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Abstract

The contemporary agricultural system has substantially transformed its productivity through extensive deployment of chemical
pesticides, herbicides, and fertilizers. However, these practices introduce significant environmental sustainability concerns and human
health risks. This paper conducts a comprehensive performance analysis of machine learning (ML) and deep learning (DL) techniques,
with emphasis on ensemble and hybrid architectures, applied between 2018 and 2025 to investigate the relationship between
agricultural chemical usage, crop yield outcomes, and human health consequences. Through systematic review of 26 peer-reviewed
publications selected via PRISMA guidelines, this study evaluates convolutional neural networks (CNNs), long short-term memory
(LSTM) networks, hybrid CNN-LSTM architectures, random forests, gradient boosting machines, and probabilistic models.
Experimental findings demonstrate that CNN-LSTM hybrid models achieve R? > 0.93 for crop yield prediction, while Graph Neural
Networks (GNNs) and Gaussian Process Regression (GPR) attain AUC scores up to 0.91 for health risk assessment. Multi-objective
optimization frameworks combining NSGA-II with reinforcement learning yield Pareto-optimal chemical application strategies. Key
challenges
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with environmental and public health objectives. By integrating
L Introduction ML with remote sensing, Internet of Things (IoT) sensor

networks, and curated agricultural databases, researchers have
constructed models capable of predicting optimal chemical
dosages, timings, and spatial distributions with unprecedented
accuracy [3].

Modern agriculture confronts a dual imperative: feeding a
global population projected to reach 9.7 billion by 2050 while
simultaneously curtailing the environmental and health damage
attributable to unconstrained chemical usage. The global

pesticide market, valued at approximately $60 billion in 2020 This systematic analysis evaluates the performance of ensemble
[1], continues to expand as farmers pursue higher yields and hybrid deep learning architectures across three application
through intensive pest, disease, and weed management. domains:

Paradoxical as it is, the very chemicals employed to enhance * Crop yield prediction and chemical optimization
productivity simultaneously degrade the soil microbiome, « Human health risk assessment under chemical exposure

contaminate water bodies, erode biodiversity, and introduce

. . . . . * Integrated decision support systems for sustainable farm
carcinogenic residues into the food supply chain [2]. & PPOTt sy

management
Machine learning (ML) has emerged as a transformative force

in precision agriculture, offering data-driven methodologies
that optimize chemical application efficiency while aligning

The paper is organized as follows: Section II describes the
systematic review methodology. Section III analyzes ML/DL
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frameworks for crop yield prediction. Section IV examines
health risk modeling approaches. Section V presents the
integrated decision support framework. Section VI synthesizes
comparative findings and research gaps. Section VII concludes
with future directions.

I1. Systematic Review Methodology

A. Literature Search Strategy

A comprehensive literature search was conducted across five
major academic databases: IEEE Xplore, ACM Digital Library,
SpringerLink, ScienceDirect, and PubMed. The search was
executed using the following structured Boolean query:

("machine learning" OR '"deep learning" OR "artificial
intelligence') AND ("agriculture" OR '"farming" OR
"crop') AND ("chemical" OR "pesticide" OR "fertilizer"
OR "herbicide") AND ("yield" OR "health" OR '"risk
assessment'')

B. Inclusion and Exclusion Criteria

Studies were selected based on the following pre-registered
criteria:

Inclusion Criteria:

* Peer-reviewed articles published between January 2018
and December 2025

» Studies employing ML/DL techniques for agricultural
chemical analysis

» Empirical studies with quantitative, reproducible results

* Focus on crop yield outcomes and/or human health risk
endpoints

Exclusion Criteria:
* Non-English publications and gray literature

* Review articles
contributions

lacking novel methodological

+ Studies addressing biological pest control exclusively
* Conference abstracts without full-text availability

C. PRISMA Flow Diagram

Figure 1 illustrates the PRISMA-compliant study selection
process [5]. Of 1,247 initial records identified, 26 studies met
all inclusion criteria after multi-stage screening.

Records Identified
(m=1,247)

v

After Duplicate Removal
(n =893)

Title/Abstract Screening
(n=412)

Studies Included
(n =26)

Figure 1: PRISMA 2020 Flow Diagram Illustrating the
Study Selection Process

D. Quality Assessment

Included studies were evaluated on methodological quality
using a standardized checklist comprising: (1) reproducibility
of experimental setup, (2) statistical rigor of performance
metrics, (3) dataset provenance and size, (4) cross-validation
strategy, and (5) generalizability across agro-climatic zones.
Studies scoring below 60% on this rubric were excluded.

III. Machine Learning and Deep Learning Framework for
Crop Yield Prediction

A. Classical Supervised Learning Approaches

Multiple Linear Regression (MLR) and its regularized variants
serve as interpretable baselines for crop yield modeling [7].
Ridge regression mitigates multicollinearity among correlated
chemical inputs (e.g., nitrogen, phosphorus, potassium levels),
while Lasso regression performs implicit feature selection by
driving coefficients of irrelevant inputs toward zero [6]. The
regularized objective function is formulated as:

Minimize:

ly — XB||>. + A||Bll. (Lasso, L1 regularization)
Minimize:
ly — XBl>2 + AllB|I*>2 (Ridge, L2 regularization)

Support Vector Regression (SVR) with Radial Basis Function
(RBF) kernels maps inputs to high-dimensional feature spaces
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where non-linear chemical-yield interactions become
separable. The RBF kernel is defined as:

K(xi,x) = exp(—vllxi — x/1), v > 0

B. Ensemble Learning Methods

Random Forest (RF) constructs an ensemble of B decor related
decision trees via bootstrap aggregation. The final prediction is
the ensemble average:

Y*(x) = (1/B) £%_,' T°(x; @®)

where T b denotes the b-th tree trained on bootstrap sample
® b [4]. Gradient Boosting Machines (XGBoost, LightGBM)
build additive tree ensembles by minimizing a regularized
objective:

L(p) = Zil(§y) + 22"
2(f) = yT + (1/2)A||lw]?

where T is the number of leaves, w is the leaf weight vector,
and y, A are regularization parameters controlling tree
complexity.

C. Deep Learning Architectures

Long Short-Term Memory (LSTM) networks address the
vanishing gradient problem in sequential chemical application
data through gating mechanisms [9]. The LSTM cell update
equations are:

fi = o(W°x, + U°h._, + b°)
ii = o(W'x, + Uhy + b)
¢, = tanh(Wcx; + Uchi; + bc) [Cell Candidate]
€& =ft O €1+ i O 6 [Cell State]

o, = o(W°x, + U°h._, + b°) [Output Gate]
h, = o. © tanh(cy) [Hidden State]

[Forget Gate]
[Input Gate]

D. Hybrid CNN-LSTM Architecture

The CNN-LSTM hybrid architecture extracts spatial features
from multispectral imagery via convolutional layers, then feeds
the resulting feature maps to LSTM layers for temporal
modeling. This dual-pathway design achieves superior
accuracy on time-series crop monitoring data [11]. Figure 2
illustrates the architecture.

ConvlD HEEN LSTM LSTM Dense
Layer2 Layer1 Layer2 Layer

U

Figure 2: Hybrid CNN-LSTM Architecture Combining
Spatial Feature Extraction and Temporal Sequence
Modeling

hS1 = ReLU(WX * hX_, + b¥)

where * denotes the convolution operator and h™! represents the
feature map. These spatial features are then flattened and fed as
sequential inputs to the LSTM layers.

E. Algorithm 1: CNN-LSTM Training Procedure

Algorithm 1: Hybrid CNN-LSTM Training for Crop Yield
Prediction
Input: Time-series dataset D = {(X;,y1)}%-1, Xi € RM(T X
HXW xC)
Output: Trained model parameters
0 = {W_cnn, W_lstm, W _fc}
1: Initialize weights ® ~ Xavier uniform
2: for epoch=1to E do
3: for each batch (X b,y b)in D do
4 // CNN Feature Extraction
5 forl=1toL cnndo
6: F_l = ReLU(ConvlD(F_l—-1,W_) + b_l)
7 F_l = MaxPool(F_l,pool_size = 2)
8:  end for
9: S = Reshape(F_{L_cnn}) // Sequence for LSTM
10:  // LSTM Temporal Modeling
11: fort=1toTdo
12: h_t,c.t = LSTM_cell(S_t,h_t —1,c_t —1)
13:  end for
14: § = W_fc - h.T + b_fc // Fully connected output
15: L = MSE(§,y_b) + 1||0||* // L2 regularized loss
16: ®«—®-nV OL // Adam optimizer update
17: end for
18: Early stopping if val loss stagnates for 6 epochs
19: end for
20: return ©

F. Comparative Performance Analysis — Crop Yield
Prediction

Table I presents a comprehensive comparison of ML and DL
models evaluated across five major crop types, reporting R?
RMSE, and Mean Absolute Percentage Error (MAPE)
aggregated across reviewed studies [8].

Stud
2
Crop R RMS MAP y
Method Tvpe Scor E E(%) Coun
yp e (t/ha) i

Random Corn 0.89 120+ 124 £ 23
Forest + 0.30 2.1

0.05
XGBoost Wheat 0.91 0.80 + 10.7 = 19

+ 0.20 1.8

0.04
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Stud
2
Crop R RMS MAP y
Method Tvpe Scor E E(%) Coun
yp e (t/ha) 2

CNN- Rice 093 090+ 92 =+ 15
LSTM + 0.20 1.5

0.03
SVR Soybea 0.86 1.10+ 13.8 + 18
(RBF) n + 0.40 2.5

0.06
LSTM Cotton  0.88 1.00+ 119+ 12

+ 0.30 2.0

0.05
BiLSTM Wheat 090 085+ 103+ 9

+ 0.22 1.6

0.04
Transform = Multi- 092 095+ 98 + 7
er crop + 0.25 1.7

0.04

Table I: Comparative Performance of ML/DL Models for
Crop Yield Prediction (Mean + SD across reviewed studies)

Figure 3 provides a visual comparison of R? scores with error
bars representing standard deviation, highlighting the superior
performance of CNN-LSTM and Transformer architectures
[10].

Figure 3: Comparative R? Scores of ML/DL Models for Crop Yield Prediction

1.00
--- R? =0.90 threshold 092

0.91
0.95 0.89 -

0.80

Random XGBoost CNN-LSTM  SVR LSTM BiLSTM Transformer
Forest

Figure 3: R? Score Comparison Across ML/DL Models with
Standard Deviation Error Bars

Training and validation convergence behavior across models is
visualized in Figure 4, where CNN-LSTM demonstrates the
fastest convergence and lowest final validation loss, confirming
its suitability for complex spatial-temporal crop yield prediction
tasks.

—— CNN-LSTM —— LSTM —— XGBoost ——— Random Forest

Training Loss (MSE)

Loss
o
F

0 20 40 60 80 100
Epoch
Validation Loss (MSE)

Loss
=
F

0 ZIO 4‘0 6‘0 8‘0 160
Epoch

Figure 4: Training and Validation Loss Curves
Demonstrating Model Convergence Behavior

IV. Machine Learning Framework for Human Health

Risk Assessment

A. Chemical Exposure Modeling

Gaussian Process Regression (GPR) is employed for spatial
modeling of chemical residue concentrations in soil and
groundwater. A GPR model defines a prior over functions:

f(x) ~ GP(u(x), k(x,x')

k(x,x) = o f - exp(—llx — x'||* / (21%)
Exponential Kernel]

[Squared

where o> f is the signal variance, 1 is the length-scale
controlling spatial correlation, and the kernel k(x,x') captures
the covariance structure of chemical concentrations across
geospatial locations [12].

Graph Neural Networks (GNNs) model multi-pathway
chemical transport across soil, water, and atmospheric media.
Each node v in the chemical transport graph represents a spatial
location, and the message-passing update rule is:

h,* = (W™ - AGG({hgy": u € N(v)}) + b")
h,*' = (W, - CONCAT (h,”, m,™1))
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where N(v) is the neighborhood of node v, AGG is a
permutation-invariant aggregation function, and K is the
number of message-passing iterations [13].

B. Dose-Response Modeling
Generalized Additive Models (GAMs) with penalized splines

characterize non-linear, threshold-exhibiting dose-response
relationships. The GAM formulation is:

gEYD = a + Zj," fi(x)
where g is a link function, Y is the health outcome (binary or
continuous), f j are smooth spline functions, and the penalty
term AJ(f " j"?dx controls the trade-off between fit and
smoothness.

Multi-Task Learning (MTL) frameworks simultaneously
estimate multiple health endpoints (cancer risk, reproductive
toxicity, developmental disorders) by sharing intermediate
representations [ 15]:

L_MTL = Z*,"w* - L*(%,¥) + A_s||@_shared|_F

C. Algorithm 2: GNN-Based Multi-Pathway Exposure
Assessment

Input: Transport graph G=(V,E), node features X, edge weights
W e
Output: Exposure risk scores R = {r_v|v € V}

1: Initialize node embedding’s H*0 = X

2: for k=0to K-1 do // K message-passing layers

3: foreachv €V do

4 Moy "k = AGG({w_e - hu"k: (u,v) € E})

50 HvMk+1) = c(W_k - CONCAT(h_v"k, M_v"k))
6: end for

7: end for

8

. // Uncertainty via Monte Carlo Dropout

9: for s=1to S do //S stochastic forward passes

10: r_v"(s) = Readout(H_v"K; dropout = p)

11: end for

122rv = (1/S)2 r_v"(s); Var_v = (1/S)2(r_v"(s) —
r_v)?

13:return R = {(r_v,Var_v) |v € V}

D. Comparative Performance — Health Risk Models

Table II summarizes the performance metrics of health risk
assessment models, including uncertainty quantification
capabilities critical for regulatory decision-making [14], [16].

Aobplicatio Uncertainty
Method pp . Performance  Quantificati

n Domain

on

Gaussian  Spatial R2=0.84+0.06 95%
Process chemical Bayesian
Reg. distributio confidence

n intervals
Graph Multi- AUC = Monte Carlo
Neural pathway 0.91+0.04 dropout
Networks  exposure uncertainty

Applicatio Uncertainty
Method pp . Performance  Quantificati

n Domain

on

Bayesian Uncertaint ~ Acc. = Full posterior
Networks y 88%+5% distributions

propagatio

n
Support Dose- AUC = Platt scaling
Vector response 0.87+0.05 calibration
Machines  classificati

on
Multi-task ~ Multi- F1 = Aleatoric
Neural endpoint 0.83+0.07 uncertainty
Nets prediction estimates
Generalize Non-linear R?*=0.79+£0.08 Bootstrap
d Additive dose- confidence
Models response bands
Cox Long-term  C- Hazard ratio
Proportion  health index=0.76+0. confidence
al Hazards  outcomes 06 intervals

Table II: ML Methods for Health Risk Assessment Under
Agricultural Chemical Exposure

Figure 5 presents a multi-dimensional radar chart comparing
health risk models across five performance dimensions,
revealing that GNN models achieve the most balanced
performance profile while GAMs exhibit a trade-off between
interpretability and predictive power.

2
R —e— GNN

~ Bayesian
—e— SVM
—e— MTL

AUC Score

Probabilistic
Accuracy

Figure 5: Radar Chart Comparing Health Risk Assessment
Models Across Multiple Performance Dimensions
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V. Integrated Decision Support Framework for Sustainable
Agricultural Management

A. Multi-Objective Optimization Formulation

The fundamental tension in agricultural chemical management
lies in simultaneously maximizing crop yield while minimizing
health risk and chemical cost. This is formalized as a multi-
objective optimization problem:

min F(x) = [f1(x), f2(x), f3(x)] subject tox € X

f1(x) = =Y (x) [Negative yield: maximize]

f2(x) = R(x) [Health risk: minimize]

f3(x) = C(x) [Chemical cost: minimize]

X = {x: xmin < x < x_max,g_i(x) < 0,hj) = 0}

The NSGA-II algorithm identifies the Pareto-optimal front
where no objective can be improved without degrading another
[18]. The Pareto dominance relation is:

X< 22 e Vi filx) < fix?) AND 3j: fi(x) < fi(x)

B. Reinforcement Learning for Sequential Decision Making

A Markov Decision Process (MDP) formulation enables
sequential chemical application decisions [19]. The MDP is
defined as the tuple M = (S, A, P, R, y):

» State space S: soil moisture, crop growth stage, current
chemical levels, weather forecast

» Action space A: chemical type, dosage, timing, spatial
distribution

» Transition model P(s' | s, a): crop growth dynamics

* Reward function R(s, a): combines yield contribution,
health risk penalty, and cost

* Discount factor y € [0,1]: future reward weighting
The optimal policy n* maximizes expected cumulative reward:

mx(s) = argmax_a E[Z*_q00 y* R(s*,a") | s¢ = 5]

C. Integrated Decision Optimization Formula
The complete Integrated Decision Support Framework (IDSF)
is formalized as:
D x(t) = argmax_D
ExE[a - Y t(D) — B - Rt(D) —y
- C_t(D)]
where:
* D*(t): Optimal chemical application decision at time t

* Y _t(D): Expected crop yield under decision D at growth
stage t

* R _t(D): Cumulative health risk score under decision D
* C_t(D): Total chemical application cost

* o, B, y: Weighting coefficients reflecting economic,
safety, and environmental priorities

» Feasible decision set defined by regulatory and
agronomic constraints

D. Real-Time Decision System Architecture

Figure 6 presents the architecture of the complete Integrated
Decision Support Framework, illustrating data flow from loT
sensors and satellite imagery through ML model layers to the
multi-objective optimizer and final decision output [22].

INPUT DATA SOURCES PROCESSING & ANALYTICS MODULES

= loT Sensors CNN-LSTM
&FieldDate || Yield Predictor
Realime soil, crop, Predicts crop yield using
environmental and i
S mosrenens i nscw&m;:g:;munon FINAL OUTPUT
Q Satellite GAN Risk
Imagery
b Assessor
N’% Matspectaland ] el
thermal Imagery : #
for vegetation Z:‘:&ESI i
manioring Multi-Objective
= Optimization Decision
g'llﬂﬂrjﬂll 5 Bayesian (PTD)
kol Deta —p| /‘/ Oplinizet Ba , risk, Provides optimal
P’Z‘."“"’ dmﬂe’ 1 I Optimizes chermicl 5 il chemical dosage
and impact records icati 4
of chemicals mfm 2o and managemert
strtegy
.1, Weather & ? Federated
'\" Soil Data s e\[%/(p Learning Node
Temperature, rainfall, oD Collaborative [eaming
$0d humidty, sofl type, across distributed
pHand nutrients farm nodes
Figure 6: Complete Integrated Decision Support

Framework Architecture with Data Flow

E. Algorithm 3: NSGA-II Based Chemical Application
Optimization
Algorithm 3: NSGA-II for Pareto-Optimal Chemical
Application Strategy
Input: Population size N, generations G, objectives F(x) =
[f1,£2,£3]
Output: Pareto-optimal solution set P*
1: P_0 « Initialize Population(N)
2: Evaluate F(x) forallx € P_0
3: Fronts « Fast Non Dominated Sort(P_0)
4: forg=1to Gdo
5: Q_g < Genetic_Operators(P_{g — 1})
crossover + polynomial mutation
6: Rg=P{g-13UQyg
7:  Fronts < Fast Non Dominated Sort(R g)
8 Pg« 0
9: foreach F _iin Fronts do
10:  if |P_g| + |F_i] £ NthenP_g = P_g U F_i
11: else Crowding_Distance_Sort(F_i); P_g +=
top (N — |P_g|)
12: end for
13: end for
14: P* « Extract First Front(P_G)

15: return P* // Pareto-optimal solutions

/I SBX

VI. Comprehensive Research Analysis and Discussion

A. Cross-Domain Performance Summary

IJDDT Volume 16 Issue 72s 2026

Page: 221



Performance Analysis of Ensemble and Hybrid Deep Learning Models in Predicting Agricultural Chemical Residues and
Crop Outcome

Table III provides an integrated cross-domain performance
summary, enabling direct comparison of techniques across both
crop yield prediction and health risk assessment objectives.

Todel Architectu Yield ;lealt Interpretabil Scalabili
3 2 e
ategory  re R AUC ity ty
Classica Ridge/La 0.7 0.74 High High
1 ML S$SO 5- -
0.8 0.80
2
Ensembl RF /08 0.83 Medium High
e XGBoost  6- -
0.9 0.87
1
Recurre LSTM/G 0.8 0.80 Low Mediu
nt DL RU 8- - m
0.9 0.85
0
Hybrid  CNN- 0.9 085 Low Mediu
DL LSTM 1- - m
0.9 0.88
3
Probabil GPR/Bay 0.7 0.84 High Low
istic esian 9- -
0.8 0.88
4
Graph- GNN 0.8 0.88 Medium Mediu
based 3- - m
0.8 091
7
Seq. RL 0.8 0.82 VeryLow High
Decisio  (DQN/PP  5- -
n 0) 0.9 0.86
0

Table III: Cross-Domain Comparative Performance
Summary of All Model Categories

B. Dataset Characteristics and Challenges

Table IV summarizes the key datasets utilized across reviewed
studies, highlighting critical attributes such as temporal
coverage, spatial resolution, and annotation completeness.

Dataset/ . Tempo K‘e y o
Domain Samples ral Limitatio
Source
Span ns
USDA Crop ~450K 1960- Coarse
NASS yield + 2023 spatial
chemicals resolution

Tempo Ke
Dataset/ . P &y
Domain Samples ral Limitatio
Source
Span ns

EUROST Chemical ~220K 1990- Cross-

AT applicatio 2022 country

AgriDB n inconsiste
ncy

Sentinel-  Multispec =~ Daily 2015- Cloud

2 (ESA) tral global present  cover

imagery gaps

NHANE  Health + ~88K 1999- Self-

S exposure 2020 reported
exposure
bias

FAO Global N/A 1961- Country-

STAT agri (aggregat 2023 level

statistics ed) granularit
y only

Table IV: Key Datasets Used in Reviewed Studies with
Attributes and Limitations

C. Identified Research Gaps

Despite significant progress, the systematic review reveals five
critical unresolved challenges:

1. Limited Long-Term Temporal Data: Most studies utilize
datasets spanning fewer than 10 years, insufficient for
modeling multi-decadal chemical accumulation effects
on soil health and human disease latency [23].

2. Black-Box Interpretability: High-performance models
(CNN-LSTM, GNN) lack transparency required for
regulatory adoption. SHAP and LIME frameworks
provide post-hoc explanations but cannot fully substitute
mechanistic interpretability [24], [25].

3. Cross-Regional Generalization: Models trained in one
agro-climatic zone consistently underperform in others
due to soil heterogeneity, crop variety differences, and
distinct chemical usage patterns.

4. Real-Time Deployment Constraints: Computational
requirements of ensemble and hybrid deep learning
models exceed the processing capacity of edge devices
typically deployed in precision agriculture settings [20].

5. Causal vs. Correlational Inference: Most ML models
identify statistical associations rather than causal
pathways, limiting their utility for targeted interventions
and evidence-based policy formulation.

VII. Recommendations for Future Research

A. Physics-Informed Hybrid Models

Integrating mechanistic crop growth equations (e.g., DSSAT,
APSIM) as differentiable constraints within neural network
architectures creates Physics-Informed Neural Networks
(PINNs) that combine domain knowledge with data-driven
flexibility:
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L_PINN = L_data + A_phys - L_physics

L_physics = ||dC/dt — DV*C + v-VC + k-C|?
[Chemical transport PDE residual]

B. Causal Machine Learning

Adoption of Structural Causal Models (SCMs) and potential
outcomes frameworks enables distinction between chemical-
yield correlations and true causal effects, enabling reliable
policy analysis [17], [26]:

Average Treatment Effect (ATE) = E[Y(1) — Y(0)]

Estimated via: T_hat = (1/N)Ei[§:(1) —

§i(0)] [CATE estimation]

C. Federated and Privacy-Preserving Learning

Federated learning architectures enable collaborative model
training across geographically distributed farms without
centralizing sensitive agricultural data, addressing privacy
concerns while improving generalization [21]:

w_global™' = X_k (n_k/n) - w_k [FedAvg
aggregation|

D. Explainable AI for Regulatory Adoption

Future work must prioritize model transparency through SHAP
value decomposition, attention weight visualization, and
counterfactual explanations to satisfy regulatory requirements
for EU AT Act compliance in agricultural decision systems.

VIII. Conclusion

failures, and insufficient long-term epidemiological
validation data.

The path forward requires: (1) physics-informed hybrid
architectures that embed agronomic domain knowledge, (2)
causal inference methods that transcend correlation to reveal
intervention targets, (3) federated learning systems enabling
privacy-preserving inter-farm  collaboration, and (4)
standardized evaluation benchmarks enabling reproducible
cross-study comparison. The convergence of these advances
will enable the deployment of reliable, transparent, and scalable
ML solutions that simultaneously advance agricultural
productivity, environmental sustainability, and global public
health.
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