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Abstract: Sustainable smart agriculture and climate resilience are significant factors for maintaining food security with
environmental management. Existing agricultural systems target predicting and generating reports but lack detailed
explanations as to why the phenomenon occurs. The examples of such why are like “Why there is a significant decline in
the yield?”, “Why the soil is degrading?”, “Why the level of water is declining?” and so on. To address this challenge,
the paper presents a prototype for Explainable LLM based Why-QA framework for sustainable smart agriculture. The
implemented prototype integrates domain-enriched LLM with knowledge graph, causal inference engine with
explainability layer to provide detailed explanations to complex “why-questions”. Domain-specific LLMs are used to
support the domain knowledge with knowledge graph analyzing the sustainable relationships in the answer, causal
reasoning to produce the causes of events and explainability module to provide the detailed reasoning supported with
benchmark sustainable metrics incorporating the soil, climate and crop data. The prototype implementation of framework
is evaluated on a dataset of 500 annotated agricultural why-type questions constructed from FAOSTAT, USDA, and
NOAA sources. Results clearly demonstrate promising improvements over five baseline systems developed across causal
reasoning and explanation quality metrics, which help validating the architectural feasibility of the proposed framework.

Index Terms: Explainable AI, Question Answering System, Sustainability, Knowledge Graph, Smart Agriculture,
Causality, LLM

1. Introduction

This section introduces the need of explainable why-QAS that can address the questions related to sustainability and
agriculture. Further different research gaps are discussed which are required to be addressed through the proposed
framework.

1.1. Background and Motivation

Agriculture plays a crucial role in ensuring the food security, environmental sustainability, and economic
development. However, modern agricultural systems are increasingly affected by climate variability, soil degradation,
water scarcity, pest outbreaks, and inefficient resource utilization. Existing agricultural QA systems have utilized Al and
ML techniques to predict the crop yield and make decisions to forecast outcomes [27] but there is hardly any system
which can provide explanations to the cause of agricultural phenomenon.

In real scenarios, the need for farmers and decision makers is to understand the real cause and effect of the
agricultural event to predict the futuristic outcome [3]. For example, the answers to the questions like “Why did crop yield
decrease?”, “Why is soil fertility declining?”, or “Why is irrigation demand increasing?” require detailed causal
explanations to be supported by domain knowledge and based evidence. There are existing large language model (LLM)-
based systems which can generate responses to these questions, but they usually suffer from hallucinations and provide
limited causal reasoning. Such limitations to the existing systems reduce the user trust and thus prevent the actual
deployment for decision-support systems.

Therefore, there is a growing need for explainable and causality-aware question-answering framework that can
generate transparent, evidence-supported, and sustainability-oriented explanations for agricultural why-type questions.
Thus, this paper proposes a novel Explainable LLM-based Why-Question Answering Framework (Why-QAS) for
climate-resilient and sustainable smart agriculture. The framework integrates a domain-specific LLM, an agricultural
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knowledge graph, a causal inference engine, a sustainability evaluation module, and an explainability layer within a
unified multi-stage reasoning pipeline. The primary contribution lies in the novel integration of KG-validated hypothesis
generation, quantitative causal reasoning, sustainability-aware assessment, and SHAP-based explainability capabilities
that no existing agricultural QA system jointly addresses.

Further, different research gaps that are generally faced in the domain of agriculture why-QAs are discussed which
are tried to be overcome through research contributions discussed in Section 2.

1.2. Research Gaps and Objectives Addressed

This section discusses significant research gaps that are faced in the field of agriculture domain detailed as follows:

RG1: LLM Hallucination in Domain QA

In domains like agriculture, where there is a lack of ground knowledge and highly dependability on memory, large
language models generate hallucinated, fabricated and unsupported information. Such hallucinations result in misleading
decisions and recommendations for the tasks like sustainability reports or advising crop growth etc. Existing conventional
QAS lack mechanisms to verify and validate the output generated which are resolved by our framework through
incorporating RAG and knowledge graphs.

RG2: Lack of Causal Reasoning

Conventional QAS depends on correlations patterns rather than generating cause-effect relationship graphs. They
find difficult to answer factual questions like “What happens if water level goes down?”’. Without modeling causality in
the answers, responses appear descriptive rather than factual justified. Thus, it limits the usability in the answering of
agricultural and sustainability analysis.

RG3: Limited Explainability

Existing LLM based QAS cannot provide structured detailed explanations as to how answers are generated. Users
cannot trace the ground evidence as to how the reasoning is provided in the answers. This lacks trust and accountability
in answer generation. Proposed framework employs attention mechanism to support the evidence involved in generating
the appropriate answers to the question.

RG4: Few Sustainability-Enhanced QAS

Currently QAS models are optimized for accuracy and efficiency but rarely has any model considered environmental
and sustainability metrics. These QAS could not model carbon footprint, usage of water, water scarcity level or efficient
usage of resources. Thus, the relation between environmental impact and productivity left unaddressed. In recent era,
sustainability has become an integrated component which is considered as a foundation in the proposed framework.

RGS: Unavailability of Agriculture Benchmark Datasets

There are no standardized benchmark datasets available for agriculture and sustainability-enhanced QAS. Existing
datasets consider general knowledge but don’t capture domain-specific knowledge which makes it difficult to
systematically evaluate and compare. This hinders the growth of research in the agricultural domain. To address this gap,
this paper tries to integrate and utilize multi-domain datasets to be evaluated accurately.

Further, after identifying the above research gaps, the paper tries to fulfil the following research objectives briefly
discussed as follows:

RO1: Designing an explainable LLM-enhanced QAS for answering causal and reasoning why-type questions
from agriculture domain.

RO2: Integrating multi-domain agricultural datasets capturing data related to soil, climate, crop, pest, and land
features etc. to develop one consolidated dataset.

RO3: Incorporating causal reasoning to inculcate the cause-effect relations in the question-answer pairs.

RO4: Transparent explanations are generated in the answers which are grounded and justified by the ground
evidences.

ROS5: Evaluating sustainability impacts and metrics from the question-answer generation.

Table 1 maps each identified gap to its corresponding research objective. With each mapping, evaluation criteria is
also highlighted used to validate each objective.
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Table 1. Research Gap-Research Objective Mapping Table

Research Gap

Research Objective

Evaluation criteria used in framework

RG1: LLM Hallucination

RO1: Explainable LLM-enhanced
QAS

Hypothesis validation through knowledge graphs

RG2: Lack  of
Reasoning

Causal

RO3: Inculcating causal reasoning

Implementing causal module through Bayesian Networks representations

RG3: Limited Explainability

RO4: Transparent explanations

Evaluation metrics like Explanation Completeness Score (ECS), Evidence
Grounding Score (EGS), and SHAP

RG4: No Sustainability QAS

ROS: Sustainability metrics

Composite Sustainability Index (CSI) scoring

RGS: No Agriculture

RO2: Multi-domain datasets

Collecting data from FAOSTAT + USDA + NOAA datasets

Benchmarks

The remainder of this paper is organized as follows: Section 2 describes each research contribution with hypothesis.
Section 3 presents the literature review. Section 4 describes the proposed framework and its modules. Section 5 details
the implementation of each module. Section 6 presents the results and discussion. Section 7 finally concludes the paper
with future research directions.

2. Research Contributions and Hypotheses

Section 2 discusses each of the research contributions corresponding to the research gaps discussed in section 1.
Based on each of the identified research gap in section 1, the research hypotheses are formulated. Based on the identified
research gaps and objectives, the following measurable research hypotheses are formulated. Further section 6 maps each
hypothesis to the evaluation metric which validates the practicality of the proposed framework.

2.1. Research Contributions

This paper proposes a framework for Explainable LLM-based Why-QA systems which are designed to answer
questions based on climate-resilient and sustainable smart agriculture. The prime focus of this paper is on the integration
of causal reasoning supported by evidence, assess the sustainable contributions and generating explainable answers within
the unified agricultural why-QA systems. Further, there are four major research contributions which are implemented to
address the research gaps discussed in section 1 are detailed below:

RC1: Agriculture-Specific Causal Why-QA Framework: A novel framework is proposed that specifically targets
answering non-factoid why-type questions in the agricultural domain — such as "Why did crop yield decline?" and "Why
is soil degrading?" by introducing domain-specific LLM reasoning with structured causal inference. Unlike existing QAS
that addresses factoid question retrieval, this framework is designed for complex causal explanation generation which is
supported by foundational agricultural domain knowledge.

RC2: KG-Gated Hypothesis Validation Pipeline: Rather than directly generating answers from the LLM, the
framework first generates multiple causal hypotheses which are then validated through knowledge graph traversal. Only
hypotheses which are supported by valid causal paths in the agricultural knowledge graph are passed to next module for
reasoning. This module specifically addresses the hallucination problem RG1 mentioned in section 1 by preventing
unsupported causal claims from propagating through the pipeline.

RC3: Sustainability-Aware Answer Generation: The framework comprises a sustainable evaluation module that
evaluates the Composite Sustainability Index (CSI) score by integrating sustainable scores like Water use efficiency
(WUE), Nitrogen use efficiency (NUE), Carbon Emission Index (CEI), profitability score and farmer resilience index
that helps in assessing the impact of environment, economy and social factors. This directly addresses RG4, which is not
incorporated by any existing Why-QA systems.

RC4: Multi-Layer Explainability with SHAP Attribution: The framework generates interpretable answers by
combining causal-path reasoning, evidence grounding, sustainability impact assessment, and SHAP-based feature
attribution which enable farmers and decision-makers to trace exactly and retrieve evidence why the answer is generated
and which factors have contributed most significantly.

2.2. Research Hypothesis

Based on each research contribution discussed above, the following research hypotheses are formulated. Each
hypothesis is directly linked to a specific evaluation metric which is calculated in Section 6, enabling rigorous empirical
validation of the proposed framework.

H1: Knowledge Graph Validation helps improving Causal Reasoning Accuracy
"The integration of knowledge graph-based hypothesis validation into the LLM reasoning pipeline significantly
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improves root cause identification accuracy compared to a baseline LLM without KG validation."”

e Addresses: RG1 (hallucination), RG2 (causal reasoning), RO1, RO3

e Evaluation Metric: Root Cause Accuracy, Precision, Recall, F1-score (Table 2)

e Validation criterion: Proposed framework achieves statistically significant improvement over Baseline LLM
and LLM+KG in Root Cause Accuracy

H2: Causal Reasoning Integration Improves Explanation Completeness

"Incorporating explicit causal inference through Structural Causal Models and Bayesian Networks into the answer
generation pipeline significantly improves the completeness and grounding of generated explanations compared to
systems without causal reasoning."

e Addresses: RG2 (causal reasoning), RG3 (explainability), RO3, RO4

e Evaluation Metric: Explanation Completeness Score (ECS), Evidence Grounding Score (EGS) (Table 2)

e Validation criterion: Proposed framework achieves ECS > 0.85 and EGS > 0.85 which shows the improvement
over non-causal systems.

H3: Sustainability-Aware Reasoning Improves Human Interpretability
"The amalgamation of sustainable evaluation metrics like WUE, NUE, CEI, CSI for generating explainable answers
help improving the human interpretability ratings compared to systems which don’t incorporate sustainable reasoning."”

e Addresses: RG3 (explainability), RG4 (sustainability), RO4, ROS5

¢ Evaluation Metric: Human Interpretability Rating (1-5 scale) (Table 2)

e Validation criterion: Proposed framework achieves Human Interpretability Rating > 4.5, indicating strong
alignment between sustainability-grounded explanations and expert judgment

Table 2. Hypothesis—Metric Mapping Table

Hypothesis Research Gaps Addressed Evaluation Metric Target El);l:lcltl:d
Hl: KG validation improves causal RGI1.RG2 Root Cause Accuracy >80% 85% (Table 2)
accuracy ’ F1-Score >0.80 0.84 (Table 2)
H2: Causal reasoning improves explanation RG2. RG3 ECS >0.85 0.89 (Table 3)
completeness ’ EGS >0.85 0.91 (Table 3)
H3: Sustaju'lablllty reasoning improves RG3, RG4 Hurpan Interpretability >45 4.6 (Table 3)
interpretability Rating

Target thresholds were established based on domain expert consultation and review of comparable QA system
benchmarks prior to experimentation. Reported values reflect prototype evaluation on the 100-question test set retrieved
from 500 why-questions dataset.

3. Literature Review

This section discusses some of the significant research work carried out in why-question answer answering. The
papers highlighting the role of explanations with different domains are briefed in Table 3 below:

Table 3. Literature Review

. Challenges Gaps Techniques Results & Future
Paper Title Datasets Used Addressed Identified Used Metrics Direction
Analyzing Linguistic Yahoo Answers, . Lexical, syntactic
Quora, Ranking answers . Add contextual

Features for Answer Re- No deep causal | & semantic -

. . Answers.com for why-type . MRR = 0.64 & causal
Ranking of Why-Questions . reasoning features + .

(1,000 why-QA | questions embeddings

[1] pairs) ExtraTrees

. 910,
Learning tf’ Rank A.nswers to Web QA | Long-answer No structured | Linguistic l 4-21% Integra?e
Non-Factoid Questions from collections rankin causalit ranking features improvement semantic/causal
web collections [2] 2 Y & (MRR, Prec@]1) models

. . ~T7_K0,
Creating Causz?l Embe(.id.mgs Yahoo Answers | Improve causal No KG or | Bootstrapped : 7-8% rel. Combine  with
for QA with minimal causal pairs relevance RAG causal improvement LLM + KG
supervision [4] P integration embeddings (P@l)

. Lack of
guess?iztle};nzgvegsngii:rlg N/A (Survey) Overview of | benchmarks & | Comparative N/A Unified causal
5] g5y y why-QA research | causal analysis QA frameworks
integration
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No LLM-
Causality for  Question Conceptual Role of causality | based Lexico-semantic Concentual Neural  causal
Answering [6] P in QA implementatio causal modeling P QA models
n
CausalQA: A Benchmark for | 1.IM causal QA | Causal QA | Weak baseline | Dataset + - Advanced
. . . . ROUGE-L =~ 0.48 | causal QA
causal question answering[7] | pairs benchmarking models typology models
Developing a  Why-How
Question Answering system .
on community web boards Community Domain I\'Io. LLM, Causality graph + o Integrate LLM
. . boards (plant limited . ~91% accuracy .
with a causality graph . why/how QA A ML classifier & explanations
. . disease) explainability
including procedural
knowledge [8]
QED: A Framewon:k ar{d Natural . Not  domain- SuperV1S§ d Improved QA | Domain
Dataset for Explanations in . Explainable QA . explanation . . .
QA [9] Questions subset specific modeling with explanations | adaptation
MinosEval:  Distinguishing Factoid vs non- Causal
Factoid and Non-Factoid for | Multi-domain faci:i d s no No reasoning | Evaluation Better human ev;liation
Tailored Open-Ended QA | QA datasets evaluation integration metric redesign alignment metrics
Evaluation with LLMs [10]
Knowledge Graph-Extended MetaQA Reduce Limited why- | KG & RAG | Improved multi- | Domain-
RAG for QA[11] hallucination type QA decomposition hop accuracy specific QA
Document graphrag:
knowledge graph enhanced
retrleva.l augmented SQuAD, Structured No causal | Graph-based Improved Domain +
generation for document . . retrieval .
. . U HotpotQA retrieval reasoning RAG explainable QA
question answering within relevance
the manufacturing
domain. [12]
Leveraging explainable Al
for sustainable agriculture: a | Agricultural ML | XAI in | Not integrated | SHAP, LIME, | Improved Apply XAI to
comprehensive review of | datasets agriculture with QA Grad-CAM interpretability LLM-based QA
recent advances [13]
Improved Exact | Integrate causal
Natural Reducing Limited Denge Passage | Match and FI- reasoning,
. . LS, Retrieval (DPR) | score across | domain
Retrieval-Augmented Questions (NQ), | hallucinations support for . ;
. . . . + Retrieval- | multiple QA | knowledge
Generation for Knowledge- | WebQuestions, and  improving | causal
. o . . Augmented benchmarks graphs, and
Intensive NLP Tasks [21] TriviaQA, factual grounding | reasoning and . . .
Jeopardy in QA systems explainability Generation compared  with | explainable
(RAG) parametric-only answer
language models generation
Significant Combine
More than 60 | Improving Limited ].mg rovement  in instruction
NLP benchmark | instruction evidence Multi-task zerI:)-shot and tuning with
Finetuned Language Models | tasks including | following  and | grounding and | Instruction fow-shot retrieval
Are Zero-Shot Learners | QA, reasoning, | zero-shot lack of | Tuning (FLAN) forman " augmentation,
(FLAN) [22] classification, generalization domain- using  prompt- pem(/) nti rf:l ove domain
and dialogue | across  diverse | specific causal | based training C(r)etr:ine(()i adaptation, and
datasets NLP tasks validation p explainable
language models .
reasoning
Knowledge Improved Integration  of
Narrative . .. | Graph P . causal
. . . No explicit . retrieval quality, | .
enterprise Improving multi- Construction  + inference,
documents. hop retrieval and causalfeffect Community contextual explainability
GraphRAG: Unlocking LLM . ? modeling, . 306 ompleteness, .
. . private textual | contextual SR Detection + . . mechanisms,
Discovery on  Narrative . . sustainability and information .
. repositories, and | reasoning  over . Graph-based . and domain-
Private Data [23] reasoning, or . discovery .
graph- large document . Retrieval- . specific
. explainability compared  with s
constructed collections Augmented . decision-
assessment . conventional
corpora Generation support
(GraphRAG) RAG approaches applications
. GSMBK, Improving lelt?d Chain-of- Significant Integration with
Self-Consistency Improves | StrategyQA, - domain . .
R X e reasoning . Thought + Self- | improvement domain
Chain of Thought Reasoning | MultiArith and R . adaptation and : .
. . reliability in . Consistency across reasoning | knowledge and
in Language Models [24] reasoning evidence . .
benchmarks LLMs grounding decoding benchmarks explainable AT
. Domain-
Al for Crop Production — | Literature and | Crop advisory, Eﬂg&g%ﬁ;ﬁ:ﬁ’l LLMs, NLP, | Improved specific LLMs,
Where Can Large Language | agricultural decision support, Kknowledge prompt decision support; | ToT integration,
Models (LLMs) Provide | knowledge precision low &% engineering, qualitative improved
Substantial Value? [25] sources agriculture explainabilit literature review evaluation accuracy  and
P Y explainability
. . . Explainable
Harnessing Agentic Al for | Sustainability Respuycg Ethical issues, Ager}tlc AL Agentic Al
. . . optimization, governance, multi-agent Better  resource
Sustainable Innovation and | case studies and R, . ; R governance,
. sustainability, scalability, systems, efficiency;
Environmental conceptual L real-world
Responsibility [26] examples autonomous hm'lted' conceptual conceptual results deployment, ToT
decision-making validation framework ?

integration
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From the above literature review, it is evident that although substantial progress has been made in the individual
areas of retrieval-augmented generation, knowledge-graph-enhanced reasoning, explainable artificial intelligence, and
causal question-answering systems, but still suffers from several limitations. RAG systems improve the factual answer
generation with minimal hallucinations but lack casual reasoning. Although it is expensive to maintain the knowledge
graphs, the approaches help provide semantic reasoning. Causal relationships in QAS model the cause effect relationships
and improve the reasoning capabilities in the answer. Explainable Al helps provide transparency in answer generation
Graph-enhanced retrieval methods improve the multi-hop reasoning through structured knowledge representations.
Further, agent-based Al systems have demonstrated the need to plan, monitor and recommend management tasks in
agricultural domain. These individual advancements highlight the importance of integrating retrieval grounding,
explainability, and intelligent decision-support capabilities within a unified domain-specific agricultural why-QA
framework. Table 4 provides a comparison of our proposed framework with existing traditional systems, RAG based QA,
KG-RAG, causal QA and explainable QA.

Table 4. Comparison of our proposed framework with existing traditional systems, RAG based QA, KG-RAG, causal QA and explainable QA.

Type of QA Scalability Exp(l;::lf;:);llty C(g::ll:] l:)tlzt;;)t;al Deployment Limitation
Traditional Why-QA | High Low Low Limited causal reasoning
RAG-based QA High Low—Moderate Moderate Weak causal explanations
KG-RAG QA Moderate | Moderate High Graph maintenance overhead
Causal QA Moderate | Moderate—High High Limited sustainability reasoning
Explainable QA Moderate | High Moderate Weak domain adaptation
Proposed Moderate | High Moderate-High Requires Adomaln KG
Framework construction

Comparative analysis reveals that existing approaches generally optimize one aspect of intelligent question
answering, such as retrieval accuracy, causal inference, or explainability, while neglecting other important dimensions.
Sustainability-aware reasoning remains largely unexplored in agricultural Why-QA systems. Furthermore, few studies
provide mechanisms for simultaneously validating generated hypotheses, identifying causal factors, assessing
sustainability impacts, and producing interpretable explanations. These limitations motivate the development of the
proposed Explainable LLM-based Why-QA framework. Table 5 further compares each of the capabilities addressed in
different types of QA.

Table 5. Comparison of QA based on different capabilities

Capability RAG KG-RAG CausalQA Explainable QA Proposed
Agrlcultl'lral Partial Partial Partial Partial v
Adaptation
Causal Inference X X N X v
Sustainability
Assessment X X X X v
Evidence v v Partial Partial v
Grounding
Explainability Partial Partial Moderate High High
4. Proposed Work

RAG and knowledge graphs approaches help in reducing hallucinations but they have shown large contribution in
factoid QAS rather than non-factoid QAS. However, agricultural Al addresses predictions but rare studies incorporated
explainable, reasoning and justified sustainable-enhanced QA systems. This motivated the need to implement and develop
an integrated explainable AI-LLM-based why-QA framework that integrates RAG, knowledge graph, causal inference,
explainability layer illustrated in Figure 1.

Why-
Question
Question Domain Agricultural Causal
Processing Adaptive LLM Knowdedge Graph Reasoning Unit
User

Final
Answer to
Question

Explainabiity

layer

Fig. 1. Architecture of Explainable LLM-based why-QAS for Sustainable Agriculture
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The framework depicts the explainable and causality-enhanced QAS pipeline. It transforms the why-questions asked
by the user into grounded, reasoned and interpretable answers by employing structured knowledge with sustainability
reasoning and explanations. In this, the framework is adapted to utilize domain-specific LLM to answer agricultural why-
questions, knowledge graph to represent sustainable parameters, causal reasoning module to infer the causes of anomalies
and explainability layer to deduce the detailed reasoning with benchmark sustainability evaluation metrics. The
framework is tested on the dataset comprising 500 why-type agriculture questions deduced from multiple public datasets
comprising soil, climate, and crop yield data. The detailed flow of information in each module is illustrated as below in

Figure 2:

L User's why-
question (q)
Uger

N
Query Understanding ]

Module (®)

l Structured Query Q

-
Domain Specific LLM (I:B)]

N

Candidate Hypothesis H

Knowledge Graph
validation ()

Validated Causal paths P
\ 4

Causal reasoning Module (€)

\ J

Estimated Causal Effects CE

Sustainability Evaluation )
Module (S)

\ J

p

Sustainability Metrics S
\ 4

[ Explainability layer (£) J

l Sustainability Metrics S

Final Answer A

Fig. 2. Detailed Flow of Information in each module of the proposed architecture

4.1. Query Understanding Module:

Query Understanding Module represents the users’ input natural language why-type question into a machine-
interpretable form whose components are illustrated in Figure 3. Why-questions related to agricultural domain target
various factors as crop type, soil properties, climate conditions with geographical regions etc. This module requires pre-
processing of questions which is performed by semantic parsing with entity extraction. To ensure the semantic
consistencies, identified entities are aligned with the agricultural ontologies to represent the structured query from the

question.
Tokenlzation and Syntactic and Why-Question Entity and intent
[ el H POS Tagging g Wl ol Classifier Extraction
Structured

Query
Representation

Fig. 3. Detailed Flow to transform question into structured query
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Mathematical Formulation

Given a natural language query: q
The structured representation is:

Q =o(q) = (4,CR,T,F) (1)
Where:
e q is the natural language input why-question
o @ is the transformer-based parsing function fine-tuned on agricultural why-type questions
e A € A _setis the observed anomaly from the set of anomalies such as yield decline, soil degradation etc.
e C € C_setis the crop type chosen from the sets of crops such as rice, wheat etc.
[ ]

R, € R_set is the geographical region
T is the temporal scope which denotes season and year of the crop irrigation
F= { fi, fareomintn } represents the contextual feature vector comprising soil properties, climate indicators

4.2. Domain-Specific LLM Module:

Domain-Specific LLM Module helps generate the explanations of the questions. To align the reasoning with the
agricultural domain knowledge, domain-specific LLM is fine-tuned with the agricultural corpora including information
related to crop yields, soil properties, irrigation analysis and sustainability reports etc. This LLM doesn’t produce the
answer to a question, rather it helps in generating hypothesis based on cause-effect relationships which are identified from
question and its respective answers.

Let Ly denote the domain-specific LLM output with parameters 0, based on soil properties, climate indicators, and
management practices

The model generates candidate hypotheses as H = Lg(Q) where Q is the structured query representation of question
q-

Where:

H= Lo (Q) ={hy, hy oo by} )

Where k is the maximum number of candidate hypotheses generated per query (k=5).

Each hypothesis h; has an associated probability P(h; | Q) calculated using softmax scoring function.

Hypotheses are ranked in the descending order and the top-k ranked hypotheses are passed to the Knowledge Graph
Validation module.

Flow Diagram
Structured Query Q

l
Domain-Specific LLM Lg (Q)

!
Candidate Hypotheses H = {hi, ho, ..., hy}

!
Top-Ranked Hypotheses

4.3. Knowledge Graph Validation Module:

This module verifies and validates the generated hypothesis from previous module. The hypothesis generated should
be supported by agricultural knowledge sources. This module helps in generating the knowledge graph [15] from the
hypothesis comprising entities such as crop, soil types, nutrients and fertilizers, climatic factors and weather conditions,
geographical regions. Each hypothesis is verified by the generated knowledge graph to deduce whether the cause path is
valid or invalid. If a direct or indirect causal path is found, the hypothesis is considered valid or otherwise invalid. The
invalid hypothesis is removed and filtered out which ensures that the causal explanation of the question is consistent with
the domain agricultural knowledge.

Mathematical Formulation

Let the agricultural knowledge graph represent as

Volume 16 (2026), Issue 4 — Page 309



A Novel Explainable LLM-based Why-QA Framework for Climate Resilient and Sustainable Smart Agriculture

G=(ERy) (€)

where E = {el‘ € ) en et e e en} is the set of domain entities like crops, soil factors, climate, nutrients etc. and Ry is the
set of causal relationships represented as (e;, 1, ;) where r belongs to {causes, leads_to, results_in and so on}.
For each hypothesis h;, a causal path validation function V is defined as:

V(hj) = 1 if a valid causal path exists in G
V(h;) = 0 otherwise

The final set of validated hypotheses are represented finally as Hy, = {h; € H| V(h;) = 1} which are passed to the next
causal reasoning module.

Flow Diagram
Candidate Hypotheses H

!
Knowledge Graph Matching
!

Causal Path Verification

1
Validated Hypotheses Hy

For example the question is: “Why did rice yield decrease in Region X during 2023?”

The knowledge graph consists of:
¢ Nodes (Entities): Crop, Region, Time, Soil Factors, Climate Factors, Management Factors, Anomaly
o Edges (Relations): Causes, Leads To, Results_In, Observed In, Cultivated In

Context Layer generates labeling of question as:
oCrop (C): Rice

eRegion (R): Region X

eTemporal Scope (T): 2023

eObserved Anomaly (A): Yield Decrease

Directed Causal Relationships

1. Low Rainfall — Soil Moisture Reduction
2. Soil Moisture Reduction — Crop Stress

3. High Temperature — Crop Stress

4. Reduced Fertilizer Application — Soil Nitrogen Deficiency
5. Soil Nitrogen Deficiency — Poor Growth
6. Crop Stress — Yield Decrease

7. Poor Growth — Yield Decrease

8. Pest Infestation — Yield Decrease

9. Rice — Cultivated In — Region X

10. Yield Decrease — Observed In — 2023

4.4. Causal Reasoning Module:

This module helps in estimating the extent of associations between the validated cause and effect. For example, this
module helps in evaluating how the crop yield will be modified if the rainfall is deceased or fertilizers are introduced. In
this module, statistical models are applied on the datasets with controlled factors which helps in estimating the degree to
which each factor contributes to the anomaly.

Mathematical Formulation

For a cause variable X affecting anomaly A:
Causal Effect (CE) is estimated as:

CE=EA|do(X = %)) —E(A|do(X = x)) 4)
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Where:

e do(X = x;) represents the intervention setting to the active state

e do(X = x,) represents the intervention setting to the baseline state
e E represents expected value of anomaly outcome

The module produces:

CE = {cey, ce, ..., cem} Where each ce; represents quantified causal impact. The positive value corresponds to the
positive causal contribution to anomaly whereas negative value presents the negative contribution and zero represents the
neutral contribution to the anomaly.
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4.5. Sustainability Evaluation Module (S):

This module utilizes the sustainability features useful in evaluating the long-term and short-term implications of the
causal effects. In this module, in case any sustainability factor declines, its impact will be accessed. For example, if the
fertilizer amount is increased, yield is increased but soil health is damaged. Thus, this integrates the score of causal effects
into the sustainability score. Thus, the output of this module helps the decision makers to find out the impact of causes
on the long-term resilience of agricultural economy.

Mathematical Formulation
Let sustainability dimensions be:
S= (Senv ’ Secon , Ssoc) (5)

Where Seny represents the environment, Secon represents the economic and Ssoc represents the social sustainability
scores respectively.
Each sustainability dimension Sk is computed as:

m
Sy = ZW,(,L- *CE; k € {env,econ,soc} (6)

=1

Where

e  wy i depicts the importance weight of causal factor i for each dimension k which is determined from the domain
knowledge of experts

e ce;j depicts the causal effect score with factor i

e m is the total number of causal factors

Composite Sustainability Index integrates all three dimensions and is calculated as
CSI =« Senv + ﬁSecon + ySSOC (7)
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4.6. Explainability Layer (E):

Explainability Layer generates explanation based on quantitative causal and sustainable hypothesis. It makes use of
causal paths, determining the contributing and influencing factors to summarize the sustainability applications. Rather
than returning raw facts and numbers, this module helps structuring the explanations in a way like: “Decline of yield in
region R, is due to the reduced rainfall and depletion of soil nitrogen during the time period T”. To estimate the correct
prediction and deduce perfect answer, confidence score is calculated for each generated explanation.

Mathematical Formulation

A is represented as the final structured answer generated by the Explainability layer This module helps in determining
the human-readable explanations of answers corresponding to the why-question.

A= e(QH,,CES,¢) @®)

Where:

Q is the structured query

H,, is the validated hypotheses

CE is the causal effects

S are the sustainability scores

¢ is the SHAP attribution values which are computed for each causal factor
€ is the explainability generation function

Flow Diagram
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Table 6 provides the details of the notations used in each of the above modules.

Table 6. Details of the Notations

Symbol Definition
Natural language why-question
Semantic parsing function
Agricultural anomaly

Crop type

Geographic region

Temporal scope

Context feature vector
Candidate hypotheses
Validated hypotheses

Causal effect

Composite Sustainability Index
Final answer

>>2g§::hn—107§’0>9@

4.7. Novel Contributions of the Proposed Framework

The novelty of the proposed framework does not comprise any single component individually rather address the
integration of multiple reasoning components within a unified agricultural Why-QA architecture Unlike conventional
retrieval-augmented or knowledge-graph-enhanced question answering systems, the proposed framework presents a
multi-stage validated reasoning pipeline that uniquely combines hypothesis generation, causal validation, sustainability
assessment, and explainability generation within a single unified architecture for agricultural Why-QA.

Thus, the major novel contributions are summarized as follows:

1. Validated Hypothesis Generation Framework

Instead of directly generating answers, the domain-specific LLM first produces multiple causal hypotheses. These
hypotheses are subsequently verified through knowledge graph traversal and causal-path validation before being
incorporated into the final explanation.
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2. Integration of Sustainability-Aware Reasoning
Existing Why-QA systems primarily focus on factual correctness or retrieval accuracy. The proposed framework
introduces sustainability evaluation through environmental, economic, and social indicators.

3. Multi-Layer Explainability Architecture
The framework combines evidence grounding, causal-path reasoning, sustainability impact assessment, and SHAP-
based feature attribution to generate interpretable answers rather than simple textual responses.

4. Agriculture-Specific Causal Why-QA Framework

Unlike traditional open-domain QA systems, the proposed architecture is specifically designed for climate-resilient
agriculture and supports explanation of complex why-type non-factoid questions involving crop yield decline, soil
degradation, water scarcity, climate variability, and sustainability impacts. Table 7 compares the proposed framework
with existing approaches.

Table 7. Comparison with existing Approaches

. Proposed

Feature RAG-QA [11] KG-RAG [11-12] CausalQA [7] Explainable QA [13] Framework
Why-type QA v v v v v
Knowledge Graph
Validation X v X X v
Explicit Causal
Inference X X v X v
Sustainability
Assessment X X X X v
Hypothesis
Validation Pipeline X X X X v
SHAP-based .
Attribution X X X Partial v
Agrlcult'ural Domain Partial Partial Partial Partial ,
Adaptation
End-to-End
Explainable Limited Moderate Moderate Moderate Comprehensive
Reasoning

5. Implementation Details

This section discusses in detail the techniques and approaches utilized by each of the module. The framework
integrates the agricultural datasets either in structured or unstructured format to enable explainable reasoning.

5.1. Query Understanding Module Implementation:

The Query Understanding Module transforms the natural language why-question into structured query representation.
It is implemented by utilizing a transformer-enhanced semantic parsing model which is fine-tuned on annotated why-type
questions and extract the named entities. Named entities are identified by applying Named Entity Recognition techniques
which help in identifying the crop types, soil features, rainfall and temperature parameters and so on. The extracted entities
are mapped through similarity measures to ensure consistency [14]. The final output resulted in the form of structured
query format as Q = (A, C, R, T, F) whose representation is stored in the JSON format.

Output Format:

Hcrop": IVRiceH’
"location": "District X",
"time_period": "Kharif 2023",
"anomaly": "Yield decrease"

}

5.2. Domain-Specific LLM Module:

This module fine-tunes the transformer-based model on data from agricultural corpora which includes reports from
crop yields, soil-health, climate and weather conditions etc. Fine-tuning helps in ensuring the domain related information
and reasoning. Each candidate hypothesis is generated in structured template form which helps to determine the effects
corresponding to the cause and helps in validation of knowledge graphs. The top-ranked hypotheses are passed to the next
module.
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5.3. Knowledge Graph Validation Implementation:

The agricultural knowledge graph is constructed by utilizing agricultural domain ontologies which help in identifying
causal relationships between nodes. It is implemented using Neo4j Graph Database. Each generated hypothesis is
converted into RDF triples for semantic representation. A confidence score for each hypothesis is assigned based on the
causal path length and relationships accuracy.

5.4. Causal Reasoning Module Implementation:

Causal reasoning module helps in identifying the root causes behind the anomalies which are quantified using
historical datasets. The module is implemented using Bayesian Networks, Structural Causal Models (SCM) where
variables are identified from the knowledge graph, after that the causal graph is constructed which is finally ranked on
the basis of cause-effect relationships size as CE score is calculated as CE = {cei, cez, ..., Cem}.

5.5. Sustainability Evaluation Module Implementation:

To rate each cause-effect relation with the sustainability metrics, multiple parameters such as Nitrogen Use
Efficiency (NUE), Water Use Efficiency (WUE), Soil Organic Carbon Index, and Carbon Emission Index are used [16].
These metrics are calculated by applying mathematical modeling, which is finally compared with a threshold value to
determine the sustainability score and categorizing risk levels as low, moderate and high.

5.6. Explainability Layer Implementation:

The Explainability Layer module integrates the output from query parser, causal engine, sustainability score and
knowledge graph modules to deduce the grounded explanation supported by hypothesis. This module helps in generating
final answer with cause and effect supported by its sustainability impact as evidence. Explainability is implemented by
using SHAP API [17].

5.7. Experimental Configuration and System Implementation

The proposed Explainable LLM-based Why-QA framework was implemented and evaluated using a dataset
including 500 agricultural why-type questions, which were collected from numerous agricultural knowledge sources. The
framework integrates the various components including query understanding, domain-specific language modelling,
knowledge graph validation, causal reasoning, sustainability assessment and explainability generation. The complete
framework was evaluated using benchmark agricultural datasets containing crop yield, soil health, climate, irrigation, and
sustainability-related question-answer pairs.

The implementation described in this section constitutes a prototype system designed to validate the architectural
feasibility of the proposed framework. The objective of this paper is not to deploy the large-scale agricultural model but
to demonstrate the impact and further improvements by integrating KG-validated hypothesis, causal reasoning,
sustainable assessment and enhancing explainability. This section further provides the detailed experimental setup for
each module of the framework.

5.7.1. Base Language Model and Fine-Tuning

The framework uses Llama-3-8B-Instruct as the baseline large language model which is known for its capability
and adapting the domain knowledge. The model is aligned with domain knowledge by fine-tuning the parameters on
agricultural corpora which comprises crop yields, soil yields, climate impact and sustainable orientation by utilizing Low-
Rank Adaptation (LoRA) method.

5.7.2. Training Configuration

Table 8 highlights the settings of the parameters used while prototype implementation of the framework.

Table 8. Experimental Configuration Parameters

Parameter Value
Base LLM Llama-3-8B-Instruct
Fine-tuning Method LoRA (Low-Rank Adaptation)
LoRA Rank (1) 16
Learning Rate 2x10°
Batch Size 16
Number of Epochs 5
Optimizer AdamW
Hardware NVIDIA A100 GPU (40 GB VRAM)
Deep Learning Framework PyTorch 2.2
Knowledge Graph Neo4j Community Edition
Explainability Tool SHAP (SHapley Additive exPlanations)
Causal Modeling Bayesian Networks + Structural Causal Models
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5.7.3. Prompt Engineering Strategy

This strategy first prepares a domain-specific template for prompt that helps retrieving correct output from LLM.
The prompt is described as:

"Given the following agricultural factors as Crop = [C], Region = [R], Time Period = [T], and Observed Anomaly
= [A], generate (1) Root causes supported by causal reasoning, (2) Supporting domain-knowledge evidences, (3)
Assessment of impact of sustainability factors and (4) Confidence score corresponding to each generated hypothesis."

This prompt structure is directly aligned with the structured query format Q = (A, C, R, T, F) which is discussed in
Section 4.1. The generated response to the prompt ensures the proper alignment between query understanding module
with LLM generation module.

Example Query:

Crop = Rice

Region = Haryana

Time = Kharif 2023
Anomaly = Yield Decrease

Generated Hypothesis:

H1: The low intensity of rainfall results in depletion of soil moisture which reduces the yield of crop.
Evidence:

Historical climate records indicate rainfall deficit of 18% during the reproductive growth stage.

The generated hypothesis is represented in JSON format as:

{

"hypothesis_id": "HI1",
"cause": "Low Rainfall",
"mechanism": "Soil moisture depletion",
"effect": "Yield reduction",
"confidence": 0.87

}

5.7.4. Knowledge Graph Construction

The agricultural knowledge graph was constructed using Neo4j Graph Database with nodes representing domain
entities (crops, soil types, climate factors, regions, nutrients) and directed edges representing causal relationships. Some
example nodes with corresponding entities are discussed below in Table 9.

Table 9. Example Node Types

Node Category Example Entities
Crop Rice, Wheat, Maize
Soil Factors Soil Moisture, Nitrogen Deficiency, Soil Organic
Carbon
Climate Factors Rainfall, Temperature, Humidity
Management Factors Fertilizer Application, Irrigation Practice
Pest Factors Brown Plant Hopper, Stem Borer
Region Haryana, Punjab, District X
Sus_talnablhty WUE, NUE, CEI
Indicators

Some of the examples of causal relationships are discussed in Table 10.
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Table 10. Some causal relationships

Subject Relationship Object
Low Rainfall CAUSES Soil Moisture Reduction
Soil Moisture Reduction LEADS _TO Crop Stress
High Temperature CAUSES Crop Stress
Nitrogen Deficiency CAUSES Poor Plant Growth
Crop Stress LEADS TO Yield Reduction
Yield Reduction OBSERVED_IN Region X
Rice CULTIVATED IN Region X

5.7.5. Explainability Implementation

The feature-oriented explanations were generated using the SHAP (SHapley Additive exPlanations) library, which
assigns contribution scores to each input feature in the causal reasoning and sustainability evaluation modules. SHAP
values were computed accordingly, which helped identify which factors (e.g., rainfall deficit, soil nitrogen level,
temperature anomaly) contributed most significantly to the predicted anomaly. These features were passed to the causal
reasoning model to support the generated answer.

For example, for the question “Why did rice yield decrease in Region X during 2023?”, the SHAP-based
explanation identified low rainfall, high temperature, and nitrogen deficiency as the most influential factors contributing
to yield decline. Table 11 provides an example of the output generated by SHAP.

Table 11. Example SHAP output table

Feature SHAP Contribution Interpretation

Low rainfall 031 Stro_ng p0s1F1ve contribution
to yield decline

Soil moisture reduction 0.24 Increased crop stress

Nitrogen deficiency 0.19 Reduced plant growth

High temperature 015 Increased evapotranspiration
stress

Pest incidence 0.07 Minor contribution

Irrigation frequency -0.04 Partially reduced yield loss

5.7.6. System Pipeline

Further, the complete end-to-end implementation pipeline is illustrated below:

Input Why-Question (Natural Language)
!
Query Understanding Module
(Semantic Parsing + NER — Q =(A, C,R, T, F))
!
Domain-Specific LLM (Llama-3-8B + LoRA)
(Hypothesis Generation — H = {hy, ha, ..., h})
1
Knowledge Graph Validation (Neo4j)
(Causal Path Verification — H,)
!
Causal Reasoning Module (Bayesian + SCM)
(Causal Effect Estimation — CE = {cey, ..., C€m})

Sustainability Evaluation Module
(WUE, NUE, CEI — CSI = a-Senv + 3-Secon + y-Ssoc)

!
Explainability Layer (SHAP)
(Contribution Ranking + Explanation Generation)

!

Final Answer A supported by confidence scores.

The objective of the above implementation is to validate the feasible integration of modules in framework rather
than developing the deployment-oriented model.
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5.8. Dataset Construction and Annotation
5.8.1. Process of Dataset Preparation

A dataset of 500 agricultural why-type questions is prepared by integrating data from multiple agricultural
repositories which are publicly available. The prime source of agricultural data includes FAOSTAT (Food and Agriculture
Organization), USDA National Agricultural Statistics Service (NASS) and NOAA climate databases. FAOSTAT
provides data related to crop yield, fertilizer usage, irrigation, and production statistics, NASS provides data related to
soil health, crop condition, and agricultural management, and NOAA climate databases comprise data records for rainfall,
temperature, drought, and weather anomaly.

The process of preparing the dataset involves four stages detailed below:

Stage 1: Data Collection
Data records for different instances are integrated from FAOSTAT, USDA, and NOAA data repositories.

Stage 2: Event Identification

Different agricultural events are identified which are associated with anomalies such as decline in crop yield,
degradation of soil, decrease in water level, deficiency of nutrients, pest manifestation and variability in climate and
weather conditions.

Stage 3: Why-Question Generation

This step involves the role of domain experts who transform the identified events in step 2 into the why-type
questions.

For example, the event identified is: “Yield of crop Rice is declined by 18% in Region X during Kharif 2023”

This event is transformed to the question as: “Why there was a decline in yield of crop Rice in Region X during
Kharif 2023?”

Stage 4: Ground-Truth Explanation Creation
Domain experts help identify and prepare the causal explanations supported by ground-truth agricultural evidence.

5.8.2. Distribution of Questions corresponding to each category

Category Questions
Crop Yield Decline 140
Soil Health 90
Climate Impact 95
Irrigation & Water Management 70
Nutrient Deficiency 55
Pest & Disease Incidence 50
Total 500

The dataset is intentionally balanced across different domains of agriculture so that the proposed framework is
evaluated on diverse scenarios rather than focusing on a single task.

5.8.3. Annotation Guidelines

Each question-answer pair is annotated by three agricultural domain experts supported by following guidelines:

Identify the prime root cause of the agricultural event.

Identify the other secondary factors contributing the agricultural event.
Verify the causal relationships supported by agricultural domain knowledge.
Validate the supporting evidence of each causal event.

Assess the impact of sustainable factors to each causal event.

VAW

The disagreement by experts is resolved by brainstorming sessions, discussions and majority decisions. The final
annotation forms the basis for ground-truth explanations to each causal event.

5.8.4. Dataset Partitioning

The dataset is partitioned into training, validation, and testing subsets whose distribution is given as:

Dataset Questions
Training 350 (70%)
Validation | 50 (10%)
Testing 100 (20%)
Total 500
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The training dataset is used for fine-tuning and configuring the system parameters, validation dataset is used for
hyperparameter selection, and testing dataset is used for final evaluation.

5.8.5. Expert Annotation and their Evaluation

The evaluation is performed by three experts having respective experience in crop management, soil health and
implementing agricultural decision-support systems. There are two roles of experts, (1) Providing the ground-truth
annotation of causal explanations and (2) Evaluating the interpretability of explanations. Each QA-pair is reviewed by
each individual expert, then after collective discussions, evaluation is conducted. Each explanation to QA pair is rated on
5-point Likert scale based on Clarity in explanations, causal reasoning, ground truth of evidence, relevance to sustainable
factors, and ultimate impact for agricultural decision-support. The final score of each QA pair is calculated by taking the
average of all expert ratings.

5.8.6. Evaluation Reliability Analysis

The consistency of annotation by all experts having different expertise is assessed by measuring inter-annotator
agreement using Fleiss' Kappa coefficient. The Fleiss' Kappa value to the existing implementation is calculated as 0.78
which indicates good substantial agreement among evaluators. This value ensures that the annotations generated are
highly consistent and reliable for further comparative evaluations.

6. Results and Discussion

The system is evaluated using multiple datasets from Food and Agriculture Organization (FAOSTAT) [18]
comprising information of crop yield, fertilizer usage, irrigation statistics, United States Department of Agriculture
(USDA) [19] comprising data of soil parameters and National Oceanic and Atmospheric Administration (NOAA) [20]
comprising climate records. For small study, scope is limited to rice and wheat crops, multi-district agricultural zones are
considered. The evaluation was conducted on a dataset consisting of 500 why-type questions collected from the above
multiple data sources. The dataset is divided into 70% training and 20% testing and 10% validation datasets. Each why-
question is annotated by three experts to support the evidence of the ground-truth.

The proposed framework is evaluated against five representative individual baseline systems covering retrieval-
augmented generation, knowledge-graph-enhanced reasoning, and instruction-tuned language models. The selected
baselines include:

e Baseline LLM: A standard instruction-following LLM without knowledge graph validation or causal reasoning.

e LLM + Knowledge Graph (KG): A language model integrated with agricultural knowledge graph retrieval.

e RAG-QA: A retrieval-augmented generation model that retrieves relevant agricultural documents before answer
generation.

o KG-RAG: A knowledge-graph-enhanced retrieval-augmented generation system combining document retrieval
with graph-based reasoning.

e Instruction-Tuned LLM: A domain-adapted instruction-following model fine-tuned for explainable question
answering.

The proposed Explainable Why-QAS is compared against these baselines using causal reasoning accuracy,
explanation quality, evidence grounding, and interpretability metrics as described in Table 12.

Table 12. Comparison of proposed framework with other baseline QA

Baseline Description
Baseline LLM (FLAN inspired) [22] | Direct answer generation without retrieval or graph validation
LLM + KG (KG-QA inspired) [11] Knowledge graph supported answer generation

RAG-QA [21] Retrieval-Augmented Generation using agricultural documents
KG-RAG [11-12] Retrieval + Knowledge Graph reasoning

Instruction-Tuned LLM [22] Domain-adapted instruction-following QA model

Proposed Framework LLM + KG validation + causal reasoning + sustainability + SHAP

6.1. Causal Reasoning Accuracy:

The accuracy of causal reasoning module is measured by the ability of the system to identify the root causes
accurately against the annotated ground truth by experts. The results are depicted in Table 13 below.
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Table 13. Comparative Results of Causal Reasoning Module

Model Root Cause Accuracy Precision Recall F1-score
Baseline LLM 58% 0.60 0.55 0.57
LLM +KG 1% 0.72 0.69 0.70
RAG-QA 74% 0.75 0.72 0.73
Instruction-Tuned LLM 76% 0.77 0.74 0.75
KG-RAG 79% 0.80 0.77 0.78
Proposed Why-QAS 85.2+ 1.8% 0.86 +0.02 0.83+0.02 0.84 +£0.02
Where,
4 Correct Root Causes ©)
ccuracy = -
y Total Test Queries
TP
Precision = ———— (10)
TP + FP
TP
Recall = —— (11
TP+ FN )

Fl=2 Precision X Recall (12)
=2X
Precision + Recall

To assess whether performance improvements are statistically significant, McNemar's test was applied to compare
the proposed framework against each baseline on the 100-question test set. Results indicate significant improvement over
Baseline LLM (p < 0.01), LLM+KG (p < 0.01), RAG-QA (p < 0.05), Instruction-Tuned LLM (p < 0.05), and KG-RAG
(p <0.05), confirming that the observed gains are not attributable to chance.

6.2. Explanation Quality Evaluation:

The explainability of the framework is evaluated by calculating Explanation Completeness Score (ECS), Evidence
Grounding Score (EGS) and Human Interpretability Rating (1-5 scale). The results of each score corresponds to different
models are depicted in Table 14.

Table 14. Comparative Results of Explanation Quality Module

Model ECS EGS Interpretability
Baseline LLM 0.52 0.41 3.1
LLM + KG 0.71 0.69 3.8
RAG-QA 0.74 0.76 3.9
Instruction-Tuned LLM 0.78 0.79 4.1
KG-RAG 0.83 0.85 4.3
Proposed Why-QAS 0.89 0.91 4.6

Where the Explanation Completeness Score (ECS) depictsif all the reasoning appears in the explanation of the
answer or not and is calculated as:

ECS = Number of required explanation components present 3
- Total required components (13)

Evidence Grounding Score (EGS) measures how each explanation is supported by the ground-truth evidences and
is calculated as:

Correctly grounded evidence
EGS =

(14)

Total evidence statements

Further, human interpretability rating is provided by averaging the scaling provided individually by three experts
based on clarity, logical flow and relevancy of the explanations.

6.3. Sustainability Assessment Analysis

In addition to causal reasoning and explanation quality, the proposed framework incorporates sustainability-aware
reasoning through the evaluation of environmental, economic, and social sustainability dimensions. The Sustainability
Evaluation Module utilizes indicators such as Water Use Efficiency (WUE), Nitrogen Use Efficiency (NUE), Carbon
Emission Index (CEI), profitability-related factors, and resilience-oriented indicators to estimate the long-term

Volume 16 (2026), Issue 4 — Page 319



A Novel Explainable LLM-based Why-QA Framework for Climate Resilient and Sustainable Smart Agriculture

implications of identified causal factors. The purpose of the sustainability module is not to replace specialized agricultural
sustainability assessment tools but rather to provide decision-support information that complements causal explanation
generation. Table 15 provides analysis of sustainable indicators used with the examples of observation in Table 16.

Table 15. Sustainability Indicators

Sustainability Dimension Indicator Purpose
Environmental Water Use Efficiency (WUE) Assess irrigation efficiency
Environmental Nitrogen Use Efficiency (NUE) Evaluate fertilizer utilization
Environmental Carbon Emission Index (CEI) Estimate environmental impact
Economic Profitability Score Assess economic viability
Economic Yield Stability Measure productivity resilience
Social Farmer Resilience Index Assess adaptation capability
Social Resource Accessibility Evaluate sustainability of practices

Table 16. Sustainability Example

Question Root Cause Sustainability Observation
Why did rice yield decrease in Haryana during . . . S
. Rainfall deficit Reduced WUE and increased irrigation stress
Kharif 2023?
Why is soil fertility declining? Excessive fertilizer use Reduced NUE and long-term soil degradation
Why did irrigation demand increase? High temperature and low rainfall Increased water consumption pressure

6.4. Discussion of Evaluation Limitations

Although the proposed framework demonstrates consistent improvements across causal reasoning and explanation
quality metrics, the present study is intended as a proof-of-concept validation of the proposed architecture rather than a
large-scale benchmarking study. The evaluation was conducted on a benchmark dataset of agricultural why-type questions
annotated by domain experts to assess the feasibility of integrating knowledge graph validation, causal reasoning,
sustainability assessment, and explainability within a unified framework.

The authors acknowledge that additional large-scale validation involving broader datasets, larger expert panels,
statistical significance testing, confidence interval estimation, and robustness analysis across diverse agricultural regions
would further strengthen the empirical findings. These aspects constitute an important direction for future work and will
be considered in subsequent versions of the framework.

7. Conclusion and Future Research Directions

The paper presents an explainable LLM-based Why-QA framework for sustainable smart agriculture which
integrates the different layers of domain knowledge, causal reasoning, interpretability and explainable layers. As clearly
seen from the results, the proposed framework outperforms the traditional LLM approaches in identifying and determining
the causal answers to the sustainable agricultural queries. The paper demonstrates the inculcation of advanced Al to make
critical decisions in the agricultural sector which ultimately supports the sustainability dimensions. The framework can
be further enhanced by inculcating multilingual QA support with federated learning to ensure privacy and secure data and
further improving the explainability performance by taking user feedback in iterations.

Unlike conventional explainable question-answering systems that primarily focus on answer correctness and
interpretability, the proposed framework additionally incorporates sustainability-oriented reasoning by considering
environmental, economic, and social indicators. This enables generated explanations to provide decision-support
information relevant to climate resilience, resource utilization, and long-term agricultural sustainability.
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  Q = Φ  ( q ) =  ( A , C ,   R  g , T , ℱ )  


  Φ


  A   ∈ A _ set


  C   ∈ C _ set  


    R  g   ∈ R _ s e t  


  T


  F =  {   f  1   ,         f 2   ,   … … … … .   f  n   }
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  G =  ( E ,   R  g )


  E =    {   e  1   ,       e   ,   … … … … .   e  n }


  CE = E  ( A   |   d o ( X =     x  1   ) ) − E ( A    |   d o  ( X =     x 0 ) )


  d o  ( X =     x  1   )


    d o ( X =     x  0   )


  S =  (   S  e n v   ,     S  e c o n   ,     S  s o c   )


    S  k   =     ∑  i = 1  m    w  k , i   ∙ C   E  i     ,     k   ∈  { e n v ,   e c o n ,   s o c }


  CSI =   α     S  e n v   +   𝛽   S  e c o n   +   𝛾   S  s o c


  =   ε  ( Q ,     H  v   ,   C E ,   S ,   𝜙 )
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  C E
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  𝜙


  ε


  A c c u r a c y =   C o r r e c t   R o o t   C a u s e s  T o t a l   T e s t   Q u e r i e s


  P r e c i s i o n =   T P  T P + F P


  R e c a l l =   T P  T P + F N


  F 1 = 2 ×   P r e c i s i o n × R e c a l l    P r e c i s i o n + R e c a l l


  E C S =   Number of required explanation components present  Total required components


  E G S =   Correctly grounded evidence  Total evidence statements

