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Abstract

This review examined how Moniepoint Microfinance Bank, a Nigerian fintech institution, could use a
Decision Support System (DSS) to improve its operations. The study explored how integrating
multidimensional data analysis, data warehousing, and data mining enhanced decision-making. Key
applications of this technology included fraud detection, customer segmentation, credit risk assessment, and
regulatory compliance. The paper identified both opportunities and challenges for Moniepoint. The
opportunities included optimizing operations by improving transaction monitoring, automating loan
underwriting, and delivering personalized services to SMEs. However, the study also highlighted significant
obstacles, such as data quality issues, infrastructural constraints, privacy risks, and algorithmic bias. Ethical
considerations regarding fairness, transparency, and compliance with Nigerian data protection laws were also
discussed. The review concluded that Moniepoint and similar institutions should invest in robust data
governance, infrastructure, and analytics to fully utilize DSS capabilities. The paper proposed future research,
including empirical DSS evaluations and the development of Africa-centred Al ethics frameworks. The report
provided a strategic roadmap for integrating advanced analytics into the decision-making architecture of
microfinance institutions in Africa.

Keywords: Decision Support Systems, Data mining, OLAP, Data warehousing, Moniepoint, Fintech,
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Introduction and literature review
In today’s rapidly digitizing world, organizations face increasingly complex decision-making environments

that demand data-driven strategies and real-time insights. The proliferation of big data, coupled with advances
in computing power and analytics, has transformed how institutions gather, store, analyze, and utilize
information for decision-making purposes (Chen, et al, 2012). At the heart of this transformation is the growing
integration of multidimensional data analysis, data warehousing, and data mining—three pillars of modern
analytics infrastructure that power intelligent decision support systems (DSS). These technologies not only
enable organizations to derive value from structured and unstructured data, but also support the generation of
predictive insights that facilitate strategic planning, operational efficiency, and customer engagement (Inmon,
2005; Han, et al., 2011).

Decision support systems are interactive computer-based tools that synthesize and interpret complex data to
aid in managerial decision-making (Power, 2002). The effectiveness of these systems is significantly enhanced
when underpinned by robust data warehousing architectures that consolidate and store data from disparate
sources into a central repository (Kimball & Ross, 2013). Multidimensional data analysis, particularly through
online analytical processing (OLAP), allows for the exploration of data across various dimensions, hierarchies,
and granularities—enabling stakeholders to examine performance metrics, trends, and anomalies with
precision (Chaudhuri & Dayal, 1997). Complementing these capabilities is data mining, which utilizes
advanced algorithms to uncover hidden patterns, correlations, and relationships within large datasets (Witten,
et al, 2016).

In the Nigerian financial sector, microfinance banks (MFBs) have become crucial instruments for financial
inclusion, targeting underserved and low-income populations. Among these institutions, Moniepoint
Microfinance Bank has emerged as a transformative fintech-enabled entity, offering a suite of digital banking
services to millions of small and medium-sized enterprises (SMEs) across Nigeria. According to a recent
report, Moniepoint processed over $100 billion in transactions in 2023 alone, supporting more than 1.6 million
businesses and deploying over 350,000 point-of-sale (POS) terminals nationwide (The Fintech Times, 2024).
Despite its remarkable growth, Moniepoint and similar institutions face data-related challenges including fraud
detection, transaction scalability, customer segmentation, and risk analysis—challenges that can be effectively
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addressed through an integrated decision support framework rooted in multidimensional analytics,
warehousing, and mining (Eze & Chukwudebe, 2021).

This review seeks to explore the theoretical foundations and empirical applications of integrating
multidimensional data analysis, data warehousing, and data mining within decision support systems. It also
examines how these technologies can be applied in the context of Moniepoint Microfinance Bank to enhance
data-driven decision-making, improve operational effectiveness, and ensure sustainable financial service
delivery.

Evolution of Decision Support Systems

The concept of decision support systems emerged in the 1960s and 1970s as computerized tools to aid
managerial decision-making (Keen & Scott, 1978). Early DSS models focused on structured decision problems
and were largely static. By the early 1990s, data warehousing and Online Analytical Processing (OLAP) began
to expand the capabilities of data-driven DSS. Business Intelligence (BI) became a popular umbrella term for
concepts and methods using fact-based support systems to improve decision-making. Over time, with the
advent of data warehousing and online analytical processing (OLAP), DSS evolved into dynamic platforms
capable of processing vast amounts of real-time data (Power, 2002; Shim, et al., 2002). In recent decades, DSS
have incorporated Al and machine learning, expanding their scope to predictive analytics and prescriptive
solutions (Sharda et al., 2019; Sugumaran & Sugumaran, 2007). Modern DSS are increasingly cloud-based,
scalable, and interoperable with various data sources and analytical engines (Watson, 2005). In fintech and
microfinance sectors, DSS have been used to support loan decisioning, fraud detection, agent performance
monitoring, and customer service automation (Koh & Tan, 2005; Eze & Chukwudebe, 2021). This section
synthesizes relevant academic and industry literature on the integration of multidimensional data analysis, data
warehousing, and data mining in decision support systems (DSS), particularly in financial services and
microfinance banking. It explores key developments, integration strategies, and the unique challenges and
opportunities presented within the Nigerian fintech landscape, using Moniepoint as a focal case.

Data Warehousing in Financial Services

A data warehouse aggregates and organizes data from disparate operational systems into a central repository

for reporting and analysis (Inmon, 2005). In financial institutions, data warehousing enables the integration of
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customer data, transaction logs, compliance records, and operational metrics—forming the backbone for DSS
and business intelligence (Kimball & Ross, 2013; Golfarelli & Rizzi, 2009). Several studies have emphasized
the role of data warehousing in improving decision latency, reducing data silos, and enhancing transparency
in banking operations (Vassiliadis, 2009; Sen & Sinha, 2005). Financial institutions such as Access Bank and
GTBank in Nigeria have adopted enterprise data warehousing to unify customer databases and support risk
management systems (Olaoye, et al., 2017).

In Moniepoint's case, data warehousing is critical due to the distributed nature of its agent network and volume
of daily transactions. With over 72 million card transactions monthly (BusinessDay, 2024), integrating
transaction streams into a centralized warehouse would enable consistent data access, efficient auditing, and
historical analysis.

Multidimensional Data Analysis (OLAP)

Multidimensional data analysis involves exploring data through multiple hierarchies and perspectives—for
example, by customer segment, time period, location, and transaction type (Chaudhuri & Dayal, 1997). OLAP
technologies provide the framework for such explorations, allowing financial analysts to detect trends,
anomalies, and performance variations across business units (Nguyen & Tjoa, 2006; Thomsen, 2002).

In banking, OLAP is commonly used to generate real-time dashboards, regulatory reports, and KPI tracking
systems (Taniar. et al., 2008). For Moniepoint, implementing multidimensional cubes could allow dynamic
analysis of agent activity by location, revenue class, fraud incidence, and transaction time—thus supporting
both strategic and operational decisions.

Data Mining Techniques and Applications

Data mining identifies hidden patterns and trends that are not immediately visible through conventional
reporting. In financial services, it is used for credit scoring, churn prediction, fraud detection, and customer
segmentation (Han. et al., 2011; Witten, et al., 2016). Techniques such as decision trees, support vector
machines, k-means clustering, and neural networks have been widely adopted for risk analytics and marketing
(Koh & Tan, 2005; Tsali, et al., 2011).

Recent studies on microfinance banking in sub-Saharan Africa emphasize that data mining is underutilized,

despite its potential to identify underserved demographics, improve loan recovery rates, and personalize
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services (Okeke & Uzochukwu, 2022; Adebayo, et al., 2023). For a fintech like Moniepoint, mining agent
transaction histories, mobile banking logs, and customer complaint data could uncover insights critical to
service optimization and market expansion.

Integration of DW, OLAP, and Data Mining in DSS

The integration of data warehousing (DW), OLAP, and data mining into DSS forms a robust analytical
ecosystem. While DW provides the infrastructure, OLAP enables multidimensional exploration, and mining
extracts deep, actionable intelligence (Nemati, et al., 2002; Sen & Sinha, 2005).

This integrated model has been successfully applied in large banking institutions for early warning systems,
real-time compliance checks, and personalized financial services (Turban, et al., 2011). The synergy improves
decision latency, predictive accuracy, and strategic planning capacity (Azevedo & Santos, 2008). The
integration also enables real-time alerts based on data-driven thresholds—useful in fraud detection scenarios
(Kumar & Ravi, 2007).

For Moniepoint, this synergy can help scale its SME-focused services by leveraging transactional, behavioural,
and geographic data to enhance loan underwriting models, customer onboarding processes, and agent
performance benchmarking.

Fintech, Microfinance, and DSS in the Nigerian Context

The Nigerian financial ecosystem has witnessed a surge in fintech-driven microfinance innovations in recent
years. Moniepoint stands out with its technology-led agent banking approach, offering services ranging from
POS transactions to small business loans (Moniepoint, 2024). However, most Nigerian microfinance banks
operate with legacy systems, minimal automation, and fragmented data sources (CBN, 2023).

Academic studies have emphasized that leveraging integrated DSS could drastically improve microfinance
transparency, credit delivery, and financial inclusion in Nigeria (Oladele & Adebayo, 2020; Okoye &
Nwankwo, 2021). Still, regulatory gaps, data quality concerns, and infrastructural limitations pose challenges
to adoption (Ehimare, et al., 2021).

In this context, Moniepoint’s platform presents a viable testbed for DSS integration, given its digital
infrastructure, high transaction volumes, and data-rich environment.2.2 Data Warehousing in Financial

Services
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A data warehouse aggregates and organizes data from disparate operational systems into a central repository
for reporting and analysis (Inmon, 2005). In financial institutions, data warehousing enables the integration of
customer data, transaction logs, compliance records, and operational metrics—forming the backbone for DSS
and business intelligence (Kimball & Ross, 2013; Golfarelli & Rizzi, 2009).

Several studies have emphasized the role of data warehousing in improving decision latency, reducing data
silos, and enhancing transparency in banking operations (Vassiliadis, 2009; Sen & Sinha, 2005). Financial
institutions such as Access Bank and GTBank in Nigeria have adopted enterprise data warehousing to unify
customer databases and support risk management systems (Olaoye, et al., 2017).

In Moniepoint's case, data warehousing is critical due to the distributed nature of its agent network and volume
of daily transactions. With over 72 million card transactions monthly (BusinessDay, 2024), integrating
transaction streams into a centralized warehouse would enable consistent data access, efficient auditing, and
historical analysis.

Multidimensional Data Analysis (OLAP)

Multidimensional data analysis involves exploring data through multiple hierarchies and perspectives—for
example, by customer segment, time period, location, and transaction type (Chaudhuri & Dayal, 1997). OLAP
technologies provide the framework for such explorations, allowing financial analysts to detect trends,
anomalies, and performance variations across business units (Nguyen & Tjoa, 2006; Thomsen, 2002).

In banking, OLAP is commonly used to generate real-time dashboards, regulatory reports, and KPI tracking
systems (Taniar, et al., 2008). For Moniepoint, implementing multidimensional cubes could allow dynamic
analysis of agent activity by location, revenue class, fraud incidence, and transaction time—thus supporting
both strategic and operational decisions.

Data Mining Techniques and Applications

Data mining identifies hidden patterns and trends that are not immediately visible through conventional
reporting. In financial services, it is used for credit scoring, churn prediction, fraud detection, and customer
segmentation (Han, et al., 2011; Witten, et al., 2016). Techniques such as decision trees, support vector
machines, k-means clustering, and neural networks have been widely adopted for risk analytics and marketing

(Koh & Tan, 2005; Tsali, et al., 2011).
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Recent studies on microfinance banking in sub-Saharan Africa emphasize that data mining is underutilized,
despite its potential to identify underserved demographics, improve loan recovery rates, and personalize
services (Okeke & Uzochukwu, 2022; Adebayo, et al., 2023). For a fintech like Moniepoint, mining agent
transaction histories, mobile banking logs, and customer complaint data could uncover insights critical to
service optimization and market expansion.

Integration of DW, OLAP, and Data Mining in DSS

The integration of data warehousing (DW), OLAP, and data mining into DSS forms a robust analytical
ecosystem. While DW provides the infrastructure, OLAP enables multidimensional exploration, and mining
extracts deep, actionable intelligence (Nemati, et al., 2002; Sen & Sinha, 2005).

This integrated model has been successfully applied in large banking institutions for early warning systems,
real-time compliance checks, and personalized financial services (Turban, et al., 2011). The synergy improves
decision latency, predictive accuracy, and strategic planning capacity (Azevedo & Santos, 2008). The
integration also enables real-time alerts based on data-driven thresholds—useful in fraud detection scenarios
(Kumar & Ravi, 2007).

For Moniepoint, this synergy can help scale its SME-focused services by leveraging transactional, behavioural,
and geographic data to enhance loan underwriting models, customer onboarding processes, and agent

performance benchmarking.

Fintech, Microfinance, and DSS in the Nigerian Context

The Nigerian financial ecosystem has witnessed a surge in fintech-driven microfinance innovations in recent
years. Moniepoint stands out with its technology-led agent banking approach, offering services ranging from
POS transactions to small business loans (Moniepoint, 2024). However, most Nigerian microfinance banks
operate with legacy systems, minimal automation, and fragmented data sources (CBN, 2023).

Academic studies have emphasized that leveraging integrated DSS could drastically improve microfinance
transparency, credit delivery, and financial inclusion in Nigeria (Oladele & Adebayo, 2020; Okoye &
Nwankwo, 2021). Still, regulatory gaps, data quality concerns, and infrastructural limitations pose challenges

to adoption (Ehimare, et al., 2021).
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In this context, Moniepoint’s platform presents a viable testbed for DSS integration, given its digital
infrastructure, high transaction volumes, and data-rich environment.

Moniepoint’s emergence as a digitally native microfinance bank offers a compelling opportunity to apply an
integrated decision support system (DSS) to optimize operational efficiency, financial decision-making, and
strategic growth. This section explores the real-world application potential of multidimensional data analysis,
data warehousing, and data mining at Moniepoint, with practical use cases in fraud detection, credit scoring,
customer segmentation, service delivery, and regulatory compliance.

Fraud Detection and Transaction Monitoring

Fraud remains a persistent risk in Nigeria’s digital financial services sector, particularly in agency banking
models that rely on widespread third-party networks (Eze & Chukwudebe, 2021). Moniepoint, with over
350,000 agents across Nigeria, processes millions of daily transactions that are vulnerable to impersonation,
chargebacks, and unauthorized withdrawals.

Using data mining techniques such as anomaly detection, clustering, and classification algorithms, Moniepoint
can analyze transaction patterns to detect outliers or fraudulent behaviours in real-time (Koh & Tan, 2005).
For example, a sudden spike in withdrawals in a rural region or repeated failed login attempts from a specific
IP address may trigger automated fraud alerts. Combined with OLAP dashboards, the fraud management team
can drill down to understand the location, time, and agent details associated with each flagged transaction
(Nguyen & Tjoa, 2006).

Additionally, the integration of DSS can enhance fraud mitigation through the use of predictive models that
learn from historical fraud patterns and evolve dynamically, reducing false positives and improving system
responsiveness (Kumar & Ravi, 2007).

Credit Scoring and Loan Underwriting

A critical challenge in microfinance is assessing the creditworthiness of customers, especially in the absence
of formal credit history. Moniepoint’s growing loan product portfolio, targeted at SMEs and informal retailers,
necessitates a robust and automated underwriting framework.

By leveraging data mining algorithms such as logistic regression, decision trees, and neural networks,

Moniepoint can build scoring models that evaluate customer behaviour based on transactional history, POS
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usage, repayment cycles, and even social engagement patterns (Adebayo, et al., 2023; Tsai, et al., 2011). These
models can be trained on historical loan performance datasets stored in the data warehouse, enabling
continuous model refinement as new data becomes available.

Moreover, multidimensional data analysis can offer insights into regional lending performance, sector-specific
repayment trends, and seasonal risk factors. This supports personalized loan offerings and dynamic interest
rate adjustments based on behavioural patterns (Han, et al., 2011).

Customer Segmentation and Personalization

With over 1.6 million SMEs as customers, Moniepoint stands to benefit from data-driven customer
segmentation. Through clustering techniques (e.g., k-means, DBSCAN), the institution can categorize
customers by transaction frequency, business size, risk profile, and preferred service channels (Okeke &
Uzochukwu, 2022).

These insights are integrated into DSS dashboards that help product teams design financial services tailored
to specific customer needs. Through data-driven understanding, Moniepoint can develop offerings such as
working capital loans for fast-moving retailers, inventory financing for high-volume wholesalers, and
performance-based incentives for agents operating within different sales tiers. This approach ensures that
financial products are not only responsive to customer behavior but also strategically aligned with the bank’s
growth objectives. In addition, segment-specific communication strategies can be developed through insights
derived from mining customer feedback, support tickets, and usage logs (Witten, et al., 2016). These
techniques enhance Moniepoint’s ability to retain high-value customers and improve cross-selling success
rates.

Operational Performance and Agent Network Optimization

Moniepoint’s agent model spans thousands of locations with varying transaction volumes, service offerings,
and connectivity conditions. Managing such a vast operational structure requires real-time visibility and
intelligent resource allocation.

By integrating OLAP tools, Moniepoint’s operations team can visualize performance metrics across different

geographic zones, time periods, and service types (Thomsen, 2002). Agents underperforming relative to
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benchmarks can be flagged for intervention, while top performers can be rewarded or replicated in similar
contexts.

Furthermore, predictive models built using data mining can forecast high-demand locations for agent
recruitment, anticipate transaction surges during market days, and detect network drop-off risks in underserved
areas (Nemati, et al., 2002).

Regulatory Reporting and Compliance

Microfinance banks in Nigeria operate under the regulatory oversight of the Central Bank of Nigeria (CBN),
which mandates periodic reporting on liquidity, loan exposure, risk management, and Know Your Customer
(KYC) compliance (CBN, 2023).

With an integrated data warehouse, Moniepoint can automate the extraction and compilation of required
regulatory datasets from multiple sources (Kimball & Ross, 2013). This improves reporting accuracy, reduces
audit delays, and minimizes compliance penalties.

Also, multidimensional analysis can aid in producing customizable reports—filtered by time, account type,
loan product, or region—allowing compliance officers to respond to queries with speed and granularity. Data
mining tools can further be used to identify high-risk accounts or suspicious transaction patterns that require

enhanced due diligence.

Strategic Planning and Business Intelligence
Beyond operational gains, the long-term strategic value of an integrated DSS framework lies in its ability to
enable data-informed decision-making at the executive level. For example, Moniepoint's leadership can use
trend analysis to:

o Identify underbanked regions with strong market potential

e Plan new product rollouts based on emerging customer needs

o Track enterprise-level KPIs and adjust growth strategies accordingly (Power, 2002)
By unifying internal data and analytical tools, Moniepoint can create a single version of truth across
departments—supporting agility, innovation, and scalable impact in Nigeria’s competitive financial

technology ecosystem.
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Case Study/Implementation (Challenges and Ethical Considerations)

While the integration of multidimensional data analysis, data warehousing, and data mining into decision
support systems (DSS) holds immense promise for Moniepoint Microfinance Bank, several technical,
operational, ethical, and legal challenges must be considered. These challenges, if not adequately addressed,
can compromise data quality, undermine trust, and expose the institution to regulatory and reputational risks.
Data Quality and Consistency Issues

One of the foundational requirements for an effective DSS is high-quality, consistent data. However, in
distributed microfinance ecosystems such as Moniepoint’s, data is often collected from heterogeneous
sources—including POS terminals, mobile apps, agent logs, and third-party platforms—Ieading to disparities
in data formats, accuracy, and completeness (Oladele & Adebayo, 2020).

Data inconsistencies may manifest in incomplete customer profiles, duplicate transaction records, inaccurate
timestamps and misclassified account types.

Without robust data validation mechanisms during the ETL (Extract, Transform, Load) process, the reliability

of downstream analysis (OLAP or mining) can be severely compromised (Vassiliadis, 2009).

Infrastructure and Scalability Constraints
Despite Moniepoint’s digital orientation, parts of Nigeria still face infrastructural challenges such as unstable
electricity, low internet penetration, and bandwidth limitation, especially in rural areas where many agents
operate (Ehimare, et al., 2021). These limitations affect:

o Real-time data capture and synchronization

o Dashboard refresh rates

o Centralized reporting accuracy
Scalable DSS solutions require cloud infrastructure, edge computing support, and failover mechanisms—
resources that may be financially and technically demanding for emerging fintechs.

Privacy and Data Protection
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Handling financial data comes with significant privacy and security responsibilities. Moniepoint collects
sensitive personal and transactional data from millions of users, exposing it to risks such as data breaches,
unauthorized access, and misuse.
The Nigeria Data Protection Act (NDPA) of 2023, modeled after global frameworks like the GDPR, imposes
stringent requirements for data subject consent, data minimization, encryption, and breach notification (NDPC,
2023). Integrating DSS with data mining tools amplifies privacy concerns, as algorithms may inadvertently
infer sensitive insights (e.g., income level, loan risk) that are not explicitly authorized.
Furthermore, ethical concerns arise when data mining is used to segment or classify customers in ways that
may reinforce financial exclusion—such as denying services based on inferred risk from biased data sets
(Martin, et al., 2019).
Algorithmic Bias and Fairness
Data mining models are only as unbiased as the data on which they are trained. Historical banking data in
Nigeria may reflect structural inequalities—such as gender disparities in loan approvals or geographic bias
against rural dwellers (Okoye & Nwankwo, 2021).
If left unchecked, DSS algorithms could perpetuate or even amplify these biases:

o Higher loan rejection rates in underserved regions

e Underrepresentation of women in favourable customer segments

o Discriminatory fraud flags on low-income agents
Addressing this challenge requires regular audits of model fairness, transparency in algorithm design, and
stakeholder input in defining decision rules (Barocas, et al., 2019).
Regulatory Compliance and Legal Risks
Moniepoint is subject to financial regulations from the Central Bank of Nigeria (CBN), the Nigeria Data
Protection Commission (NDPC), and the Financial Intelligence Unit (NFIU). DSS tools must be configured
to:

o Log all access to sensitive financial records

e Generate audit trails for all automated decisions

o Ensure data residency and sovereignty for Nigerian users
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e Flag suspicious transactions in real time (CBN, 2023)
Failure to align DSS operations with regulatory standards could result in severe sanctions, license suspensions,
or loss of public trust.
Organizational Resistance and Capacity Gaps
Adopting advanced DSS tools may require a cultural shift within Moniepoint. Data scientists, analysts, and IT
teams may embrace these tools, but front-line staff or decision-makers unfamiliar with analytics might resist
adoption (Power, 2002).
Common barriers include skill gaps in OLAP or data mining techniques, lack of executive buy-in for long-
term data strategies and misalignment between IT teams and business objectives.
Capacity-building efforts, organizational change management, and clear value communication are necessary
to achieve full integration.
Ethical Data Stewardship and Public Trust
As Moniepoint scales its operations and leverages customer data for predictive and personalized services, it
must maintain a posture of ethical data stewardship. Transparency, fairness, accountability, and inclusiveness
must be embedded into every analytical and decision-making layer of the system.
Ensuring the ethical use of decision support systems (DSS) requires a commitment to transparency,
accountability, and fairness. This includes providing customers with clear explanations for automated
decisions, allowing opportunities for appeals or human intervention in high-impact cases such as loan denials,
and regularly reviewing the ethical implications of new data applications. As noted by Floridi et al. (2018),
these practices help maintain trust and integrity in data-driven decision-making.
Moniepoint’s reputation and sustainability in Nigeria’s highly competitive fintech sector depend not just on
technological superiority but also on moral and legal responsibility.
Conclusions
This review explored how multidimensional data analysis, data warehousing, and data mining can work
together to strengthen decision support systems (DSS), focusing particularly on their application at Moniepoint

Microfinance Bank in Nigeria. The combination of these technologies creates opportunities for smarter, faster,
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and more inclusive financial services—something that is especially valuable in Moniepoint’s fast-paced, high-

volume environment.

The findings highlight how DSS can transform raw data into meaningful insights that drive better decisions.
Data warehousing serves as a central hub for collecting and organizing both structured and unstructured data
from different sources. Multidimensional analysis (OLAP) allows organizations to examine that data across
various dimensions such as time, region, or customer group, while data mining adds the ability to uncover
hidden patterns and make predictions. For Moniepoint, these capabilities could help detect fraudulent
transactions across its large agent network, improve credit scoring for small businesses, personalize customer
services, strengthen regulatory reporting to the Central Bank of Nigeria, and support top-level decision-making
through real-time dashboards. These advancements are particularly timely as Nigeria’s financial sector

continues to push for more technology-driven and inclusive banking solutions.

To make this integration work effectively, Moniepoint would need to address some practical areas. First,
investing in the right infrastructure is key—adopting cloud-based or hybrid systems that support real-time data
processing and analysis. Second, strong data governance should be established to ensure that data is accurate,
well-managed, and secure. Third, employees at all levels—from technical teams to management—should be
trained to interpret DSS outputs and turn insights into meaningful actions. Lastly, Moniepoint must commit to
ethical data practices by ensuring fairness and transparency in Al-driven systems and maintaining compliance

with Nigeria’s Data Protection Act (NDPA, 2023).

It’s worth noting that this review is mainly based on existing literature rather than firsthand fieldwork. It does
not include direct data from Moniepoint or interviews with its staff, meaning some recommendations remain

general due to limited access to the bank’s internal analytics systems.

Looking ahead, future studies could build on this review by exploring real-world case studies of DSS
implementation in Nigerian fintechs, evaluating the measurable impact of OLAP and data mining tools on
fraud prevention or loan performance, and comparing DSS maturity between Moniepoint and traditional

microfinance banks. Researchers might also focus on developing ethical Al frameworks suited to African
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financial environments or examine how Moniepoint can expand successfully into other African markets while

adapting to diverse data and regulatory conditions.

As Nigeria’s digital finance landscape continues to evolve, Moniepoint stands out as a potential leader in using
data to empower people and businesses. Integrating data warehousing, multidimensional analysis, and data
mining into a cohesive DSS framework can create tremendous value—not only for Moniepoint but also for
millions of customers who depend on accessible financial services. By taking a thoughtful, ethical, and
forward-looking approach to analytics, Moniepoint can redefine microfinance as a data-driven force for

inclusive economic growth and empowerment across Africa.

Supplementary Material
Not Applicable.
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