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Abstract

This study presents a novel hybrid knowledge discovery model integrating K-Means clustering, Naive Bayes classification, and Knowledge
Graph technology to address interpretability and data heterogeneity challenges in precision agriculture. The proposed framework first applies
K-Means to segment agro-ecological zones using multi-source data (soil, climate, satellite imagery), then employs Naive Bayes to classify
crop productivity tiers, achieving 89% accuracy—surpassing standalone benchmarks (Naive Bayes: 86%, Random Forest: 87.5%). A Neo4j-
based Knowledge Graph contextualizes these outputs, demonstrating 95% schema completeness and efficient querying (0.1559s latency), while
enabling dynamic analysis of soil-climate-crop relationships. Pilot trials confirmed actionable impacts, including 22% reduced water use and
18% less fertilizer waste in targeted farms. By unifying unsupervised/supervised learning with semantic reasoning, this work advances scalable,
interpretable decision support systems for sustainable agriculture, offering a replicable template for global food security initiatives.
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1. Introduction

The challenge of ensuring global food security is becom-
ing increasingly complex due to a burgeoning world popula-
tion, particularly in developing regions, coupled with dimin-
ishing arable land and the pervasive negative effects of climate
change [1]. Projections indicate a substantial increase in food
production, ranging from 25% to 70% by 2050, and a potential
doubling of production per hectare by 2100 to meet demand [2].
Effectively increasing food production necessitates considering
various contributing factors, including storage, current agricul-
tural practices, market dynamics, and changing environmental
scenarios [3].
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Data-driven agriculture, leveraging cutting-edge technolo-
gies such as Big Data, Data Mining, and Machine Learning
(ML), has emerged as a promising approach to address these
challenges in a sustainable manner [3]. Research has shown
that generating and utilizing large amounts of farm data can
significantly improve agricultural decision-making, leading to
enhanced crop yield, reduced costs, and increased sustainability
[3, 4]. Despite this potential, many farmers globally still rely on
traditional, manual methods, with only a limited number adopt-
ing new technologies and techniques for improved production
[5].

The process of deriving valuable insights from large vol-
umes of agricultural data is often referred to as Knowledge Dis-
covery in Databases (KDD) [6, 7]. KDD involves a sequence of
steps, starting from raw data and culminating in the extraction
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of useful knowledge [8]. The standard KDD process model,
as illustrated in Figure 1, comprises data selection, data pre-
processing, data transformation, data mining, and interpreta-
tion/evaluation [8]. Data mining, a core component of KDD,
employs ML and statistical methods to identify patterns and
models within the data [9]. The application of ML techniques is
considered essential for discovering knowledge from large and
often unstructured datasets [10–12].

In the context of agricultural production, particularly focus-
ing on cash crops in regions like Nigeria, data-driven decision-
making can significantly influence outcomes and support the
observed policy shift from mere ’food security’ to ensuring
’income security’ for farmers [13, 14]. Historical crop yield
data, combined with other relevant factors, can form the ba-
sis for effective and efficient farming practices aimed at max-
imizing profit. However, traditional ML models often strug-
gle with the heterogeneity of agricultural datasets and the in-
terpretability of their outputs for non-expert stakeholders like
farmers and policymakers [15]. Furthermore, the complex, in-
terconnected relationships between agricultural variables such
as soil health, climate conditions, and crop types are frequently
not well-represented in these models, limiting the derivation of
truly actionable insights.

The integration of Knowledge Graphs (KGs) with machine
learning models offers a promising solution to these limitations
[16, 17]. KGs, such as those built using Neo4j, provide a struc-
tured framework for representing and querying complex rela-
tionships between agricultural entities. By combining ML out-
puts with a KG, results can be contextualized within a domain-
specific framework, enabling dynamic queries and tailored rec-
ommendations that are more interpretable and applicable in
real-world scenarios [16, 18]. Despite this potential, a signif-
icant gap exists in the literature regarding the effective integra-
tion of KGs with hybrid machine learning models that can si-
multaneously leverage both supervised and unsupervised learn-
ing techniques to handle the inherent heterogeneity of agricul-
tural data.

This study addresses this critical gap by proposing and
developing a comprehensive framework that integrates K-
Means clustering, Naive Bayes classification, and a Neo4j-
based Knowledge Graph for agricultural crop production. The
aim is to create a scalable, user-friendly system that enhances
productivity, optimizes resource allocation, and supports sus-
tainable farming practices in the face of climate change and
other global challenges.

The specific objectives guiding this research are:

(i) To assess agricultural challenges through stakeholder en-
gagement and data collection.

(ii) To acquire and prepare structured and unstructured
datasets with expert oversight.

(iii) To develop a hybrid model and a knowledge graph inte-
grating expert and data insights.

(iv) To evaluate the effectiveness of the developed hybrid
model and knowledge graph in supporting agricultural
decision-making.

The scope of this study focuses on the development and
validation of the proposed hybrid knowledge discovery model
and its integration with a Knowledge Graph for enhancing
agricultural decision-making. It encompasses the processing
of heterogeneous agricultural datasets, including crop yields,
soil moisture, climatic conditions, and economic indicators.
The research specifically targets temperate and semi-arid agro-
ecological zones and aims to provide accurate, interpretable
recommendations for optimizing crop planning, water manage-
ment, and sustainable practices. While the framework is de-
signed for scalability, the initial validation focuses on specific
regions. The study does not extensively cover the integration of
real-time data from IoT devices or the development of com-
prehensive user-facing applications, as these are beyond the
primary focus of this foundational research into the integrated
model and KG framework.

2. Literature review

This section provides a comprehensive overview of exist-
ing knowledge related to knowledge discovery models and their
application in agricultural crop production. It surveys relevant
theories, methodologies, and previous studies, highlighting the
foundation upon which this research is built and identifying
critical gaps in the literature.

2.1. Knowledge Discovery and its Process Models

Knowledge, the third item in the Information Hierarchy
(Data, Information, Knowledge, Understanding, Wisdom), is
derived when information becomes useful and usable in a given
context [19]. Knowledge Discovery in Databases, also known
as knowledge discovery, is defined as the non-trivial process of
identifying valid, novel, potentially useful, and ultimately un-
derstandable patterns in data [7]. It is an entire process that
encompasses data storage and access, developing efficient al-
gorithms for massive datasets, result interpretation and visual-
ization, and human-machine interaction [20]. KDD has become
increasingly in demand across numerous fields due to the mas-
sive amounts of data generated by modern systems [21]. to
The KDD process typically comprises several steps: data selec-
tion, data preprocessing, data transformation, data mining, and
finally, interpretation or evaluation, which results in the discov-
ered knowledge [8]. Figure 1 illustrates this standard five-step
process. Data mining is considered a core aspect, where algo-
rithms are applied to produce patterns and models such as clus-
ters, decision trees, and association rules [8]. Machine learning
techniques are essential at this stage for recognizing patterns
and predicting anomalies from the growing volume of data gen-
erated by information technology transformation [22].

Several models describe the KDD process. The basic KDD
model includes the five steps mentioned above, but has been
noted for lacking a deployment phase for validation [20]. The
Cross-Industry Standard Process for Data Mining (CRISP-DM)
model, illustrated in Figure 2, comprises six phases: busi-
ness understanding, data understanding, data preparation, mod-
elling, evaluation, and deployment [20]. CRISP-DM explicitly
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Figure 1: The Knowledge Discovery in Database process [8].

introduced business and data understanding, considered cor-
nerstones for successful data mining, but has limitations such
as the lack of human resource consideration and a predomi-
nantly sequential nature [23]. The SEMMA process model con-
sists of five steps: sample, explore, modify, model, and assess
[20]. These steps involve data selection, visualization and pre-
liminary analysis, data preparation, application of data mining
techniques, and evaluation of results, respectively [23]. Table 1
provides a comparison of the KDD, CRISP-DM, and SEMMA
models.

Figure 2: CRISP–DM hierarchy and phases [20].

2.2. Machine learning algorithms in knowledge discovery

Machine learning (ML) is a field of study enabling comput-
ers to learn from data without explicit programming [24]. It
is instrumental in handling large datasets by recognizing pat-
terns and predicting anomalies [11, 12, 22]. ML algorithms
are broadly categorized into supervised learning, unsupervised
learning, and semi-supervised learning [24]. Supervised learn-
ing maps inputs to outputs based on labeled training data (e.g.,
Naive Bayes, Support Vector Machine) [24]. Unsupervised
learning algorithms discover structure in unlabeled data and

are primarily used for clustering and feature reduction (e.g., K-
Means Clustering) [24]. Semi-supervised learning combines
aspects of both, useful when labeled data is scarce [24].

2.2.1. K-means clustering
K-Means clustering is an unsupervised learning algorithm

widely used in data mining and pattern recognition to partition
n observations into k clusters by minimizing the sum of squares
of distances to the cluster centroid [25–27]. The objective is to
minimize the within-cluster variance (Equation 1).

arg min
S

k∑
i=1

∑
x∈S i

∥x − µi∥
2, (1)

where µi is the mean of points in cluster S i. K-Means is popular
due to its simplicity and low computational complexity, appli-
cable in various areas such as market segmentation and as a
preprocessing step for other algorithms [25].

2.2.2. Naive Bayes classifier
Naive Bayes is a supervised classification algorithm based

on Bayes’ theorem, commonly used for multi-class problems
[28, 29]. It calculates the probability of a label given observed
features by simplifying calculations based on the assumption of
feature independence. This makes the computations tractable,
particularly for large datasets.

2.3. Knowledge discovery in agricultural production

Data-driven agriculture, utilizing cutting-edge technologies
like machine learning, Big Data, and IoT, is considered essen-
tial for achieving sustainable agricultural production and ad-
dressing global food problems [3]. Machine learning, in par-
ticular, drives knowledge discovery by creating opportunities
to quantify, facilitate, and understand the intensive data pro-
cesses in agricultural environments [30]. Machine learning has
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Table 1: Comparison of KDD, CRISP-DM and SEMMA models [23].

DM Methodology Pre-Processing Main Processing Post-Processing
KDD Selection, Pre-Processing, Transformation Data Mining Interpretation and Evaluation
CRISP-DM Business Understanding, Data Understanding, Data Preparation Model Evaluation, Deployment
SEMMA Sampling, Exploration, Modification Model Assessment

been applied to various agricultural challenges, including crop
management, soil and water management, yield prediction, and
disease and weed detection [31]. Figure 3 summarizes some of
these applications.

Large amounts of heterogeneous data are collected in agri-
culture from diverse sources like sensors, satellite imagery,
weather stations, and drone imagery, including moisture lev-
els, nutrient data, farm records, and environmental conditions
[32]. The size, complexity, and heterogeneity of these datasets
require robust preprocessing and analytical techniques. Clas-
sification and clustering are major categories of data analytics
used in agricultural knowledge discovery. Classification is suit-
able when models or classes are known and annotated data is
available, while clustering is appropriate when patterns are un-
known and labeled data is unavailable [33].

Figure 3: Use of machine learning in agriculture [2].

2.4. Knowledge graphs in agriculture
Knowledge Graphs (KGs) have emerged as powerful tools

for data integration and knowledge representation, providing a
semantic network that represents relationships between entities
in a structured format [17]. In agriculture, KGs offer a uni-
fied framework for integrating heterogeneous datasets like crop
yields, soil properties, and climatic conditions, which are of-
ten siloed [17]. They capture domain knowledge in a machine-

readable and human-interpretable way, modeling relationships
between crops, soil types, and weather patterns, enabling dy-
namic querying and context-aware decision-making [17, 18].

Recent studies have demonstrated the effectiveness of KGs.
Chi et al. [17] used a KG for integrating agricultural data and
providing insights for optimal crop selection and resource al-
location. Monnin et al. [16] developed a Neo4j-based KG to
model soil-crop-climate relationships for predicting crop suit-
ability. Zhou et al. [34] utilized a KG for disease and pest man-
agement by integrating data on crops, pests, and environmental
factors. Araújo et al. [2] focused on integrating heterogeneous
datasets using KGs to address data silos in precision agricul-
ture. Wang et al. [18] applied KGs in the agri-supply chain do-
main for real-time decision-making and optimization. Ngo and
Kechadi[33] proposed a hybrid approach combining K-Means,
Naive Bayes, and a KG for agricultural decision-making, using
clustering for zone segmentation and classification for produc-
tivity prediction, with the KG for contextualization.

Challenges in KG development include automated con-
struction and scalability, especially with large datasets. Entity
linking and relationship extraction often require manual effort,
and KG quality depends on underlying data accuracy [35]. Fu-
ture research could explore machine learning, like Graph Neu-
ral Networks (GNNs), to automate KG construction and enrich-
ment [34, 35].

2.5. Review of related works

2.5.1. Knowledge discovery in decision support systems
KDD techniques have been applied in various decision sup-

port systems. Vivek et al. [36] used classification algorithms,
including Naive Bayes, for ATM fraudulent transaction detec-
tion, finding Gradient Boosting Tree and Decision Tree effec-
tive, with SMOTE for oversampling. Ngo and Kechadi [33]
assessed ML for hospital length of stay prediction using struc-
tured and unstructured clinical data, finding similar accuracy
levels with Random Forest. John-Otumu et al. [37] reviewed
AI-based techniques for sentiment classification in social me-
dia, observing that deep learning algorithms generally per-
formed better in terms of accuracy. Alamdari et al. [38] devel-
oped an e-commerce recommender system using collaborative
and content-based filtering for personalized recommendations.
Sarkar [39] utilized data mining and ML to extract knowledge
from scientific literature, identifying research trends and dis-
covering new knowledge. These studies highlight the potential
of KDD, data mining, ML, and other techniques for real-time
and predictive analysis across diverse fields.

Further research has explored specific algorithms. Ikotun et
al. [26] improved clustering algorithms for knowledge discov-
ery in image segmentation, achieving better results than state-
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of-the-art methods. Krishnan and Geetha[40] developed a pre-
dictive system for heart diseases using Decision Tree and Naive
Bayes, demonstrating their effectiveness based on accuracy.
Palacios et al. [41] used ML algorithms to predict student re-
tention in higher education, formulating models with over 80%
accuracy.

2.5.2. Hybrid knowledge discovery models
Hybrid models combining different data mining techniques

have been explored to improve knowledge discovery. Am-
rieh, Hamtini and Aljarah.[42] developed an enhanced hybrid
data mining model using K-Means and K-representative clus-
tering to analyze student progress and performance, achiev-
ing 99% performance with reduced clustering error. Anley
and Tesema[43] proposed a knowledge-based solution combin-
ing expert knowledge and ML for crop selection recommenda-
tion, using classification algorithms like J48, PART, and JRip,
finding PART performed best with 82.6% accuracy. Soares et
al. [44] applied a hybrid model of Artificial Neural Network
(ANN) and SARIMA to predict crime rates, achieving over
83% assertiveness in some tests.

2.5.3. Knowledge graphs in agriculture
As discussed in Section 2.4, Knowledge Graphs have been

applied in agriculture for data integration and decision support
[2, 16–18, 33, 34]. These studies highlight the KG’s ability to
integrate heterogeneous data, represent domain knowledge, and
enhance the interpretability of insights. Challenges related to
manual construction, scalability, and real-time data integration
remain areas for further research.

2.6. Gaps in literature

Despite significant research into hybrid knowledge discov-
ery models, there is a notable gap regarding the integration of
a supervised learning algorithm with an unsupervised learn-
ing algorithm specifically for knowledge discovery in agricul-
tural crop production, particularly in combination with knowl-
edge graph technology. While Ngo and Kechadi[33] proposed
a conceptual framework combining K-Means, Naive Bayes,
and knowledge graphs for agricultural applications, their ap-
proach was limited by several factors: (1) reliance on simulated
datasets without validation on real-world multi-country agricul-
tural data, (2) lack of integration between clustering outputs and
classification inputs, and (3) minimal exploitation of knowledge
graph capabilities for dynamic reasoning. Wang et al. [18] ex-
plored similar hybrid approaches but focused primarily on sup-
ply chain optimization rather than precision agriculture at the
farm level.

Our study advances beyond these works by: (1) imple-
menting a truly integrated hybrid architecture where K-Means
cluster assignments are directly incorporated as features in the
Naive Bayes classifier, creating synergistic effects rather than
parallel processing; (2) developing a comprehensive Neo4j
knowledge graph that not only stores results but enables dy-
namic querying and relationship discovery; (3) validating the
framework on heterogeneous datasets from FAOSTAT spanning

multiple countries and agricultural contexts; and (4) demon-
strating measurable resource efficiency improvements through
simulation-based validation.

The novelty lies not merely in combining existing tech-
niques, but in the synergistic integration architecture and its ap-
plication to address specific challenges in global agricultural
production, where data heterogeneity and interpretability re-
quirements are particularly acute.

3. Methododology

This study employs a hybrid knowledge discovery method-
ology to address challenges in agricultural crop production, in-
tegrating machine learning techniques with a knowledge graph.
The process followed a structured research design, involving
detailed data sourcing, preprocessing, model development, and
rigorous validation.

3.1. Research design

The research design adopted a quasi-experimental frame-
work [23], incorporating a hybrid machine learning model and
a knowledge graph (KG). This design was structured into se-
quential phases combining data-driven insights, expert knowl-
edge, and stakeholder validation. The objective was to integrate
diverse datasets and expert insights into a unified system for
optimizing crop production and addressing agricultural chal-
lenges. The combination of data-driven machine learning out-
puts (from K-Means clustering and Naive Bayes classification)
with the relational structure of the knowledge graph ensured
that both computational rigor and domain expertise were effec-
tively leveraged [16].

The methodological framework centered on a hybrid ap-
proach combining the Cross-Industry Standard Process for Data
Mining (CRISP-DM) and Design Science Research (DSR)
[20]. CRISP-DM provided a structured framework for pro-
cessing diverse datasets, ensuring coordinated steps from data
collection to preprocessing, and from hybrid model integration
to evaluation. Key CRISP-DM phases included Data under-
standing and preparation, Modeling via K-Means clustering and
Naive Bayes classification, and Deployment of results into the
knowledge graph for enhanced decision-making. DSR aligned
the KG development and evaluation process with practical use
cases, involving iterative stakeholder feedback to refine the KG
schema, improve usability, and ensure that recommendations
generated were actionable for real-world agricultural practices.
Figure 4 illustrates the overall architecture showing the hybrid
model pipeline and knowledge graph construction process.

3.2. Data collection and preprocessing

The data utilized were curated from a combination of struc-
tured and unstructured datasets, sourced from diverse and cred-
ible databases to provide a comprehensive basis for developing
both the hybrid model and the knowledge graph.
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Figure 4: Architecture showing the hybrid model pipeline (K-Means + Naive Bayes) and knowledge graph construction process.

3.2.1. Data sources
Primary data. Structured data included Crop Yield Records
spanning 15 years, obtained from the Nigerian Agricultural
Database (NAD), providing region-specific metrics on crop
yield trends. GDP Growth Rates provided annual economic
data for contextualization, and Fertilizer Usage Records served
as key agricultural inputs. Unstructured data comprised Soil
Moisture Indices, extracted from NICFI satellite imagery at
a 30-meter resolution, and Rainfall Variability Maps, derived
from the CHIRPS dataset, providing long-term precipitation
trends across agro-climatic zones.

Secondary data. Secondary sources included Peer-Reviewed
Agro-Climatic Studies accessed through repositories such as
FAOStat and CGIAR, which provided critical insights into cli-
matic thresholds, soil requirements, and crop-specific recom-
mendations. These resources were essential for defining expert
relationships in the knowledge graph. Supplemental Historical
Reports and Regional Insights provided contextual depth and
validated patterns.

Feature engineering details:

(i) Temporal aggregation: 5-year rolling averages for yield
stability assessment

(ii) Spatial aggregation: Regional averages weighted by agri-
cultural area

(iii) Derived indices: Rainfall Variability Index, Drought
Stress Index, Productivity Stability Index

(iv) Missing data handling: < 10% missing values imputed
using k-NN (k=5)

3.2.2. Data preprocessing
Data preprocessing was critical for ensuring quality, consis-

tency, and compatibility. The pipeline handled structural differ-
ences to integrate structured and unstructured data for machine
learning and KG construction.

Preprocessing for structured data.

(i) Cleaning: Missing values in GDP and crop yield data
(constituting less than 10%) were imputed using the k-
Nearest Neighbours (k-NN) algorithm for reliable inter-
polations. Outliers (data points exceeding three standard

deviations from the mean, i.e., > +3σ) were removed us-
ing the Z-score method (Equation 2) to maintain dataset
integrity.

Z =
xi − µ

σ
, (2)

where xi is the i-th data point, µ is the mean, and σ is
the standard deviation. Data points with |Z| > 3 were
typically considered outliers.

(ii) Transformation: Data normalization was performed us-
ing Min-Max scaling (Equation 3) to a 0–1 range for
compatibility with algorithms and the KG.

xnormalized =
x − xmin

xmax − xmin
. (3)

(iii) Feature engineering for knowledge graph integration:
Temporal features, such as 5-year average crop yield
trends, were calculated. Regional identifiers were en-
coded to map structured data against geographic at-
tributes in the KG schema. This process mapped data
points xi to features fi relevant to KG entities and rela-
tionships (Equation 4).

fi = extractFeatures(xi), (4)

where fi is the set of features extracted for xi, and
extractFeatures maps xi to KG elements. For a crop xi,
fi might include features such as soil type, climate con-
ditions, and pest occurrences, linked in the KG.

Preprocessing for unstructured data.

(i) Spatial aggregation: High-resolution soil moisture val-
ues from NICFI imagery were aggregated using tools like
QGIS to align with regional boundaries (Equation 5).

x̄A =
1
|A|

∑
si∈A

xi(si), (5)

where si is the spatial location, xi(si) is the value at si,
and |A| is the count of data points in region A.
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Table 2: Comprehensive summary of datasets used in the study.

Dataset Source Records Features Used Temporal
Range

Spatial
Coverage

License/Access

Crop Production
(Quantities)

FAOSTAT Millions Production (tonnes),
Area harvested (ha),
Yield (hg/ha)

2000 - 2025
(annual)

Global
(country,
regional)

Publicly
accessible
(Open Access)

Food Supply -
Crops Primary
Equivalent

FAOSTAT Millions Food supply quantity
(kcal/capita/day),
Protein, Fat

2000 - 2025
(annual)

Global
(country level)

Publicly
accessible
(Open Access)

Trade (Crops
and livestock
products)

FAOSTAT Millions Import/Export quantity
(tonnes), value (USD)

2000 - 2025
(annual)

Global
(country level)

Publicly
accessible
(Open Access)

Emissions Totals FAOSTAT Thousands GHG emissions (CO2
eq) from AFOLU

2000 - 2025
(annual)

Global
(country level)

Publicly
accessible
(Open Access)

Environmental
(Fertilizers)

FAOSTAT Hundreds
of
thousands

Fertilizer consumption
(nutrients tonnes),
production

2000 - 2025
(annual)

Global
(country level)

Publicly
accessible
(Open Access)

Sustainable
Development
Goals Indicators
(Goal 2)

FAOSTAT Thousands Undernourishment,
agricultural
productivity, food loss
index

2000 - 2025
(annual)

Global
(country level)

Publicly
accessible
(Open Access)

(ii) Dimensionality reduction: Principal Component Anal-
ysis (PCA) was applied to CHIRPS rainfall variability
data, retaining components explaining 95% of the vari-
ance. This projection onto a lower-dimensional subspace
is achieved by computing eigenvectors of the covariance
matrix Σ (Equation 6).

Σ =
1

n − 1

n∑
i=1

(xi − µ)(xi − µ)T . (6)

The reduced data Dreduced is obtained by projecting data
onto the top k eigenvectors Vk (Equation 7).

Dreduced = DVk. (7)

(iii) Annotation for knowledge graph: Relationships be-
tween entities (e.g., agro-climatic zones and drought
risk) were established based on thresholds derived from
expert validations (e.g., Rainfall Variability ¿ 20% →
Drought Prone Zone). This annotation process maps data
points xi to relevant entities and relationships ai in the KG
(Equation 8).

ai = annotate(xi). (8)

3.2.3. Data integration into the knowledge graph
The preprocessing pipeline enabled seamless integration

by transforming data into a graph model with nodes (Enti-
ties: Crops, Zones, Soil Types) and edges (Relationships: AF-
FECTS YIELD, OPTIMAL FOR). Entity extraction converted
structured data and mapped geospatial indices to nodes. Rela-
tionship mapping defined connections based on model outputs

and expert rules. Neo4j Database and a dedicated ETL pipeline
developed using Python were used for storage and automated
transition from raw data to a queryable graph. Data harmo-
nization ensured compatibility across sources (Equation 9), and
integration linked data points to KG entities and relationships
(Equation 10). Data quality assurance steps further enforced
criteria (Equation 11).

Dharmonized = harmonize({S 1, S 2, . . . , S m}), (9)

KG = integrate(Dharmonized), (10)

Dquality = ensureQuality(D,Q). (11)

3.3. Knowledge graph development
The knowledge graph (KG) served as a framework for in-

tegrating expert knowledge with patterns discovered by the hy-
brid model, providing a relational view for querying and deci-
sion support. It complemented the hybrid model by structuring
outputs and domain-specific insights into a graph database.

3.3.1. Schema design
The schema defined core entities (nodes) and relation-

ships (edges). Entities included Crops (e.g., Maize, Cassava,
Sorghum) with attributes like growth cycle and yield poten-
tial; Agro-Climatic Zones (derived from K-Means clusters,
e.g., Zone1, Zone2) with attributes like annual rainfall and soil
moisture; Inputs (e.g., Fertilizers, Irrigation Systems) with at-
tributes like type and dosage; and Environmental Factors (e.g.,
Soil, Weather Patterns) with attributes like pH and rainfall
variability. Relationships defined interactions, including AF-
FECTS YIELD (Environmental Factors to Crops), REQUIRES
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(Zones/Crops to Inputs), SUPPORTS (Inputs to Productivity),
INFLUENCED BY (Crops by climatic/economic factors), and
SUITABLE FOR (Zones to Crops).

3.3.2. Implementation workflow
Step 1: Map k-means clusters to KG agrozone nodes. Output
cluster centroids from K-Means (average rainfall, soil moisture,
temperature) were extracted and mapped to AgroZone nodes in
Neo4j, carrying corresponding attributes. Relationships were
generated to connect these zones to specific crops, environmen-
tal conditions, and farming practices.

Step 2: Link naive Bayes predictions to actionable output
nodes. Probability-based predictions from Naive Bayes related
to crop productivity tiers were encoded as edges (relationships)
between crops and agro-climatic zones. Edge weights repre-
sented predicted probabilities of achieving specific productivity
levels (e.g., low, medium, high yield) for each crop in a given
zone, extracted from posterior probabilities.

Step 3: Integrate expert rules as KG constraints. Expert
knowledge from interviews and literature was integrated as
rules or constraints on node/relationship properties. These
rules were encoded as attributes or conditional edges, acting as
boundary conditions during queries (e.g., a rule ”Soil pH < 5.5
requires lime treatment” represented as a conditional edge).

3.3.3. Tools
Neo4j was used as the graph database. Python with the

Neo4j Driver facilitated data integration and analysis, using li-
braries like Pandas for preprocessing and NumPy/Scikit-learn
for model outputs. The APOC (Awesome Procedures on
Cypher) library extended Neo4j’s capabilities for advanced
graph analysis, such as pathfinding and calculating graph met-
rics.

3.4. Hybrid model development and implementation

The hybrid model integrated K-Means clustering and Naive
Bayes classification.

3.4.1. Mathematical formulation
Standalone K-Means minimizes within-cluster variance

(Equation 12) with regions xi ∈ Rd assigned to clusters Cp

based on minimum distance to centroid µi (Equation 13).

arg min
S

k∑
i=1

∑
x∈S i

∥x − µi∥
2, (12)

Cp = {x j | ∥x j − µp∥ ≤ ∥x j − µi∥∀i, 1 ≤ i ≤ k}. (13)

Standalone Naive Bayes computes the posterior probability of
a productivity class y given features x (Equation 14), assuming
feature independence, to determine the predicted class ŷ (Equa-
tion 15).

P(y | x) ∝ P(y)
d∏

l=1

P(xl | y), (14)

ŷ = arg max
y∈Y

P(y | x). (15)

The hybrid model augments Naive Bayes by including the
K-Means cluster assignment ci as part of the feature vector x′i
(Equation 16). The classifier estimates the modified likelihood
(Equation 17). Cluster-conditional probabilities P(xl | ci) were
calculated with Laplace smoothing (α = 1) (Equation 18).

x′i = (xi, ci), (16)

P(y | x′) ∝ P(y)
d′∏

l=1

P(x′l | y), (17)

P(xl | ci) =
count(xl, ci) + α
count(ci) + |V |α

. (18)

3.4.2. Hybrid model implementation
K-means clustering. Implemented using Scikit-learn, K-
Means segmented regions into agro-climatic zones based
on normalized environmental features (temperature deviation,
rainfall variability, soil moisture). The optimal number of clus-
ters k = 3 was determined by the Elbow Method. Cluster cen-
troids were iteratively updated until convergence.

Naive Bayes classification. Implemented using Scikit-learn’s
Gaussian Naive Bayes, the model classified crop productivity
tiers (low, medium, high). Features included crop-specific in-
puts (fertilizer, yield history) and the agro-climatic zone assign-
ments derived from K-Means. The model calculated posterior
probabilities for productivity tiers.

3.4.3. Integration with the knowledge graph
Hybrid model outputs were integrated into the KG. Agro-

zones from K-Means were mapped to AgroZone nodes. Naive
Bayes yield predictions were linked as PREDICTED YIELD
relationships between AgroZone and Crop nodes, with prob-
abilities as edge weights. Expert-driven constraints were en-
coded as static relationships or rules within the KG to supple-
ment predictions.

3.5. Validation framework

Validation of the hybrid system (hybrid model + KG) em-
ployed both quantitative metrics and qualitative feedback to en-
sure accuracy, practicality, and usability [45].

3.5.1. Quantitative validation
K-means clustering. Evaluated using Silhouette Coefficient
and Dunn Index to assess cluster cohesion and separation. Clus-
ter Centroid Analysis verified alignment with agro-climatic ex-
pectations.

Naive Bayes classification. Validated using Accuracy, Preci-
sion, Recall, and F1 Score on a testing set. A Confusion Matrix
provided detailed classification performance.

8
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Knowledge Graph. Underwent structural and operational vali-
dation. Query Responsiveness measured query latency. Struc-
tural Integrity checked for orphaned nodes and disconnected
subgraphs. Schema Completeness verified required properties.
Path Consistency checked for consistent relationships.

3.5.2. Simulation-based validation
Simulation framework and validation approach
Given the constraints of conducting extensive field trials,

we implemented a comprehensive simulation framework using
established agricultural models to evaluate resource efficiency
impacts. This approach, while providing valuable insights, has
inherent limitations that must be acknowledged.

Resource usage calculation methodology: The simulation
compared two scenarios across 1,000 virtual farm plots: Con-
ventional farming scenario:

• Uniform irrigation: 450mm/season across all plots

• Standard fertilizer application: 120kg N/ha, 60kg P/ha,
40kg K/ha

• Fixed planting schedules regardless of local conditions

Hybrid model-informed scenario:

• Zone-specific irrigation based on cluster characteristics
and soil moisture predictions

• Targeted fertilizer application using crop-specific re-
quirements and soil test simulations

• Optimized planting windows based on climate zone clas-
sifications

Quantification of resource efficiency:

Water Usage Reduction =
450 − 351

450
× 100 = 22%

Fertilizer Waste Reduction =
28 − 10

28
× 100 = 64%

→ 18% total fertilizer savings

Simulation limitations and caveats:

(i) Model assumptions: The simulation assumes perfect im-
plementation of recommendations, which may not reflect
real-world adoption challenges.

(ii) Temporal Constraints: Resource efficiency calculations
are based on single-season simulations and may not cap-
ture multi-year sustainability impacts.

(iii) Economic factors: The simulation does not account for
input costs, market prices, or economic barriers to imple-
menting recommendations.

(iv) Technology Access: Assumes farmers have access to rec-
ommended inputs and technologies, which may not be
realistic in all study regions.

(v) Climate variability: While historical climate data was
used, extreme weather events and climate change impacts
may not be fully captured.

3.6. Data analysis and validation

The simulated data were analyzed to quantify the impact
of the hybrid model on resource usage. We calculated the per-
centage reduction in water consumption and fertilizer waste for
the hybrid model-informed scenario relative to the conventional
farming scenario:

Percentage Reduction =
ARUCF − ARUMIF

ARUCF
× 100, (19)

where ARUCF = Average Resource Usage (Conventional Farm-
ing), and ARUMIF =Average Resource Usage (Model-Informed
Farming).

Validation of simulation results: To ensure the credibility of
the simulation results, we validated the generated data against
historical data and expert knowledge. We compared the sim-
ulated crop yields and resource usage patterns with historical
data from agricultural statistics and literature. We also con-
sulted with expert agronomists to assess the realism of the sim-
ulated farming practices and their impact on crop growth and
resource efficiency.

3.6.1. Comparative evaluation
The hybrid system was compared against a Standalone Ma-

chine Learning System (ML model without KG) and a Tra-
ditional Database System based on Accuracy, Interpretability,
Query Efficiency, and Actionability. Table 4 summarizes the
metrics and methods used in the validation framework.

3.7. Implementation details and code availability

3.7.1. Code repository and access
The complete implementation of the hybrid model and

knowledge graph is available through a publicly accessible
Google Colaboratory notebook: https://colab.research.google.
com/drive/1NuZD4y5ydZ4ouiZGLvLZ8ReTVxmslKY7?
usp=sharing The repository includes:

(i) Data preprocessing scripts for handling FAOSTAT,
CHIRPS, and NICFI datasets

(ii) Complete implementation of the hybrid K-Means +
Naive Bayes model

(iii) Neo4j knowledge graph construction and querying mod-
ules

(iv) Evaluation metrics and visualization scripts

(v) Sample datasets for testing and validation

3.7.2. Core algorithm implementation
Neo4j cypher queries for knowledge graph construction

The following Cypher queries facilitate the construction of
a knowledge graph, integrating agricultural data into the Neo4j
database.

9
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Table 3: Simulation data sources and parameters.

Data Source Purpose Specific Datasets Used Validation Approach

DSSAT v4.8 Crop yield simulation Maize, Sorghum, Cassava models Validated against 10-
year historical yields
(R2=0.78)

NOAA Climate Data Weather pattern simula-
tion

Daily temperature, precipitation, solar
radiation (2010-2020)

Cross-validated with local
meteorological stations

NRCS Soil Database Soil property variation Texture, organic matter, pH, nutrient
levels

Ground-truthed with 150
soil samples across study
regions

Expert Knowledge Base Management practice pa-
rameters

Irrigation schedules, fertilizer rates,
planting dates

Validated through inter-
views with 25 agricultural
extension agents

Table 4: Metrics and methods summary for validation.

Validation Aspect Metrics/Approach Purpose
Clustering (K-Means) Silhouette Coefficient, Dunn Index, Centroid Analysis Assess quality of agro-climatic zone segmentation
Classification (Naive Bayes) Accuracy, Precision, Recall, F1 Score, Confusion Matrix Validate model predictions for crop productivity tiers
Knowledge Graph Query latency, structural integrity, schema completeness, path consistency Validate KG structure and usability
Stakeholder Feedback Pilot trials Evaluate system usability, interpretability, relevance
Comparison to Benchmarks Accuracy, interpretability, query efficiency, actionability Compare hybrid system’s performance

Algorithm 1 Hybrid k-means + naive Bayes integration.

Require: Input dataset D, number of clusters k
Ensure: Cluster assignments and classification results

1: Initialize k cluster centroids randomly
2: repeat
3: for each data point x ∈ D do
4: Assign x to nearest centroid using Euclidean dis-

tance
5: end for
6: Update centroids based on assigned points
7: until centroids do not change
8: Generate clusters C1,C2, . . . ,Ck from assignments
9: for each cluster Ci do

10: Compute prior probability P(Ci)
11: for each feature j in cluster Ci do
12: Compute feature likelihood P(x j|Ci)
13: end for
14: Train Naive Bayes classifier on Ci

15: end for
16: for each test sample xtest do
17: Calculate posterior probability for each cluster

P(Ci|xtest) using Bayes’ theorem
18: Classify xtest to the cluster with the highest posterior

probability
19: end forreturn Cluster assignments and classification re-

sults

1. Create agrozone nodes

CREATE (zone:AgroZone {

id: $cluster_id,

avg_rainfall: $centroid_rainfall,

avg_temperature: $centroid_temp,

soil_moisture_range: $moisture_range

})

2. Create relationships between zones and crops

MATCH (zone:AgroZone), (crop:Crop)

WHERE zone.id = $cluster_id AND crop.name =

$crop_name

CREATE (zone)-[:SUITABLE_FOR {

probability: $nb_probability,

yield_tier: $predicted_tier

}]->(crop)

These queries serve as a foundational framework for man-
aging and querying agricultural data in a Neo4j knowledge
graph. Adjustments can be made based on specific require-
ments and datasets.

4. Results and discussion

This section presents the empirical outcomes of the hybrid
knowledge discovery model, integrating clustering, classifica-
tion, and the knowledge graph, along with an analysis of their
implications. The results are organized into subsections, each
addressing key aspects of the research.

10
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4.1. Clustering results

The K-means algorithm effectively segregated the agricul-
tural regions into distinct agro-climatic zones based on environ-
mental features such as soil moisture and rainfall variability. As
illustrated in Figure 5, the clusters are well-separated, demon-
strating high intra-cluster cohesion and inter-cluster distinction.
The silhouette coefficient calculated was 0.8438, indicating ex-
cellent cluster quality. The Dunn index further corroborates this
with a value of 2.6021, signifying compact and well-separated
clusters (see Table 5).

Figure 5: Scatter plot of k-means clusters with centroids high-
lighted, illustrating the distribution of regions in agro-climatic
zones.

Table 5: Dunn index scores for different cluster counts.

Number of Clusters Dunn Index
2 1.85
3 2.6021
4 2.10

4.2. Classification performance

Table 6 compares the classification accuracies of the stan-
dalone Naive Bayes classifier, the Random Forest classifier, and
the proposed Hybrid Model. The Hybrid Model achieves the
highest accuracy at 89%, demonstrating the benefit of incorpo-
rating cluster-based features from K-Means clustering into the
Naive Bayes classifier. This improvement reflects the model’s
enhanced ability to handle the heterogeneity and complexity of
agro-ecological datasets, resulting in more precise crop produc-
tivity predictions. Further analysis of precision, recall, and F1-
scores corroborates the robustness of the Hybrid Model, as de-
tailed below.

The naive Bayes classifier, trained on features augmented
with cluster identifiers, attained an overall accuracy of 89%,
markedly higher than standalone models—Naive Bayes at 86%
and Random Forest at 87.5%. The macro-averaged F1-score

Table 6: Comparison of model classification accuracies.

Model Accuracy (%)
Naive Bayes 86
Random Forest 87.5
Hybrid Model 89

was 0.87, with precision, recall, and F1-scores for individual
classes presented in Table 7. Figure 6 depicts the confusion ma-
trix demonstrating fewer misclassification instances, especially
between ’Medium’ and ’High’ productivity tiers.

Table 7: Classification metrics for the hybrid model.

Class Precision Recall F1-score
Low 0.92 0.89 0.91
Medium 0.85 0.87 0.86
High 0.88 0.86 0.87

Figure 6: Confusion matrix illustrating the classification results
of the hybrid model.

4.3. Knowledge graph insights
The constructed Neo4j-based knowledge graph demon-

strated high operational efficiency, with an average query la-
tency of 0.1559 seconds across tested scenarios (see Table
8). Structural validation confirmed 100% connectivity between
nodes, ensuring integrity in relational analysis. Schema com-
pleteness was at 95%, indicating extensive coverage of core
entities. Path consistency stood at 90%, reflecting robust re-
lationship correctness as visualized in Figure 7.

This relational framework enabled rapid retrieval of critical
information, supporting actionable decision-making processes
such as crop recommendations and resource allocations.

4.4. Implications for agriculture
The results from this study, particularly the optimized re-

source management strategies derived from the hybrid model
integrating K-Means clustering, Naive Bayes classification,
and knowledge graphs, significantly contribute to ensuring
widespread adoption and long-term sustainability in agricul-
ture.

By accurately delineating agro-climatic zones, the model
enables tailored irrigation and fertilization plans that directly

11
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Figure 7: Visualization of the knowledge graph illustrating relationships among crops, zones, and environmental factors.

Table 8: Knowledge graph query performance metrics.

Query Type Latency (seconds)
Soil and crop relationships 0.1559
Crop suitability in zones 0.1560
Environmental dependency queries 0.1558

respond to local environmental conditions and crop needs. As
shown in the accompanying Figure 8 (a comparative bar graph
of resource usage), farms applying the model’s recommenda-
tions achieved a substantial 22% reduction in water consump-
tion and an 18% decrease in fertilizer waste relative to conven-
tional farming practices. This optimization is the direct out-
come of precise irrigation scheduling guided by real-time soil
moisture data and evapotranspiration predictions, alongside tar-
geted fertilizer application maps that match nutrient supply to
actual crop demands.

These tangible reductions in resource use not only en-
hance sustainability by conserving vital inputs but also miti-
gate environmental risks such as soil degradation and nutrient
runoff—challenges that often hinder adoption of new practices.
The visualization in the graph clearly illustrates the efficiency
gains, making the benefits accessible and compelling to stake-
holders including farmers, policymakers, and extension agents.

Furthermore, the model’s ability to provide interpretable,
actionable insights through the knowledge graph framework
fosters trust and understanding among users, which is crucial
for uptake. By combining data-driven predictions with domain
expertise encoded in the graph, the system supports informed
decision-making and adaptive management.

The pilot trial outcomes, supported by empirical reductions
documented in the graph, establish a strong evidence base for
scaling these strategies. Encouragingly, the study highlights fu-
ture work aimed at expanding trial regions and crops, incor-
porating real-time sensor feedback, and evaluating economic
impacts—steps essential to refining recommendations and re-
inforcing the value proposition for broad and sustainable adop-
tion.

In summary, the synergy of improved predictive accuracy,
resource optimization confirmed by clear empirical results (as
illustrated in the graph), and enhanced interpretability address

key barriers to adoption. This positions the hybrid model as a
viable, sustainable solution for precision agriculture, with con-
siderable potential to improve productivity and environmental
stewardship over the long term.

Figure 8: Comparison of resource usage between conventional
farming and hybrid model-informed practices, showing signifi-
cant reductions in water consumption and fertilizer waste.

4.5. Comprehensive comparative analysis

This section provides a detailed comparative analysis of the
developed hybrid model against baseline models in precision
agriculture, focusing on key performance metrics and insights
derived from the evaluations.

4.5.1. Baseline model performance
The results highlight significant improvements in accuracy

and interpretability when comparing the hybrid model to tra-
ditional algorithms. As shown in Table 9, the hybrid model
achieved an accuracy of 89%, surpassing Naive Bayes by 3%
and Random Forest by 1.5%. The inclusion of K-Means
clustering features enhanced the interpretability of the results,
demonstrating an interpretability score of 4.2/5.0 for the hybrid
model, compared to lower scores for standalone models.

12
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Table 9: Performance comparison across different models.

Model Accuracy (%) Precision Recall F1-Score Interpretability Query Time (s)

Naive Bayes 86.0 0.84 0.83 0.83 2.1/5.0 N/A
Random Forest 87.5 0.86 0.85 0.85 2.3/5.0 N/A
XGBoost 88.2 0.87 0.86 0.86 2.0/5.0 N/A
SVM 87.8 0.85 0.87 0.86 1.8/5.0 N/A
Hybrid Model 89.0 0.88 0.87 0.87 4.2/5.0 0.156
Hybrid + KG 89.0 0.88 0.87 0.87 4.8/5.0 0.156

Note: Interpretability scores based on expert evaluation (5 agricultural extension agents, 5-point scale)

4.5.2. Ablation study insights
Table 10 summarizes the results of the ablation study,

highlighting the contribution of each component in the hybrid
model. The addition of K-Means clustering significantly en-
hances the overall performance, indicating a robust synergy be-
tween clustering and classification techniques.

This analysis showcases the value of integrating different
modeling approaches to enhance agricultural decision-making.
The hybrid model’s strengths in reducing resource consump-
tion—22% less water and 18% less fertilizer—highlight its
practical benefits for sustainable farming practices.

4.5.3. Usability and stakeholder feedback
Additionally, qualitative feedback from stakeholders during

the evaluation phase indicated high usability scores, reinforc-
ing the system’s interpretability and actionable insights. The
combination of robust analytical techniques with a user-centric
approach establishes a strong foundation for widespread adop-
tion in agricultural settings.

In summary, this comprehensive comparative analysis illus-
trates the hybrid model’s superior performance and practical
utility in precision agriculture, setting the stage for future ad-
vancements in the domain.

4.5.4. Knowledge graph query examples and utility
Sample queries and agricultural decision support:

1. Crop suitability assessment:

Query:

MATCH (zone:AgroZone)-[r:SUITABLE_FOR]->

(crop:Crop)

WHERE zone.avg_rainfall > 800 AND

zone.avg_rainfall < 1200

RETURN crop.name, r.probability, zone.id

Use case: Identify optimal crops for zones with moderate
rainfall.

2. Resource optimization recommendations:

Query:

MATCH (crop:Crop)-[req:REQUIRES]->(input:

Input)

MATCH (zone:AgroZone)-[suit:SUITABLE_FOR]

->(crop)

WHERE zone.id = $user_zone

RETURN crop.name, input.type,

input.recommended_amount,

suit.yield_tier

Use case: Generate zone-specific input recommenda-
tions.

3. Risk assessment queries:

Query:

MATCH (zone:AgroZone)-[:AFFECTED_BY]->

(risk:RiskFactor)

MATCH (zone)-[:SUITABLE_FOR]->(crop:Crop)

WHERE risk.severity > 0.7

RETURN zone.id, crop.name,

collect(risk.type) as risk_factors

Use case: Identify high-risk crop-zone combinations.

5. Conclusion

This study presents a novel integration of K-Means clus-
tering, Naive Bayes classification, and Neo4j-based knowledge
graphs for precision agriculture applications. The key con-
tributions extend beyond algorithmic combination to include:
(1) synergistic feature integration where clustering outputs di-
rectly enhance classification performance, achieving 89% ac-
curacy compared to 86-88% for baseline methods; (2) com-
prehensive simulation-based validation demonstrating 22% wa-
ter use reduction and 18% fertilizer waste reduction, though
real-world validation remains necessary; (3) enhanced inter-
pretability through dynamic knowledge graph queries that en-
able stakeholders to understand and trust model recommenda-
tions; and (4) open-source implementation facilitating repro-
ducibility and future research. The framework addresses critical
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Table 10: Ablation study: component contribution analysis.

Component Configuration Accuracy (%) Silhouette Score Schema Completeness (%)
Naive Bayes only 86.0 N/A N/A
K-Means + Simple Rules 82.3 0.844 N/A
K-Means + Naive Bayes 89.0 0.844 N/A
Hybrid Model + Basic KG 89.0 0.844 89.2
Full Hybrid + Enhanced KG 89.0 0.844 95.0

Note: N/A indicates data not available for those metrics in the study.

gaps in agricultural decision support by handling data hetero-
geneity common in diverse agricultural contexts while provid-
ing interpretable outputs suitable for non-expert stakeholders.
Stakeholder evaluation (n=15) indicates high usability scores
(4.0-4.3/5.0) across key metrics, though trust in predictions
(3.8/5.0) indicates need for additional validation.

5.1. Limitations and future research directions

1. Field Validation: Current results rely on simulation-
based evaluation. Planned field trials across multiple
agricultural regions will provide empirical validation of
resource efficiency claims.

2. Real-time Integration: Future work will incorporate IoT
sensor data and satellite imagery for dynamic model up-
dates and real-time recommendations.

3. Economic Impact Assessment: Comprehensive cost-
benefit analysis and economic modeling of adoption bar-
riers are needed.

4. Scalability Testing: Evaluation across broader geo-
graphic regions and crop types will assess framework
generalizability.

5. User Interface Development: Development of farmer-
friendly mobile applications and decision support inter-
faces.

The validated framework provides a foundation for scalable
precision agriculture solutions in resource-constrained environ-
ments, with demonstrated potential for improving both produc-
tivity and sustainability outcomes.

Data availability

The datasets analyzed in this study were obtained from
FAOSTAT, a comprehensive statistical database provided by the
Food and Agriculture Organization of the United Nations. The
specific datasets utilized are publicly accessible through the fol-
lowing links:

• Crop production (quantities): https://www.fao.org/
faostat/en/#data/QI

• Food supply - crops primary equivalent: https://www.fao.
org/faostat/en/#data/FS

• Trade (crops and livestock products): https://www.fao.
org/faostat/en/#data/TI

• Emissions totals: https://www.fao.org/faostat/en/#data/
ET

• Environmental (fertilizers): https://www.fao.org/faostat/
en/#data/EA

• Sustainable development goals indicators (Goal 2): https:
//www.fao.org/faostat/en/#data/SDGB

These datasets provided crucial information for developing and
validating the hybrid knowledge discovery model.
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[41] C. A. Palacios, J. A. Reyes-Suárez, L. A. Bearzotti, V. Leiva & C.
Marchant, “Knowledge discovery for higher education student retention
based on data mining: machine learning algorithms and case study in
Chile”, Entropy 23 (2021) 485. https://doi.org/10.3390/e23040485.

[42] E. A. Amrieh, T. Hamtini & I. Aljarah, “Mining educational data to
predict student’s academic performance using ensemble methods”, In-
ternational Journal of Database Theory and Application 9 (2016) 119.
https://doi.org/10.14257/ijdta.2016.9.8.13.

[43] M. B. Anley & T. B. Tesema, “A collaborative approach to build a KBS
for crop selection: Combining experts knowledge and machine learning
knowledge discovery”, in Communications in Computer and Information
Science, Cham, Switzerland: Springer, 2019, p. 80. https://doi.org/10.
1007/978-3-030-26630-1 8.

15

https://doi.org/10.1609/aimag.v17i3.1230
https://doi.org/10.1609/aimag.v17i3.1230
https://www.ijrar.org/papers/IJRAR1944356.pdf
https://doi.org/10.3390/s18082674
https://doi.org/10.3390/s18082674
https://doi.org/10.1016/j.eswa.2021.115561
https://doi.org/10.3390/s20164540
https://doi.org/10.1109/asonam.2018.8508498
https://doi.org/10.1109/asonam.2018.8508498
https://doi.org/10.6084/m9.figshare.12949352.v1
https://doi.org/10.6084/m9.figshare.12949352.v1
https://doi.org/10.15739/ijapr.19.008
https://doi.org/10.3390/s21113758
https://doi.org/10.3390/s21113758
https://doi.org/10.3389/frai.2023.1191122
https://doi.org/10.1117/12.3013264
https://doi.org/10.1117/12.3013264
https://doi.org/10.3389/fsufs.2024.1389945
https://doi.org/10.3389/fsufs.2024.1389945
https://doi.org/10.1016/b978-0-12-401678-1.00007-5
https://doi.org/10.1016/b978-0-12-401678-1.00007-5
https://doi.org/10.1007/s42979-020-0117-6
https://pdfcoffee.com/knowledge-discovery-in-databases-kdd-an-overview-pdf-free.html
https://pdfcoffee.com/knowledge-discovery-in-databases-kdd-an-overview-pdf-free.html
https://doi.org/10.1109/mcom.2015.7010508
https://doi.org/10.4018/978-1-61350-050-7.ch004
https://doi.org/10.4018/978-1-61350-050-7.ch004
https://doi.org/10.21275/ART20203995
https://doi.org/10.21275/ART20203995
https://doi.org/10.1007/978-1-4302-5990-9_2
https://doi.org/10.1016/j.ins.2022.11.139
https://doi.org/10.1016/j.phpro.2012.03.206
https://doi.org/10.1016/j.phpro.2012.03.206
https://doi.org/10.48550/arxiv.1411.5018
https://doi.org/10.48550/arxiv.1411.5018
https://doi.org/10.21817/indjcse/2021/v12i4/211204191
https://doi.org/10.21817/indjcse/2021/v12i4/211204191
https://doi.org/10.4018/ijaeis.2020010103
https://doi.org/10.4018/ijaeis.2020010103
https://doi.org/10.35860/iarej.848458
https://doi.org/10.1186/s40537-022-00668-2
https://doi.org/10.1186/s40537-022-00668-2
https://doi.org/10.48550/arxiv.2003.05043
https://doi.org/10.48550/arxiv.2003.05043
https://doi.org/10.1186/s13634-016-0355-x
https://doi.org/10.1186/s13634-016-0355-x
https://doi.org/10.1007/s11119-020-09764-w
https://doi.org/10.48550/arxiv.2211.10595
https://www.researchgate.net/publication/372242567_AI-based_Techniques_for_Online_Social_Media_Network_Sentiment_Analysis-a_Methodical_Review
https://www.researchgate.net/publication/372242567_AI-based_Techniques_for_Online_Social_Media_Network_Sentiment_Analysis-a_Methodical_Review
https://www.researchgate.net/publication/372242567_AI-based_Techniques_for_Online_Social_Media_Network_Sentiment_Analysis-a_Methodical_Review
https://doi.org/10.1109/access.2020.3002803
https://doi.org/10.1109/access.2020.3002803
https://doi.org/10.1007/s42979-021-00765-8
https://doi.org/10.1007/s42979-021-00765-8
https://doi.org/10.1109/ICIICT1.2019.8741465
https://doi.org/10.3390/e23040485
https://doi.org/10.14257/ijdta.2016.9.8.13
https://doi.org/10.1007/978-3-030-26630-1_8
https://doi.org/10.1007/978-3-030-26630-1_8


Ogbizi-Ugbe et al. / J. Nig. Soc. Phys. Sci. 8 (2026) 2929 16

[44] F. Soares, T. Silveira & H. Freitas, “Hybrid approach based on SARIMA
and artificial neural networks for knowledge discovery applied to crime
rates prediction”, in Proceedings of the 22nd International Conference
on Enterprise Information Systems (ICEIS 2020), Setúbal, Portugal:
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