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ABSTRACT

We present a data-driven framework for enhancing organizational learning via strategic
knowledge management (KM) that integrates big data analytics (BDA), data governance, and
cultural enablers. The growing adoption of digital transformation helps address the gap between
analytics capabilities and actionable learning in an organization. Our mixed-method design
combines design science with empirical evaluation for the Dinstack Software in Delta State. The
study utilizes data analyzed via descriptive and predictive processing. Our prototype is built using
Kafka-Spark, which enables knowledge capture, reuse tracking, and recommendation
generation. Results showed great improvements with a latency decrease by 0.5, knowledge reuse
rise to 0.71, and innovation output increase by 0.5, respectively - affirming the need for analytics
KM systems. Also, initial cultural resistance was found to be mitigated with training, governance,
and incentive mechanisms, with results that are alighed with existing literature that analytics
maturity enhances learning and innovation. The study contributes an integrative model linking
data governance, analytics capability, and KM processes to measurable learning outcomes.
Practically, it demonstrates how embedding governance and analytics into KM infrastructure
promotes continuous feedback, trust, and agility in decision-making. Despite contextual
limitations, the framework establishes a replicable blueprint for creating adaptive, data-driven
learning ecosystems, particularly relevant for emerging digital enterprises in developing regions.
Keywords: Knowledge Management, Big Data Analytics, Organizational Learning, Models
Data Governance, Business Intelligence, Knowledge Reuse, Digital Transformation
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I. INTRODUCTION

In today’s era of digital transformation, organizations are increasingly recognizing data as the
cornerstone of sustainable growth, competitive advantage, and adaptive learning. (Nur et al.,
2025; Okofu, Akazue, et al., 2024; Okofu, Anazia, et al., 2024).

11



d -
et Jn“r“al “r i Ttrnats M
C ro S sr Digital Humanities & Development Research

Creative Research Publishers
https://www.crossref.org/06members/50go-live.html Vol 11, No 2, June 2025 Series

As businesses become more volatile, uncertain, complex, and ambiguous, firms must not only
collect and store vast amounts of data. They must also transform them into actionable insights
that propagate learning decision support at multiple levels (Allessie et al., 2019; Ojugo &
Nwankwo, 2021b). The proliferation of technologies continues to accelerate this transformation
via the capture and analysis of large-scale data (Aghaunor, Agboi, et al., 2025; Akazue, Edje, et
al., 2024). Technologies have fundamentally altered how organizations share knowledge, with
data-driven systems as an essential enabler for organizational learning and continuous
improvement. (Binitie et al., 2025). The intersection of big data analytics (BDA) and knowledge
management (KM) as an emergent area helps organizations leverage knowledge to enhance
learning and innovation outcomes (Kampoowale, 2025; Okfalisa et al., 2022).

Many organizations still struggle to translate massive data resources into usable knowledge and
learning outcomes. The problem lies not in scarcity, but in the lack of systematic frameworks that
link data analytics systems with knowledge management processes. (Aghaunor, Agboi, et al.,
2025; Aghaunor, Omede, et al., 2025) and organizational learning. Organizations today collect
diverse, increasing volumes of data from diverse sources such as customer interactions, business
processes, etc. (Okpor, Aghware, Akazue, Ojugo, et al., 2024; Onoma, Agboi, Ugbotu, et al., 2025).
Transforming these into knowledge (Sucahyo et al.,, 2020) is resolved more easily/readily with
how the KMs capture and share data across integrated, data-driven ecosystems and/or analytic
infrastructures (Aghware et al., 2023; Brijwani et al., 2024; Ojugo & Yoro, 2020).

But organizations also encounter significant barriers with these data silos, ranging from
inconsistent governance structures, poor knowledge-sharing modes, and limited feedback
between learning and performance outcomes (Farzaneh et al., 2024). Thus, the need for a
framework that efficiently combines BDA, KM, and organizational learning to foster adaptive,
intelligent, and evidence-based management practices. The transformative impact of BDA on how
knowledge is created and used (Muhamada et al., 2024) can be advanced via analytics
techniques to help uncover hidden patterns, detect anomalies, and predict future trends for
strategic decision-making (Onoma et al., 2022; Onoma, Agboi, Ugbotu, et al., 2025).

While the availability of analytical tools does not guarantee improved learning, it must align with
data governance, analytics capability, and organizational culture for success to occur. Thus, a
well-defined governance framework for an organization will yield reliable insights (Logesh et al.,
2020; Singh et al., 2020). While, KM and analytics operate in isolation - its resulting knowledge
assets are often static, contextually weak, and detached from organizational learning goals
(Agboi, Emordi, et al., 2025; Agboi, Onoma, et al., 2025). Thus, an improved data-driven approach
is required that embeds analytics within the entire knowledge lifecycle, from data acquisition via
application, and to continuous learning.

The study seeks to validate a data-driven framework for enhancing organizational learning via KM
as: (1) examine how data governance mechanisms can improve the quality and reliability of
organizational knowledge assets, (2) explore how analytics capabilities mediate the relations
between KM practice and learning outcomes, and (3) propose an operational model that
organizations can adapt with analytics, KM, and learning systems effectively.
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The framework should explore a closed-loop scheme to collect, and transform data to knowledge
via analytics, disseminated across KM systems, and continuously refined via organizational
learning feedback (Brunetti et al., 2012; Buari et al., 2022). We must thus, advance actionable
insights to align data-driven initiatives with knowledge and learning goals. The study contributes
to the fusion of three traditionally distinct domains of data analytics, knowledge management,
and organizational learning via a unified model that links data processes with cognitive and
behavioral outcomes in organizations. It builds on established learning theories that explain how
organizations leverage analytics to cascade from routine knowledge application to knowledge
transformation (Geteloma et al., 2024a, 2024h, 2025). It leans on the KM maturity and analytics
capability by incorporating data governance and cultural enablers as key features that provide
organizations with a blueprint for implementing data-driven KM systems for enhanced
transparency, collaboration, and decision-making agility.

2. LITERATURE REVIEW

The evolution of organizational learning from conceptual understanding of witnessed
improvement to a data-driven decision support processes shaped by technology - has continued
to foster the needed growth. Okofu et al. (2024) Integrating KM into informatic processes allows
continuous feedback and collective intelligence, creating adaptive learning loops across units.
BDA enhances absorptive capacity to recognize, assimilate, and apply new data that proffers
measurable insights that guide employee behavior and strategic planning (Akazue, Okofu, et al.,
2024; Okofu, Anazia, et al., 2024). KM institutionalizes the creation of data culture, data sharing
and knowledge utilization to achieve set goals. Organizations with strong KM systems experience
higher collaboration efficiency and faster innovation; And structured KM frameworks directly
influences learning outcomes and agility (Adamu et al., 2025; Zhao & Otteson, 2024). The
convergence of KM and BDA enables fastened decision cycles (Raj et. al., 2024).

BDA bridges the gaps in tacit and explicit knowledge, turning organizational data into actioned
learning resources. Such BDA-fused KM reduces uncertainty and improves operational efficiency
- though, data reliability remains a challenge. Adepoju et al. (2023) While, data governance
ensures privacy, and accountability - it also enhances learning. Data governance frameworks set
in place core requirements for data ownership, quality, ethical use, and rules for maintaining data
integrity. Firms with formal governance structures demonstrate superior innovation capacity due
to improved trust in analytics (Ojugo, Odiakaose, et al., 2023; Ojugo & Otakore, 2020; Ojugo &
Yoro, 2013). Despite these benefits, few models unify data governance, analytics, and KM into a
singly-fused operational cycle; And whilst current systems remain fragmented, lacking feedback
mechanisms that convert data-driven data into long-term knowledge retention in organizational
learning - there is the clear need for an integrated framework to merges governance with
analytics intelligence and KM processes to support adaptive, evidence-based learning as in
Figure 1, which is further bolstered by Table 1.
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Evidence shows that the integration of analytics and KM correlates with higher learning efficiency
and decision accuracy. Previous works have reported measurable gains in knowledge retention,
innovation rate, and operational responsiveness when analytics are embedded in KM
infrastructures (Akinwale, 2012; Alnahari & Ariaratnam, 2022). Table 1 reflects typical
quantitative outcomes from such integrations in organizations. Trends in KMs consistently report
improved governance structure performance with decision accuracy and knowledge reuse for
enhanced reliability across data input (Oyemade & Ojugo, 2020, 2021). The fusion of BDA with
KM workflows yields innovative output and learning retention - and reduces redundant data-
search while enhancing collaboration (Jameaba, 2020; Pradeep et al., 2024).

Culture

Technology
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Governance Capability Processes Outcomes

L Dynamic ,_J
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(a) Conceptual relations between KM features | (b) Linking governance and learning outcomes

Figure 1. Relationship between KM, BDA and Organizational Learning Outcomes

Table 1. Dataset with typical quantitative outcomes

Indicator Traditional KM | Data-Driven KM | %
Improvement

Average Decision Accuracy (%) 68.2 88.6 +30.0%
Knowledge Reuse Frequency (per month) 54 97 +79.6%
Innovation Output (projects/year) 11.3 18.7 +65.5%
Learning Retention Index (scale 0-1) 0.48 0.76 +58.3%
Employee Response Time (hrs) 6.4 3.2 -50.0%
Data Accuracy Compliance (%) 70.5 95.1 +34.8%

The reduced employee response time implies that BDA analytics empowers faster access to
relevant knowledge and improves adaptability. Such efficiency gains ripple across structured data
policies and enhance knowledge reliability and accessibility (Ojugo & Nwankwo, 2021a; Wang &
Fu, 2021), while Anwar and Uma (2021) link these results to the predictive capabilities of
analytics systems embedded within KM architectures. Collectively, these outcomes support the
argument that learning effectiveness is a function of how well data governance and analytics are
synchronized with knowledge processes (Anwar & Uma, 2021; Umar, 2025).
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While cultural and technical barriers persist in many organizations, KM systems remain manual or
disconnected from analytical infrastructures (Atuduhor et al., 2024; Brizimor et al., 2024).
Literature converges to achieve sustainable learning, and people must form an integrated
feedback system that enables organizations to store and retrieve knowledge as well as
continuously generate, validate, and refine it through data-informed learning (Malasowe,
Aghware, et al., 2024; Omede et al., 2024; Oyemade et al., 2016).

3. MATERIALS AND METHODS

3.1 Theoretical/Conceptual Framework

This study leans on three (3) core domains of data governance, big data analytics, and knowledge
management - all viewed as key enablers of organizational learning. The framework draws on the
absorptive capacity (Farzaneh et al., 2024) with dynamic capability theory (Raj et al., 2024). They
make explicit how firms adapt and reconfigure internal/external knowledge resources (Huang,
2016; Huseynov & Yildinm, 2016). While the absorptive capacity explains how organizations
identify valued external knowledge and transform it into internal learning, dynamic capability
details how data-driven agility and technological adaptation sustain competitiveness in ever-
changing environments (Addae et al., 2024).

Thus, data governance unveils how reliable knowledge processes are vis-a-vis emphasizing its
metrics of quality expressed as accuracy, completeness, consistency, and timeliness as a
precondition for the analytical learning process. When governance structures define clear
ownership, metadata standards, and ethical access protocols, they reduce uncertainty and
increase the credibility of knowledge derived from analytics (Ojugo & Eboka, 2018a, 2018c,
2018b). The analytics capability converts governed data into actionable insight via machine
learning techniques (Mohamad et al., 2022) with its corresponding outputs as fed into KM
processes to enable data capture, share, and reuse (Okfalisa et al., 2022). And this ripples across
the connected layers, and enhances organizational learning via knowledge diffusion, retention
levels, and innovation output (Fartash et al., 2023; Martin et al., 2013; Ojugo, Ejeh, et al., 2023;
Setiadi et al., 2026).

The conceptual model in Figure 1(b) integrates data governance, analytics capability, and
knowledge processes - showing how they collectively enhance organizational learning outcomes.
With data governance and quality as the bedrock and input, they result in reliable, ethically-
manageable knowledge (Prakash, 2022; Tantawi, 2023). This structured data environment
supports deployment of BDA-fused tech-infrastructure (i.e. cloud platforms, data warehouses,
machine learning pipelines) framed on analytical methods (Pratama et al., 2025; Setiadi,
Muslikh, et al., 2024). Knowledge derived therein informs the adoption of the knowledge process,
facilitates capture, transfer, and reuse of organizational knowledge, which influences learning
outcomes, retention, and innovation performance (Debasish & Jena, 2020; Malasowe, Qjie, et al.,
2024, Malasowe, Okpako, et al., 2024).
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Two sets of contextual factors that act as moderators and mediators within this model: (a)
organizational culture supports exchange whilst, its transparency amplifies learning impact - and
it moderates the relations between KM processes and learning outcomes (Barker et al., 2022),
and (b) technology orientation and dynamic capabilities (Ojugo & Oyemade, 2020, 2021), which
mediate the effect of analytics on KM processes by determining how effectively technologies are
adopted and integrated into business workflows (Bratianu & Staneiu, 2024). This integrated
framework conceptualizes organizational learning as a data-driven feedback system, where
insights generated from analytics continuously update and refine KM practices, forming a self-
reinforcing learning loop.

3.2. Research Design and Model Description

Here, we adopt/adapt the mixed design to ensure both the theoretical rigor and practical
validation of the proposed framework. First, we design via conceptualization, construction, and
demonstration of a prototype KM artifact with Business Intelligence (Bl) dashboard that
operationalizes the framework. The artifact integrates data governance protocols, analytical
modules, and knowledge processes into a unified digital environment that emphasizes artifact
relevance, research rigor, and design evaluation (Kerschbaum, 2025). Secondly, utilizes a multi-
class design that evaluates the artifact in a realtime organizational setting - via external validities
as thus: (a) quantitative evaluation focuses on accuracy, decision latency, knowledge reuse
frequency, and innovation rate (Ojugo & Ekurume, 2021; Okobah & Ojugo, 2018), and (b)
qualitative evaluation focuses on knowledge analyzed via semi-structured interviews and system-
use logs (Ojugo & Otakore, 2018, 2021).

Both evidence strengthen the reliability of the findings. Overall relations in the proposed model is
expressed in Equation 1 with OL as Organizational Learning Outcomes, KP is Knowledge
Processes (capture-share-reuse), AC is Analytics Capability (infrastructure + methods), and DGQ is
Data Governance and Quality (Ibor et al., 2024; Odiakaose et al., 2024; Sadowski, 2019) as in
Equation 1. Also, OL is a function of knowledge processes that depends on analytics capabilities
built upon the foundation of data governance and quality. To integrate its moderator and
mediator effects, organizational culture C, technology T, and dynamic capabilities D yield
extended relations as in Equation 2, with a as intercept (baseline organizational learning),
B ... Bgare the path coefficients for the strength of influence, and ¢ is residual error term.

OL=f (KP(AC(DGQ))) Equation 1

OL = a + ByDGQ + B,AC + BsKP + B4(C X KP) + B5(T X AC) + Be(D x AC) + ¢ Equation 2

To operationalize the conceptual framework, key constructs and associated metrics will serve as
empirical values to evaluate model performance. Data retrieved from multiple sources is
validated via governance mechanisms that transform them into codified knowledge stored in KM.
Thus, as employees interact with the KM system, their behaviors and usage patterns generate
new data that is re-inputted via the governance layer as in Figure 1(b).
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This flow creates an adaptive feedback that refines both knowledge quality and organizational
learning outcomes (Kragulj et al.,, 2023; Neves et al., 2025). Businesses with strong dynamic
capabilities continually to then adjust their learning systems in response to realtime analytics,
ensuring that strategy evolves with environmental changes. These, are reinforced as absorptive
and adaptive capacities are not static traits; But, are rather continuous processes of transforming
data into learning (Ako et al., 2024; Long & Long, 2023; Yoro & Ojugo, 2019a, 2019b).

3.2. Data Sources

Dataset explored both: (a) structured transaction logs, HR database and the ERP systems, (b)
semi-structured data scraped from the organizational website to include metadata and
documents, (c) unstructured data such as emails, reports, meeting minutes, and collaboration
platforms, and (d) external data such as web-based reports, market analysis, and regulatory data
(Serenko, 2025; Tomé et al., 2020) as in Figure 2.
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Figure 2. Proportion of Data Sources Utilized in Framework Evaluation

Preprocessing adapts a standardized pipeline designed to ensure data quality, security, and
interoperability with core principles as in (Bratianu & Bejinaru, 2025). Cataloging indexes all data
and registers them in the metadata repository, providing traceability and version control with each
assigned unique ID and timestamp (Almeida et al., 2016). Secondly, mapping was applied to
trace/track variable transformation from source acquisition, analytics processing, to KM
integration (Bayer et al., 2023). Data standardization and duplication ensure consistency across
all records.
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With data values normalized via a shared schema, redundant and/or corrupted records are
removed. To preserve data integrity, checksum validation and automated quality checks were
implemented. Data governance policies were embedded directly into the analytics platform with
role-based access permissions to ensure sensitive operational data. The Data Quality Index (DQI)
is computed for each dataset to assess completeness, accuracy, and timeliness with a threshold
of DQI > 0.85, ensuring that only high-quality data-informed decision-making.

3.3 Analytics and Algorithms

The analytical layer of the framework converts raw data into usable knowledge for decision-
making and learning. Four levels of analytics were used: descriptive, diagnostic, predictive, and
prescriptive. Thus, (a) Descriptive analytics summarizes past activities to show how knowledge is
captured and used. Aggregation and visualization tools (SQL, Pandas, etc) measure knowledge
access frequency, document reuse, and user activity, (b) Diagnostic analytics applies process
mining and network analysis to identify bottlenecks and trace knowledge-sharing patterns.
Process mining models (using Alpha- and Heuristic-Miner) reveal inefficiencies in decision
workflows, while graphs identify knowledge contributors (Sucahyo et al., 2020; Farzaneh et al.,
2024), (c) Predictive analytics uses supervised models such as Random Forests, etc - to predict
knowledge adoption and learning outcomes.

These models are trained on historical data to forecast which knowledge assets are likely to be
reused (Mohamad et al.,, 2022; Raj et al., 2024), and (d) Unstructured analytics process
documents, reports, and emails using Natural Language Processing (NLP). The pipeline uses
tokenization, lemmatization, and embedding models (Word2Vec, BERT) to detect themes
(Onwujekwe et al., 2020). A hybrid (collaborative and content) recommendation engine suggest
relevant knowledge to users - scored using Equation 3 - with R, ; as relevance score, CF,; is
collaborative similarity, and CB,, ; is content similarity (Ojugo & Eboka, 2019, 2020); Thus, causal
inference estimates impact by comparing (before/after) results across different units that allows
integration with existing KMs, and real-time monitoring of learning performance, data quality, and
knowledge reuse patterns (Onoma, Agboi, Geteloma, et al., 2025; Onoma, Ako, Anazia, Oghorodi,
et al., 2025; Onoma, Ugbotu, Aghaunor, Agboi, et al., 2025).

Ru,i =a X CFu,i + (1 — a) X CBu,i eqgn (3)

3.4 Proposed Data-Driven Framework

The proposed framework integrates governance, analytics, and human processes to yield a
unified system for enhancing organizational learning through strategic knowledge management.
Structured into six interdependent layers that enable continuous, informed improvement, the
framework is seen in Figure 3. The prototype follows a modular, cloud-based architecture built for
scalability and continuous feedback.
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Figure 3. Prototype Architecture of the Data-Driven Knowledge Management System

1. The Governance and Policy layer establishes the foundation by defining standards for data
ownership, privacy, and ethical use, ensuring that all learning activities are grounded in
reliable and compliant information (Mawer et al., 2024; Odiakaose et al., 2025; Omoruwou et
al., 2024).

2. The Data Ingestion and Quality layer captures structured, semi-structured, and unstructured
data from multiple sources such as HR systems, documents, and collaboration tools—and
applies validation, deduplication, and lineage tracking to maintain data accuracy and integrity
(Setiadi, Susanto, et al., 2024).
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3. The Analytics and Intelligence layer transforms this data into insights using statistical
aggregation, machine learning, and natural language processing to uncover trends, predict
knowledge needs, and recommend relevant content to users (Mohamad et al., 2022; Raj et
al., 2024).

4. Knowledge Lifecycle Management layer, which manages the full flow of knowledge from
creation to codification, dissemination, retention, and reuse, ensuring that valuable
information is continuously transformed into organizational memory (Addae et al., 2024;
Okpor, Aghware, Akazue, Ojugo, et al., 2024).

5. The Human and Cultural Enablement layer supports these technical processes through
training, incentives, and leadership engagement to foster a culture of sharing, openness, and
data-driven decision-making. At the core of the framework lies the Feedback and Continuous
Learning loop, which closes the cycle by capturing user interactions, system performance, and
learning outcomes, feeding this data back into governance and analytics modules for
refinement (Okonta et al., 2013, 2014; Wemembu et al., 2014).

The feedback ensures knowledge adapts dynamically as the organization evolves. When a user
submits a request, the system automatically searches the repository via the recommender
engine, retrieves the most relevant resource based on prior analytics and semantic similarity, and
presents for user validation. Once verified, the new knowledge is reintegrated into the central
database, updating the metadata and analytical models. This workflow exemplifies the synergy
between automation and human expertise—where analytics accelerates access, while human
judgment maintains relevance and accuracy—resulting in a continuously improving, data-driven
learning ecosystem that strengthens decision quality, innovation, and organizational intelligence.

Data are ingested from various organizational systems using Kafka and ETL scripts, stored in a
data lake (AWS S3) and warehouse (PostgreSQL). Apache Spark handles large-scale data
processing, while Python functions manage lightweight analytics. The analytics outputs prediction,
topic clusters, and KPIs on a Bl dashboard on KM platform (React.js + Django). User interactions
with the KM interface (e.g., document access, sharing, recommendations) generate new data that
returns to the ingestion layer, forming a feedback loop. This ensures the system continuously
learns and improves its recommendations (Aghware et al., 2025; Aghware, Okpor, et al., 2024).

3.4.1. Implementation (Case Study / Proof-of-Concept)

The proof-of-concept as performed at Dinstack Software Services Ltd., a mid-sized technology
company in Delta State, Nigeria. Dinstack specializes in cloud application deployments and ICT
consultancy with Departments that include software engineering, product support, and human
resources. This pilot study focused on high dependence on shared technical knowledge,
collaborative documentation, and customer-driven learning cycles between all three (3) units.
Whilst the units generate a substantial volume of data from code repositories, issue-tracking logs,
client feedback, and technical documentation, they are the ideal scenario to test the KM scenario
for organizational learning. The framework was deployed via a hybrid cloud that combines on-site
databases with cloud analytical services.
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Dataset from Jira (project tracking), GitHub (code repositories), and internal communication tools
(Slack and email) were ingested via Kafka ETL pipelines into an AWS S3 data lake and a
PostgreSQL warehouse. Apache Spark was used to handle preprocessing and feature extraction
tasks, while Python-based analytics modules generated insights on knowledge flow, collaboration
intensity, and task reuse rates. Processed data was visualized via a Bl dashboard, and the
interactive KM platform (on React.js and Django) enabled users to search, share, and tag
reusable assets like designs, API guides, and bug resolutions as in Figure 4. A well-defined data
collection plan was established to monitor both systemic and human metrics. Quantitative data
via log frequencies, document reuse rates, decision latency, and innovation outputs were
extracted; And qualitative data from user feedback and observation were recorded, with proposed
performance indicators to be tracked at deployment, including: (a) knowledge reuse rate targeted
at = 60%, (b) decision latency < 5hours, (c) collaboration density > 25%, (d) data quality index >
8.5, (e) innovation output = 10% per quarter, and (f) user adoption rate > 75% as in Figure 4.

KM System Analytics

Collaboration Density Data Quality Index
Knowledge

Reuse Rate 3 1 O 91
7 2 % interactions/sprint :

Knowledge Usage by Department

Top Knowledge Topics

Technical Documentation

Code Samples B Software Engineering

Project Guidelines
API Guides Product Support

Bug Reports

0 200 400 600 800 700

Figure 4. Bl Dashboard Snapshot (Post-Deployment)

Data was scraped via automated scripts with a survey from 15 staff members evaluated on
perceived usability, knowledge accessibility, and satisfaction with analytics recommendations.
The proposed system mirrored design is as in Figure 4, comprising the ingestion, analytics, and
feedback layers. Practical issues include: (a) privacy concerns was mitigated via the utilization of
strict anonymization protocols by removing personal identifiers and using hashed tokens to link
communications with user roles (as opposed to names), (b) Interoperability challenges between
legacy project-tracking systems and ETL layer were also withessed.
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To resolve this, lightweight data connectors were developed to convert CSV-based exports into
JSON streams compatible with Kafka ingestion, and (c) change management was another
challenge from employee hesitance to share internal documentation due to intellectual ownership
concerns. We resolved this via awareness campaigns and incentivized training. Over time, this
improved participation and reduced resistance to the new system.

3.4.2. Evaluation Strategy
Our framework will be evaluated using both quantitative and qualitative methods to assess its
impact on organizational learning. These are explained as thus (Kragulj et al., 2023; Omosor et

al.,

a.

2022):

Quantitative Evaluation: A pre-/post-comparison was conducted using system data from six
months before and after deployment. Metrics include learning speed, decision latency,
knowledge reuse, and innovation rate. A paired-sample t-test and Cohen’s d were used to
assess improvement levels. The paired-sample T-test was used to check if the difference
between before and after values is significant, where D is average difference between paired
scores (after - before), Sp/v/n is standard deviation of the difference, sn is number of pairs.

D
t_—SD/x/ﬁ eqn (4)

If the calculated t-value is greater than the critical t-value (at < 0.05 ), the change is
statistically significant with Cohen's Effect Size and shows how big the change is. Else, it is
insignificant (Ejeh et al., 2024; Ifioko et al., 2024; Pratama et al., 2025; Zuama et al., 2025).

Xatter — X
q = —after  Tbefore Equation 5
Sp

Where X 4., = mean after implementation, X, .. = mean before implementation, and the
Sp = standard deviation of the differences Result explains the major improvements in
knowledge reuse, decision efficiency, and decision consistency (Aghware, Ojugo, et al., 2024;
Binitie et al., 2024; Otorokpo et al., 2024).

Qualitative Evaluation: Semi-structured interviews and focus groups were conducted with 20
participants from two organizations. Thematic analysis showed four main outcomes: (a) better
visibility of knowledge assets, (b) faster decision-making, (c) improved collaboration across
departments, and (d) cultural barriers limits its full adoption (Ako et al., 2024; Okpor et al.,
2025; Ugbotu, Aghaunor, et al., 2025; Ugbotu, Ako, et al., 2025).
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4. RESULTS

The implementation of the data-driven knowledge management framework at Dinstack Software
Services Ltd. produced both quantitative and qualitative improvements across the two pilot
departments — Software Engineering and Product Support. The results demonstrate significant
enhancement in knowledge reuse, decision-making speed, and overall collaboration efficiency. A
comparative analysis was conducted using six months of data before and after system
deployment. The key performance indicators (KPIs) measured included decision latency,
knowledge reuse rate, innovation output, collaboration density, data quality index, and learning
retention index as shown in the Table 2.

Table 2. Performance of Proposed System

Performance Implementation | Improvement | Interpretation

Metrics Before | After | In percent

Decision Latency | 6.2 3.1 50% faster Faster decision cycles due to data-driven
insights

Knowledge 47.5 81.3 | +71% Higher reuse of documents and templates

Reuse

Collaboration 25 31 +24% Improved inter-unit communication

Innovation 11.4 17.8 | +56% Increased creativity via cross-knowledge

Output exchange

Data Quality 0.85 091 | +7% More reliable and complete data assets

Learning 0.49 0.75 | +53% Improved long-term knowledge retention

Retention

The paired-sample t-test confirmed statistical significance in improvements across all metrics (p <
0.01). Cohen’s d values ranged from 0.9 to 1.1, indicating large effect sizes and strong practical
impact as shown in the Figure 5. The graph highlights major post-deployment gains, particularly in
knowledge reuse and decision speed. Decision latency reduced by half, while innovation output
increased by over 50%, showing measurable improvement in learning agility. The Bl dashboard
provided real-time visibility into learning processes, allowing Dinstack’s leadership to monitor
which departments were most engaged with knowledge assets.

Over time, dashboards indicated stable performance gains and reduced redundancy in project
documentation. To visualize how knowledge exchange evolved, a network analysis of
collaboration logs was performed. Each node represents a staff member or sub-team, while edges
represent document-sharing or project collaboration. Before deployment, knowledge transfer was
fragmented, with few key individuals acting as information hubs. After implementation, the
network became more distributed and interconnected, indicating stronger peer-to-peer knowledge
flow and reduced over-dependence on central experts.
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Unstructured data from project reports and documentation were analyzed using topic modeling
(LDA/NMF) to identify emerging knowledge domains. The topic clusters revealed a shift in
organizational focus: (a) Before rollout: Topics centered around error handling, legacy systems,
and bug tracking, and (b) After rollout: Topics expanded to strategic areas like process
optimization, automation, and user experience improvement. This indicates that the framework
not only facilitated information sharing but also influenced the type and quality of knowledge
being created.

: =~ | fixflg Clientdeployment

scalability

0 - Uxfe ed ba C kmicroservices

improvement u
20
w aUtomatlondatabasg
e I itcon
»""é\dm Jg&z 600002(\ qﬁ‘\o‘\O& 0“75\\6\(\ o ?3@0‘ i | i n A P | '
Qeoe\"0 mo{‘\e& L\\ﬂa"o< «° & & ’ p pe e S te St l n g
Figure 5. The before and after scenario for Figure 6. Topic cluster generated
knowledge flow

4.1. Discussion of Findings

Result supports the knowledge that BDA, KM, and organizational learning align closely with
Kampoowale (2025) and Farzaneh et al. (2024) - that analytics-driven knowledge processes
significantly enhance decision quality, learning agility, and innovation performance in modern
enterprises. The integration of analytics, data governance, and KM processes resulted in
measurable gains across all performance indicators with a 50% reduction in decision latency,
71% improvement in knowledge reuse, and a 56% increase in innovation output in the context of
Dinstack. Businesses that leverage knowledge via an intelligent analytics KM framework achieve
faster learning cycles and improved adaptability in dynamic business scenarios. In addition, the
study demonstrates the synergy between data quality, analytics infrastructure, and cultural
enablers as drivers for sustained business learning. It further notes that the fusion of governance
and analytics layers validates the importance of data capture and sharing empirically, converting
passive repositories into actionable, active learning systems. The evidence therein stimulates
collective intelligence, reduces redundancy whilst encouraging cross-unit knowledge reuse. The
study advances knowledge as a strategically significant resource with analytics and governance
as mediator schemes to transform data into organizational intelligence.
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The study posits that data governance principles such as accuracy, consistency, and accessibility
are enshrined in analytics workflows to enhance the absorptive capacity of learners. Robust
governance ensures reliability, trust, and improves knowledge retention and reuse. Our causal
chain thus strengthens KM processes (capture, sharing, reuse) - and leads to improved learning
outcomes such as innovation, decision speed, and retention. This progression validates the
multistage organizational learning in Mohamad et al. (2022) where analytics maturity directly
impacts the efficiency of knowledge cycles (Anthony-Akhutie et al., 2025; Yoro et al., 2025). Some
practical implications therein include (Eboka et al., 2025; Ojugo et al., 2024):

1. Investing in analytics infrastructure and governance is essential to enable adaptive learning
systems. So, businesses must prioritize the deployment of data pipelines, metadata
standards, and analytics platforms that support continuous knowledge generation (Barker et
al. 2022), and effective KMs must be complemented by enabling technologies that allow
seamless integration between people, processes, and data.

2. Cultural readiness is as critical as technical infrastructure with training programs, incentivized
knowledge sharing, and transparent policies are all necessary tools to reduce resistance and
foster trust. The interplay between human and technology determines whether KM initiatives
succeed or fail. Thus, cultural alighment acts as a moderating variable that amplifies the
benefits of analytics on learning performance.

3. Governance emerges as a strategic enabler. Thus, by establishing clear policies for data
ownership, privacy, and access control, organizations can balance agility with accountability,
ensuring that learning processes remain compliant and ethical. Embedding governance rules
directly into KMs will automate data validation, security and traceability as demonstrated
there. Dinstack operationalized data governance at her system level - and have prevented
knowledge decay, ensured reliable outputs, and strengthened organizational trusts.

Our framework conceptualizes analytics as an integrative scheme that connects data governance
to knowledge outcomes. This synthesis bridges the gap in Kampoowale (2025) that espoused the
lack of unified models that link governance, analytics, and learning processes. This empirical
validation provides new evidence of analytics maturity; And suggests that organizational learning
can be quantified via measurable indicators such as reuse rates, decision latency, and innovation
metrics. And thus, proffer a path toward more objective evaluation of learning performance.
Despite these contributions, the study acknowledges some limitations and validity threats as
thus: (a) the study was conducted in a single organization as this limits the generalizability of
evidence therein to business with varying cultural or infrastructural conditions, (b) while
quantitative metrics like knowledge reuse and decision latency are rigorously tracked, qualitative
variables like cultural adaptation and trust are inherently subjective as they may be influenced by
social desirability bias and variations, (c) long-term sustainability and scalability were not fully
assessed as deployment period was for six-months, (d) although data governance controls were
implemented, the use of communication logs for analytics raised potential privacy concerns that
required anonymization - and thus, created tension between data utility and privacy protection,
and (e) model validation was limited by available computing resources.
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These limitations do not, however, detract from the study’s overall contributions that data
governance and analytics can be operationalized to enhance KM and learning outcomes in
realtime. KM systems must evolve into adaptive, self-learning repositories/ecosystems that
continuously integrate feedback, analytics, and user behavior. This study reinforces that the
future of KMs lies in data-driven organizational intelligence, where learning is both measurable
and self-improving. The study contributes thus: (a) Conceptual Model for an integrative model that
links data governance, analytics, and KM processes to organizational learning outcomes
(Malasowe, Edim, et al., 2024), (b) Operational framework of a multi-layered scheme for cultural
enablement (Okpor, Aghware, Akazue, Eboka, et al., 2024), (c) functional Prototype Architecture
on Kafka-Spark-PostgreSQL-React/Django that demonstrates practical feasibility in a realtime,
(d) Empirical via quantitative and qualitative evidence from a live case study showing over 50-
70% improvements in key KM performance metrics, and (e) Measurable Instruments via metrics
such as knowledge reuse rate, decision, amongst others.

5. CONCLUSION

The fusion of BDA, data governance, and KMs lays a powerful foundation for advancing
organizational learning and innovation in modern enterprises with the case of Dinstack Software
Services. The study demonstrates that the systemic collections, analysis and transformation of
data into active knowledge can boost organizational learning and improve decision-making
processes, knowledge reuse, and overall learning capacity. Results shows that quantifiable
performance improvements with a 50% reduction in decision latency, 71% increase in knowledge
reuse, and 56% growth in innovation output - can be achieved with analytics-enabled KM
frameworks; Thus, it generates tangible organizational values (Rangga et al., 2026; Setiadi et al.,
2025).

Our framework contributes by provisioning an integrated model that fuses data governance and
analytics to KM processes and learning outcomes. The multi-layered scheme of governance,
ingestion, analytics, knowledge lifecycle management, and cultural enablement - ensures a
holistic paradigm that transforms data into strategic knowledge. Also, embedding governance
principles in analytics workflows ensures knowledge creation and reuse within a secure, accurate,
and transparent border - as the study reveals how analytics maturity enhances the absorptive
capacity of businesses as they acquire, and apply new knowledge effectively (Muhamada et al.,
2024; Ojugo et al., 2015; Ojugo, Ejeh, et al., 2023). From a managerial standpoint - it underpins
several implications: (a) it emphasizes the strategic importance of investing in analytics and
governance infrastructure - not only as a technical add-ons; But, as a central components of KM
strategy to better position organizations that institutionalize these capabilities with continuous
learning, (b) cultural alignment, including leadership support, incentive structures, and training
programs that foster trust and openness as demonstrated herein - can yield organizational
benefits once aligned with technological and human dimensions, and (c) the framework’s
continuous feedback ensures that all user interaction contributes to refining both analytics
models and governance rules, enabling the system to evolve on learning needs.

26



d -
— Beltavioral Tuformaties ’
ref Journal of
c ro S Digital Humanities & Development Research

Creative Research Publishers
https://www.crossref.org/06members/50go-live.html Vol 11, No 2, June 2025 Series

REFERENCES

Adamu, S., lorliam, A., & Asilkan, 0. (2025). Exploring Explainability in Multi-Category Electronic
Markets: A Comparison of Machine Learning and Deep Learning Approaches. Journal of Future
Artificial Intelligence and Technologies, 1(4), 440-454. https://doi.org/10.62411/faith.3048-
3719-58

Addae, S., Kim, J., Smith, A., Rajana, P., & Kang, M. (2024). Smart Solutions for Detecting, Predicting,
Monitoring, and Managing Dementia in the Elderly: A Survey. In IEEE Access (Vol. 12). IEEE.
https://doi.org/10.1109/ACCESS.2024.3421966

Agboi, J., Emordi, F. U., Odiakaose, C. C., Idama, R. O., Jumbo, E. F., Oweimieotu, A. E., Ezzeh, P. O.,
Eboka, A. 0., Odoh, A., Ugbotu, E. V., Onoma, P. A., Ojugo, A. A., Aghaunor, T. C., Binitie, A. P.,
Onochie, C. C., Nwozor, B., & Ejeh, P. 0. (2025). Phishing Website Detection via a Transfer
Learning based XGBoost Meta-learner with SMOTE-Tomek. Journal of Fuzzy Systems and Control,
3(3), 181-189. https://doi.org/10.59247 /jfsc.v3i3.325

Agboi, J., Onoma, P. A., Ugbotu, E. V., Aghaunor, T. C., Odiakaose, C. C., Ojugo, A. A., Eboka, A. O.,
Binitie, A. P., Ezzeh, P. O., Ejeh, P. O., Geteloma, V. O., Idama, R. O., Orobor, A. I., Onochie, C. C., &
Obruche, C. 0. (2025). Lung Cancer Detection using a Hybridized Contrast- based Xception
Model on Image Data : A Pilot Study. MSIS - International Journal of Advanced Computing and
Intelligent System, 4(1), 1-11.

Aghaunor, T. C., Agboi, J., Ugbotu, E. V., Onoma, P. A., Ojugo, A. A., Odiakaose, C. C., Eboka, A. O.,
Ezzeh, P. 0., Geteloma, V. O., Binitie, A. P., Orobor, A. I., Nwozor, B., Ejeh, P. 0., & Onochie, C. C.
(2025). ECOSMEAL: Energy Consumption with Optimization Strategy via a Secured Smart Monitor-
Alert Ensemble. Journal of Fuzzy Systems and Control, 3(3), 190-196.
https://doi.org/10.59247/jfsc.v3i3.319

Aghaunor, T. C., Omede, E. U., Ugbotu, E. V., Agboi, J., Onochie, C. C., Max-Egba, A. T., Geteloma, V. 0.,
Onoma, P. A., Eboka, A. O., Ojugo, A. A., Odiakaose, C. C., & Binitie, A. P. (2025). Enhanced
Scorch Occurrence Prediction in Foam Production via a Fusion SMOTE-Tomek Balanced Deep
Learning Scheme. NIPES - Journal of Science and Technology Research, 7(2), 330-339.
https://doi.org/10.37933/nipes/7.2.2025.25

Aghware, F. O., Akazue, M. I., Okpor, M. D., Malasowe, B. O., Aghaunor, T. C., Ugbotu, E. V., Ojugo, A. A,,
Ako, R. E., Geteloma, V. 0., Odiakaose, C. C., Eboka, A. O., & Onyemenem, S. |. (2025). Effects of
Data Balancing in Diabetes Mellitus Detection: A Comparative XGBoost and Random Forest
Learning Approach. NIPES - Journal of Science and Technology Research, 7(1), 1-11.
https://doi.org/10.37933/nipes/7.1.2025.1

Aghware, F. 0., Ojugo, A. A., Adigwe, W., Odiakaose, C. C., Ojei, E. O., Ashioba, N. C., Okpor, M. D., &
Geteloma, V. 0. (2024). Enhancing the Random Forest Model via Synthetic Minority
Oversampling Technique for Credit-Card Fraud Detection. Journal of Computing Theories and
Applications, 1(4), 407-420. https://doi.org/10.62411/jcta.10323

Aghware, F. O., Okpor, M. D., Adigwe, W., Odiakaose, C. C., Ojugo, A. A., Eboka, A. O., Ejeh, P. O., Taylor,
0. E., Ako, R. E., & Geteloma, V. O. (2024). BloFoPASS: A blockchain food palliatives tracer
support system for resolving welfare distribution crisis in Nigeria. International Journal of
Informatics and Communication Technology, 13(2), 178-187.
https://doi.org/10.11591/ijict.v13i2.pp178-187

27



d -
— Beltavioral Tuformaties ’
ref Journal of
c ro S Digital Humanities & Development Research

Creative Research Publishers
https://www.crossref.org/06members/50go-live.html Vol 11, No 2, June 2025 Series

Aghware, F. O., Yoro, R. E., Ejeh, P. 0., Odiakaose, C. C., Emordi, F. U., & Ojugo, A. A. (2023). Sentiment
Analysis in Detecting Sophistication and Degradation Cues in Malicious Web Contents. Kong Zhu
Yuece / Control and Decision, 38(1), 653.
https://www.researchgate.net/publication/374875030

Akazue, M. |., Edje, A. E., Okpor, M. D., Adigwe, W., Ejeh, P. O., Odiakaose, C. C., Ojugo, A. A., Edim, E.
B., Ako, R. E., & Geteloma, V. O. (2024). FiMoDeAL: pilot study on shortest path heuristics in
wireless sensor network for fire detection and alert ensemble. Bulletin of Electrical Engineering
and Informatics, 13(5), 3534-3543. https://doi.org/10.11591/eei.v13i5.8084

Akazue, M. I, Okofu, S. N., Ojugo, A. A., Ejeh, P. O., Odiakaose, C. C., Emordi, F. U., Ako, R. E., &
Geteloma, V. 0. (2024). Handling Transactional Data Features via Associative Rule Mining for
Mobile Online Shopping Platforms. International Journal of Advanced Computer Science and
Applications, 15(3), 530-538. https://doi.org/10.14569/1JACSA.2024.0150354

Akinwale, A. A. (2012). Digitisation of Indigenous Knowledge for Natural Resources Management in
Africa. AERN SUMMIT 2012 Conference Paper, May, 1-20.

Ako, R. E., Aghware, F. O., Okpor, M. D., Akazue, M. I, Yoro, R. E., Ojugo, A. A., Setiadi, D. R. I. M.,
Odiakaose, C. C., Abere, R. A., Emordi, F. U., Geteloma, V. O., & Ejeh, P. 0. (2024). Effects of Data
Resampling on Predicting Customer Churn via a Comparative Tree-based Random Forest and
XGBoost.  Journal of Computing Theories and  Applications, 2(1), 86-101.
https://doi.org/10.62411/jcta.10562

Allessie, D., Janssen, M., Ubacht, J., Cunningham, S., & van der Harst, G. (2019). The consequences of
blockchain architectures for the governance of public services: A case study of the movement of
excise goods under duty exemptions. Information  Polity, 24(4), 487-499.
https://doi.org/10.3233/1P-190151

Almeida, C. S. de, Miccoli, L. S., Andhini, N. F., Aranha, S., Oliveira, L. C. de, Artigo, C. E., Em, A. A. R,,
Em, A. A. R., Bachman, L., Chick, K., Curtis, D., Peirce, B. N., Askey, D., Rubin, J., Egnatoff, D. W.
J., Uhl Chamot, A., El-Dinary, P. B., Scott, J.; Marshall, G., Prensky, M., ... Santa, U. F. De. (2016).
Credit card fraud detection using enhanced Random Forest Classifier for imbalanced data.
Revista Brasileira de Linguistica Aplicada, 5(1), 1689-1699.

Alnahari, M. S., & Ariaratnam, S. T. (2022). The Application of Blockchain Technology to Smart City
Infrastructure. Smart Cities, 5(3), 979-993. https://doi.org/10.3390/smartcities5030049
Anthony-Akhutie, P., Omosor, J. C., Onoma, P. A, Ojugo, A. A, Ako, R. E., Agboi, J., Odiakaose, C. C.,
Max-Egba, A. T., Geteloma, V. 0., Niemogha, S. U., & Abdullahi, M. B. (2025). SEMAEco-loT: A
Secured loT-based Smart Energy Monitor and Alert for Enhanced Energy Conservation and

Optimization. FUPRE Journal of PetroScience, 1(1), 150-166.

Anwar, T., & Uma, V. (2021). Comparative study of recommender system approaches and movie
recommendation using collaborative filtering. International Journal of System Assurance
Engineering and Management, 12(3), 426-436. https://doi.org/10.1007/s13198-021-01087-x

Atuduhor, R. R., Okpor, M. D., Yoro, R. E., Odiakaose, C. C., Emordi, F. U., Ojugo, A. A., Ako, R. E,,
Geteloma, V. 0., Ejeh, P. O., Abere, R. A., Ifioko, A. M., & Brizimor, S. E. (2024). StreamBoostE: A
Hybrid Boosting-Collaborative Filter Scheme for Adaptive User-ltem Recommender for Streaming
Services. Advances in Multidisciplinary & Scientific Research Journal Publications, 10(2), 89-
1086. https://doi.org/10.22624/AIMS/V10N2P8

Bayer, M., Kaufhold, M. A., Buchhold, B., Keller, M., Dallmeyer, J., & Reuter, C. (2023). Data
augmentation in natural language processing: a novel text generation approach for long and
short text classifiers. International Journal of Machine Learning and Cybernetics, 14(1), 135-
150. https://doi.org/10.1007/s13042-022-01553-3

28



d -

— Diola manval Tulswia sl

— ef .lnllrnal “r ve‘.;a\’;ora\,Hmmfs’
c ro S sr Creative Research Publishers Digital Humanities & Development Research

https://www.crossref.org/06members/50go-live.htm Vol 11, No 2, June 2025 Series

Binitie, A. P., Odiakaose, C. C., Okpor, M. D., Ejeh, P. O., Eboka, A. 0., Ojugo, A. A., Setiadi, D. R. |. M.,
Ako, R. E., Aghaunor, T. C., Geteloma, V. O., & Afotanwo, A. (2024). Stacked Learning Anomaly
Detection Scheme with Data Augmentation for Spatiotemporal Traffic Flow. Journal of Fuzzy
Systems and Control, 2(3), 203-214. https://doi.org/10.59247 /jfsc.v2i3.267

Binitie, A. P., Okofu, S. N., Okpor, M. D., Anazia, K. E., Ojugo, A. A., Egbokhare, F. A., Egwali, A., Ezzeh, P.
0., Ako, R. E., Geteloma, V. 0., Aghaunor, T. C., Ugbotu, E. V., & Onyemenem, S. I. (2025).
MoBiSafe: an obfuscated single factor authentication mode to enhance secured USSD channel
transaction in Nigeria. Indonesian Journal of Electrical Engineering and Computer Science,
40(1), 426. https://doi.org/10.11591/ijeecs.v40.i1.pp426-436

Bratianu, C., & Bejinaru, R. (2025). Artificial Knowledge and its Challenges for Knowledge
Management Systems. European Conference on Knowledge Management, 26(1), 133-139.
https://doi.org/10.34190/eckm.26.1.3680

Bratianu, C., & Staneiu, R. M. (2024). The Emergence of Neuroleadership in the Knowledge Economy.
Encyclopedia, 4(3), 1100-1116. https://doi.org/10.3390/encyclopedia4030071

Brijwani, G. N., Ajmire, P. E., Jewani, V., Thawani, P. V., Mohammad, D., Junaid, M. A., Khan, T., &
Pawar, D. S. (2024). HealthShield: A Blockchain-Based Electronic Health Recording System with
Enhanced Security Algorithm for Immutable and Confidential Health Data Management.
International Journal of Scientific Research in Science and Technology, 11(3), 794-814.
https://doi.org/10.32628/ijsrst24113234

Brizimor, S. E., Okpor, M. D., Yoro, R. E., Emordi, F. U., Ifioko, A. M., Odiakaose, C. C., Ojugo, A. A,, Ejeh,
P. O., Abere, R. A., Ako, R. E., & Geteloma, V. 0. (2024). WiSeCart: Sensor-based Smart-Cart with
Self-Payment Mode to Improve Shopping Experience and Inventory Management. Social
Informatics, Business, Politics, Law, Environmental Sciences and Technology Journal, 10(1), 53-
74. https://doi.org/10.22624/aims/sij/vi0nlp7

Brunetti, J. M., Gil, R., & Garcia, R. (2012). Facets and pivoting for flexible and usable linked data
exploration. CEUR Workshop Proceedings, 913(January), 22-35.

Buari, E. 0., Salaudeen, S. 0., & Emmanuel, T. (2022). The Impact of Advertising Medium on
Consumer Brand Preference for beverages in Osun State, Nigeria. Journal of Marketing and
Consumer Research, 87(2013), 1-6. https://doi.org/10.7176/jmcr/87-01

Debasish, R. A., & Jena, K. N. (2020). An analysis of Online Shopping of customers with special
reference to Bhubaneswar. Mukt Shabd Journal, 9(5), 4241-4252.

Eboka, A. O., Odiakaose, C. C., Agboi, J., Okpor, M. D., Onoma, P. A., Aghaunor, T. C., Ojugo, A. A.,
Ugbotu, E. V., Max-Egba, A. T., Geteloma, V. O., Binitie, A. P., Onochie, C. C., & Ako, R. E. (2025).
Resolving Data Imbalance Using a Bi-Directional Long-Short Term Memory for Enhanced
Diabetes Mellitus Detection. Journal of Future Artificial Intelligence and Technologies, 2(1), 95-
109. https://doi.org/10.62411/faith.3048-3719-73

Ejeh, P. O., Okpor, M. D., Yoro, R. E., Ifioko, A. M., Onyemenem, S. I., Odiakaose, C. C., Ojugo, A. A., Ako,
R. E., Emordi, F. U., & Geteloma, V. 0. (2024). Counterfeit Drugs Detection in the Nigeria Pharma-
Chain via Enhanced Blockchain-based Mobile Authentication Service. Advances in
Multidisciplinary &  Scientific ~ Research  Journal  Publications, 12(2), 25-44.
https://doi.org/10.22624/aims/maths/v12n2p3

Fartash, K., Baramaki, T., Khayytian, M. S., & Salekdeh, N. R. (2023). Investigating Diffusion of USSD
Technology in Iran. Journal of Science and Technology Policy, 16(2), 41-58.
https://doi.org/10.22034/jstp.2023.11271.1632

29



d -

— Diola manval Tulswia sl

— ef .lnllrnal “r ve‘.;a\’;ora\,Hmmfs’
c ro S sr Creative Research Publishers Digital Humanities & Development Research

https://www.crossref.org/06members/50go-live.htm Vol 11, No 2, June 2025 Series

Geteloma, V. 0., Aghware, F. O., Adigwe, W., Odiakaose, C. C., Ashioba, N. C., Okpor, M. D., Ojugo, A. A,,
Ejeh, P. O., Ako, R. E., & Ojei, E. 0. (2024a). AQuamoAS: unmasking a wireless sensor-based
ensemble for air quality monitor and alert system. Applied Engineering and Technology, 3(2),
70-85. https://doi.org/10.31763/aet.v3i2.1409

Geteloma, V. 0., Aghware, F. O., Adigwe, W., Odiakaose, C. C., Ashioba, N. C., Okpor, M. D., Ojugo, A. A,
Ejeh, P. 0., Ako, R. E., & Ojei, E. 0. (2024b). Enhanced data augmentation for predicting
consumer churn rate with monetization and retention strategies: a pilot study. Applied
Engineering and Technology, 3(1), 35-51. https://doi.org/10.31763/aet.v3i1.1408

Geteloma, V. 0., Okpor, M. D., Ugboh, E., Anazia, K. E., Odoh, A., Agboi, J., Abere, R. A., Aghaunor, T. C,,
Ugbotu, E. V., Odiakaose, C. C., & Ojugo, A. A. (2025). Investigating Risk Level in Maternal
Mortality via a 3ConFA Feature Fused SMOTE-Tomek Balancing with Attention-Guided BiGRU
Scheme : A Pilot Study. Journal of Behavioral Informatics, Digital Humanities and Development
Research, 11(3), 59-80. https://doi.org/10.22624/AIMS/BHI/V11N3P5x

Huang, L.-T. (2016). Exploring utilitarian and hedonic antecedents for adopting information from a
recommendation agent and unplanned purchase behaviour. New Review of Hypermedia and
Multimedia, 22(1-2), 139-165. https://doi.org/10.1080/13614568.2015.1052098

Huseynov, F., & Yildinm, S. O. (2016). Behavioral Issues in B2C E-commerce. Information
Development, 32(5), 1343-1358. https://doi.org/10.1177/0266666915599586

Ibor, A., Hooper, M., Maple, C., Crowcroft, J., & Epiphaniou, G. (2024). Considerations for trustworthy
cross-border interoperability of digital identity systems in developing countries. Al and Society,
August. https://doi.org/10.1007/s00146-024-02008-9

Ifioko, A. M., Yoro, R. E., Okpor, M. D., Brizimor, S. E., Obasuyi, D. A., Emordi, F. U., Odiakaose, C. C.,
Ojugo, A. A., Atuduhor, R. R., Abere, R. A, Ejeh, P. O., Ako, R. E., & Geteloma, V. 0. (2024).
CoDuBoTeSS: A Pilot Study to Eradicate Counterfeit Drugs via a Blockchain Tracer Support
System on the Nigerian Frontier. Journal of Behavioral Informatics, Digital Humanities and
Development Research, 10(2), 53-74. https://doi.org/10.22624/AIMS/BHI/V10N2P6

Jameaba, M. (2020). Digitization, FinTech Disruption, and Financial Stability: The Case of the
Indonesian Banking Sector. SSRN Electronic Journal, 34, 1-44.
https://doi.org/10.2139/ssrn.3529924

Kerschbaum, C. (2025). “New” Types of Knowledge in KM - Towards a Definition of Aesthetic
Knowledge and Knowing. Proceedings of the Annual Hawaii International Conference on System
Sciences, 8, 4853-4862. https://doi.org/10.24251/hicss.2025.584

Kragulj, F., Kerschbaum, C., & Kaiser, A. (2023). Relatedness and Futureness: Key Pillars for
Developing Knowledge- Based Management for Sustainability. 708-714.

Logesh, R., Subramaniyaswamy, V., Malathi, D., Sivaramakrishnan, N., & Vijayakumar, V. (2020).
Enhancing recommendation stability of collaborative filtering recommender system through bio-
inspired clustering ensemble method. Neural Computing and Applications, 32(7), 2141-2164.
https://doi.org/10.1007/s00521-018-3891-5

Long, E., & Long, E. (2023). Spiritual Knowledge Management : Practical Wisdom and Faith-at- Work
Brought to Life. 1, 835-843.

Malasowe, B. O., Aghware, F. O., Okpor, M. D., Edim, E. B., Ako, R. E., & Ojugo, A. A. (2024). Techniques
and Best Practices for Handling Cybersecurity Risks in Educational Technology Environment
(EdTech). NIPES - Journal of Science and Technology Research, 6(2), 293-311.
https://doi.org/10.5281/zen0do0.12617068

30



d -
— Beltavioral Tuformaties ’
ref Journal of
c ro S Digital Humanities & Development Research

Creative Research Publishers
https://www.crossref.org/06members/50go-live.html Vol 11, No 2, June 2025 Series

Malasowe, B. O., Edim, E. B., Adigwe, W., Okpor, M. D., Ako, R. E., Okpako, A. E., Ojugo, A. A., & Ojei, E.
0. (2024). Quest for Empirical Solution to Runoff Prediction in Nigeria via Random Forest
Ensemble: Pilot Study. Advances in Multidisciplinary & Scientific Research Journal Publications,
10(1), 73-90. https://doi.org/10.22624/aims/bhi/v10n1p8

Malasowe, B. O., Ojie, D. V., Ojugo, A. A., & Okpor, M. D. (2024). Co-Infection Prevalence of Covid-19
Underlying Tuberculosis Disease Using a Susceptible Infect Clustering Bayes Network. Dutse
Journal of Pure and Applied Sciences, 10(2), 80-94. https://doi.org/10.4314/dujopas.v10i2a.8

Malasowe, B. O., Okpako, A. E., Okpor, M. D., Ejeh, P. O., Ojugo, A. A., & Ako, R. E. (2024). FePARM: The
Frequency-Patterned Associative Rule Mining Framework on Consumer Purchasing-Pattern for
Online Shops. Advances in Multidisciplinary & Scientific Research Journal Publications, 15(2),
15-28. https://doi.org/10.22624/aims/cisdi/v15n2p2-1

Martin, F., Parker, M., & Allred, B. (2013). A Case Study on the Adoption and use of Synchronous
Virtual Classrooms. The Electronic Journal of E-Learning, 11(2), 124-138.

Mawer, T., Von Solms, S., & Meyer, J. (2024). Identifying the Scope of Cybersecurity Research
Conducted in the Maritime Industry: 2003 - 2023. International Conference on Cyber Warfare
and Security, 19(1), 545-554. https://doi.org/10.34190/iccws.19.1.2037

Muhamada, K., Setiadi, D. R. I. M., Sudibyo, U., Widjajanto, B., & Ojugo, A. A. (2024). Exploring
Machine Learning and Deep Learning Techniques for Occluded Face Recognition: A
Comprehensive Survey and Comparative Analysis. Journal of Future Artificial Intelligence and
Technologies, 1(2), 160-173. https://doi.org/10.62411/faith.2024-30

Neves, C., Rocha, R. G., Pinheiro, P., & Amsterdam, U. (2025). Knowledge Management, Spirituality,
and Practical Wisdom.

Nur, M. J., Setiadi, D. R. I. M., Ojugo, A. A., & Nguyen, M. T. (2025). Improving Customer Churn
Prediction Using Domain-Driven Feature Engineering, Resampling, and CatBoost with
Explainability Extensions. 2025 International Seminar on Application for Technology of
Information and Communication (ISemantic), 493-499.
https://doi.org/10.1109/1Semantic67418.2025.11291801

Odiakaose, C. C., Aghware, F. O., Okpor, M. D., Eboka, A. O., Binitie, A. P., Ojugo, A. A., Setiadi, D. R. I.
M., Ibor, A. E., Ako, R. E., Geteloma, V. O., Ugbotu, E. V., & Aghaunor, T. C. (2024). Hypertension
Detection via Tree-Based Stack Ensemble with SMOTE-Tomek Data Balance and XGBoost Meta-
Learner. Journal of Future Artificial Intelligence and Technologies, 1(3), 269-283.
https://doi.org/10.62411/faith.3048-3719-43

Odiakaose, C. C., Omede, E. U., Anazia, K. E., Okpor, M. D., Ako, R. E., Aghaunor, T. C., Ugbotu, E. V.,
QOjugo, A. A., Moses Setiadi, D. R. I., Eboka, A. O., Max-Egba, A. T., Agboi, J., Onochie, C. C., &
Onoma, P. A. (2025). Investigating Data Balancing Effects for Enhanced Behavioural Risk
Detection in Cervical Cancer Using BiGRU: A Pilot Study. NIPES - Journal of Science and
Technology Research, 7(2), 319-329. https://doi.org/10.37933/nipes/7.2.2025.24

Ojugo, A. A., & Eboka, A. 0. (2018a). Assessing Users Satisfaction and Experience on Academic
Websites: A Case of Selected Nigerian Universities Websites. International Journal of Information
Technology and Computer Science, 10(10), 53-61. https://doi.org/10.5815/ijitcs.2018.10.07

QOjugo, A. A., & Eboka, A. 0. (2018b). Comparative Evaluation for High Intelligent Performance Adaptive
Model for Spam Phishing Detection. Digital Technologies, 3(1), 9-15.
https://doi.org/10.12691/dt-3-1-2

QOjugo, A. A, & Eboka, A. 0. (2018c). Modeling the Computational Solution of Market Basket
Associative Rule Mining Approaches Using Deep Neural Network. Digital Technologies, 3(1), 1-8.
https://doi.org/10.12691/dt-3-1-1

31



d -

— Diola manval Tulswia sl

— ef .lnllrnal “r ve‘.;a\’;ora\,Hmmfs’
c ro S sr Creative Research Publishers Digital Humanities & Development Research

https://www.crossref.org/06members/50go-live.htm Vol 11, No 2, June 2025 Series

Ojugo, A. A., & Eboka, A. 0. (2019). Inventory prediction and management in Nigeria using market
basket analysis associative rule mining: memetic algorithm based approach. International
Journal  of Informatics and Communication  Technology  (IJ-ICT), 8(3), 128.
https://doi.org/10.11591/ijict.v8i3.pp128-138

Ojugo, A. A, & Eboka, A. O. (2020). An Empirical Evaluation On Comparative Machine Learning
Techniques For Detection Of The Distributed Denial Of Service ( DDoS ) Attacks. Journal of
Applied Science, Engineering, Technology, and Education, 2(1), 18-27.
https://doi.org/10.35877/454Rl.asci2192

QOjugo, A. A, Ejeh, P. 0., Akazue, M. I., Ashioba, N. C., Odiakaose, C. C., Ako, R. E., Nwozor, B., & Emordi,
F. U. (2023). CoSoGMIR: A Social Graph Contagion Diffusion Framework using the Movement-
Interaction-Return Technique. Journal of Computing Theories and Applications, 1(2), 163-173.
https://doi.org/10.33633/jcta.v1i2.9355

Ojugo, A. A, Ejeh, P. O., Odiakaose, C. C., Eboka, A. O., & Emordi, F. U. (2024). Predicting rainfall runoff
in Southern Nigeria using a fused hybrid deep learning ensemble. International Journal of
Informatics and Communication Technology, 13(1), 108-115.
https://doi.org/10.11591/ijict.v13il.pp108-115

Ojugo, A. A., & Ekurume, E. (2021). Deep Learning Network Anomaly-Based Intrusion Detection
Ensemble For Predictive Intelligence To Curb Malicious Connections: An Empirical Evidence.
International Journal of Advanced Trends in Computer Science and Engineering, 10(3), 2090-
2102. https://doi.org/10.30534/ijatcse/2021/851032021

QOjugo, A. A., & Nwankwo, 0. (2021a). Multi-Agent Bayesian Framework For Parametric Selection In The
Detection And Diagnosis of Tuberculosis Contagion In Nigeria. JINAV: Journal of Information and
Visualization, 2(2), 69-76. https://doi.org/10.35877/454ri.jinav375

QOjugo, A. A., & Nwankwo, 0. (2021b). Spectral-Cluster Solution For Credit-Card Fraud Detection Using
A Genetic Algorithm Trained Modular Deep Learning Neural Network. JINAV: Journal of
Information and Visualization, 2(1), 15-24. https://doi.org/10.35877/454ri.jinav274

QOjugo, A. A,, Odiakaose, C. C., Emordi, F. U., Ejeh, P. O., Adigwe, W., Anazia, K. E., & Nwozor, B. (2023).
Forging a learner-centric blended-learning framework via an adaptive content-based architecture.
Science in Information Technology Letters, 4(1), 40-53.
https://doi.org/10.31763/sitech.v4i1.1186

QOjugo, A. A., & Otakore, O. D. (2018). Redesigning Academic Website for Better Visibility and Footprint:
A Case of the Federal University of Petroleum Resources Effurun Website. Network and
Communication Technologies, 3(1), 33. https://doi.org/10.5539/nct.v3n1p33

QOjugo, A. A., & Otakore, O. D. (2020). Computational solution of networks versus cluster grouping for
social network contact recommender system. International Journal of Informatics and
Communication Technology (IJ-ICT), 9(3), 185. doi: 10.11591/ijict.v9i3.pp185-194

Ojugo, A. A., & Otakore, O. D. (2021). Forging An Optimized Bayesian Network Model With Selected
Parameters For Detection of The Coronavirus In Delta State of Nigeria. Journal of Applied
Science, Engineering, Technology, and Education, 3(2), 37-45.
https://doi.org/10.35877/454ri.asci2163

Ojugo, A. A., & Oyemade, D. A. (2020). Predicting Diffusion Dynamics Of The Coronavirus In Nigeria
Through Ties-Strength Threshold On A Cascading Sl-Graph. Technology Reports of Kansai
University, 62(08), 126-132. https://doi.org/TRKU-13-08-2020-10998

QOjugo, A. A., & Oyemade, D. A. (2021). Boyer moore string-match framework for a hybrid short
message service spam filtering technique. IAES International Journal of Artificial Intelligence,
10(3), 519-527. https://doi.org/10.11591/ijai.v10.i3.pp519-527

32



d -
— Beltavioral Tuformaties ’
ref Journal of
c ro S Digital Humanities & Development Research

Creative Research Publishers
https://www.crossref.org/06members/50go-live.html Vol 11, No 2, June 2025 Series

QOjugo, A. A., & Yoro, R. E. (2013). Computational Intelligence in Stochastic Solution for Toroidal N-
Queen.  Progress in Intelligent Computing and  Applications, 1(2), 46-56.
https://doi.org/10.4156/pica.vol2.issuel.4

QOjugo, A. A., & Yoro, R. E. (2020). Predicting Futures Price And Contract Portfolios Using The ARIMA
Model: A Case of Nigeria * s Bonny Light and Forcados. Quantitative Economics and
Management Studies, 1(4), 237-248. https://doi.org/10.35877/454RIl.qems139

Ojugo, A. A, Yoro, R. E., Eboka, A. O., Yerokun, M. O., Anujeonye, C. N., & Efozia, F. N. (2015).
Predicting Behavioural Evolution on a Graph-Based Model. Advances in Networks, 3(2), 8.
https://doi.org/10.11648/j.net.20150302.11

Okobah, I. P., & Ojugo, A. A. (2018). Evolutionary Memetic Models for Malware Intrusion Detection: A
Comparative Quest for Computational Solution and Convergence. International Journal of
Computer Applications, 179(39), 34-43. doi: 10.5120/ijca2018916586

Okofu, S. N., Akazue, M. I., Oweimieotu, A. E., Ako, R. E., Ojugo, A. A., & Asuai, C. E. (2024). Improving
Customer Trust through Fraud Prevention E-Commerce Model. Journal of Computing, Science
and Technoloogy, 1(1), 76-86.

Okofu, S. N., Anazia, K. E., Akazue, M. I., Okpor, M. D., Oweimieotu, A. E., Asuai, C. E., Nwokolo, G. A,,
Ojugo, A. A., & Ojei, E. 0. (2024). Pilot Study on Consumer Preference, Intentions and Trust on
Purchasing-Pattern for Online Virtual Shops. International Journal of Advanced Computer
Science and Applications, 15(7), 804-811. https://doi.org/10.14569/1JACSA.2024.0150780

Okonta, E. 0., Ojugo, A. A.,, Wemembu, U. R., & Ajani, D. (2013). Embedding Quality Function
Deployment In Software Development: A Novel Approach. West African Journal of Industrial &
Academic Research, 6(1), 50-64.

Okonta, E. 0., Wemembu, U. R., Ojugo, A. A., & Ajani, D. (2014). Deploying Java Platform to Design A
Framework of Protective Shield for Anti- Reversing Engineering. West African Journal of
Industrial & Academic Research, 10(1), 50-64.

Okpor, M. D., Aghware, F. O., Akazue, M. I., Eboka, A. O., Ako, R. E., Ojugo, A. A., Odiakaose, C. C,,
Binitie, A. P., Geteloma, V. O., & Ejeh, P. 0. (2024). Pilot Study on Enhanced Detection of Cues
over Malicious Sites Using Data Balancing on the Random Forest Ensemble. Journal of Future
Artificial Intelligence and Technologies, 1(2), 109-123. doi: 10.62411/faith.2024-14

Okpor, M. D., Aghware, F. O., Akazue, M. I., Ojugo, A. A., Emordi, F. U., Odiakaose, C. C., Ako, R. E.,
Geteloma, V. 0., Binitie, A. P., & Ejeh, P. 0. (2024). Comparative Data Resample to Predict
Subscription Services Attrition Using Tree-based Ensembles. Journal of Fuzzy Systems and
Control, 2(2), 117-128. https://doi.org/10.59247 /jfsc.v2i2.213

Okpor, M. D., Anazia, K. E., Adigwe, W., Okpako, A. E., Setiadi, D. R. I. M., Ojugo, A. A., Omoruwou, F.,
Ako, R. E., Geteloma, V. O., Ugbotu, E. V., Aghaunor, T. C., & Oweimieotu, A. E. (2025). Unmasking
effects of feature selection and SMOTE-Tomek in tree-based random forest for scorch
occurrence detection. Bulletin of Electrical Engineering and Informatics, 14(3), 2393-2403.
https://doi.org/10.11591/eei.v14i3.8901

Omede, E. U., Edje, A. E., Akazue, M. |., Utomwen, H., & Ojugo, A. A. (2024). IMANoBAS: An Improved
Multi-Mode Alert Notification loT-based Anti-Burglar Defense System. Journal of Computing
Theories and Applications, 1(3), 273-283. https://doi.org/10.62411/jcta.9541

Omoruwou, F., Ojugo, A. A, & llodigwe, S. E. (2024). Strategic Feature Selection for Enhanced Scorch
Prediction in Flexible Polyurethane Form Manufacturing. Journal of Computing Theories and
Applications, 1(3), 346-357. https://doi.org/10.62411/jcta.9539

33



d -

— Diola manval Tulswia sl

— ef .lnllrnal “r ve‘.;a\’;ora\,Hmmfs’
c ro S sr Creative Research Publishers Digital Humanities & Development Research

https://www.crossref.org/06members/50go-live.htm Vol 11, No 2, June 2025 Series

Omosor, J. C., Onoma, P. A., Ojugo, A. A., Ako, R. E., Geteloma, V. 0., Akhutie-Anthony, P., & Okperigho,
S. U. (2022). Security Enhancement using Multifactor Authentication Strategy for the Solenoid
Door Access Control and Management: A Pilot Study. FUPRE Journal of Scientific and Industrial
Research, 6(3), 80-94.

Onoma, P. A., Agboi, J., Geteloma, V. O., Max-Egba, A. T., Eboka, A. O., Ojugo, A. A., Odiakaose, C. C.,
Ugbotu, E. V., Aghaunor, T. C., & Binitie, A. P. (2025). Investigating an Anomaly-based Intrusion
Detection via Tree-based Adaptive Boosting Ensemble. Journal of Fuzzy Systems and Control,
3(1), 90-97. https://doi.org/10.59247 /jfsc.v3il1.279

Onoma, P. A., Agboi, J., Ugbotu, E. V., Aghaunor, T. C., Odiakaose, C. C., Ojugo, A. A., Eboka, A. O.,
Binitie, A. P., Ezzeh, P. O., Ejeh, P. O., Onochie, C. C., Geteloma, V. O., Emordi, F. U., Orobor, A. |,,
& Obruche. (2025). Attrition Rate Prediction using a Frequency-Recency- Monetization-based
SMOTEEN-Boosted Approach. MSIS - International Journal of Advanced Computing and
Intelligent System, 3(1), 1-11.
https://www.researchgate.net/publication/3944 75507 _Attrition_Rate_Prediction_using_a_Freq
uency-Recency-_Monetization-based_SMOTEEN-Boosted_Approach

Onoma, P. A., Ako, R. E., Anazia, K. E., Oghorodi, D., Okpako, A. E., Onochie, C. C., Geteloma, V. 0.,
Ezzeh, P. O., Ugboh, E., Ojugo, A. A, Eboka, A. O., & Idama, R. 0. (2025). Quest for Ground-Truth
or Stochastic Myth by Leveraging the Al-Powered Wearable Device for Dementia Disease
Detection: A Pilot Study. FUPRE Journal of Scientific and Industrial Research, 9(3), 343-358.

Onoma, P. A., Ako, R. E., Ojugo, A. A., Geteloma, V. O., Akhutie-Anthony, P., & Okperigho, S. U. (2022).
Dementia Detection and Management using Wearable Device fused Deep Learning Scheme.
FUPRE Journal of Scientific and Industrial Research, 6(3), 80-94.

Onoma, P. A., Ugbotu, E. V., Aghaunor, T. C., Agboi, J., Ojugo, A. A., Odiakaose, C. C., Max-Egba, A. T.,
Niemogha, S. U., Binitie, A. P., & Abdullahi, M. B. (2025). Voice-based Dynamic Time Warping
Recognition Scheme for Enhanced Database Access Security. Journal of Fuzzy Systems and
Control, 3(1), 81-89. https://doi.org/10.59247 /jfsc.v3i1l.293

Otorokpo, E. A., Okpor, M. D., Yoro, R. E., Brizimor, S. E., Ifioko, A. M., Obasuyi, D. A., Odiakaose, C. C.,
Ojugo, A. A., Atuduhor, R. R., Akiakeme, E., Ako, R. E., & Geteloma, V. O. (2024). DaBO-BoostE:
Enhanced Data Balancing via Oversampling Technique for a Boosting Ensemble in Card-Fraud
Detection. Advances in Multidisciplinary & Scientific Research Journal Publications, 12(2), 45-
66. https://doi.org/10.22624/aims/maths/v12n2p4

Oyemade, D. A., Akpojaro, J., Ojugo, A. A., Ureigho, R. J., Imouokhome, F. A.-A., & Omoregbee, E. U.
(2016). A Three Tier Learning Model for Universities in Nigeria. Journal of Technologies in
Society, 12(2), 9-20. https://doi.org/10.18848/2381-9251/cgp/v12i02/9-20

Oyemade, D. A., & Ojugo, A. A. (2020). A Property Oriented Pandemic Surviving Trading Model.
International Journal of Advanced Trends in Computer Science and Engineering, 9(5), 7397 -
7404. https://doi.org/10.30534/ijatcse/2020/71952020

Oyemade, D. A., & Ojugo, A. A. (2021). An Optimized Input Genetic Algorithm Model for the Financial
Market. International Journal of Innovative Science, Engineering and Technology, 8(2), 408-
419. https://ijiset.com/vol8/v8s2/1JISET_V8_l02_41.pdf

Pradeep, K., Sulur Anbalagan, R., Thangavelu, A. P., Aswathy, S., Jisha, V. G., & Vaisakhi, V. S. (2024).
Neuroeducation: understanding neural dynamics in learning and teaching. Frontiers in
Education, 9. https://doi.org/10.3389/feduc.2024.1437418

Prakash, M. (2022). A Study on Consumer Perception Towards Digital Payment. East Asian Journal of
Multidisciplinary Research, 1(6), 1033-1044. doi: 10.55927/eajmr.v1i6.688

34



d -
— Beltavioral Tuformaties ’
ref Journal of
c ro S Digital Humanities & Development Research

Creative Research Publishers
https://www.crossref.org/06members/50go-live.html Vol 11, No 2, June 2025 Series

Pratama, N. R., Setiadi, D. R. I. M., Harkespan, I, & Ojugo, A. A. (2025). Feature Fusion with
Albumentation for Enhancing Monkeypox Detection Using Deep Learning Models. Journal of
Computing Theories and Applications, 2(3), 427-440. doi.org/10.62411/jcta.12255

Rangga, D., Zuhdiyanto, O., & Asriningtias, Y. (2026). Real-Time Location Monitoring and Routine
Reminders Based on Internet. 5(158), 9-10.

Sadowski, J. (2019). When data is capital: Datafication, accumulation, and extraction. Big Data and
Society, 6(1), 1-12. https://doi.org/10.1177/2053951718820549

Serenko, A. (2025). Functional and dysfunctional personality dispositions as antecedents of practical
wisdom. Journal of Knowledge Management, 29(9), 3062-3101. https://doi.org/10.1108/JKM-
01-2025-0061

Setiadi, D. R. I. M., Muslikh, A. R., Iriananda, S. W., Warto, W., Gondohanindijo, J., & Ojugo, A. A.
(2024). Outlier Detection Using Gaussian Mixture Model Clustering to Optimize XGBoost for
Credit Approval Prediction. Journal of Computing Theories and Applications, 2(2), 244-255.
https://doi.org/10.62411/jcta.11638

Setiadi, D. R. I. M., Rustad, S., Sutojo, T., Akrom, M., Nguyen, M. T., Afendee, M., Sambas, A., & Ojugo,
A. A. (2026). Hyperchaotic cross-coupled quantum 2D maps with interdependent rotational
asymmetry for secure image encryption. Optics Communications, 600(November 2025), 1-17.
https://doi.org/10.1016/j.0ptcom.2025.132699

Setiadi, D. R. I. M., Susanto, A., Nugroho, K., Muslikh, A. R., Ojugo, A. A., & Gan, H. S. (2024). Rice Yield
Forecasting Using Hybrid Quantum Deep Learning Model. Computers, 13(8).
https://doi.org/10.3390/computers13080191

Setiadi, D. R. I. M., Sutojo, T., Rustad, S., Akrom, M., Ghosal, S. K., Nguyen, M. T., & Ojugo, A. A. (2025).
Single Qubit Quantum Logistic-Sine XYZ-Rotation Maps: An Ultra-Wide Range Dynamics for Image
Encryption. Computers, Materials and Continua, 83(2), 2161-2188.
https://doi.org/10.32604/cmc.2025.063729

Singh, P. K., Sinha, M., Das, S., & Choudhury, P. (2020). Enhancing recommendation accuracy of item-
based collaborative filtering using Bhattacharyya coefficient and most similar item. Applied
Intelligence, 50(12), 4708-4731. https://doi.org/10.1007/s10489-020-01775-4

Tantawi, P. I. (2023). The Variances of Consumers’ Materialistic Personality Traits and Reduced
Consumption Behavior Among Demographics in Egypt. Journal of Marketing and Consumer
Research, 88, 2020-2022. https://doi.org/10.7176/JMCR/88-02

Tomé, E., Gromova, E., & Hatch, A. (2020). Did the Bubble Burst ? The Portuguese Economy During,
Management & Marketing. Challenges for the HKnowledge Society, 15, 477-495.
https://doi.org/10.2478/mmcks-2020-0028

Ugbotu, E. V., Aghaunor, T. C., Agboi, J., Max-Egba, A. T., Onoma, P. A., Geteloma, V. O., Eboka, A. O.,
Binitie, A. P., Ako, R. E., Nwozor, B., Onochie, C. C., Ojugo, A. A., Jumbo, E. F., Oweimieotu, A. E., &
Odiakaose, C. C. (2025). Transfer Learning Using a CNN Fused Random Forest for SMS Spam
Detection with Semantic Normalization of Text Corpus. NIPES - Journal of Science and
Technology Research, 7(2), 371-382. doi.org/10.37933/nipes/7.2.2025.29

Ugbotu, E. V., Ako, R. E., Odoh, A., Oghorodi, D., Okpako, A. E., Aghaunor, T. C., Emordi, F. U., Ugboh, E.,
Agboi, J., Odiakaose, C. C., Ojugo, A. A., Geteloma, V. O., Abere, R. A., Idama, R. O., Eboka, A. O.,
Ezzeh, P. O., Onochie, C. C., Oweimieotu, A. E., Ojo, B., & Onoma, P. A. (2025). Equipping the
GREDDIoMT Device with Early Behavioural Risk Detection of Dementia via a Pre-Activated SENet
fused BiGRU. Journal of Behavioral Informatics, Digital Humanities and Development Research,
11(3), 36-56. https://doi.org/10.22624/AIMS/BHI/V11N3P4

35



d *
e 'lnllrnal “[ ey [
c ro s sr Digital Humanities & Development Research

Creative Research Publishers
https://www.crossref.org/06members/50go-live.html Vol 11, No 2, June 2025 Series

Umar, A. U. Z. (2025). Simple but Smart: Against the Pursuit of Endless Complexity in Deep Learning
Models for Detecting Phishing URLs. International Physical Sciences Conference, August.

Wang, H., & Fu, W. (2021). Personalized Learning Resource Recommendation Method Based on
Dynamic Collaborative Filtering. Mobile Networks and Applications, 26(1), 473-487.
https://doi.org/10.1007/s11036-020-01673-6

Wemembu, U. R., Okonta, E. O., Ojugo, A. A., & Okonta, I. L. (2014). A Framework for Effective Software
Monitoring in Project Management. West African Journal of Industrial and Academic Research,
10(1), 102-115.

Yoro, R. E., & Ojugo, A. A. (2019a). An Intelligent Model Using Relationship in Weather Conditions to
Predict Livestock-Fish Farming Yield and Production in Nigeria. American Journal of Modeling
and Optimization, 7(2), 35-41. https://doi.org/10.12691/ajmo-7-2-1

Yoro, R. E., & Ojugo, A. A. (2019b). Quest for Prevalence Rate of Hepatitis-B Virus Infection in the
Nigeria: Comparative Study of Supervised Versus Unsupervised Models. American Journal of
Modeling and Optimization, 7(2), 42-48. https://doi.org/10.12691/ajmo-7-2-2

Yoro, R. E., Okpor, M. D., Akazue, M. I., Okpako, A. E., Eboka, A. O., Ejeh, P. O., Ojugo, A. A,

Odiakaose, C. C., Binitie, A. P., Ako, R. E., Geteloma, V. 0., Onoma, P. A., Max-Egba, A. T., Ibor, A. E.,
Onyemenem, S. ., & Ukwandu, E. (2025). Adaptive DDoS detection mode in software-defined
SIP-VoIP using transfer learning with boosted meta-learner. Plos One, 20(6 June), 1-20.
https://doi.org/10.1371/journal.pone.0326571

Zhao, Y., & Otteson, A. (2024). Al-Driven Strategies for Reducing Student Withdrawal - A Study of EMU
Student Stopout.

Zuama, L. R., Setiadi, D. R. I. M., Susanto, A., Santosa, S., Gan, H. S., & Ojugo, A. A. (2025). High-
Performance Face Spoofing Detection using Feature Fusion of FaceNet and Tuned
DenseNet201. Journal of Future Artificial Intelligence and Technologies, 1(4), 385-400.
https://doi.org/10.62411/faith.3048-3719-62

36



