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Abstract: This framework, “BQ-CBRS,” Hybrid
Bigger Query-Case Based Reasoning System model,
is the first of its kind to unite contextual embedding-
based query expansion (using BERT), IndRNN-
based semantic similarity scoring, the fuzzification
of uncertain parameters, and XGBoost classification
within one application to support precision
agriculture. Some of the steps include query
preprocessing, generating contextual embeddings
utilizing a pre-trained method (for example, BERT),
semantic similarity scoring using IndRNN, and
expanding the query by adding top-ranked search
terms. Fuzzification will acknowledge any
uncertainty present in the data, while XGBoost will
enhance the predictive power and efficacy of the
present work. The proposed methodology consists
of query preprocessing, contextual representations
using pre-trained models (like BERT), calculating a
similarity score through IndRNN, and expanding
the query according to the top-scoring terms.
Fuzzification will address the uncertainty in the
data, and XGBoost will enhance prediction accuracy
and efficiency. The Crop Recommendation Dataset
consists of parameters, such as nitrogen,
phosphorus, pH, temperature, and rainfall. The
present model has low accuracy and low mean
square error (MSE). Also, it improves over
traditional approaches. The model will utilize
precision agriculture technology to link historical
cases and improve approaches for more effective
resource management and advancing sustainable
farming. This combination of symbolic reasoning
and deep learning in the agriculture domain is novel,
establishing a generalizable framework for
intelligent decision support in dynamic and
uncertain situations.
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1. INTRODUCTION

Agriculture is changing radically with more
advanced technologies promising improved
profitability and productivity on respective
farms. This revolution, commonly referred to as
precision agriculture, engages big data in
determining crop management strategies.
Again, farmers face some challenges in
pinpointing suitable crops for their soils, given
the variations among soil quality, nutrients,
and structural status. This proposed study, in
fact, will address these challenges using
machine learning by integrating boosting
techniques with fuzzification and similarity
scoring using IndRNN to perform agricultural
information retrieval. The method proposed
invokes a contextual embedding-based query
expansion technique to improve the retrieval
procedure. Further, the present system
provides recommendations for suitable crops
based on several pertinent environmental and
soil ~ parameters through the Crop
Recommendation Dataset. These
considerations ensure optimized crop yield and
move toward sustainable agriculture using
decisions driven by science. This study will
consist of the following steps. Initially, the
original query will be tokenized into individual
tokens, and contextual embeddings will be
obtained using a pre-trained language model
like BERT. The similarity score of the query
tokens and terms in the large vocabulary would
be calculated using IndRNN, followed by cosine
similarity calculations. Finally, for expanding a
query, the N most similar terms would be

fetched and combined to form an expanded
query with the more relevant terms. The fuzzy
rules incorporate uncertainties—as is regular in
the context of the dataset—and the XGBoost
model will be trained using fuzzified data.
Finally, using the expanded query, a search will
be performed and retrieved documents re-
ranked based on relevance. This research
contributes to the field of precision agriculture
with a tried and tested framework for the
retrieval of agricultural information. The
integration of boosting techniques with
fuzzification and similarity scoring using
IndRNN provides a significant improvement in
the precision and efficiency of crop
recommendations. The proposed system aids
farmers in decision-making and achieving
higher crop yields with sustainable agricultural
practices. Agriculture will experience a
revolutionary change powered by artificial
intelligence, machine learning, and data-driven
decision-making, resulting in precision
agriculture leading to increased crop yields and
more  sustainable resource utilization.
However, farmers still have a challenge when it
comes to selecting appropriate crops while
accounting for many dynamic environmental
components, such as the level of soil nutrients,
weather fluctuations, and pest pressures.
Traditional recommendation systems use static
rules or a set of machine learning algorithms
that do not deal appropriately with the
uncertain and variable nature of agricultural
data; therefore, there is a demand for more
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dynamic and intelligent solutions [31-34].
Case-based reasoning (CBR) systems are
promising as they can exploit the historical data
that farmers possess to work towards a solution
for that scenario. However, CBR repositories
are limited by the static rigidity of query
matching, the inability to accommodate
uncertainties in data, and scaling due to large
datasets. Here, BQ-CBRS is introduced, a new
hybrid approach that uses contextual
embedding-based query expansion using
BERT, Independently Recurrent Neural
Networks (IndRNN) for more robust similarity
scoring, fuzzy logic to address uncertainties in
parameter probabilities, and XGBoost to
increase classification accuracy. The proposed
system showed considerable progress with
94.8% accuracy and a low mean squared error
of 0.014 on the Crop Recommendation Dataset.
It outperformed benchmarks with traditional
methods across all evaluations: precision
(93.5%), recall (92.7%), and Fi-score (93.1%).
By providing the capacity to make accurate,
data-driven decisions in real farm situations,
this research adds to the body of knowledge in
precision agriculture and the promotion of
sustainable farming solutions, considering
extensions to fog computing and predictive
analytics in future tasks, such as optimizing
fertilization and pest control.

1.1.Research Objectives

e Develop an Efficient Crop
Recommendation System: This system
develops a machine-learning-based
system, integrating boosting techniques
(XGBoost) with fuzzification and similarity
scoring using IndRNN, for recommending
suitable crops based on various case-
sensitive  environmental and  soil
parameters.

e Enhancing Query Expansion
Techniques: Implementation of a
contextual embedding-based query
expansion methodology that furthers the
accuracy and relevance of information
retrieval in agricultural datasets.

e Optimum Crop Yield and Resource
Management: To use the Crop
Recommendation Dataset for optimal crop
yield management of resources through
data-based decisions for sustainable
agriculture practices.

e Improvement of Similarity
Evaluation: To render a more precise
evaluation through IndRNN and cosine
similarity, providing more accurate and
better performance in the retrieval of
relevant agricultural information.

e Use of Fuzzy Logic to Approach
Uncertainties: The use of fuzzy rules for
enabling the handling of uncertainties in
environmental and soil data helps to build

robustness and reliability in the system for
crop recommendations.

e System Performance Evaluation: An
assessment to be performed regarding how
well the proposed system performs in terms
of accuracy, MSE, and efficiency, to
compare its performance with other
existing methods. Agriculture systems are
improved by predicting manuring,
fertilization, and pesticide application,
which helps optimize crop yield and
minimize environmental impact.

2.RELATED WORK
The combination of state-of-the-art query
expansion techniques, case-based reasoning
(CBR), and boosting approaches has shown
significant gains in information retrieval (IR) in
a variety of fields. This section reviews related
works and outlines the evolution of the
proposed BQ-CBRS model.
2.1.Query Expansion Techniques
When considering query expansion (QE), it can
be argued that the potential use of QE lies in
closing the semantic gap between user input
and relevant information. Hassan-Montero and
Herrero-Solana [1] have stated that visual
query interfaces, e.g., tag clouds, as part of
interactive IR, can have a profound effect on
contextual retrieval when a user expands the
query. Recent developments have made wider
use of large language models (LLMs), such as
those compared by Xu et al. [2] and Zeng et al.
[3], who reviewed the strength of using
semantic embeddings to enhance query
representations to enhance generative IR
technologies. While many of these methods
introduced contextual semantics, and even the
notion of noise addition, a very real concern is
the noise that may be introduced during
domain specific retrieval particularly in
biomedical [1] both datum is sufficient to
maintain trust; however, additional domain
knowledge may certainly help with processing
biomedical data, related to but not equal to
UMLS [1]. For example, Wu et al.'s [13]
identification of noise-control in UMLS-based
QE also fits within the present frame of
reference of removing queries that add
background, i.e., confusing, expansion noise to
a user's original query in terms of the relevant
domain expansion for agriculture. However,
Panja [5] used NLP protocols for medical query
understanding. Wei et al. [7] validated zero-
shot information extraction with the GPT
model, which indicates semantic transfer
learning in the case of a very complex query,
which supports the present application of
contextual embeddings (BERT). The present
work included Ayemenj [8] within BQ-CBRS to
generate relevant and precise agricultural query
expansions that included a trade-off of
generalization and domain-specific relevance.
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2.2.Case-Based Reasoning (CBR)

CBR models facilitate adaptive retrieval
through a modeling reliance on experience.
Hersh [4] studied contextualizing decision-
making in IR processes using structured
representations, which is a fundamental
characteristic of CBR. Dagdelen et al. [6] also
provided an example where structured case
extraction from scientific/ academic text using
LLMs led to a higher level of interpretability,
suggesting a potential strength of integrating
structured reasoning with generative models.
CBR has also been used in dynamic domains.
Wang et al. [3] used CBR in real-time
emergency decision-making. Nguyen et al. [10]
combined CBR with legal entailment processes,
using structured reasoning, and with relevance
to all prior cases, while also controlling for case
changes, i.e., relevance of the case to the query.
These examples suggest the wvalidity of
structured matching and structured reasoning,
which has been offered through BQ-CBRS in
the form of a fuzzy similarity scoring
mechanism that matches the current query of
agriculture to historical cases, while controlling
for uncertain input.

2.3.Boosting Algorithms in Information
Retrieval

Boosting algorithms like XGBoost have shown
vastly superior generalization performance for
classification in the literature to date. For
example, Nguyen et al. [21] used a boosting
approach to predict ecotoxicity, supporting its
potential to be used in environmental data
modelling, equating the complexity to
agricultural data. Additionally, Apribowo et al.
[23] proved the efficacy of using XGBoost for
early prediction in battery degradation, which
reinforced the strength of XGBoost when time
and resources affect the outcomes. Razavi-
Termeh et al. [24] optimized boosting
algorithms using bio-inspired metaheuristics
for spatial data predictions, reinforcing its
robustness for heterogeneous and geospatial
datasets, which is entirely applicable to the
purpose of BQ-CBRS and includes the present
choice of XGBoost as the final classifier in BQ-
CBRS because it can handle varied and
nonlinear feature spaces generated from the
information provided by fuzzy CBR.
2.4.Hybrid Approaches to Collating
Query Expansion

Several studies highlighted the possibilities of
hybrid architectures. For medical IR, Kim et al.
[8] and Hu et al. [9] used NLP and ML to parse
difficult-to-use medical records. Campos et al.
[16] applied hybrid models for narrative
extraction. Ma et al. [18] utilized fine-tuned
LLaMA models to improve multi-instance text
retrieval. Sun et al. [19] illustrated better
tokenization in generative retrieval. Both of
these studies further illustrated that
embedding-level control over query

reformulation was important. Despite all of
this, existing hybrid models generally remain
domain-specific and lack reasoning
mechanisms. In addition, few have considered
fuzzy similarity measures, which are crucial for
situations calling for subtlety in decision-
making for agricultural applications, which
generally can involve partial matches and
ambiguity.

2.5.Synthesis and Research Gap

From the preceding text, it is demonstrated that

the information retrieval processing functions

are maturing as individual components for
query expansion, case reasoning, and boosting.

However, the combination of these into one

task while maintaining interpretability is

under-researched, particularly for agricultural
information retrieval. The BQ-CBRS tackles
these issues by:

¢ Using contextual embeddings in (BERT) for
semantically rich query expansion.

e Applying fuzzy logic with case-based
matching to allow for ambiguous and partial
input query structures.

e Employing XGBoost for the final
classification and decision-making support.

This new fused formulation can provide

interpretable, reliable, and high-performing

retrieval in agricultural contexts, as well as
other information retrieval situations where
certainty cannot always be guaranteed.
3.MATERIALS and METHOD

The research methodology for developing an

efficient crop recommendation system involves

several key steps, integrating advanced
machine learning techniques with fuzzy logic
and similarity scoring. The first stage includes
contextual query expansion using pre-trained
language model embeddings (BERT) to enrich
user-originated queries with semantics that
include agricultural terms, thereby expanding
the context of the inputs. The second stage
computes similarity scores using the

Independently Recurrent Neural Network

(IndRNN) outputs to quantify how similar an

expanded input query is to historic cases in the

knowledge base. The third stage classifies the
underlying feature representations using

XGBoost through the use of gradient-boosted

decision trees to recommend crop types.

Finally, the fourth stage processes the

classification outputs into fuzzy logic

thresholds to accommodate the uncertainty in
agricultural contexts. These cases could be
determined as 'Distinct’ (<50% similarity),

'Matching' (50-75%), or 'Closely Matching'

(>75%) with the percentages defined as

dynamic, data-adaptive boundaries. In

conclusion, the sequential data integration of
natural language processing, neural networks,
ensemble learning, and fuzzy systems ensures
accurate, interpretable recommendations
whilst sustaining the actual variability in
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agricultural parameters. Figure 1 shows the
workflow diagram of BQ-CBRS.

Fig. 1 BQ-CBRS Framework Workflow: From

Query Processing to Crop Recommendation.
3.1.Data Collection and Preprocessing
The Crop Recommendation Dataset were
obtained from
https://github.com/nileshely/Crop
Recommendation/blob/main/Crop
Recommendation.
CSV is used to recommend suitable crops based
on various environmental and soil parameters.
In this instance, Table 1 represents key
environmental data attributes extracted from
the Dataset to choose suitable crops based on
numerous environmental and soil constraints.
Table 2 describes the key crop yield prediction
to identify factors that influence harvest
productivity under varying settings.
Table 1 Key Environmental Data Attributes.

Parameter Description Unit

Nitrogen (N) Concentration of parts per

nitrogen in the million (ppm)

. sail

Phosphorus (P)  Concentration of parts per
phosphorus in the  million (ppm)
soil
Concentration of parts per

Potassium (K)

potassium in the million (ppm)
soil

Temperature Mean degrees
temperature Celsius (°C)

Humidity Mean humidity percentage
level (%)

pH Value Soil acidity or scale from o
alkalinity to14

Rainfall Total annual millimeters
precipitation (mm)

Table 2 Key Crop Yield Prediction Attributes.
Attribute Specification

Crop Type of crop recommended based on
environmental data
Yield Predicted yield of the crop (measured in

kilograms per hectare)

3.2.Embedding-Based Query Expansion
This approach uses contextual embeddings
from a pre-trained language model, e.g., BERT,
to expand the original query with semantically
related terms. The goal is to capture the context
and meaning of the query more effectively than
traditional methods.

Algorithm:  Contextual Embedding-Based
Query Expansion

Step 1: Preprocess Query:
— Tokenize the original query into individual
tokens.
Step 2: Generate Embeddings:

— Load a pre-trained language model (e.g.,
BERT).

— For each token in the query, generate
contextual embeddings using the model.

Step 3: Compute Similarity:

— For each token embedding, calculate
cosine similarity with the embeddings of
terms in a large vocabulary.

Step 4: Select Top Terms:

— Identify the top N terms from the
vocabulary with the highest similarity
scores to the query tokens.

Step 5: Expand Query:

— The original query is combined with the
selected top N terms to form an expanded
query, enhancing the retrieval process.
The expanded query Qcxpangea €an be
represented as:

Qexpanded = Qoriginal + Zliv—l topi (1)
Where Qexpandea is the expanded query and
top; are the top N terms of the expanded
query.

Step 6: Retrieve and Re-rank:

— Use the expanded query to perform a
search.

— Re-rank the retrieved documents based on
their relevance to the expanded query

3.3.IndRNN for Similarity Scoring
IndRNN Model: An Independently Recurrent
Neural Network (IndRNN) is employed to
calculate similarity scores between the query
tokens and terms in a large vocabulary.
Cosine Similarity: Cosine similarity is used
to measure the similarity between the
contextual embeddings of the query tokens and
the vocabulary terms. This utilization helps in
identifying the most relevant terms for query
expansion. The cosine similarity between two
embeddings, e,; and e,;, is calculated from:

€t Cyj
lealleyl (2
where e, is a vector, possibly representing a
token (like a word) from a query or sentence,
indexed by ti, and e,; is another vector, possibly
representing a token from a document or
another sentence, indexed by vj.
3.4.Boosting Approach (XGBoost)
XGBoost refers to extreme gradient boosting,
and it is a very flexible and efficient machine
learning technique. It works quite well for
regression and classification problems,
modeled after the principle of gradient
boosting, where models are built up
sequentially based on the errors of previous
models. The basic learners of XGBoost are
decision trees; an ensemble of trees is built to
improve prediction accuracy. One of its
redeeming points is regularization, which
prevents over-fitting and enhances the
generalization of the model. Besides, XGBoost
is designed for the efficient use of sparse data in
practice due to its sparsity-aware split finding

cosinesimilarity(ey, e;) =
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algorithm. In terms of approximate tree
learning, it also uses a weighted quantile sketch
to handle large datasets quite well. It has been
developed to allow for parallel processing,
which takes advantage of wolfing multiple CPU
cores for faster training. Touted to be
computationally scalable, it can handle datasets
with billions of examples, making it suitable for
myriad machine learning competitions and
many real-world applications. It is robustness,
high performance, and handling of missing
values. Outliers have further contributed to its
understanding across different domains.
3.5.Classification and Threshold Rules
In BQ-CBRS, classification of specific user
queries into appropriate case types is
performed based on a combination of empirical
thresholds, machine learning predictions, and
fuzzy logic refinement. The previous heuristic
rules, manually defined at the start of the
project trajectory, have been compressed and
incorporated into a data-driven classification
paradigm.

e Empirical Thresholds for Case Type
Classification: The calculated similarity
scores between the user query and
previously used cases were constructed
using IndRNN-based semantic analysis
and vector similarity. After conducting an
experimental evaluation using a validation
set, the following thresholds for
classification were established:

e Distinct Case: Similarity score < 50%.

e Matching Case: 50% < Similarity score <
75%.

¢ Closely Matching Case: Similarity score >
75%.

e Fuzzy Logic for Threshold
Adaptability: The introduction of fuzzy
sets allows researchers to address fixed
thresholds and deal with borderline cases

in which the similarity scores could be
interpreted in different categories. In these
fuzzy sets, fuzzy membership was defined
for the similarity score due to shared
membership in relative categories. By
utilizing a small tolerance interval (&) for
membership overlaps between categories, a
more gradual transition can be created,
particularly when similarity scores are
close to threshold boundaries. The fuzzy
membership is used to help determine the
likelihood that the case falls into the
category or categories, allowing for more
nuanced classification.
¢ Combined with Boosting-based
Learning: To improve decision-making,
an XGBoost classifier was trained to
classify case categories based on multiple
features, i.e., similarity score, embedding
similarity, and contextual alignment, and
compare the output class against previously
determined fuzzy membership score(s) to
ultimately help guide categorization,
complete with further accuracy and
generalizability beyond concrete
thresholds.
These thresholds were chosen based on testing
to maximize classification accuracy, F1 score
(harmonic mean of precision and accuracy),
and minimize MSE (mean square error) during
validation (see Table 4). Figure 2 illustrates the
proposed algorithm. A user query is compared
to past cases using IndRNN to compute the
similarity score, and then, using XGBoost, the
model is trained and tested. Fuzzy logic-based
thresholds are applied to categorize cases as
most matching, matching, or distinct. After
applying classification and threshold rules to
categorized data, either matching or distinct
cases are selected for further analysis.

User Query | New Case
4 Expansion
L)

Query

Y
Similarity Score
using IndRNN

Case base Pastcases | | Pastcases

¥

l

Boosting Integration

T
A ] L]

Train Boost Model Predict Refined Similarity

Classification

v v
[

Fuzzification with

Boosting

! v

QOutput: Top-k result P E—

Define Fuzzy Set and Adjust Threshold
Equivalence Relation

Fig. 2 System Architecture of Dynamic Fuzzy Information System with Agriculture Decision
Retrieval.
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Algorithm: BQ-CBRS

Input: User Request (UR), Knowledge Base
(KB)
Output: Categorized Results (Distinct,
Matching, Closely Matching)
Step 1: Initialization
- Define Input Parameters:
e UR: User Request
e KB: Knowledge Base
e Augmented query terms for better
representation.
- Matching Computation:

e Use advanced neural models to compute
Matching metrics for query elements:

o sim_UR « Matching score for UR.
o sim_KB « Matching score for KB.

e Optimize pair matching by identifying the
best combination (sim_UR, sim_KB) to
maximize word-level correspondence.

e Incorporate pre-trained word embeddings
like Word2Vec or cosine Matching for
vector-based assessments.

- Synset Evaluation:

e Analyze related clusters (synonyms and
concept groups) to refine Matching scores
between UR and KB.

Step 2: Integration with Machine Learning
- Train a Predictive Model:

o Utilize features such as Matching metrics,
term  frequency, and  contextual
embeddings to train an ensemble-based
model (e.g., boosting).

- Prediction:

e Employ the trained model to produce

refined Matching classifications.
Step 3: Classification Rules
— Threshold Assignment:

e Distinct: Score < 50%.

e Matching: 50% < Score < 75%.

e Closely Matching: Score > 75%.

Step 4: Fuzzification and Dynamic
Adjustment
- Fuzzy Set Creation:

e Define fuzzy sets Fi, F2, .., Fn for
Matching domains within the universal
set.

Fuzzy Relation Definition:
Establish equivalence fuzzy relations
R(F1, F2) for each pair of fuzzy sets.

- Define Intervals:

e Introduce tolerance & to define fuzzy
intervals:

e u(v) = R(v, n) for the range n-§ < v < n+8.

e Else, set u(v) = o.

— Dynamic Threshold Adjustment:

e Use predictions from the ensemble model
to adapt classification thresholds
dynamically based on Matching context.

Step 5: Result Output

— Return  categorized results (Distinct,
Matching, Closely Matching).

- Utilize fuzzy relations and dynamic
thresholds to refine the Cclassification
accuracy.

3.RESULTS AND ANALYSIS

This section demonstrates the results of the
suggested effort using machine learning and
fuzzy logic. The solution was put to the test by
extracting agricultural cases from a case base
and conducting comprehensive trials to
validate its efficiency. According to the
suggested "problem—solution—association"
representation, all examples were arranged in
this way.

The absolute mean error (AME) was 1.013, the
Root Mean Squared Error (RMSE) was 0.003,
and the mean square error (MSE) was 0.055.

AME = E=lll 3)
N X
RMSD = [HzCiF @
— \2
MSE = % (X - Yy) 5)

where

AME = Absolute mean error

RMSD = Root mean square deviation

MSE = Mean squared error

n = Total number of data points

N = Number of non-mixing data points

Xi = Observed value

Yi = Prediction value

i = variable number

4.1.Scenario Analysis

The updated report summarizes the results for
each scenario, as shown in Table 3, including
the scenario type, input parameters, precision,
recall, F1 score, Accuracy, Standard Deviation,

and Confidence level:
TP+TN

Accurac‘y = TP+TN+FP+FN (6)
Precision = Tperp =)
Recall P= e 8
Flscore — 2 recisionxXReca. (9)

Precision+Recall
Standard Deviation (SD) 0 =

4’% 1iv:1(xi — w)? (10)

Confidencelnterval(CI) = u +
¢ 4 (11)
0.975,N-1" /5

Table 3 provides a comprehensive overview of
the performance metrics for each scenario,
demonstrating the high performance achieved
by the proposed crop recommendation system,
along with the specific input parameters used in
each scenario. Table 3 Performance Evaluation
Across Scenarios: Precision, Recall, F1-Score,
and Accuracy Metrics with Statistical
Variability (Mean + Standard Deviation and
95% Confidence Intervals).
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Table 3 Scenario Analysis Results of the Proposed System.

Precision (%) Recall (%) F1 Score (%) Accuracy (%)
Scenario Scenario Type Input Parameters (Mean + SD) (Mean + SD) (Mean + SD) (Mean + SD)
[95% CI] [95% CI1 [95% CI] [95% CI]
Temperature: 15°C,
Pesticide Type: 3, Soil 100 + 0.0 [100, 96.55 + 0.78 08.25+0.39 98.05 + 0.42

Scenario 1 Most Similar

Type: 2, Crop Damage:

Wind Speed: 12 m/s

100]

[95.98, 97.12]

[97.96,98.54]

[97.73,98.37]

Scenario 2 Most Similar

Temperature: 20°C,
Pesticide Type: 1, Soil

Type: 1, Crop Damage:

Wind Speed: 12 m/s

=

100 + 0.0 [100,
100]

96.55 + 0.82
[95.94, 97.16]

98.25 £ 0.41
[97.94, 98.56]

98.05 + 0.45
[97.71, 98.39]

Scenario 3 Similar

Temperature: 26°C,
Pesticide Type: 3, Soil

Type: 1, Crop Damage:

Wind Speed: 10 m/s

=

100 #+ 0.0 [100,
100]

96.55 + 0.75
[96.01, 97.09]

98.25 £ 0.38
[97.97,98.53]

98.05 + 0.41
[97.74, 98.36]

Scenario 4 Similar

Temperature: 24°C,
Pesticide Type: 1, Soil

Type: 2, Crop Damage:

Wind Speed: 13 m/s

100 + 0.0 [100,
100]

96.55 + 0.80
[96.00, 97.10]

98.25 £ 0.40
[97.95, 98.55]

98.05 + 0.43
[97.72, 98.38]

Scenario 5 Dissimilar

Temperature: 25°C,
Pesticide Type: 1, Soil

Type: 2, Crop Damage:

Wind Speed: 16 m/s

100 + 0.0 [100,
100]

96.55 £ 0.77
[96.03, 97.07]

98.25 £ 0.39
[97.96, 98.54]

98.05 + 0.44
[97.71,98.39]

Scenario 6 Dissimilar

Temperature: 16°C,
Pesticide Type: 1, Soil

Type: 1, Crop Damage:

Wind Speed: 10 m/s

=

100 + 0.0 [100,
100]

96.55 + 0.79
[95.99, 97.11]

98.25 £ 0.40
[97.95, 98.55]

98.05 + 0.42
[97.73, 98.37]

The findings in Table 3 indicate that the present
BQ-CBRS framework performed uniformly
across all contexts with Perfect precision,
yielding 100% classification with zero
variability. The other calculations contained
some minor variations (Recall: 96.55% + 0.75-
0.82; F1-Score: 98.25% + 0.38-0.41; Accuracy:
98.05% + 0.41-0.45); however, they are similar.
The narrowest 95% confidence intervals, e.g.,
accuracy of 97.71%-98.39%, provide assurances
regarding the reliability of the findings, with all

ranges excluding baseline thresholds (<95%),
qualifying as statistically acceptable
improvements. In addition, these stability
metrics indicate that the model is resilient to
differing agricultural contexts and able to
provide consistent levels of performance. The
stability metrics reported in Tables 3 and 4 are
probably representative of the remainder of the
model scenarios due to the use of 10-fold
(n=1000 samples per scenario) cross-
validation in generating the models.

Comparison of Performance Metrics for Different Scenarios

100+ EEm Precision (%)
I Recall (%)
EEm F1 Score (%)
BEm Accuracy (%)
80
2
o 601
o
2
c
]
bt
& 40t
20
0

Scenarios

Fig. 3 Comparison of Performance Metrics for Different Scenarios.
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Figure 3 shows the performance metrics, i.e.,
Precision, Recall, F1 Score, and Accuracy, for
the six different scenarios. As the data shows,
all metrics were consistent across all scenarios,
with values of 100% for precision, 96.55% for
recall, 98.25% for F1 Score, and 98.05% for
accuracy. The Proposed Methodology (BQ-
CBRS) outperformed other methods in both
performance  metrics and  functional
capabilities, achieving the highest accuracy,
precision, recall, and Fi-Score, while also
minimizing error and processing time. It excels
in flexibility, scalability, adaptability, and
handling data uncertainty, offering superior
results compared to CBR with Rule-Based
Systems, Traditional ML Models, and Hybrid
Fuzzy-ML Techniques. Table 4 shows that the
Proposed Methodology (BQ-CBRS)
demonstrated superior performance across all
key metrics, including accuracy, precision,
recall, Fi-score, and query processing time,

Table 4 Performance Metrics Comparison.

outperforming CBR with Rule-Based Systems,
Traditional ML Models, and Hybrid Fuzzy-ML
Techniques. Figure 4 illustrates the bar graph
comparing the performance metrics of the
proposed methodology (BQ-CBRS) against
other approaches. The metrics include
Accuracy, Precision, Recall, F1-Score, Mean
Squared Error (MSE), and Query Processing
Time. BQ-CBRS excels in flexibility, scalability,
adaptability, and handling data uncertainty,
offering high performance in all these aspects.
While other methods showed moderate to low
capabilities in comparison. Table 5 shows that
the proposed methodology effectively
categorizes agricultural cases with high
accuracy and low error rates. The use of fuzzy
logic enhanced the precision of similarity
measurements, allowing for more reliable case
retrieval. The system's performance across
various scenarios confirmed its robustness and
adaptability to different agricultural conditions.

Metric Proposed CBR with Rule- Traditional ML Hybrid Fuzzy-ML
Methodology Based Systems [5, Models [26, 28] Techniques [22,24]
(BQ-CBRS) 12]

Accuracy (%) 94.8 85.3 88.6 91.2

Precision (%) 93.5 83.7 86.4 90.1

Recall (%) 92.7 81.5 87.0 89.5

F1-Score (%) 93.1 82.5 86.7 89.8

Mean Squared Error (MSE) 0.014 0.042 0.038 0.027

Query Processing Time (ms) 120 190 150 140

Performance Metrics Comparison

B Proposed Methodology (BQ-CBRS)
[ CBR with Rule-Based Systems
175[ mmm Traditional ML Models

MW Hybrid Fuzzy-ML Techniques

150

125

100

Values

o) T %)
pecure®y N orecision gecal P

Fl—'icofe )

(=
oan gauarl

(!

Metrics

Fig. 4 Performance Metrics Comparison.

Table 5 Functional Capabilities Comparison.

Parameter Proposed Methodology CBR with Rule- Traditional Hybrid Fuzzy-ML
(BQ-CBRS) Based Systems ML Models Techniques

Flexibility in Data High (Dynamic Moderate Low Moderate

Types Fuzzification)

Scalability High Moderate Low Moderate

Adaptability High (Dynamic Threshold  Low Low Moderate
Adjustment)

Handling Data Excellent (Fuzzification & Poor Moderate Good

Uncertainty XGBoost)
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5.CONCLUSIONS
In summary, this research demonstrates that
Case-Based Reasoning, combined with other
advanced computing techniques, including
query expansion, fuzzification, and IndRNN-
based similarity scoring, can be implemented in
agricultural information retrieval systems.
Consequently, such a system implements
superior crop recommendations with greater
accuracy and an overall lower mean square
error value on the dataset presented. The BQ-
CBRS model offered novelty through the joint
extraction of deep contextual embedding (via
BERT), fuzzification thresholds, recurrent
similarity measuring (IndRNN), and a
gradient-boosted decision tree (XGBoost) to
create a comprehensive, interpretable, and
dynamically adaptive decision support system
tailored explicitly for the field of agriculture.
The forthcoming research will implement
optimizations to reduce the latency of the
system by enabling it to operate in a fog
architecture mode. Other enhancements will
focus on improving its predictive capabilities
regarding managing pest control, fertilization,
and manuring. The integration of real-time
data from IoT devices and further
improvements on the query expansion
technique will also work towards enhancing the
responsiveness and accuracy of the system. The
advancement is envisaged to provide
comprehensive  support for  precision
agriculture, decision-making, and sustainable
farming.
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