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Abstract

Small and Medium-sized Enterprises (SMEs) are critical drivers of economic growth and job
creation globally but often face significant barriers in accessing timely credit and efficient
payment systems. Traditional credit underwriting processes are typically manual, time-
consuming, and reliant on limited financial data, resulting in inefficiencies, higher default risks,
and exclusion of many SMEs from formal financial services. Similarly, SME payment systems
encounter challenges such as transaction delays, fraud risks, and cumbersome reconciliation
processes, which hinder smooth cash flow management and operational performance. This
explores the transformative potential of Al-driven financial automation models to enhance
credit underwriting and payment systems for SMEs. Al technologies, including machine
learning algorithms and natural language processing, enable the analysis of vast and diverse
data sources—ranging from traditional financial statements to alternative data such as mobile
money transactions and social media activity. These advanced models improve credit risk
assessment accuracy by capturing nuanced financial behaviors and reducing subjective biases
inherent in manual evaluations. Furthermore, Al-powered automation in payment systems
facilitates real-time transaction monitoring, fraud detection, and intelligent reconciliation,
thereby enhancing operational efficiency and reducing financial losses. Integrating Al-driven
credit underwriting with automated payment systems creates synergies that enable dynamic
credit limit adjustments, automated loan disbursement, and continuous risk monitoring based
on payment behaviors. This integration supports more adaptive and responsive financial
services tailored to the evolving needs of SMEs. Despite these benefits, challenges remain,
including data privacy concerns, regulatory compliance, technological infrastructure
limitations, and the need for ethical Al deployment.

This study highlights case examples demonstrating successful Al implementation in SME
financial services and discusses future directions such as incorporating blockchain technology
and expanding Al solutions to underserved markets. Ultimately, Al-driven financial automation
models hold substantial promise for democratizing access to credit and enhancing payment
efficiency, thereby fostering SME growth, financial inclusion, and broader economic
development.
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1. Introduction

Small and Medium-sized Enterprises (SMEs) play a pivotal role in the economic development of countries worldwide
(Nwaozomudoh et al., 2021). Representing the backbone of many economies, SMEs contribute significantly to employment
generation, innovation, and GDP growth. In emerging and developed markets alike, SMEs drive local entrepreneurship, foster
industrial diversification, and enhance competitiveness (Egbumokei et al., 2021; Adewoyin, 2021).
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According to the International Finance Corporation (IFC),
SMEs account for over 90% of businesses and 50-60% of
employment globally, underscoring their socio-economic
importance. Despite their critical role, SMEs often face
disproportionate challenges in accessing financial services,
particularly credit and efficient payment systems, which are
essential for sustaining operations, scaling businesses, and
managing liquidity (Fredson et al., 2021; Dienagha et al.,
2021).

One of the most pressing obstacles for SMEs is the difficulty
in obtaining timely and affordable credit. Traditional
financial institutions frequently perceive SMEs as high-risk
clients due to limited credit histories, lack of collateral, and
inconsistent cash flows (Hassan et al., 2021; Okolie et al.,
2021). The conventional credit underwriting process, reliant
on standardized financial statements and manual assessment,
often results in lengthy approval times, high transaction costs,
and exclusion of viable SMEs from formal credit markets.
This credit gap restricts SMEs’ ability to invest in innovation,
expand operations, and respond to market demands, thereby
stunting economic growth (Paul et al., 2021; Ogundipe et al.,
2021).

Moreover, SMEs grapple with inefficiencies in payment
systems, which affect their cash flow management and
operational stability. Payment delays, fraud risks,
cumbersome reconciliation processes, and lack of
transparency pose significant challenges (Ofori-Asenso et al.,
2021; Onukwulu et al., 2021). Many SMEs operate within
fragmented payment ecosystems with limited integration
between banks, suppliers, and customers. Such inefficiencies
increase transaction costs, reduce business agility, and hinder
trust among trading partners. In many developing economies,
the lack of reliable digital payment infrastructure exacerbates
these issues, further marginalizing SMEs from formal
financial networks (Ogunnowo e al., 2021; Fredson et al.,
2021).

Financial automation and Artificial Intelligence (Al) are
emerging as transformative forces capable of addressing
these longstanding challenges in SME financing. Automation
streamlines routine processes, reduces human error, and
accelerates transaction times, while Al enhances decision-
making through advanced data analysis and predictive
modeling (Onukwulu et al., 2021; OKOLO et al., 2021). In
credit underwriting, Al algorithms analyze vast and
heterogeneous data sources, including alternative data like
mobile money transactions, social media activity, and
behavioral patterns, to generate more accurate risk
assessments. This data-driven approach mitigates biases
inherent in traditional methods, enables faster credit
decisions, and expands credit access to previously
underserved SMEs.

Similarly, Al-driven automation in payment systems offers
solutions for real-time transaction monitoring, fraud
detection, and intelligent reconciliation, reducing operational
bottlenecks and improving financial transparency. These
technologies facilitate seamless integration across multiple
platforms, supporting efficient cash flow management and
enhancing trust between SMEs and their financial partners.
Additionally, the scalability and adaptability of Al models
allow for continuous learning and improvement, making
financial services more responsive to the dynamic needs of
SMEs (OJIKA et al., 2021; Ogunsola et al., 2021).

SMEs are vital engines of economic growth yet remain
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constrained by limited access to credit and inefficient
payment systems. The integration of financial automation
and Al represents a promising pathway to overcome these
barriers, enabling more inclusive, efficient, and sustainable
SME financing (Adekunle et al., 2021; Ogunwole et al.,
2022, Tasleem & Gangadharan, 2022). This explores how
Al-driven financial automation models can enhance credit
underwriting and payment systems, ultimately fostering SME
development and broader economic prosperity.

2. Methodology

To systematically review the literature on Al-driven financial
automation models enhancing credit underwriting and
payment systems in SMEs, a PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses)
methodology was employed. The process began with a
comprehensive search of multiple academic databases
including Scopus, Web of Science, IEEE Xplore, and Google
Scholar. Search terms combined keywords and phrases such
as “AL” “artificial intelligence,” “machine learning,”
“financial automation,” “credit underwriting,” “payment
systems,” and “SMEs” to ensure broad coverage. The search
was restricted to articles published in English from 2010 to
2024 to capture recent advancements relevant to
contemporary technologies and market conditions.

Initial screening involved removing duplicates and reviewing
titles and abstracts to identify studies directly relevant to Al
applications in SME financial services, specifically credit
risk assessment and payment processing automation. Studies
focusing solely on large corporations or unrelated financial
technologies were excluded. The full texts of potentially
eligible studies were then retrieved for in-depth evaluation
against predefined inclusion criteria: empirical or theoretical
research on Al models applied to SME credit underwriting or
payment systems, discussion of automation frameworks, and
evidence of impact on financial performance or operational
efficiency.

Data extraction from selected articles captured information
on study objectives, Al techniques utilized (e.g., machine
learning algorithms, natural language processing), data
sources employed (financial records, alternative data), and
reported outcomes such as accuracy of credit risk prediction
or improvements in payment system efficiency. Quality
assessment of studies was performed considering
methodological rigor, data validity, and relevance to SME
contexts. Discrepancies in study selection or data extraction
were resolved through consensus discussion among
reviewers.

The synthesis of findings followed a thematic approach,
categorizing literature into areas of Al-driven credit
underwriting  models, automated payment system
innovations, integration of these functions, and identified
challenges. This methodology ensured a systematic,
transparent, and reproducible approach to aggregating current
knowledge, highlighting gaps, and informing future research
and practical implementations in the domain of Al-enhanced
SME financial services.

2.1 Overview of Credit Underwriting in SMEs

Credit underwriting is a fundamental process in the financial
sector, determining the creditworthiness of borrowers and
guiding lending decisions. For Small and Medium-sized
Enterprises (SMEs), effective credit underwriting is critical

132|Page



International Journal of Social Science Exceptional Research

as it directly impacts their ability to access capital essential
for growth and sustainability (Chukwuma-Eke et al., 2022;
Ogunwole et al., 2022). Traditionally, credit underwriting
involves evaluating a borrower’s financial health, repayment
capacity, and risk profile based on available data. However,
the unique characteristics of SMEs pose distinct challenges
to conventional underwriting practices, often resulting in
credit access limitations and inefficiencies.

Traditional credit underwriting processes typically rely on a
structured assessment framework that includes analysis of
financial statements, credit history, collateral, cash flow
projections, and qualitative factors such as management
experience and business plans. Financial institutions use
these criteria to estimate the likelihood of default and to set
appropriate loan terms. This process is largely manual and
involves credit officers reviewing submitted documentation,
performing financial ratio analyses, and applying internal risk
rating systems. "Emerging Al-based underwriting
frameworks offer scalable alternatives that blend data-driven
automation with contextual intelligence to enhance
creditworthiness predictions while reducing approval time
(Tasleem & Gangadharan, 2022). Additionally, credit
committees often engage in subjective judgment, weighing
both quantitative data and qualitative insights before
finalizing lending decisions.

Despite its widespread use, traditional credit underwriting
has significant limitations, particularly in the SME sector.
First, the manual nature of the process is time-consuming,
often resulting in long approval cycles that can delay or even
deter SMEs from accessing financing (Chukwuma-Eke et al.,
2022; Isibor et al., 2022). For SMEs, which frequently
operate under tight cash flow constraints and require agile
funding, these delays can severely hamper business
operations. Moreover, the dependence on static financial
statements limits the comprehensiveness of risk assessment,
as many SMEs lack standardized accounting practices or
maintain incomplete financial records.

Subjective biases in manual evaluations further undermine
the reliability and fairness of credit decisions. Credit officers
may be influenced by personal judgments or limited
contextual knowledge, leading to inconsistent assessments
across similar SMEs. This variability can result in credit
rationing, where potentially creditworthy SMEs are unjustly
denied loans. Moreover, traditional models often place heavy
emphasis on collateral and credit history, which many SMEs
cannot provide, further restricting their credit access.
Another critical limitation is the restricted access to relevant
data. Many SMEs, especially in developing markets, operate
within informal or semi-formal economies where financial
data is scarce or unreliable. Conventional underwriting
models struggle to incorporate alternative data sources such
as transactional histories, mobile money usage, supplier and
customer payment behavior, or digital footprints. This data
scarcity leads to an incomplete risk profile and forces lenders
to adopt conservative lending practices or higher interest
rates to mitigate uncertainty (Ogunmokun et al., 2022;
Ogunsola et al., 2022).

These challenges highlight the urgent need for automation
and Al integration in SME credit underwriting. Automation
can streamline repetitive tasks such as data collection,
document verification, and initial screening, significantly
reducing processing times and operational costs. By
automating these functions, financial institutions can allocate
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human expertise to more complex decision-making areas,
improving overall efficiency and consistency.

Artificial Intelligence, particularly machine learning, offers a
powerful complement to automation by enabling data-driven,
scalable, and adaptive underwriting models. Al algorithms
can analyze vast amounts of structured and unstructured data,
including alternative data sources traditionally overlooked in
manual processes. This capability allows for more nuanced
risk assessments that capture real-time behavioral patterns
and broader economic indicators. For instance, machine
learning models can detect subtle correlations and non-linear
relationships within diverse datasets, improving predictive
accuracy beyond conventional credit scoring methods.
Furthermore, Al models reduce human biases by relying on
objective, data-driven criteria. Explainable Al techniques
also enhance transparency, enabling lenders to understand
and justify underwriting decisions, which is crucial for
regulatory compliance and borrower trust. Al-driven
underwriting systems can continuously learn from new data,
adapting to changing market conditions and SME behaviors,
thereby maintaining relevance and robustness over time
(Balogun et al., 2022; Ogunsola et al., 2022).

Traditional credit underwriting processes for SMEs are
hampered by manual evaluation, subjective biases, and
limited access to comprehensive data. These constraints
contribute to inefficiencies and restricted credit availability,
hindering SME growth and economic contribution. The
integration of automation and Al presents a transformative
opportunity to overcome these limitations by enhancing
speed, accuracy, scalability, and fairness in credit risk
assessment. Developing Al-driven credit underwriting
models tailored to the unique contexts of SMEs is critical for
fostering inclusive finance and enabling SMEs to unlock their
full potential.

2.2 Al-Driven Credit Underwriting Models

The application of Artificial Intelligence (Al) in credit
underwriting represents a paradigm shift in how financial
institutions assess the creditworthiness of borrowers,
particularly Small and Medium-sized Enterprises (SMES) as
shown in figure 1. Traditional models often suffer from data
limitations and subjective biases, but Al-driven underwriting
leverages diverse data sources and advanced algorithms to
improve decision-making accuracy, operational efficiency,
and risk management (llori et al., 2022; Adepoju et al., 2022).
This explores the data inputs, Al methodologies, and benefits
associated with Al-driven credit underwriting models,
emphasizing their transformative potential in SME financing.

* Financial statements, transaction histories,
alternative data (e.g., social media, mobile money)

* Machine learning algorithms (random forests,
gradient boosting, neural networks), natural
language processing (NLP)

* Enhanced accuracy, speed, scalability, reduced
default rates

Fig 1: Al-Driven Credit Underwriting Models
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A critical element of Al-driven credit underwriting is the
integration of diverse and often unconventional data sources.
Conventional credit assessments rely heavily on financial
statements, tax returns, and credit histories, which may be
incomplete or unavailable for many SMEs, especially in
emerging markets. Al models expand this data spectrum to
include transactional histories, such as sales records, bank
account flows, and payment patterns. These granular
financial transactions provide real-time insights into business
performance and liquidity, enabling more dynamic risk
evaluations.

Beyond traditional financial data, alternative data sources
significantly enhance the richness of Al underwriting models.
Mobile money transaction records, widely used in regions
with limited formal banking infrastructure, offer detailed
behavioral financial data that reflect the credit habits of
SMEs. Social media activity is another innovative data
stream; sentiment analysis and network relationships on
platforms like Facebook or LinkedIn can indicate business
reputation, customer engagement, and market influence.
Other alternative sources include utility payments, supplier
and customer feedback, and e-commerce transactions
(Chukwuma-Eke et al., 2022; Ogbuefi et al., 2022). By
incorporating such non-traditional data, Al models overcome
the challenge of data scarcity and improve risk differentiation
for SMEs lacking conventional credit histories.

The backbone of Al-driven credit underwriting is the
deployment of sophisticated machine learning (ML)
algorithms designed to uncover complex patterns and
predictive features within large, multi-dimensional datasets.
Popular ML techniques include ensemble methods such as
Random Forests and Gradient Boosting Machines (GBM),
which combine multiple decision trees to enhance predictive
accuracy and reduce overfitting. These models excel in
handling structured data and offer feature importance metrics
that aid interpretability.

Deep learning architectures, such as artificial neural networks
(ANNSs), are especially powerful in modeling non-linear
relationships and interactions between diverse data types.
Neural networks can learn intricate credit risk profiles by
processing multiple layers of abstraction from raw data,
improving predictive capabilities over traditional statistical
models. Moreover, recurrent neural networks (RNNs) and
long short-term memory (LSTM) networks are employed to
analyze sequential data, such as time series of financial
transactions, capturing temporal dynamics in borrower
behavior (Mgbame et al., 2022; Akpe et al., 2022).

Natural Language Processing (NLP) extends Al capabilities
to unstructured textual data frequently found in loan
applications, business plans, and online reviews. By
analyzing sentiment, extracting key information, and
detecting inconsistencies or fraud indicators, NLP tools
enrich credit risk assessments with qualitative insights that
would otherwise require manual review.

The integration of these Al techniques delivers numerous
benefits that address the shortcomings of traditional
underwriting. Foremost, Al-driven models enhance accuracy
by leveraging comprehensive datasets and advanced pattern
recognition, reducing false positives and negatives in credit
decisions. This leads to more reliable identification of
creditworthy SMEs, ultimately lowering default rates and
credit losses for lenders.

Speed is another crucial advantage. Automated data
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processing and real-time analytics enable near-instantaneous
credit scoring and decision-making, significantly shortening
loan approval cycles. This agility is vital for SMEs, which
often require quick access to capital for operational needs or
growth opportunities (Ogeawuchi et al., 2022; Mgbame et
al., 2022).

Scalability is inherent to Al models, which can handle vast
volumes of applications simultaneously without proportional
increases in operational costs. This scalability enables
financial institutions to extend credit services to a broader
SME base, including underserved or remote segments
previously excluded due to resource constraints.
Furthermore, Al-driven underwriting supports dynamic
credit management by continuously learning from new data,
adapting risk assessments as SMEs’ financial behaviors
evolve. This adaptability allows for personalized credit
products, such as adjustable credit limits or interest rates
aligned with real-time risk profiles.

Al-driven credit underwriting models harness diverse data
sources—ranging from traditional financial statements to
innovative alternative data—and apply cutting-edge machine
learning and NLP techniques to revolutionize SME credit
evaluation. The resulting improvements in accuracy, speed,
scalability, and risk mitigation hold significant promise for
enhancing financial inclusion and enabling SMEs to access
capital more efficiently and equitably. As these technologies
mature, they will likely become integral components of
modern credit ecosystems, particularly in regions where
conventional data and infrastructure limitations have
historically constrained SME financing (Abayomi et al.,
2022; Ogbuefi et al., 2022).

2.3 Automation in Payment Systems for SMEs

Payment systems are a critical component of financial
operations for Small and Medium-sized Enterprises (SMES).
Efficient and reliable payment mechanisms enable smooth
transactions with customers, suppliers, and financial
institutions, directly influencing cash flow and business
continuity. However, SMEs often encounter numerous
challenges in managing payments, including delays, fraud
risks, and reconciliation difficulties. The emergence of
automation technologies, powered by Artificial Intelligence
(Al), offers transformative solutions to these challenges,
promising to enhance payment system efficiency, security,
and overall SME financial health (Adewale et al., 2022;
Olorunyomi et al., 2022).

Current SME payment systems face significant operational
and security hurdles. Payment delays are a common problem,
often caused by manual processing, batch transaction
settlements, or fragmented payment networks. These delays
create liquidity challenges, as SMEs rely heavily on timely
cash inflows to meet operational expenses, payroll, and
supplier obligations. Prolonged payment cycles may result in
strained business relationships, missed opportunities, and
even insolvency in extreme cases.

Fraud risks further complicate payment management for
SMEs. Due to limited resources and technological
infrastructure, many SMEs are vulnerable to payment fraud,
including identity theft, phishing attacks, and unauthorized
transactions. Fraudulent activities can cause substantial
financial losses, damage reputations, and erode customer
trust. Traditional fraud detection systems, which are often
rule-based and reactive, lack the sophistication needed to
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identify evolving and complex fraud patterns effectively.
Reconciliation of payments is another persistent challenge.
SMEs typically deal with numerous transactions across
various channels, currencies, and payment instruments,
generating voluminous and diverse data. Manual
reconciliation processes are labor-intensive, error-prone, and
time-consuming, leading to discrepancies, delayed financial
reporting, and difficulty in cash flow forecasting (Friday et
al., 2022; llori et al., 2022). Such inefficiencies divert critical
resources away from core business functions and impede
strategic financial planning.

Al-powered automation is increasingly being applied to
overcome these payment system challenges. Fraud detection
benefits greatly from machine learning algorithms capable of
analyzing transactional data in real time to identify
anomalous patterns indicative of fraudulent behavior. These
models continuously learn from new data, adapting to
emerging fraud tactics faster than traditional rule-based
systems. By automating fraud detection, SMEs can reduce
financial losses and improve transaction security without
significant human intervention.

Real-time transaction monitoring enabled by Al allows for
instant validation and authorization of payments, drastically
reducing processing times and payment delays. This
capability supports immediate fund transfers and settlement
confirmations, improving liquidity management for SMEs.
Furthermore, Al systems can flag suspicious transactions for
further review, balancing operational speed with risk control.
Intelligent reconciliation systems powered by Al and robotic
process automation (RPA) revolutionize how SMEs handle
payment data. These systems automatically match incoming
and outgoing payments with invoices and accounting records
by extracting and analyzing structured and unstructured data.
Natural language processing (NLP) techniques can interpret
payment descriptions and supplier communications,
resolving discrepancies without manual input (Onukwulu et
al., 2022; Ajiga et al., 2022). This automation minimizes
errors, accelerates closing cycles, and enhances the accuracy
of financial statements.

The impact of Al-driven automation on SME cash flow
management and operational efficiency is profound. Timelier
payments and improved fraud prevention directly stabilize
cash inflows and reduce unexpected financial drains,
enabling SMEs to better forecast liquidity needs and plan
investments. Automation frees up human resources from
tedious administrative tasks, allowing finance teams to focus
on value-added activities such as strategic budgeting,
customer relationship management, and growth initiatives.
Operational efficiency gains extend beyond finance
departments. Faster, more reliable payments foster stronger
supplier relationships and customer satisfaction, enhancing
overall business reputation. Additionally, the integration of
automated payment systems with enterprise resource
planning (ERP) and accounting software promotes seamless
financial data flow, supporting comprehensive business
analytics and compliance reporting.

SMEs face persistent challenges in payment systems,
including transaction delays, fraud risks, and reconciliation
inefficiencies, all of which hinder financial stability and
growth. Al-powered automation offers robust solutions by
enabling real-time fraud detection, instantaneous transaction
processing, and intelligent reconciliation. These technologies
significantly enhance cash flow management and operational
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efficiency, equipping SMEs with the agility and security
needed to compete in increasingly digital and fast-paced
markets (Onukwulu et al., 2022; Basiru et al., 2022). As Al
adoption in payment systems accelerates, it promises to
democratize access to advanced financial tools, driving SME
resilience and sustainable economic development.

2.4 Integration of Credit Underwriting and Payment
Systems

The integration of credit underwriting and payment systems
represents a powerful advancement in financial technology,
particularly for Small and Medium-sized Enterprises
(SMEs). Traditionally, these two financial functions have
operated independently, with credit underwriting focusing on
risk assessment prior to lending, and payment systems
managing transactional flows after credit is extended.
However, combining these systems through Al-driven
automation creates synergies that optimize credit risk
management and operational efficiency (Onukwulu et al.,
2022; Adepoju et al., 2022). This integration enables more
dynamic, responsive financial services tailored to the
evolving needs of SMEs, thereby promoting financial
inclusion and business growth.

One of the primary synergies between credit underwriting
and payment automation lies in the real-time availability of
payment data to inform credit risk assessments. Payment
systems generate rich transactional information, including
payment timeliness, amounts, frequency, and anomalies,
which are critical indicators of an SME’s financial health and
creditworthiness. Traditionally, credit evaluations rely on
periodic financial statements and static data points, which
may be outdated or incomplete. By integrating automated
payment data into credit models, lenders gain continuous
insight into borrowers’ actual cash flow and behavior,
allowing for more accurate and timely risk assessments.
This continuous data flow facilitates dynamic credit risk
management strategies. For instance, credit limits can be
adjusted in real-time based on recent payment performance
and liquidity signals captured through automated systems. An
SME consistently making on-time payments or
demonstrating increased transaction volumes might see its
credit line expanded automatically, enabling it to seize
growth opportunities without delays associated with manual
re-evaluation. Conversely, payment irregularities or signs of
financial stress can trigger automatic credit limit reductions
or risk alerts, allowing lenders to mitigate potential losses
proactively (Akintobi et al., 2022; Collins et al., 2022).
Automated loan disbursement based on payment behavior is
a concrete use case illustrating the benefits of integration. In
such systems, Al algorithms monitor payment histories and
operational metrics to determine loan eligibility and optimal
disbursement timing. For example, if an SME exhibits stable
payment patterns and positive cash flow as reflected in real-
time transaction data, the system can automatically release
funds to meet working capital needs without requiring
cumbersome manual intervention. This automation
accelerates access to financing, enhances borrower
experience, and reduces operational costs for lenders.
Another valuable application is the automation of repayment
scheduling and collection processes tied directly to payment
inflows. By linking loan repayment terms with actual
transaction receipts and cash flows, integrated systems can
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optimize repayment schedules to match the SME’s liquidity
cycles, minimizing default risk and financial stress.
Furthermore, Al-driven payment monitoring can detect early
warning signs of distress, such as missed payments or
unusual transaction behaviors, triggering alerts or
interventions that support timely loan restructuring or credit
risk mitigation.

The role of Al in this integrated framework is crucial for
continuous risk monitoring and adaptive credit management.
Machine learning models analyze streaming payment data
alongside traditional credit variables to update risk scores
dynamically (Adepoju et al., 2022; Collins et al., 2022). This
real-time analytics capability enables lenders to respond
swiftly to changing borrower circumstances, improving
predictive accuracy and reducing the lag inherent in
traditional credit assessments.

Adaptive credit management powered by Al extends beyond
reactive measures to proactive engagement. Al systems can
generate tailored recommendations for SMEs based on their
financial behaviors, such as suggesting optimal credit
products, personalized repayment plans, or risk mitigation
strategies. These insights empower both lenders and
borrowers to maintain healthier financial relationships and
reduce the likelihood of default.

Additionally, Al supports regulatory compliance and
transparency by providing explainable models that justify
credit decisions based on integrated payment and credit data
(Okolie et al., 2022; Adewoyin, 2022). This enhances trust
among stakeholders and aligns with evolving regulatory
expectations regarding fairness and data privacy.

The integration of credit underwriting and payment systems
creates a synergistic ecosystem that leverages real-time
transactional data and Al-driven automation to enhance credit
risk assessment and financial operations for SMEs. Use cases
such as dynamic credit limits and automated loan
disbursement exemplify how this integration enables more
responsive, efficient, and inclusive lending practices.
Continuous risk monitoring and adaptive credit management
facilitated by Al ensure that credit services remain aligned
with borrowers’ evolving financial profiles, ultimately
fostering SME growth and contributing to broader economic
development. As financial institutions increasingly adopt
integrated Al-powered models, they stand to transform SME
financing into a more agile, data-driven, and customer-centric
domain.

2.5 Challenges and Considerations

The application of Al-driven financial automation in credit
underwriting and payment systems offers transformative
potential for Small and Medium-sized Enterprises (SMES).
However, the implementation of these advanced technologies
also introduces significant challenges and considerations that
must be carefully addressed to ensure ethical, secure, and
effective adoption as shown in figure 2(Alabi et al., 2022;
Onukwulu et al., 2022). This discusses key issues related to
data privacy and security, regulatory compliance and ethical
concerns, and infrastructural and technological barriers
unique to the SME context.
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Fig 2: Challenges and Considerations

A primary concern in deploying Al-powered financial
models is data privacy and security. Al systems require large
volumes of sensitive data, including financial records,
transaction histories, personal identifiers, and sometimes
alternative data such as social media activity or mobile
money usage. The aggregation, storage, and processing of
such information heighten the risk of unauthorized access,
data breaches, and misuse. SMEs often lack sophisticated
cybersecurity infrastructures, making their data more
vulnerable to cyberattacks or accidental leaks. Furthermore,
data privacy regulations such as the General Data Protection
Regulation (GDPR) in Europe and other regional laws
mandate strict controls over data collection, processing, and
sharing. Non-compliance can result in heavy penalties and
loss of customer trust. Therefore, financial institutions and
technology providers must implement robust encryption,
anonymization, and access control measures (lge et al., 2022;
Adebayo et al., 2022). Transparent data governance policies
and regular security audits are essential to safeguard SME
data and maintain stakeholder confidence.

Regulatory compliance and ethical issues form another
critical dimension in Al adoption. Financial services are
highly regulated industries, with specific frameworks
governing credit underwriting, anti-money laundering
(AML), and consumer protection. Al systems must comply
with these regulations, which often require explainability and
accountability in decision-making processes. For instance,
regulators may demand that lenders provide clear reasons for
credit approval or denial, which can be challenging given the
“black box” nature of some machine learning models. Lack
of transparency may lead to perceived or actual biases,
potentially disadvantaging certain SME segments based on
geography, industry, or socio-economic status. Ethical
concerns arise when automated decisions inadvertently
reinforce existing inequalities or discriminate against
marginalized groups. To address these issues, Al models
must incorporate fairness, accountability, and transparency
principles. Explainable Al (XAl) techniques can help
demystify algorithmic decisions, enabling SMEs and
regulators to understand the basis of risk assessments and
payment system operations. Additionally, ongoing
monitoring is necessary to detect and mitigate biases,
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ensuring equitable access to credit and payment services
(Anaba et al., 2022; Vindrola-Padros and Johnson, 2022).
Infrastructure and technology adoption barriers present
substantial challenges for SMEs, particularly in developing
regions. Many SMEs operate in environments characterized
by limited internet connectivity, unreliable power supply, and
inadequate digital literacy among owners and employees.
These factors impede the seamless integration and use of Al-
driven financial automation tools. Moreover, high upfront
costs and complex implementation requirements deter SMEs
from adopting advanced technologies, exacerbating the
digital divide. Even where technology is accessible, a
shortage of skilled personnel to manage, maintain, and
optimize Al systems limits effective utilization. This talent
gap affects not only SMEs but also financial institutions
serving them, impacting system reliability and innovation.
Addressing these barriers requires multifaceted strategies.
Governments and development agencies can play a vital role
by investing in digital infrastructure improvements and
providing subsidies or incentives to lower adoption costs
(Ogundipe et al., 2022; Johnson et al., 2022). Training
programs aimed at enhancing digital literacy among SME
stakeholders are crucial to fostering confidence and
competence in using Al-enabled platforms. Partnerships
between fintech companies and financial institutions can
facilitate the design of user-friendly interfaces and scalable
solutions tailored to the SME context. Cloud-based services
and mobile applications offer promising avenues to overcome
hardware limitations and expand reach, especially in remote
areas.

While Al-driven financial automation holds great promise for
enhancing credit underwriting and payment systems in
SMEs, the challenges of data privacy and security, regulatory
and ethical compliance, and infrastructural limitations must
be conscientiously managed. Robust cybersecurity measures
and transparent data governance frameworks are essential to
protect sensitive SME information. Regulatory adherence
and ethical Al design ensure fairness, accountability, and
trustworthiness in financial decision-making. Finally,
overcoming infrastructural and adoption hurdles through
targeted investment, capacity building, and innovative
technology delivery is key to enabling inclusive access and
maximizing the benefits of Al automation (Noah, 2022;
Ozobu et al., 2022). Addressing these challenges holistically
will pave the way for sustainable, equitable, and scalable Al
integration in SME financial ecosystems.

2.6 Applications

The deployment of Al-driven credit underwriting and
payment automation systems in Small and Medium-sized
Enterprises (SMES) is increasingly gaining traction globally,
with several regional and sector-specific implementations
demonstrating significant impacts on financial inclusion,
operational efficiency, and risk management. This reviews
notable case studies highlighting how Al technologies have
been applied to SME financing and payment systems,
examining key performance metrics and outcomes to
illustrate their transformative potential.

One prominent example of Al-driven credit underwriting for
SMEs comes from Kenya’s vibrant fintech ecosystem. M-
Shwari, a mobile banking service developed by Safaricom
and Commercial Bank of Africa, integrates alternative data
such as mobile money transactions and airtime usage patterns
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into credit risk assessments using machine learning
algorithms. Unlike traditional credit scoring reliant on formal
financial statements, M-Shwari’s model analyzes real-time
behavioral data from millions of users to determine
creditworthiness (Ojika et al, 2022; Onaghinor et al., 2022).
This approach has enabled rapid, automated loan approvals
within minutes, serving a vast segment of underserved SMEs
and individuals. Performance metrics indicate that M-Shwari
has disbursed over USD 2 billion in loans since its inception,
with default rates maintained at manageable levels below 5%,
demonstrating that Al-enhanced underwriting can effectively
mitigate risks even in data-scarce environments.

In South Africa, fintech firm Jumo offers an Al-powered
credit platform targeting SMEs and informal businesses
across multiple African countries. Jumo’s system uses
machine learning models that incorporate mobile wallet
transactions, social network data, and historical loan
repayment patterns to generate dynamic credit scores. The
platform’s ability to continuously update risk profiles based
on payment behavior enables lenders to offer flexible credit
products with adaptive limits. Jumo reports that its Al models
have improved credit approval rates by up to 30% while
reducing default rates by 15% compared to conventional
credit assessments. These results underscore the value of
integrated, data-driven credit evaluation tailored to local
market dynamics.

On the payment automation front, Nigeria’s Paystack
provides an illustrative case study of Al-enhanced payment
processing for SMEs. Paystack’s platform automates
payment collection, fraud detection, and reconciliation
processes using Al algorithms that analyze transaction
patterns in real-time. Its intelligent fraud detection system
leverages anomaly detection models to flag suspicious
activities, significantly reducing fraud losses. Paystack
reports processing over 50 million transactions monthly with
a fraud detection accuracy exceeding 95%. Furthermore, the
platform’s automated reconciliation tools have cut down
manual processing times by over 70%, freeing SME finance
teams to focus on strategic tasks rather than administrative
burdens.

Sector-specific applications also demonstrate how Al-driven
automation can be tailored for industry nuances. In the
agriculture sector in East Africa, Twiga Foods leverages Al-
based credit and payment systems to support smallholder
farmers and agro-dealers. Twiga’s credit underwriting
incorporates satellite imagery, weather data, and mobile
transaction histories to assess risk and optimize loan
disbursement (Uzozie et al., 2022; Okolo et al., 2022). Its
automated payment platform ensures timely disbursements
and collections, enhancing cash flow reliability for farmers
who traditionally face delayed payments and financing
bottlenecks. Performance data from Twiga indicates a 40%
increase in loan repayment rates and a 25% improvement in
operational efficiency for farmers engaged with the platform.
Across these case studies, several common performance
metrics emerge as critical indicators of success. Credit
approval rate enhancements reflect the ability of Al models
to identify more creditworthy SMEs without increasing risk
exposure. Default rate reductions demonstrate improved risk
management through more precise, data-driven underwriting.
Operational efficiency gains, measured by reductions in
manual processing time and error rates, illustrate the impact
of payment automation on SME finance teams’ productivity.
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Customer satisfaction and financial inclusion metrics further
highlight how Al-driven solutions expand access to credit
and streamlined payments for previously underserved SME
segments.

In addition to quantitative outcomes, these applications
reveal qualitative benefits. Real-time data integration enables
lenders to adapt quickly to SMEs’ changing financial
situations, offering personalized credit products and dynamic
credit limits. Automated fraud detection and reconciliation
build trust in digital payment systems, encouraging greater
SME adoption. Moreover, continuous learning capabilities
inherent in Al models foster resilience and scalability,
allowing systems to evolve alongside market conditions and
regulatory landscapes (Ogunnowo et al., 2022; Uzozie et al.,
2022).

However, these case studies also highlight challenges such as
ensuring data privacy, maintaining model transparency, and
addressing infrastructural constraints in lower-resource
environments. Successful deployments often involve
partnerships between fintech innovators, traditional financial
institutions, regulators, and SME communities to navigate
these complexities and optimize implementation.

Al-driven credit underwriting and payment automation
systems are demonstrating considerable promise in
enhancing SME financial services across diverse regions and
sectors. Case studies from Kenya, South Africa, Nigeria, and
East Africa illustrate how Al applications improve credit risk
assessment, streamline payment operations, and increase
financial inclusion for SMEs. Performance metrics such as
increased credit approval rates, reduced defaults, and
operational efficiencies confirm the practical benefits of these
technologies. Continued innovation and collaborative efforts
will be essential to scaling these successes, overcoming
adoption barriers, and maximizing the impact of Al-driven
financial automation on SME growth and economic
development worldwide.

2.7 Future Directions

The landscape of financial automation for Small and
Medium-sized Enterprises (SMEs) is evolving rapidly,
driven by advances in Artificial Intelligence (Al), blockchain
technology, and decentralized finance (DeFi). These
innovations promise to further enhance credit underwriting
and payment systems, fostering greater efficiency,
personalization, and inclusion as shown in figure 2
(Adedokun et al., 2022; Adeniji et al., 2022). This explores
key future directions, including the incorporation of
blockchain and DeFi technologies, enhanced personalization
through Al and customer behavior analytics, and expansion
into underserved markets to promote financial inclusion.
One of the most transformative future directions is the
integration of blockchain and DeFi technologies with Al-
driven financial automation systems. Blockchain, as a
distributed ledger technology, offers unparalleled security,
transparency, and immutability for financial transactions.
When combined with Al, blockchain can enhance credit
underwriting and payment processing by creating
trustworthy, tamper-proof records of transaction histories and
credit behavior. This capability is particularly critical in
contexts where SMEs face data scarcity or unreliable
financial documentation. Blockchain-based credit registries
could provide lenders with verified, decentralized records of
SME creditworthiness, reducing fraud and improving trust
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between borrowers and financial institutions.

Incorporation of blockchain
and decentralized finance
(DefFi) technologies

Enhanced personalization
through Al and customer
behavior analytics

Expansion to underserved
markets and financial
inclusion

Fig 3: Future Directions

DeFi platforms, built on blockchain protocols, facilitate peer-
to-peer financial services without traditional intermediaries.
For SMEs, DeFi offers opportunities to access credit,
insurance, and payment services through decentralized
applications (dApps) with lower costs and fewer entry
barriers. Future Al models integrated with DeFi can automate
underwriting and risk assessment by analyzing on-chain data
and off-chain signals, enabling instant credit decisions and
automated loan disbursements. Smart contracts within DeFi
ecosystems can enforce repayment terms automatically,
minimizing defaults and administrative overhead (Sobowale
et al., 2022; Okolo et al., 2022). This fusion of Al and DeFi
promises to democratize SME financing globally, especially
in regions where traditional banking infrastructure is limited.
Enhanced personalization represents another significant
future trajectory. Al systems are becoming increasingly
sophisticated at analyzing detailed customer behavior and
preferences through machine learning and advanced
analytics. For SMEs, this means credit underwriting and
payment solutions can be tailored more precisely to
individual business profiles, industry cycles, and cash flow
patterns. By integrating diverse data sources such as
transactional data, supply chain activity, social media signals,
and even macroeconomic trends Al can develop dynamic risk
models that reflect real-time business realities. This enables
lenders to offer customized credit products with flexible
limits, adaptive interest rates, and personalized repayment
schedules that better align with SME capacities.

Customer behavior analytics also empower payment system
automation to anticipate transaction needs and detect
anomalies more effectively. For instance, Al could predict
periods of cash flow shortages or spikes in payment volume,
prompting proactive credit line adjustments or payment
scheduling to optimize liquidity management. Personalized
dashboards and alerts help SME owners stay informed and
make data-driven financial decisions, enhancing trust and
engagement with digital financial platforms (Ojika et al.,
2022; Akintobi et al., 202).

Expanding access to underserved markets and promoting
financial inclusion is a critical focus for the future of Al-
driven financial automation. Many SMEs, particularly in
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developing regions, remain excluded from formal financial
systems due to lack of collateral, credit history, or banking
infrastructure. Al and emerging technologies can bridge this
gap by leveraging alternative data sources and mobile
technologies to assess credit risk and automate payments at
scale. For example, mobile money transaction data,
agricultural yield information, and local market prices can be
integrated into credit models to serve rural or informal sector
SMEs.

Government policies and development programs will play an
essential role in enabling this expansion. Supporting
infrastructure improvements, digital literacy initiatives, and
regulatory frameworks that encourage innovation while
safeguarding consumer rights are vital. Partnerships between
fintech companies, financial institutions, and international
organizations can help tailor Al solutions to the specific
needs and challenges of underserved SMES, ensuring
equitable access to financial services.

Moreover, future research will focus on improving the
interpretability and fairness of Al models to build trust among
users and regulators. Explainable Al (XAl) techniques will
allow SMEs and lenders to understand the rationale behind
automated decisions, addressing concerns about algorithmic
bias and discrimination. Transparent models can foster
broader adoption and support compliance with emerging data
protection and financial regulations worldwide.

The future of Al-driven financial automation for SMEs is
poised for significant advancements through the integration
of blockchain and decentralized finance technologies,
enhanced personalization enabled by Al and behavior
analytics, and strategic expansion into underserved markets
to promote financial inclusion. These directions promise to
create more secure, efficient, and equitable financial
ecosystems that support SME growth and economic
development globally (Onukwulu et al., 2021). Achieving
these goals will require continued technological innovation,
collaborative partnerships, and thoughtful regulatory
oversight to harness the full potential of Al-powered financial
services for SMEs.

3. Conclusion

Al-driven  financial automation holds  substantial
transformative potential for Small and Medium-sized
Enterprises (SMEs), particularly in the realms of credit
underwriting and payment systems. By leveraging advanced
machine learning algorithms and real-time data analytics,
these technologies enhance the accuracy, speed, and
scalability of financial decision-making processes. This
results in more efficient credit risk assessments, reduced
default rates, faster loan approvals, and streamlined payment
operations.  Furthermore, automation reduces manual
workloads, enabling SMEs to better manage cash flows and
focus on core business activities. The integration of Al thus
not only improves operational efficiency but also expands
financial inclusion by opening access to credit and payment
solutions for previously underserved or data-poor SMEs.

To fully realize these benefits, coordinated efforts among key
stakeholders are essential. Policymakers should create
supportive regulatory frameworks that balance innovation
with consumer protection, ensuring data privacy and
promoting transparency in Al-driven financial services. Clear
guidelines on algorithmic fairness and explainability will
help build trust among SMEs and lenders alike. Financial
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institutions must invest in Al capabilities and data
infrastructure to modernize credit and payment platforms,
while fostering partnerships with fintech providers to
accelerate technology adoption. Additionally, financial
institutions should prioritize inclusive lending practices that
leverage alternative data sources to reach informal and
underserved SME segments.

Technology providers play a critical role in designing
accessible, user-friendly Al tools tailored to the specific
needs and constraints of SMEs. This includes developing
models that are interpretable, unbiased, and capable of
integrating diverse data sets. Continuous training and support
for SME users will facilitate technology uptake and effective
utilization. Finally, collaboration across public and private
sectors can drive digital literacy initiatives, improve
infrastructure, and fund research that addresses the unique
challenges faced by SMEs in various regions.

Al-driven financial automation offers a powerful pathway to
revolutionize SME financing, fostering economic growth and
resilience. By aligning efforts across policymakers, financial
institutions, and technology providers, the full potential of Al
can be harnessed to create more inclusive, efficient, and
adaptive financial ecosystems for SMEs worldwide.
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