + 1

𝐾
 (9) 

where 𝑀𝐴𝐸(1) ≤ ⋯ ≤ 𝑀𝐴𝐸(𝐾) are the ordered errors. 

Upper Bound of GGPE For 𝐾 ≥ 2 states with non-negative per-state errors and 𝑀𝐴𝐸 > 0, the 
GGPE satisfies 

 
𝐺𝐺𝑃𝐸 ≤

𝐾 − 1

𝐾
 (10) 

Proof. The standard Gini coefficient for 𝐾 non-negative values 𝑣1, … , 𝑣𝐾 with positive mean 𝑣‾ is 
defined identically to Equation (8) with 𝑀𝐴𝐸𝑘  replaced by 𝑣𝑘. It is well established [11] that this 
coefficient is bounded above by (𝐾 − 1)/𝐾, with equality achieved when all mass concentrates in a 
single unit (i.e. 𝑣𝑘 = 𝐾𝑣‾ for one index 𝑘 and 𝑣𝑗 = 0 for all 𝑗 ≠ 𝑘). Since each 𝑀𝐴𝐸𝑘 ≥ 0 by definition, 

substituting 𝑣𝑘: = 𝑀𝐴𝐸𝑘  directly yields 𝐺𝐺𝑃𝐸 ≤ (𝐾 − 1)/𝐾. 
Also GGPE satisfies the Pigou-Dalton transfer principle [11]: for transferring the prediction error 

from a higher-error state to a lower-error state without ever switching the ordering this transfer will 
strictly reduce the metric. This ensures that any real advancement in geographic equity is monotonic 
and thus detectable by GGPE. For 𝐾 = 22 states, the theoretical bound evaluates to 21/22 ≈ 0.955. 
 

4. Methodology 
4.1 Dataset and Geographic Imbalance 

 
The data is obtained from India Crop Production Statistics dataset [28], which contains 22 states 

and union territories over 19 crop years (1997–2015) with a total of 246091 observations. The target 
variable is derived as: 

 
𝑌𝑖𝑒𝑙𝑑𝑖 =

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑖
𝐴𝑟𝑒𝑎𝑖

 (𝑡/ℎ𝑎). (11) 

Before analyzing the data, all production and area figures were checked to ensure they were in 
standard units (metric ton and hectares, respectively) and any unit inconsistencies while in the 
dataset were identified and remedied in the initial data audit [28]. 
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The attributes of the dataset are given in Table 1, Table 2 and Figure 1 provide a good 
representation of the extreme geographic differential and complexity found in the eight focal states. 
 
Table 1 
Dataset attributes, types, and descriptions. 

Attribute Type Description 

State Name Categorical 22 states and union territories 

District Name Categorical Administrative districts within each state 

Crop Year Integer Harvest year, ranging from 1997 to 2015 

Season Categorical Kharif, Rabi, Summer, Winter, Whole Year, Zaid 

Crop Categorical 124 distinct crop types across all states 

Area Numeric Net cultivated area in hectares 

Production Numeric Total crop output in metric tonnes 

Yield (derived) Numeric Production divided by Area (t/ha) 

 
Table 2 
Record counts, distinct crop types 𝐶𝑘, and Crop Diversity Index 𝐷𝑘 for eight focal states. 

State Records (𝑛𝑘) Crops (𝐶𝑘) 𝐷𝑘 (bits) Profile 

Uttar Pradesh 33,189 68 4.21 High volume 

Karnataka 21,079 71 4.89 High volume 

Assam 14,326 39 3.84 High volume 

Maharashtra 12,490 74 5.12 High volume 

West Bengal 9,561 52 4.33 Medium volume 

Kerala 3,765 61 5.01 Low volume, high complexity 

Punjab 3,128 22 2.18 Low volume, low complexity 

Meghalaya 2,867 41 4.36 Low volume 

 

 
Fig. 1. Record counts across eight focal states. The full dataset exhibits a 34:1 imbalance across 
all 22 states, motivating the inverse-frequency component of the CAGF framework. 
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4.2 Data Preprocessing 
 
Records were filtered in sequential order to prevent overlap in removal counts. First, records with 

missing production values were removed (𝑛 = 9,073). Second, records with non-positive area values 
were removed from the remaining set (𝑛 = 412). Third, statistical outliers with derived yields above 
500 t/ha, identified as data entry errors, were discarded (𝑛 = 241). To prevent data leakage, all 
filtering was applied prior to any temporal data splits. Categorical features were then label-encoded 
using fixed random seeds for full reproducibility [20]. Following preprocessing, 236,365 records were 
retained (246,091 − 9,073 − 412 − 241 = 236,365). 
 
4.3 Temporal Cross-Validation and Regimes 

 
To simulate genuine forecasting conditions, an expanding-window temporal cross-validation 

scheme [21] was implemented (Table 3). Hyperparameter optimisation occurred strictly on Folds 1–
3 to prevent any information leakage from the final evaluation fold. 
 
Table 3 
Expanding-window temporal cross-validation structure. 

Fold Training Years Validation Years Purpose 

1 1997–2007 2008–2009 Hyperparameter search 

2 1997–2009 2010–2011 Hyperparameter search 

3 1997–2011 2012–2013 Model selection; 𝛼 tuning 

4 1997–2013 2014–2015 Final held-out evaluation 

 

Models were evaluated across three weight configurations: BASE (standard unweighted ERM, 
where 𝑤𝑖 = 1 for all 𝑖), IFW (standard inverse-frequency volume correction [10]), and CAGF (the 
proposed volume and complexity correction approach). 
 
4.4 Hyperparameter Selection for α 

 
Figure 2 maps the cross-validated GGPE response to the 𝛼 balance parameter on Folds 1–3. For 

this dataset, the corrected ratio for volume and complexity is found to be stable at 𝛼∗ = 0.85, and 
relatively strong within the range [0.80,0.90], this suggest that a 85% volume and 15% complexity 
correction ratio would work best for this dataset. 
 



Applied Expert Systems and Knowledge Management 

Volume 1, (2026) 284-300 

291 
 
 

 

 
Fig. 2. Cross-validated GGPE against 𝛼 (Random Forest, Folds 1–3). The minimum at 𝛼∗ = 0.85 
is robust within the range [0.80,0.90]. The more extreme the inverse frequency weighting 
(IFW), the higher the value of the higher the value of GGPE (at 𝛼 = 1 when complexity is 
completely disregarded, GGPE is 0.368). 

 

4.5 Machine Learning Architectures 
 
Four architectures were deployed. Random Forest [3] was configured with 𝑇 = 200 trees: 

 
𝑓𝑅𝐹(𝐱) =

1

𝑇
∑ℎ𝑡

𝑇

𝑡=1

(𝐱) (12) 

XGBoost [7] builds additive ensembles via sequential gradient approximation: 
 

𝑓(𝑚)(𝐱) = 𝑓(𝑚−1)(𝐱) + 𝜂 ⋅ ℎ𝑚(𝐱) (13) 

Support Vector Regression [22] attempts to find functional flatness in the 𝜀-tube. SVR was made 
tractable at the 236,365 records scale by using a Nyström kernel approximation [23]. The number of 
landmark points was determined to be 2,000 (maximum number that can be computed with available 
memory constraint (64 GB RAM)). The decision function is: 

 𝑓𝑆𝑉𝑅(𝐱) =∑(𝛼𝑖 − 𝛼𝑖
∗)

𝑖∈𝑆

exp(−𝛾 ∥ 𝐱𝑖 − 𝐱 ∥2) + 𝑏 (14) 

where 𝑆 denotes the set of support vector indices, 𝛼𝑖, 𝛼𝑖
∗ ≥ 0 are the dual coefficients, and 𝑏 is 

the bias term. 
Multi-Layer Perceptron [24] utilised a (256, 128, 64) deep architecture with intermediate 

dropout regularisation [25] and Adam optimisation [26]: 
 

𝑓𝑀𝐿𝑃(𝐱) = 𝑊𝐿  𝜎(𝑊𝐿−1⋯𝜎(𝑊1𝐱 + 𝑏1)⋯+ 𝑏𝐿−1) + 𝑏𝐿 (15) 

 
4.6 Evaluation Metrics 

 
Model accuracy is captured through the coefficient of determination (𝑅2), Mean Absolute Error 

(MAE), and Root Mean Square Error (RMSE): 

 
𝑅2 = 1 −

∑ (𝑦𝑖 − 𝑦̂𝑖)
2𝑛𝑡𝑒𝑠𝑡

𝑖=1

∑ (𝑦𝑖 − 𝑦‾)2
𝑛𝑡𝑒𝑠𝑡
𝑖=1

 (16) 
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𝑀𝐴𝐸 =

1

𝑛𝑡𝑒𝑠𝑡
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛𝑡𝑒𝑠𝑡

𝑖=1

 (17) 

 
𝑅𝑀𝑆𝐸 = √

1

𝑛𝑡𝑒𝑠𝑡
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛𝑡𝑒𝑠𝑡

𝑖=1

 (18) 

Geographic dispersion of error uses the state-level MAE formulation: 

 
𝑀𝐴𝐸𝑘 =

1

𝑛𝑘
𝑡𝑒𝑠𝑡 ∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑖∈𝐺𝑘
𝑡𝑒𝑠𝑡

,  𝜎𝑀𝐴𝐸 = √
1

𝐾
∑(𝑀𝐴𝐸𝑘 −𝑀𝐴𝐸)

2
𝐾

𝑘=1

 (19) 

The Coefficient of Variation (CV) of state-level MAE is: 

 𝐶𝑉 =
𝜎𝑀𝐴𝐸

𝑀𝐴𝐸
 (20) 

Giving an idea about dispersion in the same relative measure regardless of the absolute error 
scale of the models. The range of per-state MAE is formally defined as Performance Disparity (PD) 
and is represented in this article. For all metrics reported, 1,000 stratified resamples of the final test 
set were used to compute bootstrap (95%) confidence intervals [27]. 
 

5. Results 
 
Random Forest had an impressive overall 𝑅2 of 0.935. under the unweighted baseline. At a State-

level, however, it was seen that there is a 14.9-fold difference in the quality of prediction with State-
specific MAE ranging from gap 0.168 t/ha (Sikkim) to 2.505 t/ha (Puducherry). This difference shows 
that the high accuracy of the aggregates contains a huge geographic disadvantage, which drives the 
design of the framework of CAGF. 
 
5.1 Aggregate Performance 

 
The overall predictive accuracy (𝑅2, MAE and RMSE, with 95% bootstrap CIs) is provided in Table 

4 for each of the different architectures and weighting regimes on the held-out test set 2014–2015. 
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Table 4 
Overall accuracy in the holdout set from 2014-2015 with 95% bootstrapped confidence intervals (1,000 
resamples). Bold is the optimum point estimate for each architecture. 

Model Regime 𝑅2 [95% CI] MAE (t/ha) [95% CI] RMSE (t/ha) [95% CI] 

RF BASE 0.935 [0.932, 0.938] 0.981 [0.951, 1.012] 3.281 [3.192, 3.370] 

RF IFW 0.926 [0.922, 0.930] 1.004 [0.972, 1.037] 3.509 [3.414, 3.604] 

RF CAGF 0.935 [0.932, 0.938] 0.984 [0.953, 1.015] 3.283 [3.194, 3.372] 

XGB BASE 0.913 [0.909, 0.917] 1.335 [1.297, 1.373] 3.793 [3.696, 3.890] 

XGB IFW 0.901 [0.896, 0.906] 1.460 [1.419, 1.501] 4.063 [3.959, 4.167] 

XGB CAGF 0.918 [0.914, 0.922] 1.299 [1.262, 1.336] 3.696 [3.601, 3.791] 

SVR BASE −0.003 [−0.015, 0.009] 4.196 [4.098, 4.294] 12.898 [12.611, 13.185] 

SVR IFW 0.016 [0.004, 0.028] 4.367 [4.267, 4.467] 12.779 [12.493, 13.065] 

SVR CAGF −0.001 [−0.013, 0.011] 4.202 [4.104, 4.300] 12.888 [12.601, 13.175] 

MLP BASE 0.746 [0.738, 0.754] 2.450 [2.391, 2.509] 6.499 [6.359, 6.639] 

MLP IFW 0.567 [0.557, 0.577] 3.493 [3.415, 3.571] 8.479 [8.306, 8.652] 

MLP CAGF 0.757 [0.749, 0.765] 2.447 [2.388, 2.506] 6.346 [6.208, 6.484] 

 

In XGBoost, CAGF did better on all three-accuracy metrics, thereby disproving the common belief 
that fairness interventions affect the total accuracy. This severe underperformance on the SVR (𝑅2 ≈
0) suggests that using an approximation whose rank is set to 2,000 is a too-poor representation of 
the underlying kernel matrix at this size of the dataset, therefore the results on SVR should be viewed 
as a baseline and not drastically positive. 
5.2 State-Level Results for XGBoost 

Table 5 and Figure 3 present the breakdown of MAE across the eight focal states. 
 
Table 5 
XGBoost focal-state MAE (t/ha). Positive 𝛥 indicates improvement over BASE (lower error); negative values 
indicate degradation. 

State BASE IFW 𝛥IFW (%) CAGF 𝛥CAGF (%) 

Uttar Pradesh 1.027 1.251 −21.8 0.987 +3.9 

Karnataka 1.415 1.833 −29.5 1.404 +0.8 

Assam 0.851 1.165 −36.9 0.926 −8.8 

Maharashtra 1.324 1.346 −1.7 1.335 −0.8 

West Bengal 1.735 1.695 +2.3 1.672 +3.6 

Kerala 3.019 2.695 +10.7 2.867 +5.0 

Punjab 1.231 1.201 +2.4 1.325 −7.6 

Meghalaya 1.497 1.240 +17.2 1.490 +0.5 
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Fig. 3. XGBoost state-level MAE (t/ha) across BASE, IFW, and CAGF regimes for eight focal states. 

Abbreviations: UP = Uttar Pradesh, KA = Karnataka, AS = Assam, MH = Maharashtra, WB = West Bengal, KL = 
Kerala, PB = Punjab, ML = Meghalaya. 

 

CAGF achieves the lowest error for three of the eight focal states (Uttar Pradesh, Karnataka and 
West Bengal) while concurrently improving overall aggregate accuracy. 

Kerala presents the vital case study. Despite an adequate 3,765 records, its high crop diversity 
(𝐷𝑘 = 5.01 bits) produces the highest baseline error (3.019 t/ha). The CAGF complexity correction 
successfully reduces Kerala’s MAE to 2.867 t/ha, a 5.0% improvement over the baseline. 
 
5.3 Fairness Metrics and the Accuracy–Fairness Trade-off 

 
Table 6 isolates the geographic fairness scores across models, with 95% bootstrap confidence 

intervals. 
 
Table 6 
Geographic fairness metrics (𝐾 = 22 states) with 95% bootstrap confidence intervals. Bold marks the best 
point estimate per architecture. 

Model Regime GGPE [95% CI] 𝜎𝑀𝐴𝐸 CV PD 

RF BASE 0.346 [0.334, 0.358] 0.679 0.621 2.337 

RF IFW 0.325 [0.313, 0.337] 0.592 0.574 2.055 

RF CAGF 0.338 [0.326, 0.350] 0.651 0.601 2.346 

XGB BASE 0.293 [0.281, 0.305] 0.864 0.552 3.361 

XGB IFW 0.271 [0.259, 0.283] 0.684 0.490 2.573 

XGB CAGF 0.289 [0.277, 0.301] 0.803 0.535 3.041 

SVR BASE 0.297 [0.285, 0.309] 2.081 0.520 7.703 

SVR IFW 0.291 [0.279, 0.303] 2.031 0.518 7.883 

SVR CAGF 0.296 [0.284, 0.308] 2.080 0.519 7.680 

MLP BASE 0.328 [0.315, 0.341] 1.870 0.635 7.199 

MLP IFW 0.272 [0.260, 0.284] 1.633 0.513 6.512 

MLP CAGF 0.303 [0.291, 0.315] 1.598 0.574 6.435 
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Figure 4 presents how CAGF reduces spatial error disparity below the BASE level (0.289 < 0.293) while 
simultaneously improving aggregate accuracy (R^2=0.918>0.913; MAE = 1.299 < 1.335 t/ha). IFW achieves 
the lowest absolute GGPE (0.271) but at the cost of substantially degraded aggregate accuracy (Table 4), 
making it unsuitable for policy-relevant deployment. 

 

 
 

Fig. 4. XGBoost GGPE across three training regimes.  
 

While IFW achieves the lowest absolute GGPE for every architecture (Table 6), it does so at the 
cost of substantially degraded aggregate accuracy (Table 4). For XGBoost, IFW reduces 𝑅2 from 0.913 
to 0.901 and inflates MAE from 1.335 to 1.460 t/ha, a degradation that renders the model unsuitable 
for real-world deployment. CAGF occupies the Pareto-dominant position: it simultaneously improves 
aggregate accuracy beyond BASE and reduces GGPE below BASE, a dual gain that neither BASE nor IFW 
can achieve. The practical implication is that IFW represents a fairness-accuracy trade-off, whereas 
CAGF represents a fairness-accuracy co-improvement. 
 
5.4 SHAP Feature Attribution 

 
To verify the mechanism behind the CAGF improvements, TreeSHAP was applied to the XGBoost 

models. 
Figure 5 depicts how crop identity is the dominant predictor under both regimes (4.76 and 4.79 

t/ha respectively). The CAGF intervention marginally increases the mean absolute SHAP for Crop by 
+0.03 t/ha (+0.6%), confirming that complexity re-weighting directs additional model capacity toward 
learning crop-specific yield boundaries.  

However, Figure6 depicts the state abbreviations follow Figure 3. Under CAGF, Kerala’s crop SHAP 
decreases from 8.70 to 8.40 t/ha (−3.4%) while its MAE simultaneously decreases from 3.019 to 2.867 
t/ha (−5.0%), indicating the model has learned finer-grained crop-specific patterns. West Bengal 
shows the largest crop SHAP increase (5.55 → 5.70 t/ha), consistent with its moderate complexity 
(𝐷𝑘 = 4.33 bits) receiving increased attention under CAGF. 
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Fig. 5. Global mean absolute SHAP values (t/ha) for XGBoost under BASE and CAGF regimes.  
 
 

 
 

Fig. 6. Per-state mean absolute SHAP values for the Crop feature (t/ha) under BASE and CAGF regimes.  
 

The per-state SHAP results in Figure 6 reveal the mechanism driving the Kerala improvement. 
Under BASE, the model assigns a very high crop SHAP (8.70 t/ha) to Kerala, reflecting an over-reliance 
on crop identity as a proxy for the complex underlying yield surface. After CAGF re-weighting, the crop 
SHAP decreases to 8.40 t/ha: the additional sample weight assigned to high-complexity states forces 
the model to learn finer-grained crop-by-season-by-district interactions, reducing both the blunt 
reliance on crop identity and the resulting prediction error. 

Table 7 consolidates the comprehensive performance of the CAGF framework on the XGBoost 
architecture. 
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Table 7 
XGBoost summary of accuracy and fairness metrics. Positive 𝛥 values uniformly denote improvement (higher 
𝑅2 or lower error/disparity). 

Metric BASE IFW CAGF 𝛥: CAGF vs. BASE 𝛥: CAGF vs. IFW 

𝑅2 (overall) 0.913 0.901 0.918 +0.5% +1.9% 

MAE (t/ha) 1.335 1.460 1.299 +2.7% +11.0% 

GGPE 0.293 0.271 0.289 +1.4% −6.6% 

Kerala MAE (t/ha) 3.019 2.695 2.867 +5.0% −6.4% 

 

The conclusions stated by the results are two. Regarding the overall accuracy of the algorithms, 
the CAGF is the Pareto-dominant regime, outperforming BASE in 𝑅2 MAE and decreases GGPE. Second, 
on absolute fairness based on GGPE alone, IFW obtains the best (lowest) score, but at a much lower 
accuracy; CAGF is therefore preferable in deployments where accuracy is also a criterion. 
 

6. Conclusion 
 
This research addresses a critical vulnerability in the yield prediction of crops: geographic 

prediction disparities are almost always high while the overall or aggregate accuracy is high. Of the 
22 states analyzed, an otherwise well-performing model (𝑅2 = 0.935) was used to make predictions 
that varied between 0.168 t/ha and 2.505 t/ha based purely on geographic location. This 14.9-fold 
gap is indicative of serious consequences for agricultural governance and financial relief deployment. 
There are two basic structural factors that this unequal relationship reflects. There are two main data 
volume imbalance issues: prediction models tend to attract to the states that provide the bulk of the 
training data, and models therefore tend to perform best in the states that dominate the training 
data. The second one is the complexity of agriculture, characterized by areas with a high agro-
ecological complexity, that require multiple agro-climatic demands, of which the result are natural 
agro-climatic yield distributions that are intrinsically difficult to model. 

This is addressed by the Complexity-Aware Geographic Fairness (CAGF) framework, which is 
introduced. Using a Shannon entropy-based Crop Diversity Index and inverse-frequency re-
weighting, the CAGF weight also takes data scarcity and complexity into account in an integrated way. 
This framework was accompanied by the Geographic Gini of Prediction Error (GGPE) that is better 
known than its predecessor, has a formally provable upper limit of (𝐾 − 1)/𝐾 and is scale-invariant 
and accurate for reflecting prediction difference between all pairs of locations. 

The rigorous tests conducted revealed that CAGF was able to effectively challenge the perceived 
trade-off between accuracy and fairness for XGBoost. At the same time, CAGF intervention performed 
better in terms of aggregate accuracy (𝑅2 = 0.918; MAE = 1.299 t/ha) and had a lower geographic 
error disparity (GGPE = 0.289) than the unweighted baseline. TreeSHAP feature attribution verified 
the mechanism, as the model learned more detailed crop-specific boundaries, instead of the volume-
heavy parts of the image. The findings here reinforce the notion that equitable machine learning for 
agriculture can be obtained without sacrificing specific performance indicators. 
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7. Limitations and Future Work 
 
This research study has limitations in its extent that influence further research. The analyses stay 

restricted at the State level, analyzing historical information (1997-2015), first. Assessments at the 
district level are an important consideration; the internal region variability may be just as extensive 
as interstate variability. Cross-regional generalisation and uncertainty quantification are also flagged 
as open challenges in the most recent reviews [30]. The approach must be applied to contemporary 
records to see how the resulting change in climate influences stabilities of the intervention. In 
addition, GGPE is dependent on the union territory set used for evaluation: a small change in the set 
will cause a change in the value of GGPE, as well as in the theoretical upper bound; future 
investigation should seek to determine robustness criteria. Second, Crop Diversity Index is based only 
on the richness of crop types. In agriculture, there exists a huge number of variables that can be 
considered to be of complexity. This framework needs to be expanded at the next stage to 
incorporate the use of satellite images, soil heterogeneity indices, and irrigation density indicators to 
arrive at a truly “holistic complexity weight”. Third, for each of the empirical datasets, the balance 
hyperparameter (𝛼∗ = 0.85) was selected by cross-validating the entire dataset; however, this does 
not guarantee that the hyperparameter is transferable to other national datasets. To determine 
whether the value of 𝛼∗ ≈ 0.85 is generalizable across national crop production systems, or needs 
to be calibrated for each dataset, the framework should be validated with other national datasets of 
crop production, for instance, USDA county yield data for the United States or EMBRAPA state yield 
data for Brazil, as concrete immediate steps. The next step on this momentum is towards the 
operational use of this (live) predictive policy. 
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  j ≠ k


    M A E  k ≥ 0


    v  k : =   M A E  k


  G G P E ≤  ( K − 1 ) / K


  K = 22


  21 / 22 ≈ 0 . 955


    Y i e l d  i =     P r o d u c t i o n  i    A r e a  i    ( t / h a ) .
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    D  k


    n  k


    C  k


    D  k


  n = 9 , 073


  n = 412


  n = 241


  𝛼


    w  i = 1


  i


  𝛼


    𝛼 ∗ = 0 . 85


  [ 0 . 80 , 0 . 90 ]


  𝛼


    𝛼 ∗ = 0 . 85


  [ 0 . 80 , 0 . 90 ]


  𝛼 = 1


  T = 200


      f ^  R F  ( 𝐱 ) =  1  T   ∑  t = 1  T   h  t  ( 𝐱 )


      f ^   ( m )  ( 𝐱 ) =     f ^   ( m − 1 )  ( 𝐱 ) + 𝜂 ⋅  h  m  ( 𝐱 )


  𝜀


      f ^  S V R  ( 𝐱 ) =   ∑  i ∈ S ​   (   𝛼  i −   𝛼  i ∗ ) exp  ( − 𝛾 ∥   𝐱  i − 𝐱  ∥ 2 ) + b


  S


    𝛼  i ,   𝛼  i ∗ ≥ 0


  b


      f ^  M L P  ( 𝐱 ) =   W  L   𝜎  (   W  L − 1 ⋯ 𝜎  (   W 1 𝐱 +   b 1 ) ⋯ +   b  L − 1 ) +   b  L


    R 2


    R 2 = 1 −     ∑  i = 1    n  t e s t     (   y  i −     y ^  i ) 2    ∑  i = 1    n  t e s t     (   y  i −   y ‾ ) 2


  M A E =  1    n  t e s t   ∑  i = 1    n  t e s t   |   y  i −     y ^  i |


  R M S E =   1    n  t e s t   ∑  i = 1    n  t e s t     (   y  i −     y ^  i ) 2


    M A E  k =  1    n  k  t e s t   ∑  i ∈   G  k  t e s t ​   |   y  i −     y ^  i | ,       𝜎  M A E =   1  K   ∑  k = 1  K     (   M A E  k −   M A E ¯ ) 2


  C V =     𝜎  M A E    M A E ¯


    R 2


    R 2


    R 2


    R 2 ≈ 0


  𝛥


  𝛥


  𝛥


    D  k = 5 . 01


  K = 22


    𝜎  M A E


    R 2


    D  k = 4 . 33


  𝛥


    R 2


  𝛥


  𝛥


    R 2


    R 2


    R 2 = 0 . 935


   ( K − 1 ) / K


    R 2 = 0 . 918


    𝛼 ∗ = 0 . 85


    𝛼 ∗ ≈ 0 . 85

