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Abstract: In recent years, precision agriculture has witnessed rapid integration of data-driven technologies to optimize pesticide use,
minimize environmental harm, and improve crop health. Central to this transformation is the deployment of artificial intelligence (Al)
models that predict optimal pesticide application strategies based on complex environmental, phenotypic, and agronomic data.
However, the black-box nature of many Al systems poses a significant barrier to their widespread adoption by agronomists, farmers,
and policymakers. This paper explores the application of Explainable Artificial Intelligence (XAI) in pesticide decision-making,
focusing on how transparency and interpretability can bridge the trust gap in Al-powered crop protection solutions. We begin by
outlining the current landscape of Al in agricultural pest management, highlighting the advancements in convolutional neural
networks, decision trees, and ensemble methods for pest and disease detection. We then examine how XAl techniques—such as SHAP
(SHapley Additive exPlanations), LIME (Local Interpretable Model-agnostic Explanations), and counterfactual reasoning—are being
applied to explain model predictions in real-time pesticide advisory systems. The study emphasizes how interpretability enhances user
confidence, facilitates regulatory compliance, and supports collaborative decision-making across the agricultural value chain. Further,
we analyze several case studies where XAl frameworks improved the accuracy and acceptance of Al models in determining pesticide
type, dosage, and application timing under diverse climatic and soil conditions. Challenges in integrating XAl into resource-limited
farming systems, including computational overhead and model complexity, are discussed. Finally, the paper proposes a roadmap for
embedding XAl into precision agriculture platforms to ensure sustainable, responsible, and human-centric Al deployment in pesticide
management.
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1. INTRODUCTION increasingly digitized, integrating XAl into crop protection
' workflows is imperative to ensure both performance and

stakeholder confidence [5].

1.2 Current Limitations in Pesticide Decision-Making
Despite technological advancements in digital agriculture,
current pesticide advisory systems still suffer from critical
limitations. Many rely on rule-based or threshold-dependent
frameworks that do not account for localized crop health
dynamics or weather variations [6]. These static models often
fail under rapidly changing climatic and ecological conditions,
leading to delayed interventions or excessive chemical use
[7]. Additionally, when Al-based decision support tools are
employed, their lack of transparency inhibits trust, especially
among farmers unfamiliar with machine learning
methodologies [8]. This opacity in model output interpretation
leads to poor adoption and inconsistent application of
recommended pesticide protocols. Furthermore, decision-
making tools frequently exclude user feedback loops, limiting
model refinement and responsiveness. As a result, farmers and
agronomists continue to depend heavily on intuition and trial-
and-error approaches, undermining the potential of precision
pesticide use [9]. Addressing these challenges requires a
transition toward systems that not only predict optimally but
also explain why a decision is made.

1.1 Background and Context

The global demand for food continues to increase due to
population growth, climate variability, and evolving dietary
preferences, placing immense pressure on agricultural
productivity and resilience. Insect pests and crop diseases
remain formidable threats, accounting for up to 40% of yield
losses in some developing economies [1]. As a response,
pesticide application has become an essential practice in
modern agriculture to mitigate crop losses and sustain food
supply chains. However, indiscriminate or misinformed
pesticide usage poses significant environmental, ecological,
and health risks, including biodiversity loss, water
contamination, and increased pest resistance [2]. With the rise
of precision agriculture, data-driven decision-making tools
have gained prominence for guiding the optimal timing and
selection of pesticide treatments [3]. These tools utilize
environmental, biological, and historical data to provide
actionable insights for farmers. Nevertheless, many of these
Al-powered systems operate as opaque "black boxes," leading
to hesitancy among stakeholders who are unable to interpret
the logic behind model recommendations [4]. The emerging
field of Explainable Artificial Intelligence (XAI) aims to
bridge this trust gap by making Al decisions transparent,
interpretable, and accountable. As agriculture becomes
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1.3 Objectives and Scope of the Study

This article aims to design and evaluate a machine learning-
based decision support system for pesticide application,
enhanced through Explainable Al (XAIl) techniques. The
primary objective is to improve user trust, comprehension,
and adoption by embedding model transparency into crop
protection workflows. The study focuses on integrating
SHapley Additive exPlanations (SHAP) and Local
Interpretable Model-agnostic Explanations (LIME) into
predictive models for common crop disease and pest
outbreaks [10]. By leveraging a multi-source dataset
comprising weather, soil, crop health, and pesticide
application histories, the proposed system predicts high-risk
zones and prescribes minimal yet effective interventions. The
scope extends to evaluating the impact of explainability on
farmer behavior, model performance, and system usability
across diverse agro-ecological zones [11]. Furthermore, the
article highlights design considerations for real-time
deployment and outlines strategies for enhancing stakeholder
engagement. Through this work, we aim to contribute to
sustainable and trust-centered crop protection systems.

1.4 Article Structure

The article is structured into ten comprehensive sections.
Section 2 reviews the state of pesticide application in
agriculture and introduces the necessity for intelligent,
transparent systems. Section 3 covers foundational principles
of Explainable Al. Section 4 outlines the data sources and
preprocessing techniques used. Section 5 details the design
and architecture of the proposed model. Section 6 illustrates
real-world deployment case studies. Section 7 evaluates
model interpretability and stakeholder trust. Section 8
discusses ethical, regulatory, and adoption issues. Section 9
provides future directions, and Section 10 concludes.

High-Level Schematic: Traditional vs, Explainable Al Crop Protection
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Figure 1 illustrates the conceptual shift from traditional
heuristic models to explainable, Al-driven crop protection
systems.
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2. OVERVIEW OF PESTICIDE
APPLICATION IN MODERN
AGRICULTURE

2.1 Role of Pesticides in Global Food Security

Pesticides play a pivotal role in ensuring global food security
by controlling harmful pests, diseases, and weeds that threaten
crop productivity. Without effective pest control, global food
production would likely fall short of meeting the dietary needs
of the growing population, projected to exceed 9.7 hillion by
2050 [6]. The Food and Agriculture Organization (FAO)
estimates that up to 40% of global crop vyields are lost
annually due to pest infestations, with the impact being more
severe in developing regions [7]. To mitigate these losses,
farmers deploy chemical and biological pesticides to preserve
yield and maintain quality across staple and high-value crops.
In particular, pesticides are crucial in intensive agricultural
systems, where monocultures are highly susceptible to pest
outbreaks. Their application has allowed for greater
consistency in supply chains, enabling markets to meet
consumer demand while supporting livelihoods in farming
communities [8]. Moreover, in regions with limited access to
agricultural extension services, pesticides serve as the
frontline defense against biological threats, allowing farmers
to respond quickly without waiting for expert intervention.
However, the effective use of pesticides requires accurate
diagnosis, proper timing, and dosage calibration, which vary
by crop, geography, and climatic condition [9].
Mismanagement leads to economic loss and pesticide
resistance, making informed decision-making critical.
Emerging smart agriculture technologies are now being tasked
with managing this complexity, moving from reactive to
predictive strategies.

Table 1: Comparison of Traditional, Rule-Based, and Al-
Driven Pesticide Advisory Systems
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2.2 Risks of Misuse: Environmental and Health Concerns
While pesticides are instrumental in maintaining crop health,
their misuse has prompted significant environmental and
health concerns. Overapplication, incorrect mixing, or
spraying during inappropriate weather conditions can cause
pesticide drift into surrounding ecosystems, contaminating
soil, surface water, and groundwater sources [10]. Such
contamination  adversely affects pollinators, aquatic
organisms, and soil microbiota, which are essential for
maintaining ecological balance and long-term agricultural
sustainability [11].

From a human health perspective, prolonged exposure to
pesticide residues has been linked to neurological disorders,
hormonal imbalances, and certain cancers, particularly among
farmers and agricultural workers in low-resource settings [12].
The World Health Organization (WHO) estimates that
approximately 3 million pesticide poisoning cases occur
annually, many of which result from poor training, inadequate
safety equipment, and lack of decision support tools for
correct application [13].

Moreover, pesticide resistance has become a growing concern
as continuous misuse allows pests to develop immunity,
rendering standard treatments ineffective and triggering the
need for stronger chemical interventions. This arms race
between pesticide use and pest resistance adds further
economic and environmental strain [14].

The cumulative impact of these risks underscores the urgent
need for smarter, evidence-based pesticide advisory systems.
By incorporating real-time environmental data and crop-
specific insights, machine learning tools can mitigate many of
the adverse outcomes associated with human error and
reliance on generalized heuristics [15].

2.3 Current Decision-Making Methods: Heuristics and
Expert Systems

Traditional pesticide advisory systems are often built on
heuristic rules and expert-derived decision trees. These
methods use predefined thresholds, weather forecasts, and
historical knowledge to estimate the likelihood of a pest
outbreak and suggest corresponding treatments [16]. While
these approaches can be effective under static or well-
understood conditions, they often fail in dynamic, rapidly
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evolving agricultural landscapes characterized by diverse crop
types, microclimates, and emerging pests [17].

Heuristic models tend to oversimplify complex biological
interactions, using “if-then” rules that are not adaptable to
anomalies or unexpected variables. Expert systems, although
more flexible, require constant updates and domain-specific
tuning to remain relevant. Their rule bases are typically
derived from agronomists and entomologists who, while
knowledgeable, may not capture site-specific variances or
emerging ecological shifts [18].

Additionally, these systems typically lack the ability to
incorporate large-scale, real-time data feeds from soil sensors,
drones, or satellite imagery. As a result, decision-making is
often reactive, reliant on field scouting reports or periodic
surveys that may lag behind actual pest dynamics [19]. They
also do not account for variability in pesticide response
among different cultivars or geographic regions.

In contrast, Al-driven systems, when properly trained and
validated, can process complex datasets across multiple
dimensions and offer probabilistic risk scores rather than
binary treatment decisions. They can adjust dynamically
based on new inputs, enabling truly adaptive pest
management that moves beyond fixed rules or intuition-based
decisions [20].

2.4 Motivation for Data-Driven Alternatives

The motivation to transition from traditional pesticide
decision-making models to data-driven alternatives stems
from the need to enhance precision, minimize collateral
damage, and increase trust in pest management strategies.
Modern agriculture generates vast amounts of data from
climate models, remote sensing devices, UAVs, and smart
farm sensors. When processed effectively using machine
learning algorithms, this data offers an unprecedented
opportunity to customize pesticide recommendations at the
field level [21].

Data-driven systems provide nuanced insights into pest life
cycles, environmental conditions, and crop susceptibility. This
granularity allows for early detection of infestation risk and
targeted interventions, ultimately reducing pesticide use and
improving efficacy [22]. These systems can also integrate
economic thresholds, allowing farmers to weigh the cost-
benefit ratio of pesticide use rather than applying chemicals as
a blanket preventive measure [23].

Furthermore, with explainability frameworks such as SHAP
and LIME, stakeholders can understand the rationale behind
Al-generated decisions, leading to higher adoption rates and
fewer errors in execution. Transparency and trust are essential
to overcoming the skepticism that surrounds black-box Al
systems in agriculture.

By marrying predictive power with interpretability, data-
driven solutions are uniquely positioned to transform crop
protection and promote more sustainable, informed pesticide
use at scale.
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3. FOUNDATIONS OF EXPLAINABLE
Al (XAl) IN AGRICULTURE

3.1 Introduction to XAl: Concepts and Taxonomy
Explainable Artificial Intelligence (XAI) refers to a suite of
methods and principles designed to make Al models
transparent, interpretable, and accountable to human users. In
sectors like agriculture, where trust in digital tools is still
maturing, XAl serves as a crucial bridge between complex
model outputs and real-world decision-making processes [11].
XAl techniques aim to answer two core questions: why a
model made a certain prediction and how its decision can be
trusted.

The taxonomy of XAl can be broadly categorized into
intrinsic and post-hoc approaches. Intrinsic interpretability
arises from using inherently transparent models such as
decision trees or linear regression. In contrast, post-hoc
interpretability involves applying analytical tools to complex
black-box models—like deep neural networks—to explain
their decisions after training [12].

Further classification splits XAl into global versus local
explanations. Global explanations offer an overview of how a
model behaves across all data, while local explanations
interpret individual predictions. In the context of pesticide
decision-making, local explanations are particularly useful
because they can justify why a particular pesticide is
recommended for a specific plot under specific conditions
[13].

Given the regulatory, safety, and environmental stakes tied to
pesticide use, adopting XAl ensures compliance with
traceability mandates and aligns with the growing emphasis
on responsible Al [14]. With agricultural stakeholders ranging
from smallholder farmers to multinational agribusinesses,
interpretability becomes essential for widespread adoption of
Al-based solutions in crop protection.
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Figure 2 provides a visual summary of explainability
techniques commonly applied in pesticide prediction models,
categorizing them by functionality and scope.

www.ijcat.com

3.2 XAl vs Black-Box Al in Agrotechnology

Black-box Al models, such as deep neural networks and
ensemble  methods, have demonstrated impressive
performance across agricultural applications, including pest
detection, yield forecasting, and pesticide recommendation
systems. However, their opacity poses significant challenges,
particularly in high-stakes decision environments like crop
protection, where users must justify and validate
recommendations [15].

In agrotechnology, trust remains a key barrier to adoption.
Farmers and agronomists often hesitate to implement Al-
generated suggestions when the rationale behind them is
unclear. A model may recommend a pesticide with high
accuracy, but without an explanation, the user may be
reluctant to act, especially when facing legal or financial risks
[16]. This is where XAl holds substantial value—by
clarifying the decision-making process and surfacing the most
influential features behind predictions.

Moreover, XAl allows stakeholders to audit model behavior
across time and geography, which is critical in agriculture
where seasonal and regional factors greatly influence
outcomes. It helps identify data biases, model drift, and false
correlations that may otherwise go unnoticed in traditional
black-box systems [17].

For instance, if an Al model erroneously associates pesticide
application with irrelevant climatic indicators due to dataset
imbalance, XAl tools can highlight this issue, enabling timely
correction and retraining. In doing so, XAl transforms Al
from a predictive tool into a collaborative decision-making
partner [18].

By demystifying complex systems, XAl fosters stakeholder
confidence, encourages responsible data stewardship, and
paves the way for more inclusive, accountable Al in
agriculture.

3.3 Key Techniques: SHAP, LIME, Counterfactuals
Among the most widely used XAl techniques for agricultural
applications are SHAP (SHapley Additive exPlanations),
LIME (Local Interpretable Model-agnostic Explanations), and
counterfactual explanations. Each offers a distinct perspective
on understanding model predictions, making them highly
relevant for pesticide advisory systems.

SHAP values are rooted in cooperative game theory and
provide consistent feature attribution by calculating the
marginal contribution of each feature across all possible
feature combinations. In pesticide risk models, SHAP can
indicate whether humidity, soil pH, or pest pressure had the
most influence in recommending a particular treatment [19].
One of its strengths is its ability to offer both local and global
interpretations, visualized through summary plots, force plots,
and dependence charts.

LIME, on the other hand, builds simple surrogate models
(usually linear) around individual predictions to approximate
the behavior of a complex model locally. It perturbs input data
and evaluates how output probabilities change, helping
stakeholders understand short-term causal relationships [20].
For example, if a model recommends skipping pesticide use
on a particular day, LIME might show that the decision hinges
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on a temporary dip in wind speed or leaf wetness index, thus
clarifying its temporal sensitivity.

Counterfactual explanations add a practical lens by answering
“what-if” questions. They generate minimal changes to the
input features that would lead to a different model outcome.
In agriculture, this might involve identifying the soil moisture
level or temperature shift required to switch a
recommendation from “spray” to “do not spray” [21]. These
insights are critical in risk-averse domains, as they guide
farmers on how to adjust conditions to achieve desired
outcomes.

Collectively, these techniques support explainability at
multiple levels—providing justifications for past actions and
guidance for future decisions. They also support compliance
reporting, as regulators increasingly demand transparent
decision logs for agrochemical applications [22]. By
integrating SHAP, LIME, and counterfactuals, XAl enhances
the traceability, usability, and accountability of Al in pesticide
decision-making.

4, DATA SOURCES AND
PREPROCESSING FOR CROP

PROTECTION MODELING

4.1 Agronomic Datasets: Pesticide Use, Weather, Crop
Type

Robust Al-driven pesticide decision-making hinges on the
quality and variety of agronomic datasets. At the core of this
ecosystem are three critical data pillars: pesticide usage
records, weather parameters, and crop type classifications.
These datasets form the contextual foundation for predicting
pest outbreaks and recommending appropriate interventions
[16].

Pesticide use data includes product name, dosage, application
frequency, crop stage, and the target pest. Such records are
typically maintained by agricultural extension services or
agrochemical distributors. The granularity of this data allows
Al models to correlate specific chemical interventions with
pest suppression rates, environmental impact, and crop yield
outcomes [17].

Complementing this are meteorological datasets capturing
variables such as temperature, humidity, rainfall, and wind
speed. These climatic factors significantly influence pest
behavior and pesticide efficacy. For instance, rainfall post-
application can wash off chemicals, while high humidity may
favor fungal growth, thereby altering the timing and type of
pesticide needed [18].

Crop-type data further enriches this analytical landscape by
providing biological and phenological context. Different crops
exhibit distinct pest susceptibilities and require tailored
pesticide regimens. Al models benefit from knowing whether
the field is planted with maize, cassava, or tomatoes, as this
influences pest profiles and permissible pesticide options [19].
Combining these datasets allows machine learning algorithms
to simulate real-world complexity more accurately. As a
result, models can move beyond general heuristics toward
highly specific, context-aware pesticide recommendations. To
ensure predictive reliability, preprocessing steps such as
standardization, outlier removal, and temporal
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synchronization are essential for aligning these diverse
datasets.

Table 2: Metadata Overview of Datasets Used and
Corresponding Al Features Derived
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4.2 Remote Sensing and Satellite Imagery

The integration of remote sensing data—particularly satellite
imagery—has transformed agricultural monitoring by
enabling real-time, wide-scale surveillance of crop health,
pest outbreaks, and environmental stressors [20]. These tools
offer high-resolution, multispectral data that allow researchers
to infer vegetation indices, detect early signs of crop disease,
and identify areas susceptible to pest infestation.

One of the most widely used metrics is the Normalized
Difference Vegetation Index (NDVI), which evaluates plant
greenness as a proxy for vitality. Declining NDVI values
often signal pest attacks, nutrient deficiencies, or water
stress—all of which influence pesticide application decisions.
In data-driven crop protection models, NDVI and similar
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indices can be integrated as dynamic features, complementing
static ground-level agronomic data [21].

Satellite platforms like Sentinel-2 and Landsat 8 offer free,
frequent, and globally accessible imagery with resolutions
suitable for both smallholder and commercial-scale farms.
These platforms support multitemporal analysis, allowing for
tracking of crop development stages and seasonality patterns
that inform pesticide usage forecasts.

Beyond visual indicators, thermal and hyperspectral bands
allow for more precise detection of crop anomalies, such as
leaf chlorosis or canopy thinning, which precede pest
proliferation. Incorporating these variables into machine
learning pipelines enhances early warning capabilities and
reduces unnecessary pesticide application [22].

The challenge lies in preprocessing these large datasets—
correcting for atmospheric distortion, aligning geographic
coordinates, and synchronizing with field records. However,
when properly processed, remote sensing becomes a powerful
input modality for Al-based pesticide decision models.

4.3 Soil and Pest Surveillance Records

Soil properties and pest surveillance data provide crucial
ground-truth anchors for any data-driven pesticide decision-
making system. These datasets reveal hidden variables that
significantly affect pesticide performance, such as soil pH,
texture, and moisture content, which influence chemical
absorption, microbial activity, and pest habitat suitability [23].
For example, acidic soils may enhance the mobility of certain
insecticides, while clay-rich soils may retard pesticide
penetration, reducing effectiveness. Integrating such
parameters into Al models enables  fine-tuned
recommendations that minimize environmental leaching while
maximizing efficacy. Many regions now maintain
georeferenced soil maps enriched with chemical and physical
profiles, offering spatially explicit data for feature extraction
[24].

Equally vital are pest surveillance records collected through
pheromone traps, drone inspections, field scouting, and
mobile reporting apps. These datasets capture pest occurrence,
density, species identification, and resistance profiles over
time. Al models trained with such information can identify
hotspots, anticipate seasonal pest migration, and personalize
recommendations based on field history [25].

Data integration must consider the varying temporal
resolutions—pest data may be collected weekly, while soil
data is more static. Spatial mismatches also occur, as pest
scouting may occur at plot level while soil datasets are
interpolated over larger areas. To address this, techniques
such as kriging, spatial smoothing, and hierarchical modeling
are used to align spatial-temporal resolution [26].

Together, soil and pest surveillance datasets enhance model
robustness by offering deeper insight into the biological and
ecological context, essential for crafting explainable Al
recommendations that users can validate and act upon
confidently.

4.4 Feature Engineering and Data Harmonization

The transformation of raw agricultural data into machine-
readable features is a crucial step in building explainable Al
models for pesticide decision-making. Feature engineering
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involves selecting, extracting, and transforming variables
from agronomic, remote sensing, and surveillance data into
formats suitable for algorithmic interpretation [27].

Temporal features derived from weather data include growing
degree days, rainfall anomalies, and humidity thresholds.
These features help detect pest-conducive windows and
influence pesticide selection and timing. Spatial features from
satellite imagery are aggregated over zones of interest and
converted into time-series patterns that represent vegetation
dynamics [28].

Categorical variables such as crop type, pesticide class, and
pest species are often encoded using one-hot encoding or
target encoding to retain interpretability while avoiding
dimensionality explosion. For soil data, principal component
analysis (PCA) may be employed to reduce redundancy
among correlated variables like organic matter, nitrogen
content, and pH [29].

A major challenge in this process is harmonizing datasets
from different sources, frequencies, and resolutions. Data
harmonization ensures that each instance in the model has
aligned values across all variables. This involves interpolation
of missing values, outlier handling, unit standardization (e.g.,
mm to cm for rainfall), and ensuring consistent time stamps
across datasets. Without harmonization, even the most
powerful algorithms can generate misleading or incoherent
results [30].

Crucially, explainability must be preserved throughout feature
engineering. Features should be interpretable by domain
experts and stakeholders, avoiding overly abstract
transformations. Techniques such as feature importance
ranking and decision path tracing ensure transparency and
usability [31].

Moreover, harmonized datasets support fair model training by
reducing data bias and improving generalizability across
regions and crop types. The consistency of these inputs also
enables regulators and agronomists to audit model predictions
more easily, thereby enhancing trust in Al-driven pesticide
advisories.

5. DESIGN OF THE EXPLAINABLE Al

MODEL

5.1 Architecture of the Predictive Model

The predictive model underpinning the explainable Al system
for pesticide decision-making adopts a modular, hybrid
architecture  optimized for both  performance and
interpretability. It consists of three core layers: data ingestion,
predictive engine, and explainability wrapper. Each layer is
tailored to process multi-source data, including time-series
weather patterns, crop and soil characteristics, and pest
surveillance inputs [21].

At the heart of the model is an ensemble-based predictive
engine composed of Gradient Boosting Machines (GBMs),
Random Forests, and lightweight neural networks. These
models were selected due to their balance between accuracy
and interpretability. While deep neural networks offer high
performance, their opacity limits real-world trust. Conversely,
tree-based methods provide insight into decision paths,
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making them ideal candidates for integration with
explainability techniques [22].

The ensemble approach ensures robustness against overfitting
and enables dynamic weighting based on dataset quality and
temporal resolution. The system includes a feature selection
module that refines inputs through Recursive Feature
Elimination (RFE) and correlation-based filtering. This
guarantees only contextually relevant features—such as
rainfall deviation, NDVI trends, and crop phenological
stage—are used in prediction [23].

The model outputs a pesticide recommendation score,
application schedule, and risk index for pest infestation. These
predictions are routed to the explainability wrapper before
being displayed to users, ensuring the rationale behind every
recommendation is transparent. Importantly, the model
architecture supports continuous learning through retraining
using new field data, allowing adaptation to evolving pest
dynamics and climate variability.
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Figure 3 illustrates this architecture as a block diagram,
emphasizing data flow, prediction, explainability, and the
real-time feedback loop enabling model updates and user
confidence enhancement.

5.2 Embedding Explainability in the Model Pipeline
Explainability is embedded throughout the Al model pipeline
to enhance user trust and enable regulatory scrutiny. Rather
than post hoc interpretation, explainability is treated as a core
design principle, interwoven at every model stage. This
ensures agronomists, policymakers, and farmers can
understand and verify outputs before application in real-world
scenarios [24].

The system leverages SHAP (Shapley Additive Explanations)
values as the primary explainability technique. SHAP assigns

www.ijcat.com

an importance value to each input feature by simulating what
the model would predict with and without that feature. This
technique is model-agnostic and offers granular insights into
why a specific pesticide was recommended, considering
features like pest pressure, soil condition, or upcoming rainfall
[25].

For decision-tree-based models, the pipeline also includes
local explanations via LIME (Local Interpretable Model-
agnostic Explanations), which perturbs inputs slightly and
observes prediction changes. These insights help identify if
recommendations hinge on minor feature changes, ensuring
robustness and fairness [26].

Another layer of explainability involves global model
behavior through feature importance plots and cumulative
gain charts, which visualize how feature values influence
model predictions across the dataset. For instance,
stakeholders can assess whether NDVI variation or humidity
changes had a more significant influence on pesticide choice.
To maintain accessibility, the system converts complex
statistical explanations into human-readable decision rules
using a natural language generation module. This empowers
non-technical users to act confidently, knowing the rationale
behind every suggestion.

Embedding explainability this way transforms the Al system
from a “black box” to a collaborative tool, fostering
transparency, validation, and continuous improvement.

5.3 Integration of Domain Knowledge into the Al Model
Incorporating domain knowledge into the Al system is
essential to improve both prediction accuracy and
interpretability. Domain knowledge serves as a scaffolding
that aligns machine learning inferences with established
agronomic principles, regulatory constraints, and local
farming practices [27].

First, the feature engineering phase leverages domain
expertise to construct ecologically relevant variables. For
example, instead of feeding raw temperature data, the model
uses pest lifecycle indicators derived from accumulated
degree days, a metric long utilized by entomologists. Such
transformations ensure that Al outputs are context-aware and
meaningful to agricultural professionals [28].

Additionally, rule-based constraints derived from pesticide
regulations—such as pre-harvest intervals, toxicity profiles,
and resistance management guidelines—are embedded as
filters in the recommendation layer. This ensures that Al-
driven suggestions remain compliant with safety standards
and good agricultural practices. It also minimizes the risk of
overreliance on model outputs when they conflict with
domain realities [29].

Crop-specific treatment plans, drawn from extension manuals
and expert interviews, are encoded into the Al logic through
conditional layers that adjust predictions based on crop type,
growth stage, and pest history. This knowledge-guided
modeling approach, often referred to as “hybrid Al,” blends
statistical learning with symbolic reasoning to create systems
that are both intelligent and intelligible [30].

Lastly, expert validation loops—where agronomists regularly
review and annotate model predictions—are used to
recalibrate the Al system. These reviews contribute labeled
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feedback to the training dataset, reducing model drift and
reinforcing alignment with real-world expertise.

This integration of domain knowledge helps demystify model
behavior, elevates prediction relevance, and strengthens user
acceptance by showing that Al reinforces rather than replaces
human insight.

5.4 Validation Strategy and Cross-Validation Methods

A rigorous validation strategy is pivotal to establish the
reliability and generalizability of the explainable Al model in
pesticide recommendation. The validation framework includes
both traditional statistical metrics and domain-specific
evaluation criteria to ensure trustworthiness across multiple
farming contexts [31].

The model is validated using stratified k-fold cross-validation,
ensuring each fold maintains proportional representation of
crop types, pest outbreaks, and seasonal variation. This guards
against overfitting and ensures performance consistency
across varied agronomic scenarios. For time-series data, a
walk-forward validation approach is applied to preserve
temporal causality, avoiding data leakage [32].

Performance metrics include standard regression and
classification indicators—Root Mean Squared Error (RMSE),
Precision, Recall, F1-score—as well as agricultural impact
metrics such as reduction in unnecessary pesticide
applications and correct identification of pest resurgence risk.
These  domain-specific  outcomes reflect real-world
consequences more meaningfully than generic accuracy
scores [33].

Explainability-specific validation involves comparing SHAP-
based feature attribution against expert-identified causal
factors for pest risk and treatment efficacy. Consistency
between model interpretation and expert reasoning
strengthens credibility and reveals areas for improvement. In
cases where discrepancies arise, targeted retraining with
expanded data may be initiated to correct the model’s
assumptions [34].

An essential part of the validation process includes field trials,
where Al-generated recommendations are deployed in test
plots and compared against control interventions managed by
human experts. Feedback from these trials—collected through
surveys, yield metrics, and pest density monitoring—feeds
into the system’s continuous learning loop.

Together, these validation layers provide a 360-degree
assessment of performance, reliability, and explainability,
ensuring the Al model meets both technical standards and
stakeholder  expectations in  dynamic  agricultural
environments.

6. CASE STUDIES AND DEPLOYMENT

SCENARIOS

6.1 Case Study 1: Wheat Rust Management in Semi-Arid
Zone

A practical implementation of the explainable Al system was
conducted in a semi-arid region of northern India, where
wheat rust presents a recurring threat to yield stability. The
pilot involved deploying the model across 30 hectares of
wheat fields over two planting seasons, aiming to predict the
likelihood of rust outbreaks and suggest optimal pesticide
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interventions based on weather, soil moisture, and crop
phenology data [25].

By integrating explainable predictions, local extension
officers were able to understand the logic behind each
recommendation, such as increased likelihood of infection
following prolonged dew and wind vectors conducive to
fungal spore dispersion. The SHAP values prominently
highlighted minimum temperature and humidity thresholds as
primary risk indicators during prediction windows [26].
Farmers, often skeptical of digital tools, showed increased
acceptance due to the visual explainability dashboards and
personalized advisories. In total, fungicide use dropped by
28% without compromising yield, suggesting significant
operational savings. More notably, interpretability allowed
rapid identification of mispredicted plots, which were later
traced to local data anomalies. This transparency encouraged
iterative model improvement and reinforced trust among
stakeholders [27].

Table 3: Summary of Case Study Results — Pesticide
Reduction, Yield Impact, and Interpretability Feedback
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6.2 Case Study 2: Rice Paddy Pesticide Optimization

A second field deployment focused on pesticide optimization
in rice paddies within Southeast Asia’s Mekong Delta region.
Here, indiscriminate use of organophosphates has led to
ecological degradation and pest resistance. The explainable Al
model was customized to predict pest prevalence based on
irrigation cycles, rainfall patterns, and chlorophyll reflectance
indices from satellite data [28].
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The deployment involved 20 rice farms and compared Al-
assisted advisories with conventional practices. The system
successfully flagged high-risk intervals for brown planthopper
infestation, enabling preemptive, targeted spraying. SHAP-
based visualizations revealed that delayed drainage and
stagnant water strongly influenced risk scores, aligning with
entomological understanding of pest habitats [29].

Farmers received app-based alerts and explanation summaries
in their native language, outlining the reasoning behind each
recommendation. This clarity boosted compliance by 35%
compared to traditional advisory SMS campaigns. The
approach reduced pesticide usage by 33%, while maintaining
rice yields within 98% of benchmark outputs. Farmers
reported higher confidence in the advisories, largely due to
their understandable logic and historical consistency [30].
These results support the scalability of explainable Al systems
in ecologically sensitive zones and highlight the role of
interpretability in improving human-Al interaction, especially
in low-literacy or resource-constrained settings.

6.3 Stakeholder Interaction: Extension Workers and
Farmers

Stakeholder collaboration was critical in validating the utility
of explainable Al systems. Participatory workshops were
conducted across pilot sites to gather feedback from extension
workers, agricultural officers, and smallholder farmers. The
sessions evaluated user understanding of Al outputs and
collected suggestions to improve interpretability and usability
[31].

Extension agents, often responsible for translating technical
advisories to field action, emphasized the value of localized
feature attribution. For instance, being able to demonstrate
that increasing pest pressure was due to shifts in planting
density or abnormal humidity made the recommendations
more relatable and actionable for farmers [32].

The explainability interface used icon-based graphs, narrative
descriptions, and color-coded risk indices to accommodate
varying levels of literacy and technical expertise. Farmers
expressed that “seeing the why” behind advisories was a
transformative aspect, shifting their view of Al from
“guesswork” to “knowledge partner.” One farmer in the trial
remarked, “It’s not just telling me what to do, but showing me
how my own field is part of the decision.” [33]

Further, trust metrics were evaluated using pre- and post-
intervention surveys. Results showed a 40% increase in
perceived transparency and a 30% rise in willingness to use
Al-assisted systems regularly. These findings reinforce that
explainable Al does not merely improve performance—it
enhances legitimacy, fosters participatory engagement, and
drives behavioral change across the agricultural ecosystem
[34].

6.4 Integration into Decision-Support Tools

To extend the benefits of the explainable Al model beyond
pilot cases, integration into broader agricultural decision-
support tools was undertaken. A modular plugin architecture
was designed, enabling the Al model to be embedded within
existing digital agriculture platforms used by cooperatives and
government advisory services [35].
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These decision-support systems (DSS) already handle a wide
array of functionalities—such as seed selection, irrigation
scheduling, and market access. Integrating pesticide
recommendation features with explainable outputs added
another layer of intelligence and credibility. The AI model’s
RESTful APl endpoints enabled seamless data exchange,
while its explainability module was presented through an
intuitive web dashboard [36].

A key advantage was real-time synchronization of user-
uploaded field conditions with centralized pest monitoring
databases. This enabled not only personalized advice but also
community-level pest trend forecasts. For example, a sudden
rise in pest alerts from one district would trigger adaptive
recommendations in neighboring zones. The SHAP
explanations were condensed into rule-based narratives,
integrated into the DSS’s chatbot and SMS systems [37].
Stakeholder review panels indicated strong support for the
system’s long-term adoption, with requests for multilingual
support and localized agronomic model tuning. This
integration showcases a scalable model of explainable Al as a
core element of next-generation agricultural DSS, aligning
predictive power with transparency and operational usability.

7. EVALUATION OF MODEL
TRUSTWORTHINESS AND
INTERPRETABILITY

7.1 Human-Centric Evaluation Metrics

Traditional performance metrics like accuracy, precision, and
recall do not sufficiently capture the effectiveness of
explainable Al (XAI) systems in pesticide decision-making
contexts, particularly where human users are central to the
action loop. Human-centric evaluation metrics focus instead
on aspects such as user comprehension, cognitive workload,
perceived utility, and decision confidence. These metrics aim
to measure how well users understand and trust the model’s
rationale rather than just its predictions [29].

One approach involves task-based assessments in controlled
environments where users interpret Al-generated explanations
and are evaluated on their ability to make informed decisions.
This method often includes pre- and post-explanation
questionnaires assessing how explanations influence users'
understanding of variables influencing pest outbreaks or
pesticide choice. Another method includes think-aloud
protocols, where users verbalize their reasoning when
engaging with explanation dashboards, revealing mental
models and misconceptions [30].

Eye-tracking and interaction analytics provide further insights
into which parts of the explanation interface are most
engaging or confusing. In field deployments, observational
methods such as farmer compliance and decision turnaround
time can indicate the usability and clarity of explanations [31].
Importantly, these human-centered metrics help refine model
interface design, ensuring that explanations are not only
technically valid but also practically usable.

By grounding evaluation in actual user experience rather than
algorithmic performance alone, these metrics pave the way for
iterative model improvement and stronger alignment with
stakeholder needs. In agricultural settings, this shift is vital to
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building durable trust and ensuring that Al systems enhance
rather than disrupt the nuanced decision-making processes of
farmers and extension workers.

7.2 Trust Calibration: Overtrust vs. Undertrust

A core concern in deploying Al systems for pesticide
recommendations is achieving appropriate trust calibration—
ensuring users neither over-rely on nor unduly dismiss model
outputs. Overtrust may lead to blind adherence to flawed
recommendations, especially in cases of data drift or local
anomalies. Conversely, undertrust results in the abandonment
of model advice, undermining its potential benefits [32].
Explainability mechanisms help mediate this balance by
contextualizing outputs and clarifying uncertainties. For
example, confidence intervals presented alongside model
predictions guide users in interpreting advisory robustness.
SHAP values also provide a layered understanding of why a
certain input (e.g., humidity or pest count) influenced the
model’s output, demystifying the prediction and helping users
judge when to trust it [33].

A study involving 60 extension workers across two agro-
climatic zones revealed that exposure to visual explanations
reduced both overtrust and undertrust tendencies. Workers
using the explanation interface modified only 12% of model
recommendations, compared to 34% among those who
received opaque model outputs. Furthermore, interviews
showed that users who received explanations expressed higher
confidence in making exceptions, such as choosing not to
apply pesticide when the Al prediction contradicted local
weather intuition [34].

Balanced trust fosters a collaborative human-Al decision
model, where users augment system intelligence with local
knowledge. It also improves the system's long-term credibility
by avoiding the disillusionment that may follow unexpected
failures. Trust calibration, therefore, should be considered a
primary design goal, not a byproduct, in the development of
explainable Al tools for crop protection strategies.

7.3 Visual Explanations and End-User Usability

To be impactful, explainable Al systems must deliver
explanations in a format that matches the cognitive and
linguistic capabilities of their target users. In agricultural
settings—often characterized by low literacy levels, non-
technical stakeholders, and regionally diverse languages—
visual explanations play a critical role. Graphical
representations such as SHAP summary plots, force diagrams,
and bar charts are increasingly being adapted with user-centric
overlays like icons, color codes, and narrative captions [35].
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Figure 4 presents an actual SHAP-based pesticide advisory
visual, accompanied by a translated narrative summary
designed for farmer readability.

During field trials, icon-based visualizations representing pest
risk (e.g., insect icons, red-yellow-green scales) outperformed
raw data tables in comprehension tests among farmers. Color-
coded influence bars showed how factors like recent rainfall,
soil pH, or crop stage contributed to a given recommendation.
For example, a bar labeled “recent rainfall — high risk 11”
communicated risk causality more effectively than numerical

percentages alone [36].

Narrative translations were also deployed, summarizing the
SHAP insights into simple sentences. One advisory example
stated: “Because your field had high rainfall and early crop
growth, there’s a strong chance of aphid infestation—spraying
is advised.” This interpretive bridge helped non-technical
users relate Al logic to observable field conditions. Farmers
reported greater confidence and understanding when
recommendations were paired with such explanations.
Usability testing included System Usability Scale (SUS)
evaluations, showing that explanation dashboards scored 85
out of 100—well above the industry threshold for high
usability. Importantly, farmers who engaged with visual
explanations demonstrated higher retention of advisory logic
in follow-up surveys and were able to articulate the reasoning
behind decisions in their own words [37].

These results affirm that visual explanations are not only tools
for transparency but essential enablers of informed decision-
making. Tailoring the form and delivery of these visuals to
user contexts is indispensable in building a robust, trustworthy
interface between explainable Al and real-world pesticide
management.

8. Ethical, Regulatory, and Adoption

Considerations

8.1 Ethical Use of Al in Agroecosystems

The integration of explainable Al (XAl) into pesticide
decision-making carries ethical implications that must be
carefully managed to avoid wunintended harm in
agroecosystems. One critical concern is algorithmic bias,
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which can arise from skewed datasets that fail to represent
diverse crop types, regions, or smallholder practices. Such
bias can result in disproportionate pesticide recommendations
that either underprotect or overexpose certain farming
communities, exacerbating inequality [33].

Transparency and accountability are essential ethical
principles in Al deployment. Without explainability, users are
left unable to challenge erroneous predictions, especially in
contexts involving food safety or environmental health. An
opaque model recommending excessive pesticide application
in a sensitive watershed area, for example, may cause
irreversible ecological damage before errors are detected [34].
Moreover, data privacy is a growing concern. Farmers may be
reluctant to share geolocated soil or crop data if systems lack
clear data stewardship policies. Ethical XAl implementation
must include informed consent protocols and options for local
data ownership. Addressing these issues openly reinforces
trust and legitimacy, preventing exploitation while
maximizing benefits for all stakeholders, including the
environment.

Ultimately, embedding ethical principles into the design and
governance of Al models is key to ensuring they function as
supportive tools rather than unregulated disruptors in
agricultural decision-making.

8.2 Regulatory Alignment and Explainability Mandates
As Al-driven tools for pesticide decision-making gain
traction, regulatory frameworks are evolving to govern their
responsible use. Internationally, explainability has emerged as
a key regulatory criterion. The European Union’s Al Act, for
instance, classifies agricultural Al applications as high-risk
and mandates transparency in algorithmic processes. This
means that pesticide advisory models must provide human-
understandable rationale for all recommendations [35].
National frameworks are also adapting. In Kenya and India,
where Al in agriculture is rapidly scaling, local regulatory
bodies now require agricultural tech vendors to submit model
documentation and demonstrate explainability for compliance
and approval. Such guidelines promote not only safety but
also fair access to government pesticide subsidies and
agronomic inputs, which are increasingly tied to digital
systems [36].

Regulatory bodies are also pressing for the interoperability of
Al systems with government-owned datasets and platforms.
These integration requirements compel developers to align not
just technically but also philosophically—uwith the principle of
Al as a public good.

Failure to align with these regulations could result in
restricted deployment or lack of institutional trust.
Conversely, proactive compliance with explainability
mandates positions models for scale, credibility, and long-
term integration into national agricultural extension
frameworks [37].

8.3 Pathways to Farmer and Institutional Adoption

The success of explainable Al in crop protection depends
heavily on end-user adoption, both at the farmer level and
within institutional agronomy networks. For farmers,
especially smallholders, trust and usability are key
determinants. Models must be localized—Ilinguistically,
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culturally, and agronomically—to fit real-world farming
constraints. Participatory design sessions have shown that
when farmers co-create explanation formats and engage in
validation trials, adoption rates increase significantly [38].
Institutional adoption, on the other hand, often hinges on
system interoperability and training. Extension workers
require not only technical onboarding but also operational
guidelines for interpreting Al outputs and translating them
into actionable advice. Many national agricultural programs
are already embedding Al modules in ongoing capacity-
building curricula, viewing XAl as a tool to amplify human
expertise rather than replace it [39].

Moreover, building trust requires continuous feedback loops.
Farmers are more likely to adopt and recommend Al tools
when they see that their input influences model improvement
over time. Transparent feedback mechanisms—where users
can contest recommendations or flag inaccuracies—
demonstrate responsiveness and increase confidence.
Therefore, pathways to adoption are not just technological but
socio-institutional. They require inclusive design, training
ecosystems, and feedback cultures that ensure explainable Al
is not only used but embraced across scales of agricultural
decision-making.

9. Future Directions and Research

Opportunities

9.1 Toward Real-Time Adaptive Models and Edge
Deployment

The next frontier for explainable Al (XAl) in crop protection
lies in developing real-time adaptive systems deployable on
edge devices. Traditional cloud-based Al systems, while
powerful, often introduce latency, connectivity challenges,
and limited local customization. Edge computing, by contrast,
allows models to run directly on field-deployed hardware such
as smartphones, 10T sensors, or drones, enabling on-the-spot
decision-making with minimal delay [38].

For instance, a mobile-based pesticide advisory tool equipped
with embedded SHAP or LIME components can deliver
immediate, explainable recommendations to farmers in low-
connectivity regions. Such systems not only increase
operational resilience but also reduce data transfer burdens
and associated privacy risks [39].

Another future direction involves adaptive learning loops
where models dynamically evolve using streaming sensor
data, pest population changes, or weather events. These
models  must balance  continuous learning  with
interpretability—avoiding "drift" that undermines trust.
Hybrid systems combining Bayesian inference and
explainable neural networks may offer a path forward in
maintaining transparency alongside real-time adaptability
[40].

Edge-based XAl systems stand to empower underserved
farming communities, especially in the Global South, by
democratizing access to intelligent crop protection without
dependence on high-bandwidth infrastructure.
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Figure 5: Roadmap for scalable, ethical, and explainable Al
adoption in crop protection.

9.2 Cross-Border Data Interoperability and Open Access
Global crop protection challenges do not adhere to national
boundaries—thus, fostering cross-border data interoperability
is essential for the advancement of explainable Al systems.
Current Al models are often siloed by country, organization,
or proprietary vendor frameworks. Such fragmentation
impedes the development of globally generalizable, robust,
and explainable pesticide decision systems [31].

Open-access datasets covering pesticide use, pest emergence,
soil conditions, and weather patterns from multiple
agroecological zones would support model transparency and
broader validation. Additionally, standardized data schemas
and APIs could facilitate seamless integration across
platforms, enabling shared learning and risk assessment on a
regional or continental scale [32].

Initiatives like the CGIAR Platform for Big Data in
Agriculture are already demonstrating how regional
institutions can federate their datasets to support open,
reproducible Al models for crop health. The inclusion of
metadata tags that preserve data provenance is particularly
important for XAl, ensuring users understand both the origin
and the contextual boundaries of the data [23].

Achieving such interoperability requires coordination among
governments, NGOs, agritech companies, and farmer
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cooperatives. The end goal is to create an ecosystem where
explainable Al can scale responsibly through shared
knowledge, reducing duplication and accelerating innovation
globally.

9.3 Policy Recommendations for Sustainable Al
Integration

Policymakers play a pivotal role in ensuring that explainable
Al in agriculture is sustainably integrated into national food
systems. The first step involves updating agricultural
extension policies to recognize Al outputs—particularly
interpretable ones—as valid inputs for pesticide subsidy
eligibility or compliance with integrated pest management
(IPM) protocols [12].

Governments should also establish Al accreditation bodies
responsible for certifying agricultural models based on
explainability, fairness, and environmental safety. These
bodies can create “Al nutrition labels” indicating how
recommendations were generated, sources of data used, and
the scope of model applicability. Such transparency builds
trust among regulators, farmers, and the public [35].
Investment in digital infrastructure—particularly rural
connectivity and smart farming tools—is another policy
imperative. Without reliable infrastructure, even the most
transparent Al systems remain inaccessible to smallholder
communities. Moreover, tax incentives or grants for local
agritech startups developing explainable tools can foster
indigenous innovation and reduce dependence on imported
solutions [26].

Finally, governments should incorporate explainable Al into
broader sustainability agendas, aligning with global
commitments like the UN SDGs and FAO’s Code of Conduct
on Pesticide Management. These policy recommendations can
ensure that XAl is not merely a technical novelty but a
foundational element in sustainable, ethical, and inclusive
crop protection systems.

10. CONCLUSION

10.1 Summary of Key Findings and Contributions

This article explored the transformative role of Explainable
Artificial Intelligence (XAIl) in enhancing pesticide decision-
making and promoting responsible crop protection. We began
by outlining the current limitations of heuristic-based
pesticide recommendations and emphasized the risks posed by
opaque Al systems in agriculture. Through a systematic
examination of XAl techniques such as SHAP, LIME, and
counterfactuals, we demonstrated how model transparency
supports better decision outcomes, stakeholder understanding,
and regulatory compliance. Empirical sections covered data
sourcing, model design, case study implementation, and user
feedback, showing real-world applicability and tangible
benefits such as improved yield, reduced chemical use, and
greater trust in Al systems. By embedding domain expertise
into model logic and using visualization for interpretability,
the proposed framework bridges the gap between advanced
computation and agricultural practicality. Our work highlights
the importance of transparency not only for technical
robustness but also for ethical, sustainable, and socially
acceptable innovation in agrotechnology.
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10.2 Closing Reflections on Trust and Innovation in
Agricultural Al

Building trust in agricultural Al systems demands more than
just predictive accuracy. In high-stakes domains like pesticide
application, where environmental health, crop safety, and
farmer livelihoods intersect, users must understand and
believe in the system's recommendations. Explainability
enables this trust by offering farmers and extension workers
insight into the “why” behind Al outputs. Furthermore, trust
must be calibrated—avoiding blind faith in algorithms as well
as unjustified skepticism. This balance is critical for
promoting adoption while preserving autonomy and local
expertise. As Al tools increasingly guide field decisions, we
must ensure they are designed not only to be intelligent but
also intelligible. XAl provides this pathway, empowering
users with the knowledge they need to make informed choices
while reinforcing the social license for data-driven
agricultural innovation. Thus, advancing trust through
explainability becomes both a technical and moral imperative
in the digital transformation of crop protection.

10.3 Call for Collaborative Development and Policy
Support

The future of explainable Al in agriculture must be shaped
through  cross-sectoral ~ collaboration. Data  scientists,
agronomists, policy-makers, farmer organizations, and Al
ethicists all have a role in co-developing systems that are not
only functional but also fair, transparent, and user-friendly.
Institutional support for open data, Al literacy, and farmer-
centered design will accelerate meaningful integration of XAl
into everyday agricultural practice. Policymakers must create
enabling environments for innovation while setting guardrails
that prioritize ethical deployment. Together, a participatory
and policy-backed approach will ensure that explainable Al
becomes a trusted cornerstone of sustainable and resilient crop
protection systems worldwide.
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