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ABSTRACT: District-level crop screening is difficult when cultivation occurrence, 

conditional productivity, spatial dependence, and prediction uncertainty are modelled as 

a single task. We introduce PHTF-Select, a phenology-aware two-stage framework that 

first estimates recorded cultivation viability and then predicts productivity conditional on 

positive cultivated area. The analysis used 4,606 valid crop records from all 64 districts of 

Bangladesh; 4,190 positive-area records were retained for productivity modelling. 

Outcome-derived variables were excluded, phenology-window climate features were 

constructed within each training fold, and all models were evaluated with five district-

held-out folds. TabICLv2 achieved the strongest classification performance (AUROC 

0.956, balanced accuracy 0.895, MCC 0.621) and the lowest regression error (RMSLE 

0.409), reducing district-level RMSLE by 0.021 relative to XGBoost and outperforming it 

in 73% of districts. A leakage control that restored Area and Production reduced RMSLE 

to 0.104, demonstrating how outcome-derived predictors can create misleading gains. 

Overall 90% interval coverage reached 0.907, but coverage fell to 0.798 in the highest-

productivity quartile. Retaining the 60% least-uncertain predictions reduced RMSLE from 

0.409 to 0.321, at the cost of abstaining on 40% of cases. Phenology features improved 

RMSLE by approximately 3%, with post-transplant rainfall producing the largest ablation 

loss. PHTF-Select therefore provides a reproducible framework for retrospective crop 

screening, while its seasonal-transfer failures and omitted agronomic variables preclude 

autonomous planting recommendations. 

 

1. INTRODUCTION 

Crop productivity in Bangladesh varies across districts and seasonal planting windows. Rainfall, radiation, humidity, and 

evapotranspiration patterns differ between Kharif-1 and Rabi seasons, while cultivated area, management practices, and 

reporting processes influence recorded production patterns. Therefore, district-level modelling requires careful separation of 

climate-related signals, target formulation effects, and geographic characteristics. Three methodological considerations are 

important for this task. First, defining productivity as Production/Area requires careful handling of Area, Production, and their 

derived ratios to maintain appropriate predictor selection. Second, spatial validation strategies are essential because random row 

splits may share district and seasonal characteristics between training and testing data. Third, overall accuracy assessment should 

be complemented with detailed evaluation across crops, seasons, and productivity ranges. 
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Random forests, semiparametric neural models, remote-sensing-based deep Gaussian processes, IoT-based algorithms, and 

sequence models have been applied to crop-yield prediction [1–5]. Their performance varies according to target definition, 

input characteristics, and validation framework. Bangladesh-specific studies include Aman rice prediction and evaluations of 

climate-smart agricultural practices in coastal districts [6,7]. These applications provide valuable insights but differ from multi-

crop, multi-district cross-sectional screening scenarios. 

AgriClimateBD combines Bangladesh Bureau of Statistics records, farmer-informed phenology information, and NASA 

POWER climate variables [8,9]. Climate summaries include full-season, pre-transplant, transplant-month, and post-transplant 

periods. The dataset assessment highlights important considerations related to outcome-derived ratios, productivity definition 

for zero-area cases, crop label consistency, crop-specific productivity variation, and climate variable quality control. These 

factors support improved cohort definition, feature selection, and interpretation of model outputs. 

Tabular foundation models have expanded the methodological scope of structured data modelling. TabPFN v2 learns a general 

tabular prediction procedure from synthetic tasks and has demonstrated strong performance on datasets with up to 

approximately 10,000 samples and 500 features [10]. TabICL improves in-context tabular classification through a column-then-

row attention architecture [11]. TabM introduces parameter-efficient ensembling strategies that make MLP-based approaches 

more competitive and practical [12]. TabReD demonstrated that realistic feature pipelines and distribution shifts can influence 

the relative performance of different methods on conventional benchmarks [13], while TabFlex extended in-context learning 

capabilities to larger tables [14]. TabICLv2 further advances scalable classification and regression through improved pretraining 

design and broader task diversity [15]. These developments motivate comprehensive benchmarking with valid targets, consistent 

validation folds, transparent uncertainty estimation, and practical deployment considerations. 

1.1 Study objectives and contribution 

This study proposes PHTF-Select, a Phenology-aware Hurdle Tabular Foundation algorithm with Selective Prediction. The 

framework separates observed cultivation viability from conditional productivity, uses TabICLv2 as the foundation classifier 

and regressor, applies crop-relative productivity scaling when cross-crop comparisons require normalization, and incorporates 

an uncertainty gate to support reliable screening decisions. Viability represents observed cultivation patterns based on available 

records, while retrospective crop ranking is considered a screening outcome rather than a direct planting recommendation. 

PHTF-Select integrates two-part target construction, exclusion of outcome-derived predictors, district-level validation, and 

uncertainty-aware crop screening. A proposed phenology- and crop-conditioned calibration protocol provides a structured 

approach for improving prediction consistency across sparse groups.  

The research questions are: RQ1, how reliably can observed cultivation viability be identified in districts excluded from training? 

RQ2, how accurately can conditional productivity be predicted while maintaining appropriate predictor eligibility? RQ3, do 

recent tabular foundation models outperform strong boosting, kernel, bagging, and stage-stacked baselines under identical 

spatial folds? RQ4, how does target formulation and validation strategy influence observed performance differences? RQ5, 

which phenology-aligned climate blocks contribute most to spatial transfer? RQ6, how effectively can prediction intervals 

characterize uncertainty patterns, and can abstention improve screening reliability? RQ7, how can the resulting evidence support 

a safe screening framework rather than an autonomous recommendation system? 

Table 1. Research gaps and the response implemented in this study. 

Research stream Persistent limitation Response in PHTF-Select 

Crop-productivity 

ML 

Mixed targets and accuracy-only comparisons Separate recorded occurrence from conditional 

productivity 

Public agricultural 

tables 

Semantic and arithmetic inconsistencies are 

often hidden 

Immutable raw copy, explicit audit flags, correction 

log 

Model novelty New architecture may be compared under 

weak splits 

Identical district-held-out folds across conventional 

and foundation models 
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Target leakage Outcome components can reconstruct a ratio Leakage barrier plus deliberate negative-control 

experiment 

Spatial validation Fold means hide district heterogeneity Aligned errors from 64 districts, bootstrap CIs, Holm 

correction 

Uncertainty Average coverage hides conditional failure Season- and productivity-specific coverage plus 

abstention 

Recommendation Ranks omit soil, irrigation, markets, and 

management 

Evidence-bounded screening with explicit out-of-

scope states 

 

2. RELATED WORK 

2.1 Crop productivity and agricultural decision support 

Agricultural prediction studies use a wide range of targets, including yield expressed as mass per area, total production, crop 

classification, suitability scores, irrigation requirements, and remotely sensed biomass indicators. Because of these variations in 

target definition, direct numerical comparison across studies requires careful interpretation. Existing empirical studies 

demonstrate that random forests, semiparametric neural networks, deep Gaussian processes, IoT-enabled predictive algorithms, 

and interpretable deep sequence models can achieve strong performance when aligned with the available data structure [1–5]. 

Khaki and Wang demonstrated deep neural approaches for yield prediction [43], while Elbasi et al. experimentally compared 

multiple machine-learning methods for crop prediction [44]. The present study extends this area by evaluating 72 valid crop 

identities across all 64 districts and by separating observed cultivation occurrence from conditional productivity estimation. 

A key consideration in crop recommendation and prediction studies is ensuring that the target is represented independently 

from input variables. Crop calendars, cultivated area, and target-related variables require careful feature selection to maintain 

meaningful prediction tasks. Crop identity is retained in this study as contextual information, while the objective is not to 

reconstruct crop labels. Stage 1 predicts whether an observed district-crop-season record contains positive area and production, 

whereas Stage 2 estimates productivity for records with defined productivity values. 

2.2 Leakage spatial validation and distribution shift 

Cross-validation provides reliable performance estimates when training and test observations represent similar deployment 

conditions. However, spatial, temporal, or hierarchical relationships can influence model evaluation when observations share 

common environmental characteristics. Roberts et al. demonstrated the importance of considering structured dependence 

during cross-validation [30], and blockCV provided practical approaches for spatially separated resampling [31]. Agricultural 

datasets require particular attention because neighbouring districts may share climate patterns and crop calendars, while target-

related variables can strongly influence prediction outcomes. Therefore, robust benchmarking requires consistent fold 

definitions across models and clear identification of the evaluation unit. 

The evaluation framework examined the influence of feature eligibility and validation design by assessing the contribution of 

Area and Production information, comparing district-based validation with shuffled K-fold approaches, and evaluating model 

transfer across different seasonal conditions. 

2.3 Modern tabular and foundation models 

Gradient boosting remains a widely adopted high-performance approach for mixed-type tabular datasets. XGBoost applies 

regularized second-order boosting [16], LightGBM improves computational efficiency through histogram-based learning and 

leaf-wise growth strategies [17], and CatBoost handles categorical variables using ordered statistics approaches [18]. Random 

forests [19], extremely randomized trees [20], and support-vector regression [21] represent diverse ensemble and kernel-based 

learning strategies. Deep tabular learning has also progressed through systematic benchmark studies and architecture-specific 

innovations. Grinsztajn et al. demonstrated the continued competitiveness of tree-based models on typical tabular datasets [45]; 

Gorishniy et al. introduced strong ResNet and FT-Transformer baselines under unified evaluation protocols [46]; and Arik and 

Pfister proposed TabNet, an attention-based architecture with feature selection and interpretability capabilities [47]. 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1109 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

TabM reformulates tabular MLP learning through parameter-efficient ensembling, where multiple predictions contribute 

collectively to improved performance [12]. TabPFN v2 uses a prior-data fitted transformer approach that conditions predictions 

on training tables and supports predictive distribution estimation [10]. TabICL applies a scalable column-then-row 

representation before in-context prediction [11]. TabICLv2 extends this approach to regression and classification through 

improved synthetic generation, attention scaling, and pretraining strategies [15]. The cited TabICLv2 implementation 

corresponds to the 2026 preprint version, and comparative evaluation requires consistent implementations and checkpoints for 

reliable assessment. 

2.4 Explainability calibration and selective prediction 

SHAP represents model predictions through additive feature contributions based on Shapley values [22], while TreeSHAP 

provides an efficient formulation for tree-based models [23]. Accumulated local effects offer useful interpretation when 

predictors exhibit correlation structures [24]. Reliable interpretation depends on valid target formulation and evaluation design 

because explanations reflect the information available to the model. 

Matthews correlation coefficient provides a balanced summary of binary classification performance across confusion-matrix 

components and is particularly useful for imbalanced datasets [41]. Probability calibration becomes important when predictions 

are transformed into decision scores. Brier score measures probabilistic prediction error [42], while reliability curves and 

expected calibration error evaluate confidence consistency [25,26]. Conformal prediction uses residual information to construct 

prediction sets or intervals under exchangeability assumptions [27–29]. Since geographic groups may contain different 

characteristics, this study evaluates empirical district-grouped and subgroup coverage patterns. Selective prediction introduces 

an additional decision mechanism by allowing models to abstain when uncertainty exceeds defined thresholds, supporting more 

reliable decision-making [36]. 

2.5 Research gap and comparative synthesis 

The analytical contribution focuses on integrating target integrity, spatial transfer, phenology information, and conditional 

uncertainty within a unified framework. PHTF-Select connects these elements through a selective screening strategy, providing 

a structured approach for crop assessment while highlighting opportunities for future integration of temporal, soil, and field-

level measurements. The 2020–2026 literature covers advances in agricultural prediction, neural tabular representation, and 

uncertainty quantification. Crop-yield modelling performance is closely influenced by available variables, target definition, and 

evaluation design [51]. FT-Transformer explores attention mechanisms over numerical and categorical feature tokens within a 

unified benchmark framework [46], while TabTransformer improves contextual representation of categorical embeddings [48]. 

SAINT incorporates row attention and contrastive pretraining strategies [49], and NODE applies differentiable oblivious-tree 

ensembles for tabular learning [50]. These methods provide important comparative perspectives, while agricultural applications 

require evaluation under domain-specific spatial and environmental conditions. TabPFN and TabICLv2 further extend the 

foundation-model paradigm for tabular prediction tasks [10,15]. In uncertainty estimation, non-exchangeable conformal 

approaches emphasize the importance of appropriate assumptions and evaluation strategies for interpreting prediction coverage 

[52]. Table 2 summarizes these methodological developments while highlighting the relevance of domain-specific validation for 

Bangladesh agricultural applications. 

Table 2. Recent literature comparison and limits of transfer to the present crop-screening task. 

Study Dataset / setting Model Validation Uncertainty Limitation 

Popov et al. (2020) 

[50] 

Generic tabular 

tasks 

NODE Multi-dataset 

benchmark 

No crop-specific 

calibration 

No crop-

screening study 

Huang et al. (2020) 

[48] 

15 tabular datasets TabTransformer Supervised and 

semi-supervised 

benchmarks 

Robustness to 

missing/noisy 

features 

Robustness is not 

calibrated 

coverage 

van Klompenburg 

et al. (2020) [51] 

Crop-yield 

literature 

Review of ML 

approaches 

Systematic 

synthesis 

Varies by 

included study 

No unified spatial 

experiment 
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Gorishniy et 

al. (2021) [46] 

Mixed tabular tasks FT-Transformer Common 

training/tuning 

protocols 

No deployment 

abstention 

Geographic 

transfer not 

established 

Somepalli et 

al. (2021) [49] 

Tabular 

classification 

SAINT Benchmark 

comparisons 

No crop-specific 

intervals 

Row context 

needs deployment 

control 

Grinsztajn et 

al. (2022) [45] 

Generic tabular 

benchmark 

Trees and neural 

models 

Controlled 

comparisons 

Not the central 

evaluation 

No phenological 

structure 

Paudel et al. (2023) 

[5] 

Crop-yield 

forecasting 

Interpretable deep 

models 

Forecasting study Interpretation-

focused 

Different 

estimand from 

screening 

Oliveira et 

al. (2024) [52] 

Dependent-data 

prediction 

Split conformal Theory and 

experiments 

Coverage under 

stated 

dependence 

conditions 

Assumptions 

must be checked 

locally 

Hollmann et 

al. (2025) [10] 

Small tabular 

datasets 

TabPFN Multi-dataset 

benchmark 

Predictive 

distributions 

Local calibration 

remains necessary 

Qu et al. (2026) 

[15] 

Classification and 

regression 

TabICLv2 Tabular 

benchmarks 

Predictive 

distributions 

Does not validate 

this deployment 

policy 

 

3. MATERIALS AND METHODS 

3.1 Dataset and integrity audit 

AgriClimateBD Version 2 contains 4,607 observations and 33 columns representing 64 districts, three agricultural seasons, and 

73 raw crop labels [8]. Agricultural descriptors include district, season, crop identity, cultivated area, production, transplant 

month, growth period, and harvest period. Climate attributes include temperature and humidity summaries; seasonal rainfall, 

solar radiation, wind speed, and evapotranspiration; along with corresponding variables for the pre-transplant, transplant-

month, and post-transplant periods. The source resource extends SPAS-Dataset-BD, which was developed using the BBS 2022 

Yearbook and surveys involving 223 farmers [9]. The associated BBS statistical source, nasapower software client, and NASA 

POWER services provide the statistical and meteorological provenance supporting these variables [38–40]. The released 33-

column dataset does not include row-level year identifiers; therefore, the modelling task focuses on cross-sectional prediction 

rather than future-year forecasting. 

The dataset audit was conducted prior to model development. Undefined ratio representations were converted into missing 

values within an analytical copy while preserving the original raw file. Crop labels were standardized through trimming, one 

invalid crop label was removed, and duplicate records were evaluated. The maximum and minimum relative humidity variables 

were reviewed across all 4,607 observations, and their semantic ordering was adjusted in the analytical copy to maintain 

consistency with expected variable interpretation. The correction process was documented as part of the data-quality assessment 

and incorporated into the analytical workflow. 

Table 3. Dataset integrity audit and analytical cohorts. 

Audit item Result 

Raw observations / columns 4,607/33 

Districts / seasons / raw crops 64/3/73 
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Zero area / undefined ratio 416/416 

Zero production 422 

Area = 0, production > 0 7 

Exact duplicates 0 

Humidity-order violations 4,607 

Stage-1 cohort 4,606; 4,177 positive 

Stage-2 cohort 4,190; 72 crops 

 

Figure 1. Data integrity and conditional-productivity scale showing audit counts and productivity distribution landmarks on a 

logarithmic scale. 

One invalid crop identity was excluded. The remaining classification cohort contained 4,177 positive and 429 negative 

occurrence labels. The positive-area cohort included 13 records with zero production, yielding 4,190 defined productivity values. 

Seven positive-production records with zero area remained audit exceptions and were excluded from ratio estimation. These 

exclusions distinguish a mathematically undefined target from an observed zero output. 

3.1.1 Humidity label correction and sensitivity requirements 

Swapping the names of two unchanged numeric columns represents a semantic adjustment rather than the introduction of 

additional environmental information. Under a modelling approach that is invariant to column names and uses equivalent fitting 

procedures, this operation is interpreted as a data-consistency correction rather than a direct accuracy improvement step. 

Performance variations may result from implementation details, random initialization, or additional processing choices. 

Therefore, differences observed between label variants should be interpreted within the context of the complete modelling 

workflow. A comprehensive sensitivity assessment can compare the original variable labels, the corrected labels, and the 

exclusion of both extrema while maintaining all other processing steps consistently. This analysis focuses on methodological 

interpretation rather than introducing additional numerical sensitivity estimates. 

3.2 Dual stage targets and crop relative transformation 

For area Aᵢ and production Pᵢ, recorded cultivation occurrence and conditional productivity were defined separately: 

𝑉𝑖 = 𝕀(𝐴𝑖 > 0 ∧ 𝑃𝑖 > 0); 𝑦𝑖 =
𝑃𝑖

𝐴𝑖
, 𝐴𝑖 > 0; 𝑧𝑖 = 𝑙𝑜𝑔(1 + 𝑦𝑖)  (1) 

𝑉𝑖 records positive cultivation and output, not biological suitability. After the invalid crop identity was removed, 4,606 

observations remained: 4,177 viable and 429 non-viable. The 90.69% positive prevalence motivated balanced accuracy, macro-

F1, MCC, probability-calibration metrics and class weighting. Because the regression cohort retains positive-area zero-

production records, the framework is hurdle-inspired rather than a strict positive-only hurdle likelihood [37]. Productivity had 

a median of 2.523, a 95th percentile of 15.127 and a maximum of 951.217 in released ratio units. Models were therefore fitted 

to log-transformed productivity. 
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Area, Production and the released AP Ratio were excluded from all predictors because they are the outcome or its algebraic 

components. The conditional sample contained 4,190 observations and 72 crops. Original-scale MAE, RMSE, median absolute 

error and R² were reported together with RMSLE. A fold-specific Crop-Relative Productivity Index was used as a 

complementary ranking target because a common physical unit across all crops could not be independently verified: 

𝑟𝑖 = 𝑐𝑙𝑖𝑝 (
𝑦𝑖−𝑚𝑒𝑑𝑖𝑎𝑛𝑐(𝑖),−𝑘

𝐼𝑄𝑅𝑐(𝑖),−𝑘+𝜀
,  −5,  5)  (2) 

Crop-specific medians and interquartile ranges were estimated only within outer training fold −k. Screening used the 

corresponding predicted index r ̂ᵢ obtained from ŷᵢ; observed yᵢ was used only to construct evaluation relevance. The stabilizer ε 

prevents division by zero. CRPI reduces cross-crop scale dominance but does not establish common physical units or economic 

comparability. 

3.3 Predictors and phenology representation 

Approved predictors comprised district, crop identity, season, transplant month, growth and harvest windows, corrected 

temperature and humidity descriptors, four full-season climate variables, and twelve transplant-anchored climate variables. 

Derived variables included temperature range, humidity range, approximate lifecycle length, and stage-to-stage differences in 

rainfall, radiation, wind, and evapotranspiration. Imputation, categorical encoding, scaling, crop-relative statistics, and feature 

construction were fitted inside each training fold; held-out districts never informed encoders, thresholds, scaling parameters, 

medians, IQRs, or uncertainty calibration. 

Table 4. Predictor availability leakage controls and phenology blocks. 

Feature group Examples Role / restriction 

Outcome-derived Area, Production, AP Ratio Target or target components; excluded 

from predictors 

Context District, crop, season, transplant month, growth, harvest Spatial, crop, and lifecycle context 

Baseline weather Average/minimum/maximum temperature and humidity Humidity semantics corrected before 

interpretation 

Seasonal climate Rainfall, radiation, wind, evapotranspiration Full-season exposure 

Pre-transplant Four climate variables one month before transplant Pre-establishment exposure 

Transplant Four variables during transplant month Establishment exposure 

Post-transplant Four variables one month after transplant Early-growth exposure 

Engineered Ranges, lifecycle lengths, stage deltas Computed within fold; evaluated by 

ablation 

District identity served as both a grouping variable and a contextual predictor; an excluded district was handled as an unseen 

category. Post-transplant observations become available only after planting. Prospective evaluation must therefore specify a 

decision date, and forecast or climatological substitutes require separate validation before pre-plant use. 

3.4 Proposed PHTF Select algorithm 

PHTF-Select is a domain-specific hurdle-inspired two-part and selective-prediction algorithm rather than a claim of a new 

universal base learner. It instantiates a TabICLv2 classifier and regressor inside a leakage-controlled phenology pipeline. Stage 

1 produces viability probability. The formulation treats recorded occurrence and conditional non-negative productivity as 

related but analytically distinct processes [37]. 

The classifier returns occurrence probability pᵢ. The conditional regressor returns a point estimate ŷᵢ and interval bounds Lᵢ and 

Uᵢ. Interval width is normalized by the predicted value to define case-level uncertainty: 
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𝑝𝑖 = 𝑓𝑐𝑙𝑠(𝑥𝑖) = 𝑃𝑟(𝑉𝑖 = 1 ∣ 𝑥𝑖);  (𝑦̂𝑖 , 𝐿𝑖 , 𝑈𝑖) = 𝑓𝑟𝑒𝑔(𝑥𝑖 ∣ 𝐴𝑖 > 0); 𝑢𝑖 =
𝑈𝑖 − 𝐿𝑖

|𝑦̂𝑖| + 𝜅
  (3) 

A risk-aware screening utility combines occurrence probability, predicted crop-relative productivity and an uncertainty penalty. 

The gate requires sufficient occurrence probability, uncertainty below a training-derived threshold and a crop-season state 

represented during training: 

𝑆𝑖 = 𝑝𝑖  𝜎(𝑟̂𝑖)exp(−𝜆𝑢𝑖);  𝑔𝑖 = 𝕀[𝑝𝑖 ≥ 𝜏𝑝, 𝑢𝑖 ≤ 𝜏𝑢(𝑞), 𝑠𝑒𝑎𝑠𝑜𝑛(𝑥𝑖) ∈ 𝒮train]  (4)  

The specified constants were κ = 0.25, λ = 0.50, τp = 0.50 and q = 0.60. Strong evidence required pᵢ ≥ 0.70 and uncertainty at 

or below the training 40th percentile; moderate evidence required pᵢ ≥ 0.50 and uncertainty at or below the 60th percentile. 

Other cases abstained. Unseen crop-season states and missing mandatory inputs also triggered abstention. Because the 

uncertainty penalty did not improve retrospective NDCG, Sᵢ is interpreted as a risk-aware screening utility rather than an 

accuracy-maximizing ranking score. 

 

Figure 2. PHTF-Select architecture linking recorded occurrence and conditional productivity to crop-relative uncertainty-

guided screening. 

3.4.1 Calibration and evaluation boundaries 

The crop-season calibration extension is specified for subsequent evaluation and is not credited with the performance in Tables 

9-15. On the log scale, nonconformity is eᵢ = max (q₀. ₀₅(xᵢ) − zᵢ, zᵢ − q₀.₉₅(xᵢ), 0). Let Qₙ be the score at rank ⌈(n + 1)(1 − α)⌉, 

with α = 0.10; a rank exceeding n gives an infinite correction. For groups with at least 20 calibration records, Δg is the larger of 

the group and pooled corrections. Sparse groups use the pooled correction and receive a review flag. 

(Li, Ui) = (max{0, exp[q0.05(xi) − Δg] − 1}, max{0, exp[q0.95(xi) + Δg] − 1})  (5) 
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Figure 3. Proposed crop-season calibration with calibration districts held out from model fitting within the outer training 

partition. 

Phenology enters through the predictors, while crop-season membership controls residual pooling. The correction can widen 

intervals but cannot establish exact local coverage under unverified spatial dependence [52]. The same corrected uncertainty 

definition must be used for threshold selection and test-time decisions. 

3.4.2 Operational workflow and predictor availability 

1. Freeze the raw data, record a hash, resolve labels and units, and retain an exclusion log. 

2. Assign each district to one outer fold before constructing either target, and use the same district map for both stages and 

every comparator. 

3. Within outer training districts, separate model-fitting, calibration and policy-selection roles; fit encoders, imputation and crop 

statistics only within their permitted training role. 

4. Fit viability on valid records and conditional productivity on positive-area records, including positive-area records with zero 

production. 

5. Estimate interval corrections on calibration districts and calculate uncertainty from the corrected intervals. 

6. Choose acceptance thresholds on separate policy districts and fix them before scoring outer test districts. 

7. Reject unseen crop-season states or missing mandatory inputs; otherwise emit the prediction, probability, interval, uncertainty 

and accept-review-abstain state. 

8. Evaluate untouched test districts and archive predictions, feature maps, calibration scores, thresholds, software versions and 

figure scripts. 

 

Figure 4. Separation of model fitting interval calibration policy selection and untouched outer test districts. 
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3.5 Benchmark models and execution protocol 

Stage-1 benchmarks were logistic regression, XGBoost, LightGBM, CatBoost, TabM, TabPFN v2, and TabICLv2. Stage-2 

benchmarks were ridge regression, RBF-SVR, Extra Trees, CatBoost, LightGBM, XGBoost, the Phenology-Stage Stacked 

Ensemble (PSSE), TabM, TabPFN v2, and TabICLv2. PSSE trained separate LightGBM learners on context, seasonal, pre-

transplant, transplant, post-transplant, and full-feature views and combined out-of-fold base predictions with a ridge meta-

learner. Identical outer folds were used across all methods. All stochastic procedures used seed 42, and the same five district-

grouped folds were applied to every comparator. Model-specific preprocessing was fitted within the training portion of each 

fold. Foundation-model inference and conventional model training were evaluated as distinct computational regimes; 

comparison therefore emphasizes predictive performance under a common data split rather than equal training cost. 

Table 5. Benchmark model families and analytical roles. 

Model / family Core role 

Logistic / Ridge Linear classification and regression 

SVR RBF-kernel regression 

Extra Trees Randomized bagging 

XGBoost Regularized gradient boosting 

LightGBM Histogram-based boosting 

CatBoost Ordered categorical boosting 

PSSE Six phenology views + OOF ridge stack 

TabM Parameter-efficient MLP ensemble 

TabPFN v2 Prior-data fitted foundation model 

TabICLv2 Open in-context foundation model 

3.5.1 Hyperparameter selection and comparison fairness 

Hyperparameter selection was isolated from the outer district folds. For every model, the comparison protocol specified the 

search space, training-only validation strategy, optimization budget, early-stopping set, seed, categorical encoding, and compute 

allocation. Models run with fixed recommended settings or zero-shot inference were reported as such rather than described as 

tuned. Identical outer folds, preprocessing boundaries, and target transformations were retained across all comparators. 

Hyperparameters for trainable models were selected by grouped inner validation restricted to the outer-training districts. The 

outer test districts were not used for early stopping, model selection, calibration, or threshold choice. Fixed or pretrained 

configurations were identified as such and were not described as tuned. 

3.6 Validation uncertainty and stress protocols 

Five-fold GroupKFold used district as the grouping variable. Every observation from a district appeared in exactly one outer 

validation fold. This produced out-of-fold predictions for all 64 districts and estimated spatial transfer to a location absent from 

model development. Shuffled random five-fold cross-validation was used only as a stress comparison, not for model selection. 

A leakage negative control deliberately restored Area and Production to the Stage-2 feature matrix. Leave-one-season-out 

experiments trained on two seasons and evaluated the third, creating a distribution shift stronger than district holdout. 

Conventional models used district-grouped residual calibration for central 90% intervals. TabPFN v2 and TabICLv2 intervals 

were generated through predictive-distribution sampling using the configuration reported below. Overall coverage, mean 

interval width, high-productivity-quartile coverage, and selective RMSLE at 60% retention were compared. Because district 

groups are not strictly exchangeable, the analysis reports empirical marginal and subgroup coverage and does not claim exact 

conditional guarantees. For TabPFN v2 and TabICLv2, the predictive mean on the log1p scale defined the point prediction, 

and the 5th and 95th percentiles defined the central 90% interval. Predictions and bounds were inverse-transformed and clipped 

at zero after transformation. All calibration and retention thresholds were estimated within the outer-training partition. Because 
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inverse-transforming a log-scale mean does not recover the arithmetic mean on the original scale, all comparisons use the same 

prediction functional and emphasize RMSLE. 

3.6.1 Interpretation of geographic validation 

The GroupKFold design estimates transfer to districts absent from model fitting and prevents records from the same district 

appearing on both sides of a fold. It should be described as district-grouped geographic validation rather than strict spatial-

block validation, because district adjacency and agroecological similarity are not explicitly constrained. A leave-one-division-

out, agroecological-zone, or coordinate-block analysis would provide a stronger test of long-range spatial transfer when the 

required identifiers become available. 

3.7 Evaluation metrics and paired inference 

Viability evaluation used balanced accuracy, macro-F1, MCC, AUROC, Brier score, and expected calibration error. Conditional 

productivity used MAE, RMSE, R², RMSLE, and median absolute error. RMSLE was emphasized because the target was 

strongly skewed and errors on extreme original-scale ratios dominated RMSE. 

𝑅𝑀𝑆𝐿𝐸 = √
1

𝑛
∑

𝑖

  [log(1 + 𝑦𝑖) − log(1 + 𝑦̂𝑖)]2   (6) 

For ranking, observed CRPI was converted within each district-season candidate set into non-negative relevance, relᵢ = 4 × 

percentile-rank (CRPIᵢ), with average ranks for ties.  

 

𝐷𝐶𝐺@𝐾 = ∑

𝑗≤𝐾

 
(2𝑟𝑒𝑙𝑗 − 1)

log2(𝑗 + 1)
  (7) 

, and NDCG@K divides by the ideal DCG [35]. The same relevance transformation and tie convention were applied to every 

ranking variant. 

Model inference used paired district-level log-MAE or RMSLE differences across 64 districts. Ten thousand bootstrap 

resamples produced 95% confidence intervals. Wilcoxon signed-rank tests were interpreted using established paired-

comparison guidance and corrected using Holm's sequential procedure [32–34]. A negative RMSLE difference relative to 

XGBoost favoured the comparator. Fold means and standard deviations remain descriptive; inferential conclusions are based 

on aligned district errors. 

Table 6. Statistical analyses inputs and interpretation. 

Analysis Required input Output Current status 

District-cluster confidence 

intervals 

Aligned labels and predictions 95% CI for metric differences Paired district bootstrap 

in §4.10 

Friedman omnibus 

comparison 

District-by-model error matrix Statistic, degrees of freedom, 

p 

Five-model comparison 

in §4.10 

Holm post-hoc analysis Prespecified paired contrasts Adjusted p, effect and win 

rate 

Paired tests with Holm 

correction in §4.10 

Practical importance Error difference and stakeholder 

costs 

Benefit at matched retention Cost data unavailable 

3.8 Reproducibility controls 

The analysis fixed the raw-data version, crop-label corrections, excluded variables, district-fold assignments, preprocessing 

boundaries, target transformations, calibration roles, and decision thresholds before evaluation. All reported metrics were 

calculated from out-of-fold predictions. This separation prevents test-district information from entering feature construction, 

crop-relative statistics, model selection, interval calibration, or abstention thresholds. 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1117 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

3.9 Analytical scope and component analyses 

Component ablation removed the uncertainty layer, hurdle structure, phenology features, crop-relative score, or foundation 

learner while preserving the evaluation cohort and district folds. Paired inference used one aligned RMSLE value per district. 

Ten thousand district-level bootstrap resamples produced 95% confidence intervals, and prespecified Wilcoxon signed-rank 

comparisons against XGBoost were adjusted by Holm's procedure. Effect magnitude, district win rate, interval coverage, and 

retention were interpreted together rather than relying on p-values alone. Tables 9-15 report the main benchmark; Tables 17-

18 compare five models on common test observations. Table 19 reports the separately executed component-ablation series. 

Figures 15-16 provide post-hoc analyses of evaluation predictions and trained-model responses. Fold-averaged and district-

averaged RMSLE are interpreted within their respective aggregation schemes. Geographic validation uses held-out districts 

within the available 64-district dataset; no independent external dataset was evaluated. 

4. RESULTS AND DISCUSSION 

4.1 Analytical cohorts and occurrence prediction 

The classification cohort contains 4,606 records with a positive-to-negative ratio of 9.74:1. Under this imbalance, agreement 

with the majority class can mask poor identification of non-occurrence. Balanced accuracy, macro-F1 and MCC provide 

complementary summaries of threshold-dependent performance, while AUROC assesses discrimination across thresholds. 

Table 7. Recorded cultivation occurrence under district holdout, mean ± fold standard deviation. 

Model Bal. acc. Macro-F1 MCC AUROC Brier ↓ ECE ↓ 

Logistic 0.851 ± 0.022 0.706 ± 0.031 0.491 ± 0.031 0.925 ± 0.007 0.106 ± 0.015 0.142 ± 0.027 

XGBoost 0.720 ± 0.036 0.746 ± 0.031 0.505 ± 0.063 0.939 ± 0.006 0.051 ± 0.007 0.024 ± 0.008 

LightGBM 0.842 ± 0.020 0.785 ± 0.029 0.586 ± 0.049 0.936 ± 0.007 0.064 ± 0.008 0.055 ± 0.016 

CatBoost 0.879 ± 0.011 0.759 ± 0.039 0.569 ± 0.056 0.942 ± 0.009 0.082 ± 0.013 0.112 ± 0.024 

TabM 0.872 ± 0.015 0.781 ± 0.025 0.580 ± 0.041 0.944 ± 0.008 0.058 ± 0.006 0.037 ± 0.011 

TabPFN v2 0.886 ± 0.013 0.793 ± 0.021 0.603 ± 0.036 0.951 ± 0.006 0.049 ± 0.005 0.021 ± 0.007 

TabICLv2 0.895 ± 0.011 0.805 ± 0.020 0.621 ± 0.033 0.956 ± 0.005 0.046 ± 0.004 0.019 ± 0.006 

 

Figure 5. Threshold-dependent classification metrics, AUROC and calibration error across the seven classifiers. 

TabICLv2 leads all six-classification metrics in Table 9. Relative to TabPFN v2, balanced accuracy increases by 0.009, macro-

F1 by 0.012, MCC by 0.018 and AUROC by 0.005. These concordant changes favour TabICLv2 across threshold-dependent 

performance and discrimination, although fold summaries alone do not establish paired significance. Against logistic regression, 

macro-F1 increases from 0.706 to 0.805, accompanied by balanced accuracy increasing from 0.851 to 0.895. Discrimination and 

threshold-dependent performance diverge for XGBoost: AUROC is 0.939 and Brier score is 0.051, but balanced accuracy is 

0.720. CatBoost instead reaches balanced accuracy of 0.879 with Brier score 0.082 and ECE 0.112. Class weighting, calibration 
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and threshold selection may contribute to these contrasts; the aggregate scores do not isolate their effects. TabICLv2 lowers 

Brier score by 9.8% relative to XGBoost and by 6.1% relative to TabPFN v2. Since Brier score reflects both calibration and 

discrimination, the accompanying ECE values support probabilistic comparison without establishing calibration independently 

of binning and reliability-curve analysis. Here pᵢ refers specifically to recorded-occurrence probability. 

4.2 Conditional productivity 

Table 8. Productivity error under district holdout, mean ± fold standard deviation. 

Model MAE ↓ RMSE ↓ R² ↑ RMSLE ↓ Median AE ↓ 

Ridge 2.430 ± 0.879 12.56 ± 12.42 0.295 ± 0.138 0.447 ± 0.032 0.739 ± 0.032 

SVR 2.370 ± 0.819 12.31 ± 12.12 0.322 ± 0.131 0.440 ± 0.033 0.672 ± 0.055 

Extra Trees 2.416 ± 0.753 12.77 ± 11.85 0.217 ± 0.248 0.440 ± 0.030 0.679 ± 0.046 

CatBoost 2.450 ± 0.884 12.65 ± 12.34 0.275 ± 0.126 0.446 ± 0.039 0.704 ± 0.055 

LightGBM 2.381 ± 0.789 12.40 ± 12.07 0.294 ± 0.182 0.430 ± 0.024 0.680 ± 0.038 

XGBoost 2.391 ± 0.797 12.61 ± 12.18 0.271 ± 0.147 0.430 ± 0.031 0.696 ± 0.043 

PSSE 2.424 ± 0.904 12.43 ± 12.59 0.316 ± 0.192 0.438 ± 0.041 0.712 ± 0.046 

TabM 2.349 ± 0.760 12.18 ± 11.74 0.335 ± 0.122 0.424 ± 0.027 0.663 ± 0.043 

TabPFN v2 2.315 ± 0.742 12.02 ± 11.61 0.351 ± 0.117 0.417 ± 0.025 0.649 ± 0.040 

TabICLv2 2.281 ± 0.718 11.84 ± 11.39 0.369 ± 0.111 0.409 ± 0.023 0.633 ± 0.038 

 

Figure 6. RMSLE and R² across conventional, stacked and recent tabular learners. Error bars describe fold variation. 

TabICLv2 has the lowest error across all reported regression metrics and the highest mean R². Against XGBoost, MAE 

decreases from 2.391 to 2.281 (4.6%), RMSE from 12.61 to 11.84 (6.1%) and RMSLE from 0.430 to 0.409 (4.9%). Median 

absolute error declines by 9.1%, suggesting that the improvement extends beyond extreme observations. Mean R² increases by 

0.098, an absolute change in the reported coefficient. The advantage over TabPFN v2 is smaller: RMSLE decreases by 0.008 

(1.9%), MAE by 0.034 (1.5%) and median absolute error by 0.016 (2.5%). Improvement across all three losses suggests that the 

ordering is not confined to one error definition. Its magnitude remains modest, making aligned district contrasts more 

informative than visual overlap between fold error bars. Original-scale error remains unstable. TabICLv2 has RMSE 11.84 ± 

11.39, compared with median absolute error 0.633 ± 0.038. The large maximum ratio of 951.217 and the heterogeneous crop 

mixture are consistent with this disparity. Consequently, improvement in RMSLE does not imply uniformly small original-scale 

errors; unresolved unit harmonization further limits pooled MAE and RMSE interpretation. PSSE records RMSLE 0.438 versus 

0.430 for the full-feature boosting references. Partitioning climate inputs into separate views and stacking their predictions 

therefore provides no improvement in this comparison. Redundant exposure summaries and limited training data are possible 

explanations, but the reported results cannot distinguish them. The result supports evaluating the contribution of phenology 

within a common learner separately from the contribution of stacking. 
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4.3 Paired district comparisons 

Table 9. District-level RMSLE differences defined as comparator minus XGBoost. 

Comparator Mean change Bootstrap 95% CI District win 

rate 

Holm p Interpretation 

LightGBM −0.0003 [−0.006, 0.005] 52% 0.880 No clear difference 

PSSE +0.008 [−0.002, 0.018] 47% 0.630 No clear difference 

TabM −0.006 [−0.013, 0.001] 59% 0.110 Difference unresolved 

TabPFN v2 −0.013 [−0.021, −0.004] 67% 0.018 Supported improvement 

TabICLv2 −0.021 [−0.030, −0.012] 73% 0.003 Lower paired error 

 

Figure 7. Paired RMSLE contrasts against XGBoost. The reference line denotes no district-averaged difference. 

The TabICLv2 contrast is −0.021, with bootstrap 95% CI [−0.030, −0.012], Holm-adjusted p = 0.003 and a district win rate 

of 73%. TabPFN v2 likewise has a negative interval, [−0.021, −0.004], with adjusted p = 0.018 and a 67% win rate. The 

combination of effect direction, interval and win rate indicates that their reported advantage is distributed across many districts 

rather than confined to a few exceptionally favourable locations. 

TabM wins in 59% of districts with a mean difference of −0.006, but its interval includes zero and Holm-adjusted p = 0.110. 

LightGBM is close to XGBoost, while PSSE has a small positive mean difference with an interval spanning zero. These 

comparisons leave superiority unresolved; they do not demonstrate equivalence, which would require a prespecified margin. 

Negative values in Table 11 favour the comparator because contrasts are defined as comparator minus XGBoost. A mean of 

district RMSLE values gives each district equal weight; a mean of fold RMSLE values gives each fold equal weight. Neither 

generally equals RMSLE pooled over all records. The aggregation unit must therefore be preserved when comparing effects 

across tables. 

District-level inference remains conditional on the evaluation design. Adjacent districts can share climate patterns, and 

observations in different test folds are predicted by overlapping training sets. Resampling complete district vectors preserves 

within-district pairing but does not remove all spatial or training-set dependence. Broader geographic blocks would test the 

sensitivity of interval precision. The present analysis supports an advantage within the evaluated dataset and geographic 

partition. 
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4.4 Leakage and seasonal transfer 

Table 10. Validation stress tests and withheld-season performance. 

Protocol MAE R² RMSLE 

District-held-out XGBoost 2.395 ± 0.797 0.270 ± 0.147 0.430 ± 0.030 

Random KFold XGBoost 2.328 ± 0.403 0.279 ± 0.142 0.414 ± 0.012 

Leakage negative control 0.774 ± 0.635 0.802 ± 0.266 0.104 ± 0.022 

Leave Kharif-1 out — XGBoost 6.009 −0.023 0.880 

Leave Kharif-1 out — LightGBM 6.132 −0.020 0.893 

Leave Kharif-2 out — XGBoost 2.535 −0.000 0.737 

Leave Kharif-2 out — LightGBM 2.536 −0.041 0.757 

Leave Rabi out — XGBoost 1.929 −0.250 0.651 

Leave Rabi out — LightGBM 1.899 −0.079 0.600 

 

Figure 8. RMSLE under district holdout, random splitting, algebraic leakage and withheld seasons. 

The leakage control reduces RMSLE from approximately 0.430 to 0.104, an apparent improvement of 75.8%. Restoring Area 

and Production exposes the algebraic components of the outcome. This result quantifies benchmark inflation from target access 

rather than a valid improvement in predictive information. Random K-fold splitting produces RMSLE 0.414, approximately 

3.7% below 0.430 using the rounded values. MAE fold dispersion also falls from 0.797 to 0.403. Random mixing thus yields 

both lower average error and lower between-fold variation, but evaluates a less demanding setting than prediction for an 

excluded district. Withholding an entire season creates much larger errors. For XGBoost, RMSLE rises to 0.880 for Kharif-1, 

0.737 for Kharif-2 and 0.651 for Rabi. Relative to 0.430, these correspond to increases of approximately 105%, 71% and 51%. 

LightGBM shows the same ordering, although its Rabi error is lower at 0.600. The predominantly non-positive R² values 

indicate little or no improvement over a test-season mean reference under this stronger shift. Seasonal holdout causes 

substantially greater deterioration than the gain obtained by changing the eligible learner. For XGBoost, the withheld-season 

RMSLE increase ranges from 0.221 to 0.450, compared with the 0.021 reduction associated with TabICLv2 in the main 

benchmark. These contrasts concern different designs, demonstrating why seasonal transfer cannot be inferred from geographic 

validation. The slightly different XGBoost summaries in Tables 10 and 12 are retained separately rather than treated as identical 

estimates. 
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4.5 Interval coverage and selective prediction 

Table 11. Prediction intervals and error at nominal 60% uncertainty retention. 

Model / interval 90% coverage Mean width ↓ High-productivity 

coverage 

RMSLE at 60% 

retention 

XGBoost + grouped conformal 0.884 6.666 0.739 0.356 

PSSE + grouped conformal 0.891 6.410 0.752 0.349 

TabPFN v2 distribution 0.903 6.105 0.781 0.334 

TabICLv2 distribution 0.907 5.920 0.798 0.321 

 

Figure 9. Overall and upper-productivity coverage, interval width and the retention–error trade-off. 

TabICLv2 combines overall coverage of 0.907 with mean interval width 5.920. Relative to grouped-conformal XGBoost, 

coverage increases by 2.3 percentage points and width decreases by 11.2%. TabPFN v2 is close at 0.903 coverage and width 

6.105. These joint changes favour the foundation-model interval summaries, conditional on common evaluation rows, scale 

and nominal coverage. TabICLv2 coverage falls to 0.798 in the highest-productivity quartile, 10.2 percentage points below the 

nominal target and 10.9 points below overall coverage. XGBoost covers only 0.739 in this subgroup. The foundation model 

reduces, but does not resolve, upper-productivity undercoverage. Screening that prioritizes these records would therefore 

encounter poorer interval reliability than the marginal result suggests. At nominal 60% retention, TabICLv2 RMSLE falls from 

0.409 to 0.321 (21.5%), compared with 0.430 to 0.356 (17.2%) for XGBoost. TabICLv2 has 9.8% lower retained-set error at 

the same nominal retention. Because uncertainty may select different cases for each learner, the comparison combines 

prediction and selection effects. Evaluation on a common retained subset would separate these contributions. The 60% 

endpoint measures ranking by uncertainty. The full operational gate also imposes occurrence probability, crop–season support 

and input-completeness conditions, which can reduce realized acceptance further. Lower retained error must consequently be 

reported with actual retention, subgroup composition and review workload. The crop–season calibration extension targets the 

observed coverage deficit but has not yet been shown to correct it. Point estimates and interval endpoints are expressed on the 

log1p scale before inverse transformation. The inverse-transformed mean log prediction is generally not the arithmetic 

conditional mean of productivity. Consequently, original-scale point predictions, interval endpoints and log-scale error measure 

different aspects of the predictive distribution; improved RMSLE alone does not establish unbiased original-scale mean 

prediction. 

4.6 Phenology attribution and climate ablation 

Table 12. Reported absolute SHAP magnitudes and climate-block ablations. 

Evidence type Feature / configuration Value 

SHAP 1 Corrected minimum relative humidity 0.0857 

SHAP 2 Average temperature 0.0585 

SHAP 3 Post-transplant rainfall 0.0567 

SHAP 4 Pre-to-transplant radiation change 0.0545 

SHAP 5 Average humidity 0.0454 
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SHAP 6 Temperature range 0.0327 

Ablation Context only RMSLE 0.4438 

Ablation No post-transplant climate RMSLE 0.4329 

Ablation No transplant climate RMSLE 0.4320 

Ablation Full climate-enriched model RMSLE 0.4305 

Ablation No pre-transplant climate RMSLE 0.4300 

Ablation No seasonal climate RMSLE 0.4296 

 

Figure 10. Feature attribution magnitude and RMSLE after climate-block removal. 

Climate enrichment reduces RMSLE from 0.4438 to 0.4305, a difference of 0.0133 (3.0%) against context alone. Removing 

post-transplant climate produces the largest single-window deterioration, to 0.4329, but the relative change is only 0.56%. 

Removing transplant-month climate yields 0.4320. Individual-window effects are therefore modest compared with the joint 

climate contribution. 

Removing pre-transplant or seasonal climate gives slightly lower errors of 0.4300 and 0.4296. The full feature set is consequently 

not the lowest-error configuration in the block comparison. Correlated exposures and estimation variability could produce these 

small reversals. Without paired uncertainty, the differences do not support a firm preference for excluding either block. 

Corrected minimum relative humidity has the largest mean absolute SHAP magnitude, 0.0857, followed by average temperature 

(0.0585) and post-transplant rainfall (0.0567). The rainfall rank is consistent with the ablation ordering, but SHAP magnitude 

contains no sign information. It cannot establish whether wetter conditions increase productivity, identify a physiological 

optimum or quantify a causal response. 

Attribution also depends on the explained model, output scale and background distribution. A TreeSHAP analysis of a boosting 

comparator cannot directly explain TabICLv2. Crop-specific signed dependence estimates for Aman, Aus and Boro, 

accompanied by uncertainty, would be needed for a crop-level interpretation. Unmeasured irrigation is particularly relevant to 

Boro. The present evidence supports phenology windows as useful predictors, while leaving crop-specific mechanisms 

unresolved. 

4.7 Retrospective ranking and screening states 

Table 13. Historical ranking agreement within district–season candidate sets. 

Metric CRPI only Viability-weighted Hurdle + uncertainty penalty 

NDCG@3 0.673 ± 0.162 0.665 ± 0.159 0.615 ± 0.137 

NDCG@5 0.699 ± 0.127 0.693 ± 0.132 0.654 ± 0.118 
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Figure 11. Ranking scores 

CRPI-only ranking reaches NDCG@5 = 0.699. Viability weighting lowers it to 0.693, and uncertainty penalization reduces it 

further to 0.654. The total decline is 0.045 (6.4%); at K = 3 it is 0.058 (8.6%). Thus, the conservative score sacrifices agreement 

with historical productivity order. Any benefit from that sacrifice must be established through retained-set risk and the 

operational cost of abstention. 

Table 14. Worked decision states using illustrative u₄₀ = 1.0 and u₆₀ = 2.0. 

Crop Prediction Occurrence 

probability 

Interval; uncertainty Decision 

Aus 2.00 0.90 [1.40, 2.60]; 0.53 Strong evidence / accept 

Jute 3.00 0.65 [0.50, 5.50]; 1.54 Moderate evidence / review 

Amra 2.00 0.80 [0.00, 7.00]; 3.11 ABSTAIN 

The Bagerhat, Kharif-1 worked example uses average temperature 28°C, relative humidity 75% and transplant-month rainfall 

180 mm as partial context. Table 16 demonstrates how the screening rule maps prediction summaries to decisions. With κ = 

0.25, normalized uncertainties are 0.53, 1.54 and 3.11. Aus satisfies the strong-evidence rule; Jute satisfies the moderate-evidence 

rule; Amra exceeds u₆₀ and abstains despite occurrence probability 0.80. 

 

Figure 12. Decision routing after input and domain checks. Review remains distinct from automatic acceptance. 
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Historical candidates are the crops recorded in a district–season set, not all feasible alternatives. Rankings therefore cannot 

estimate the outcome of planting an unobserved crop. Missing soil, irrigation, cultivar and market information further restricts 

these outputs to screening for agronomic review. 

4.8 Geographic validation scope 

Geographic generalization was evaluated through district-grouped cross-validation across the available 64 districts. Each district 

was excluded from model fitting when assigned to an outer validation fold. Held-out districts therefore represent geographic 

separation within the study dataset, rather than additional districts from an external cohort. No separate external validation 

dataset was used. The results quantify transfer under this internal geographic partition; independent geographic and temporal 

validation remain future research objectives. 

4.9 Scope of the empirical findings 

District-grouped evaluation favours TabICLv2, while seasonal holdout, subgroup undercoverage and ranking degradation 

delimit that advantage. The following analyses examine paired model performance, component removal, uncertainty-based 

retention and fitted climate responses within the evaluated distribution. 

4.10 Supplementary model comparisons and sensitivity analyses 

All five models used identical test observations, preprocessing, feature representation and RMSLE calculation. District-level 

errors form 64 paired blocks. Let e_dj denote district d RMSLE for model j, calculated using Equation (6). Mean district RMSLE 

and the contrast against PHTF-Select are: 

𝑒̅𝑗 =
1

64
∑ 𝑒𝑑𝑗

𝑑

  ;  Δ𝑗 =
1

64
∑(𝑒𝑑𝑗 − 𝑒𝑑,𝑃𝐻𝑇𝐹)

𝑑

 (7) 

 
 

Complete district vectors were resampled 5,000 times to obtain bootstrap intervals while preserving model pairing. PHTF-

Select has the lowest mean district RMSLE (0.3994), followed by SAINT (0.4035). Its relative reductions are 3.0% against FT-

Transformer, 4.4% against TabTransformer, 1.0% against SAINT and 4.4% against NODE. These district-averaged estimates 

are distinct from the fold-averaged RMSLE in the main benchmark; 0.3994 is not substituted for 0.409. 

Table 15. Mean district RMSLE for five models evaluated on common test data. 

Model Mean district RMSLE 95% bootstrap interval 

PHTF-Select 0.3994 0.3827–0.4163 

FT-Transformer 0.4116 0.3946–0.4284 

TabTransformer 0.4180 0.4012–0.4347 

SAINT 0.4035 0.3886–0.4191 

NODE 0.4176 0.4011–0.4337 

 

Figure 13. Mean district RMSLE and 95% bootstrap intervals on common test data. Lower values are better. 
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Table 16. Paired district RMSLE contrasts defined as comparator minus PHTF-Select. 

Comparator Mean RMSLE 

difference 

95% bootstrap CI Raw p Holm p 

FT-Transformer 0.0122 0.0025–0.0219 0.01759 0.03519 

TabTransformer 0.0186 0.0100–0.0273 0.0002115 0.0006345 

SAINT 0.0041 -0.0046–0.0129 0.4579 0.4579 

NODE 0.0182 0.0108–0.0254 8.975e-06 3.59e-05 

The Friedman test detects model differences, χ²(4) = 27.4375, p = 1.621 × 10⁻⁵. Holm-adjusted contrasts favour PHTF-Select 

over FT-Transformer (p = 0.03519), TabTransformer (p = 0.0006345) and NODE (p = 3.59 × 10⁻⁵). The SAINT contrast 

remains unresolved: 0.0041, CI [−0.0046, 0.0129], p = 0.4579. Thus, the lowest mean RMSLE does not establish superiority 

over every comparator. Inference follows paired contrasts in Table 18, not marginal-interval overlap. 

4.10.1 Component ablation analysis 

Table 17. Component ablations with complete retraining under a common evaluation protocol. 

Configuration Balanced 

accuracy 

RMSLE 90% interval 

coverage 

NDCG@5 

Full framework 0.895 0.405 0.906 0.65 

Without uncertainty 0.895 0.405 Undefined 0.69 

Without hurdle Undefined 0.433 0.891 0.631 

Without phenology 0.872 0.431 0.895 0.622 

Without crop-relative score 0.895 0.405 0.906 0.582 

Without foundation model 0.878 0.439 0.902 0.619 

 

Figure 14. RMSLE after individual component removal and model retraining. The full-framework reference belongs to the 

separate ablation series. 

Removing phenology increases RMSLE from 0.405 to 0.431 (+6.4%); removing the hurdle component increases it to 0.433 

(+6.9%); replacing the foundation learner increases it to 0.439 (+8.4%). These controlled, retrained comparisons estimate each 

component’s contribution conditional on the remaining framework. The 0.405 reference comes from the separate ablation 

execution, whereas 0.409 is the main benchmark result. Ablation effects are calculated against 0.405, without pooling the two 

executions. 

Removing uncertainty leaves RMSLE unchanged at 0.405 but increases NDCG@5 from 0.650 to 0.690. Removing crop-relative 

scoring also leaves RMSLE unchanged while lowering NDCG@5 to 0.582, a 0.068 decline. Thus, these components primarily 

alter screening and ranking in this series. By contrast, removing phenology or the foundation learner affects both classification 
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and productivity. The ablations identify conditional contributions; without repeated-run intervals, small differences and 

component interactions remain unresolved. 

4.10.2 Uncertainty and selective risk 

 

Figure 15. Post-hoc risk–coverage curve for 1,000 evaluated predictions ordered by normalized interval uncertainty. Risk is 

log-error RMSE. 

Figure 15 uses 1,000 evaluated prediction cases and their interval-derived normalized uncertainty, as defined in Equation (3). 

Cases were ordered by uncertainty to examine error at successive retained fractions. This post-hoc analysis did not influence 

training, optimization or threshold selection. Log-error RMSE decreases from 0.3192 at full retention to 0.2398 at 60% retention 

(24.9%). This subset-specific result is separate from the main RMSLE reduction from 0.409 to 0.321 (21.5%; Table 13). The 

curve supports uncertainty-based error ordering within these cases, without establishing a universal uncertainty–error 

relationship. 

4.10.3 Climate response analysis 

fvis (r, t, h) = 1 + 0.12r − 0.06r² − 0.10t² − 0.04h.     (8) 

 

Figure 16. Polynomial summaries of trained-model climate responses. Visualization fits are separate from the predictor. 

Trained-model responses were examined against rainfall, temperature and humidity with reference to the observed feature 

distribution. Equation (8) summarizes these responses for visualization. At (r, t, h) = (1, 1, 1), fitted contributions sum to −0.08; 

the rainfall term peaks at r = 1. These features characterize the visualization fit, not a physiological optimum or causal effect. 

The additive summary does not establish the predictive model’s interactions. 

4.11 Discussion 

PHTF-Select improved both stages of the screening problem under complete district holdout. TabICLv2 increased balanced 

accuracy by 0.009 and AUROC by 0.005 over TabPFN v2, while its regression RMSLE was 0.008 lower. The margins are 

modest at the fold level, but the district-paired analysis is more informative: the 0.021 RMSLE reduction relative to XGBoost 

corresponds to a 4.9% relative improvement, the bootstrap interval excluded zero, and 73% of districts favoured TabICLv2. 

These results support a consistent advantage across locations rather than a gain driven by one favourable fold. 
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The viability task was strongly imbalanced, with 90.69% positive records. AUROC alone would therefore overstate operational 

quality. TabICLv2 combined the highest MCC (0.621) with the lowest Brier score (0.046) and ECE (0.019), indicating that its 

advantage extended beyond ranking to threshold-relevant probability quality. Even so, the label represents recorded co-

occurrence of positive area and production. It should not be interpreted as a biological suitability endpoint because zero values 

may also reflect reporting practice, market choice, or management constraints. 

The leakage control produced the largest performance change in the study. Restoring Area and Production reduced RMSLE 

from 0.430 to 0.104, an apparent 75.8% improvement created by algebraic access to the outcome. This result is not a competitive 

benchmark; it quantifies the bias that arises when components of Production/Area are treated as predictors. The smaller 

reduction from 0.430 to 0.414 under shuffled K-fold validation shows a second source of optimism. Records from related 

district-season environments become mixed across folds, whereas district holdout evaluates transfer to an unseen administrative 

unit. 

Seasonal transfer exposed a substantially stronger distribution shift. Leave-one-season-out RMSLE ranged from 0.600 to 0.893, 

and most R² estimates were non-positive. Thus, the model interpolates across districts within represented seasons more reliably 

than it extrapolates to a season excluded from training. This distinction is central to deployment: a geographically new district 

within a known seasonal regime is not equivalent to a new climatic regime. The abstention rule appropriately rejects an unseen 

crop-season state, but rejection does not solve the underlying lack of evidence. 

Phenology-window variables produced a measurable but limited gain. The full climate-enriched model improved RMSLE by 

about 3% relative to context-only features, and removing post-transplant climate caused the largest single-block deterioration. 

Post-transplant rainfall also ranked third by mean absolute SHAP value. In contrast, removing seasonal or pre-transplant blocks 

slightly improved RMSLE, consistent with redundancy among correlated climate summaries. The attribution values quantify 

predictive reliance, not response direction or causality; crop-specific signed analyses are required before agronomic 

interpretation. 

The importance of post-transplant information also creates a decision-timing constraint. Those observations are unavailable 

when a farmer chooses what to plant. The current model is therefore best understood as retrospective or in-season screening. 

A pre-plant system would need weather forecasts or climatological substitutes and must be revalidated at a fixed decision date. 

Using realized post-plant weather in a pre-plant recommendation would introduce temporal information that is unavailable in 

practice. 

Uncertainty evaluation revealed a second aggregate-to-subgroup gap. Overall interval coverage was close to the nominal 90% 

level, yet coverage fell to 79.8% in the highest-productivity quartile. At 60% retention, TabICLv2 reduced RMSLE from 0.409 

to 0.321, a 21.5% relative reduction, but abstained on 40% of records. The operating point is useful only when the cost of 

review or non-decision is lower than the expected cost of acting on a high-error estimate. Coverage, interval width, retained-

set error, and abstention rate must therefore be reported together. 

Retrospective ranking reinforces this multi-objective interpretation. CRPI-only ranking achieved the highest NDCG@5 (0.699), 

while viability weighting reduced it to 0.693 and the uncertainty penalty to 0.654. The penalty intentionally moves uncertain 

candidates downward, so reduced agreement with historical productivity order is expected. Evaluation should compare ranking 

quality at matched retention and, in prospective work, incorporate decision costs rather than treating NDCG as the sole measure 

of utility. 

The contribution of PHTF-Select lies in the integration of a leakage-resistant two-stage target, phenology-aligned predictors, 

district-held-out benchmarking, crop-relative ranking, predictive intervals, and an explicit abstention policy. This integration 

addresses several weaknesses identified in crop-yield modelling reviews [30,45,51]. The framework does not establish a 

universally superior tabular learner, and its results should not be transferred beyond the observed data domain without new 

calibration and validation. 

4.11.1 Implications for Agricultural Decision Support 

A practical implementation should display the viability probability, productivity estimate, prediction interval, uncertainty score, 

and acceptance state together. Agronomists should review cases with wide intervals, weak viability evidence, missing inputs, or 

crop-season combinations absent from training. Soil, irrigation, cultivar, fertilizer, pest pressure, labour, and market information 
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must be added before the output can support planting decisions. The present evidence supports prioritizing candidates for 

review, not replacing local agronomic judgement. 

4.12 Limitations 

The study has six material limitations. First, AgriClimateBD is cross-sectional and lacks row-level year identifiers, so district 

holdout does not test future-year forecasting. Second, a common physical productivity unit across all 72 crops was not 

independently established; CRPI reduces scale sensitivity but does not replace unit harmonization. Third, the maximum 

productivity value of 951.217 indicates extreme skew and requires source-level verification. Fourth, district grouping does not 

enforce separation by adjacency or agroecological zone. Fifth, crop occurrence is observational and cannot identify causal 

suitability. Sixth, climate summaries omit soil, irrigation, cultivar, management, pest, labour, and economic variables. These 

constraints limit interpretation to within-dataset screening under represented seasons. 

Future validation should add multiple years, independent data sources, agroecological blocking, pre-plant feature availability, 

crop-specific attribution, and prospective evaluation with extension specialists. Calibration should be examined by crop, season, 

productivity range, and district group. Releasing the cleaned records, fold map, model configurations, out-of-fold predictions, 

interval outputs, and analysis scripts would allow independent reproduction. 

5. Conclusion 

PHTF-Select separates recorded cultivation viability from conditional productivity and evaluates both tasks under district-held-

out validation. TabICLv2 achieved an AUROC of 0.956, balanced accuracy of 0.895, and regression RMSLE of 0.409. Its 

district-paired RMSLE was lower than XGBoost in 73% of districts. Uncertainty-based selection reduced RMSLE to 0.321 at 

60% retention, although interval coverage fell below nominal levels for high-productivity records. Phenology features improved 

accuracy, but their post-transplant availability restricts the framework to retrospective or in-season use unless forecast inputs 

are validated. The evidence supports uncertainty-aware crop screening within represented conditions; autonomous crop 

recommendation requires temporal external validation and additional agronomic and economic variables. 
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