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1. Introduction

1.1. Background of the Study

Small and medium-sized enterprises are increasingly positioned as strategic actors in African export diversification because
digital platforms now allow smaller firms to reach foreign buyers without relying entirely on traditional intermediaries. However,
export participation still depends on measurable readiness conditions, including product standardization, payment capacity,
logistics preparedness, market intelligence, digital visibility, customer relationship management, and regulatory compliance. In
digitally mediated markets, these readiness conditions are no longer assessed only through manual checklists; they are embedded
in transaction histories, online customer engagement, platform activity, financial behaviour, and business intelligence pipelines.
Prior studies show that digital technologies strengthen SME internationalization by improving information access, customer
interaction, and export management capabilities, while encrypted CRM analytics and adaptive web platforms support customer
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segmentation, engagement tracking, and market-facing
entrepreneurship (Cassetta et al., 2020; Dethine et al., 2020;
Ononiwu et al., 2023) [ 1 21 |n African digital
entrepreneurship ecosystems, these capabilities are especially
important because many SMEs operate across fragmented
financial, infrastructural, and regulatory environments.

The present study is therefore grounded in the need for a
machine learning-based export readiness prediction
framework that can convert heterogeneous SME data into
actionable readiness classifications. The proposed
ExportReadiness-XRFNet framework combines XGBoost
and Random Forest to capture nonlinear interactions among
digital, financial, operational, and compliance variables. For
example, an SME may show strong social commerce traction
but weak export readiness if inventory traceability, payment
settlement reliability, and cross-border documentation
capacity are poor. Blockchain-enabled data lineage is also
relevant because trustworthy multi-source business
intelligence improves the reliability of input features used in
predictive models (Aluso et al., 2023) Bl By comparing the
proposed hybrid ensemble with Logistic Regression, Support
Vector Machine, Decision Tree, standalone Random Forest,
and standalone XGBoost, the study aligns export readiness
analysis with evidence-driven digital entrepreneurship
development.

1.2. Statement of the Problem

Despite the rapid growth of African digital entrepreneurship,
many SME support agencies, export promotion councils,
fintech platforms, and business incubators still rely on static
assessment forms to determine whether firms are ready for
export markets. These approaches often treat export readiness
as a simple administrative status rather than a dynamic
classification problem shaped by financial resilience, e-
commerce maturity, digital records, market responsiveness,
logistics capacity, and compliance risk. As a result, firms
with weak operational foundations may be pushed toward
internationalization prematurely, while data-rich and export-
capable firms may remain unidentified. This gap is critical
because Al-enabled financial risk modelling has shown that
small business data can reveal hidden vulnerability patterns
when properly structured, while Al-driven anomaly detection
demonstrates the value of intelligent classification systems in
complex digital environments (Idika et al., 2025; IThimoyan et
al., 2024) 18191,

The technical problem addressed in this study is the absence
of an interpretable, comparative, and high-performance
ensemble model for predicting SME export readiness within
African digital entrepreneurship ecosystems. Conventional
statistical models may struggle with nonlinear relationships
among export-readiness variables, such as the combined
effect of digital payment reliability, CRM maturity, inventory
traceability, product certification, and foreign customer
engagement. Random Forest is suitable for handling noisy
tabular variables and ranking feature importance through
multiple decision trees, while gradient boosting provides
strong predictive performance by sequentially correcting
weak learners (Kalange, 2022; Friedman, 2001) [0 4],
However, standalone algorithms may still produce biased or
unstable predictions when SME data are imbalanced,
incomplete, or contextually heterogeneous. This study
therefore proposes ExportReadiness-XRFNet, a hybrid
XGBoost-Random Forest framework with feature-weighted
stacking and calibrated readiness probability outputs. The
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problem is not only to improve accuracy, but also to identify
the digital and institutional readiness factors that explain why
an SME is classified as low, moderate, or high export-ready.

1.3. Research Objectives and Research Questions

1.3.1. Research Objectives

1. To develop an XGBoost and Random Forest-based
hybrid ensemble model for predicting SME export
readiness in  African  digital entrepreneurship
ecosystems.

2. To identify the most influential digital, financial,
operational, logistics, and compliance variables affecting
SME export readiness.

3. To compare the predictive performance of the proposed
ExportReadiness-XRFNet  model  with  Logistic
Regression, Support Vector Machine, Decision Tree,
standalone Random Forest, and standalone XGBoost.

4. To evaluate the model using accuracy, precision, recall,
F1-score, ROC-AUC, confusion matrix, and precision-
recall graphical analysis.

5. To provide an interpretable decision-support framework
for SME development agencies, export promotion
councils, fintech platforms, and digital entrepreneurship
hubs.

1.3.2. Research Questions

1. How can XGBoost and Random Forest be integrated to
improve SME export readiness prediction?

2. Which digital and business-readiness indicators
contribute  most strongly to  export-readiness
classification?

3. How does the proposed ExportReadiness-XRFNet
model perform compared with existing machine learning
algorithms?

4. How can graphical evaluation improve interpretation of
model performance and classification reliability?

5. How can the proposed model support African SME
export development and digital entrepreneurship
ecosystem planning?

1.4. Contributions and Significance of the Study

This study contributes a technically structured machine
learning framework for classifying African SMEs into low,
moderate, and high export-readiness categories using
measurable indicators drawn from digital capability,
financial  stability, logistics preparedness, product
standardization, compliance maturity, e-commerce adoption,
CRM activity, and cross-border payment readiness. Its
significance lies in combining predictive accuracy with
decision interpretability, allowing policymakers, export
agencies, entrepreneurship hubs, and fintech platforms to
identify firms that require capacity-building support before
international market entry. The study also advances SME
analytics by proposing ExportReadiness-XRFNet, a hybrid
ensemble model designed to outperform conventional
baseline algorithms while producing feature-importance
outputs that explain the drivers of readiness classification.

1.5. Scope of the Review and Structure of the Paper

The paper focuses on the design, evaluation, and
interpretation of a machine learning-based SME export
readiness  prediction system for  African digital
entrepreneurship ecosystems. Its scope covers export-
readiness indicators, SME digital transformation variables,
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XGBoost and Random Forest modelling, hybrid ensemble
architecture, baseline algorithm comparison, graphical
performance evaluation, and practical implications for SME
export support. The paper is structured into five sections: the
introduction establishes the background, problem, objectives,
significance, and scope; the literature review examines SME
export readiness, digital entrepreneurship, machine learning
prediction models, and research gaps; the system model
description presents the proposed ExportReadiness-XRFNet
framework; the results discussion compares model
performance and feature importance; and the final section
provides conclusions, recommendations, and future research
directions.

2. Literature Review

2.1. SME Export Readiness in African Digital Markets
SME export readiness in African digital markets refers to the
measurable capacity of small and medium-sized firms to
serve cross-border buyers through reliable products,
compliant documentation, stable digital operations, logistics
preparedness, and market-responsive branding. In this study,
readiness is not treated as a general entrepreneurial intention,
but as a predictive classification outcome derived from
observable business signals. These signals include digital
storefront activity, mobile commerce adoption, customer
acquisition  patterns, payment reliability,  process
standardization, inventory traceability, product certification,
and management visibility. Mobile commerce and digital
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branding are especially relevant in Sub-Saharan African
urban centers because they allow SMEs to establish market
presence, capture customer data, and test demand beyond
local retail boundaries (Ononiwu et al., 2025) [ as
represented in figure 1. Similarly, technology adoption and
process standardization strengthen the operational
consistency required for export scaling, particularly among
engineering-oriented SMEs that must meet repeatable quality
and delivery expectations (Awolola et al., 2025) €, Within
the proposed ExportReadiness-XRFNet framework, African
SME export readiness becomes a structured machine learning
problem in which XGBoost and Random Forest identify
patterns that traditional assessment templates may overlook.
For example, an SME may show strong online sales but
remain weak in export readiness if its logistics records,
regulatory documentation, and payment settlement channels
are unstable. Prior research links digital technologies with
SME internationalisation, while export strategy studies show
that institutional support and readiness-related capabilities
influence export outcomes (Cassetta et al., 2020; Singh et al.,
2024) [ 3% Multi-dimensional dashboard visualization
further supports this predictive environment by transforming
complex business intelligence indicators into decision-ready
views for executives and policy actors (Aluso & Enyejo,
2025) Bl Therefore, SME export readiness in this paper is
positioned as a data-driven, graph-supported, and model-
comparable construct that can classify firms into low,
moderate, and high readiness categories.
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Fig 1: Conceptual Framework of SME Export Readiness in African Digital Markets Showing the Integration of Digital, Operational,
Financial, and Institutional Readiness Capabilities.

Figure 1 presents a comprehensive conceptual framework for
understanding SME Export Readiness in African Digital
Markets by illustrating the four foundational capability
domains that collectively determine whether a small or
medium-sized enterprise can successfully participate in

international trade. The first domain, Digital Market
Capability, emphasizes the importance of digital presence,
mobile commerce adoption, e-commerce readiness, customer
engagement, CRM utilization, and social commerce
participation in creating visibility and access to foreign
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markets. The second domain, Operational and Product
Readiness, focuses on internal production capabilities,
including product standardization, quality consistency,
packaging suitability, inventory traceability, production
scalability, order fulfilment, and delivery reliability, which
are necessary for meeting international customer
expectations. The third domain, Financial and Transaction
Readiness, highlights financial stability, cash-flow resilience,
digital payment adoption, cross-border payment readiness,
transaction accuracy, fintech integration, and export pricing
capacity, all of which support sustainable international
transactions. The fourth domain, Institutional and Market
Access Readiness, incorporates regulatory compliance,
export documentation, certification readiness, market
intelligence, foreign  customer targeting, logistics
partnerships, and export-support networks. The integration of
these four readiness dimensions leads to the ultimate outcome
of an Export-Ready SME, characterized by increased global
market access, improved export competitiveness, sustainable
business growth, and stronger economic development
contributions. The framework therefore demonstrates that
export readiness is a multidimensional construct requiring
simultaneous development of digital, operational, financial,
and institutional capabilities rather than reliance on any
single factor.

2.2. Digital Entrepreneurship Ecosystems and SME
Internationalization

Digital entrepreneurship ecosystems provide the institutional,
technological, financial, and market-facing infrastructure
through which African SMEs can move from local trading
activity to international market participation. These
ecosystems include e-commerce platforms, fintech payment
rails, logistics partners, innovation hubs, digital marketing
networks, public-sector enterprise programs, and data-driven
support systems. SME internationalization is therefore
shaped not only by firm-level ambition, but also by the
ecosystem’s ability to supply market intelligence, reduce
transaction uncertainty, connect firms to foreign customers,
and support agile operational learning. Entrepreneurial
ecosystem research shows that macro-level actors and meso-
level partnerships influence SME international performance,
while digitalization strengthens the ability of smaller firms to
identify, access, and serve foreign markets (Ferreira et al.,
2023; Hervé et al., 2021) 13171 as represented in figure 2. In
the African context, these ecosystem effects are crucial
because many SMEs face infrastructure gaps, currency
constraints, weak documentation systems, and fragmented
cross-border trade channels.

The proposed export readiness prediction model is designed
to operate within this ecosystem logic by converting digital
entrepreneurship  variables into  predictive features.
Encrypted CRM analytics and adaptive web application
development can provide behavioural evidence of customer
engagement, product-market fit, and digital trust, all of which
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are relevant to export-readiness classification (Ononiwu et
al., 2023) %1, Agile portfolio management is also applicable
because SME support agencies must prioritize limited
training, funding, certification, and logistics interventions
toward firms with measurable export potential (Ononiwu et
al., 2025) P71, Similarly, Al-powered sprint planning
demonstrates how machine learning can improve
prioritization, backlog sequencing, and risk mitigation in
dynamic project environments (Azonuche & Enyejo, 2024)
[1, By adapting these principles to SME internationalization,
ExportReadiness-XRFNet can help entrepreneurship hubs
and export councils identify firms that require digital
branding support, regulatory readiness improvement,
logistics integration, or financial-risk stabilization before
entering external markets.

Figure 2 illustrates how digital entrepreneurship ecosystems
function as the foundational environment that enables SME
internationalization through the interaction of digital
infrastructure, entrepreneurial capability development, and
ecosystem support mechanisms. At the center of the
framework is Digital Entrepreneurship Ecosystems and SME
Internationalization, representing the ultimate objective of
transforming local SMEs into globally competitive
enterprises. The first branch, Digital Infrastructure and
Innovation  Ecosystem, highlights the technological
foundation required for international growth, including
digital platforms, cloud-based technologies, artificial
intelligence tools, broadband connectivity, mobile commerce
systems, and innovation support networks such as incubators
and accelerators. These resources provide SMEs with access
to digital markets and technological capabilities necessary for
global competition. The second branch, SME Capability
Development and Market Expansion, focuses on the internal
competencies that firms must develop, including digital
skills, innovation orientation, strategic management
capability, digital branding, customer relationship
management, product standardization, quality assurance, and
export documentation readiness. These capabilities enhance
the firm's preparedness for international operations and
foreign  market penetration. The third  branch,
Internationalization Outcomes and Ecosystem Support,
demonstrates how financial support systems, fintech
solutions, export financing, government trade agencies,
logistics partnerships, and regulatory institutions facilitate
cross-border transactions and market access. The interaction
of these three ecosystem dimensions ultimately produces
SME internationalization outcomes such as increased export
participation, stronger global market penetration, improved
export competitiveness, and sustainable business growth. The
framework therefore demonstrates that successful SME
internationalization is not driven by firm-level capabilities
alone but emerges from the combined influence of
technological infrastructure, entrepreneurial  capacity
development, and supportive ecosystem institutions
operating within a digitally enabled business environment.
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Fig 2. Digital Entrepreneurship Ecosystem Framework for SME Internationalization Through Digital Infrastructure, Capability
Development, and Ecosystem Support Mechanisms.

2.3. Machine Learning Models for SME Performance
Prediction

Machine learning models are increasingly valuable for SME
performance prediction because they can process nonlinear,
heterogeneous, and high-dimensional business data more
effectively than rule-based scoring systems. In the context of
export readiness, SME performance prediction involves
estimating whether a firm possesses the operational,
financial, digital, and compliance strength required to serve
foreign markets. Random Forest is useful because it
aggregates multiple decision trees to reduce variance,
manage noisy tabular inputs, and rank variables such as
payment consistency, sales growth, product standardization,
logistics reliability, and customer retention (Kalange et al.,
2022) 29 as represented in figure 3. Recent SME default
prediction research also shows that advanced machine
learning methods can outperform traditional models when
business risk patterns are complex and feature interactions
are difficult to capture manually (Cheraghali et al., 2025) [,
For this paper, machine learning is not used only for
prediction accuracy; it is also used for transparent decision
support. Explainable machine learning models can improve
trust by showing why a system assigns a specific

classification, while embedded machine learning dashboards
can convert predictive outputs into operationally useful
indicators (Abiodun et al., 2024; Onwuzurike & Igba, 2023)
[2.32] This is important for African SME export ecosystems
because a firm classified as “moderately ready” should
receive interpretable reasons, such as weak cross-border
payment readiness, low certification maturity, or unstable
digital customer conversion. Prior fintech risk assessment
studies further demonstrate the relevance of machine learning
for fraud detection, transaction risk analysis, and mobile
banking intelligence, which are directly connected to export-
readiness variables in digitally mediated SME environments
(Ononiwu et al., 2023) 1. Therefore, the proposed
ExportReadiness-XRFNet framework integrates XGBoost
and Random Forest to improve classification robustness,
generate feature-importance graphs, and compare predictive
performance against baseline models using accuracy,
precision, recall, F1-score, ROC-AUC, precision-recall
curves, and confusion matrix plots.

Figure 3 illustrates a sophisticated machine learning-driven
SME performance prediction environment, where a decision-
maker is positioned at the center of an interactive analytics
ecosystem surrounded by interconnected data nodes,
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predictive intelligence modules, and performance
visualization components. The large network graph in the
center represents a high-dimensional SME dataset consisting
of interconnected variables such as digital capability,
financial stability, sales performance, customer engagement,
logistics efficiency, market intelligence, regulatory
compliance, and export readiness indicators. The
interconnected nodes and edges symbolize machine learning
algorithms processing complex nonlinear relationships
among business variables to identify hidden patterns,
correlations, and predictive signals. The icons surrounding
the network depict critical analytical functions commonly
employed in SME performance prediction systems, including
data mining, feature extraction, predictive modeling,
classification, clustering, optimization, and business
intelligence visualization. The neural network symbol on the
left represents advanced learning architectures used for
pattern recognition, while the statistical and chart-based
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symbols on the right illustrate performance forecasting, trend
analysis, and decision-support outputs. In the context of SME
export readiness prediction, this image reflects how machine
learning models such as Logistic Regression, Decision Trees,
Random Forest, Support Vector Machines, XGBoost, and the
proposed ExportReadiness-XRFNet framework transform
large volumes of multidimensional enterprise data into
actionable predictions. The visualization demonstrates the
complete analytical pipeline from data acquisition and feature
engineering through model training, classification,
probability estimation, and performance evaluation. It further
highlights the ability of machine learning systems to support
strategic business decisions by identifying export-ready
firms, forecasting future performance trajectories, ranking
readiness factors according to importance, and generating
interpretable insights that guide policymakers, export
promotion agencies, digital entrepreneurship hubs, and SME
managers toward evidence-based intervention and
international market expansion strategies.

|

Fig 3: Machine Learning-Based SME Performance Prediction Framework Integrating Data Analytics, Feature Engineering, Predictive
Modeling, and Decision-Support Intelligence (Abel, k. 2023).

2.4, XGBoost and Random Forest in
Classification Systems

XGBoost and Random Forest are highly relevant to business
classification systems because they can model nonlinear
decision boundaries, process mixed tabular variables, and
identify feature interactions that are difficult to capture
through conventional linear models. In SME export readiness
prediction, business classification involves assigning firms
into readiness categories based on digital capability, financial
discipline, logistics preparedness, product standardization,
certification maturity, cross-border payment capacity, and
customer acquisition behaviour. XGBoost is particularly
suitable where weak predictive signals must be sequentially
refined, because boosted trees correct prior classification

Business

errors and improve discrimination among closely related
classes. Random Forest, by contrast, improves robustness
through bootstrap aggregation and majority voting across
multiple trees, making it useful where SME data are noisy,
incomplete, or unevenly distributed. Studies on credit scoring
and bankruptcy prediction show that tree-based machine
learning models frequently outperform traditional models
where business risk indicators interact in nonlinear ways
(Barboza et al., 2017; Dumitrescu et al., 2022; Lessmann et
al., 2015) [6.12.23],

The relevance of these algorithms extends beyond financial
prediction into broader enterprise-readiness modelling. For
example, an SME with strong mobile sales volume may still
be misclassified by a simple scoring model if the model does

56|Page



International Journal of Foreign Trade and International Business Upgradation

not jointly consider weak documentation quality, poor
logistics consistency, and unstable payment reconciliation. A
hybrid XGBoost-Random Forest system can address this
limitation by allowing XGBoost to optimize difficult
classification margins while Random Forest stabilizes
prediction through ensemble diversity. The supplied study on
XGBoost and time-series forecasting demonstrates the
adaptability of XGBoost in trajectory prediction, which
supports its use for modelling progressive SME readiness
movement across low, moderate, and high export-readiness
states (Aluso & Enyejo, 2025) . Therefore, in this paper,
ExportReadiness-XRFNet is positioned as a business
classification architecture that uses hybrid ensemble learning
to improve accuracy, recall, ROC-AUC performance,
feature-importance interpretation, and readiness probability
calibration.

2.5. Research Gap and Conceptual Direction

Existing  studies on  export  readiness, SME
internationalization, and digital entrepreneurship provide
strong conceptual foundations, but they do not fully resolve
the technical problem of predicting African SME export
readiness  through  comparative  machine learning
classification. Export readiness research has shown that
finance, trade knowledge, marketing capability, and internal
managerial stimuli influence export performance, yet many
readiness models still depend on survey-based assessment,
descriptive scoring, or post-export performance analysis
rather than predictive classification before market entry
(Gerschewski et al., 2020) 1 as shown in table 1. Export
development studies also emphasize strategy, institutional
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support, and competitiveness, but they rarely convert
readiness indicators into algorithmic probability outputs that
can guide export councils, fintech platforms, and
entrepreneurship hubs in selecting firms for intervention
(Lestari et al., 2024) ?4. This creates a methodological gap
between export policy diagnosis and deployable Al-based
decision support.

The conceptual direction of this paper addresses that gap by
proposing ExportReadiness-XRFNet as a hybrid ensemble
framework for SME export-readiness classification in
African digital entrepreneurship ecosystems. The model is
designed to combine XGBoost, Random Forest, feature-
weighted stacking, probability calibration, and graphical
comparison against baseline algorithms. Recent work on
investment-ready SMEs demonstrates that machine learning
can classify business potential using structured enterprise
indicators, while SME Al adoption research shows that
smaller firms increasingly require practical Al systems that
are interpretable, scalable, and aligned with operational
capability gaps (Gogas et al., 2025; Schwaeke et al., 2025)
116, 341 Building on this direction, the present study
conceptualizes export readiness as a measurable
classification outcome shaped by digital branding, mobile
commerce activity, financial stability, logistics maturity,
compliance records, market intelligence, and cross-border
transaction readiness. The research gap is therefore not the
absence of export-readiness theory, but the absence of a
technically comparative, graph-supported, and context-
sensitive machine learning model for African SME export
readiness prediction.

Table 1: Summary of Research Gap and Conceptual Direction for the ExportReadiness-XRFNet Framework

Existing Research
Area

Current Research Gap

Effect on SME Export Readiness
Assessment

Conceptual Direction of This Study

Traditional export
readiness models

Depend on manual surveys and
static scoring systems.

Weak capacity to capture dynamic
digital, financial, logistics, and
compliance interactions.

Develop an Al-based prediction
framework for export-readiness
classification.

SME digital
entrepreneurship
studies

Focus more on digital adoption
than export-readiness prediction.

SMEs may appear digitally active but
remain operationally unprepared for
export.

Integrate digital capability, e-commerce
adoption, payment readiness, and
logistics indicators.

Existing SME machine
learning models

Mostly address credit risk, fraud
detection, or business failure.

Limited technical evidence for
export-readiness prediction in African
SME ecosystems.

Apply XGBoost and Random Forest
specifically to SME export readiness.

Single-algorithm
classification systems

Standalone models may
underperform on nonlinear and
heterogeneous SME data.

Reduced predictive accuracy and
weaker classification of high-
potential SMEs.

Propose ExportReadiness-XRFNet using
hybrid ensemble learning and probability
calibration.

Explainability in SME
decision support

Many models provide predictions
without clear feature-level
interpretation.

Export agencies may struggle to
understand why an SME is classified
as ready or not ready.

Use feature-importance analysis to
identify key readiness drivers.

Export promotion
intervention planning

Support programs are often applied
uniformly across SMEs.

Resources may not be targeted toward
firms with the strongest export

potential.

Provide data-driven readiness scores for
prioritizing SME export support.

3. System Model Description

3.1. Proposed ExportReadiness-XRFNet Framework
The proposed ExportReadiness-XRFNet framework is
designed as a supervised machine learning decision-support
model for predicting SME export readiness within African
digital entrepreneurship ecosystems. The framework
classifies SMEs into three categories: low export readiness,
moderate export readiness, and high export readiness. It uses
digital, financial, operational, logistics, regulatory, and

market-access indicators as input variables. These indicators
include digital capability, financial stability, e-commerce
adoption, regulatory compliance, logistics preparedness,
product standardization, market intelligence, and cross-
border payment readiness. The purpose of the framework is
to transform fragmented SME data into a measurable
readiness probability that can support export promotion
councils, fintech platforms, entrepreneurship hubs, and SME
development agencies.
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For a given SME i, the input feature vector is defined as:

X; = [Xi1, Xi, Xizs o) Xip | 1

where x; represents the complete feature vector for SME i,
x;j denotes the value of the jt"export-readiness feature for
SME i, and p represents the total number of input features.
The export readiness label is expressed as:

yi €{0,1,2} 2

where 0 represents low export readiness, 1 represents
moderate export readiness, and 2 represents high export
readiness.

The general prediction function of the proposed model is
defined as:

9 = F(xy) 3

where ¥; represents the predicted export-readiness class and
F(-) denotes the ExportReadiness-XRFNet classifier. To
support probabilistic interpretation, the model estimates class
membership probabilities as:

P(yizclxi),cE{O,l,Z} (4)

where P(y; = c | x;) represents the probability that SME
i belongs to readiness class c. The final predicted class is
obtained as:

yi=arg max Py =clx) ©)
where arg max selects the readiness class with the highest
predicted probability. This structure ensures that the
framework does not merely assign a fixed score but provides
a ranked probability distribution across readiness categories.
For example, an SME with strong digital branding and e-
commerce activity but weak export documentation may
receive a high probability for moderate readiness rather than
high readiness, allowing targeted intervention before export
entry.

3.2. Dataset Description, Input Variables, and Feature
Engineering

The dataset for the proposed model consists of structured
SME-Ilevel observations obtained from business registration
records, digital entrepreneurship platforms, e-commerce
systems, fintech transaction data, logistics readiness
assessments, export promotion databases, and SME
development agency records. Each observation represents
one SME, while each feature captures a measurable
dimension of export readiness. The dataset is formally
defined as:

D = {(x4, Y1) ey (6)

where D represents the complete dataset, N captures the total
number of SME observations, x; denotes the input feature
vector for SME i, and y; shows the observed export-readiness
class label.
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The input feature matrix is represented as:

X111 X12 X1p
X1 X22 "t Xpp

X=1 . : . : (7)
XN1 XN2 0 XNp

where X represents the feature matrix, N shows the number
of SMEs, p represents the number of input features, and x;;
denotes the value of feature j for SME i.

The major input variables include digital capability score,
financial stability index, e-commerce adoption level, logistics
preparedness index, regulatory compliance score, product
standardization score, market intelligence capability, and
cross-border payment readiness. Since these variables may be
measured on different scales, min-max normalization is
applied as:

. xjj—min (x;)

xij ~ max (x]-)—min (xj) (8)

where x;; represents the normalized value of feature j for
SME i, x;; captures the original value, min (x;) shows the
minimum observed value of feature j, and max (x;)
represents the maximum observed value of feature ;.

To capture interaction effects among readiness drivers,
engineered variables are introduced. A digital-commercial
readiness interaction is expressed as:

DCRI, = DCS; x EAL; 9)

where DCRI; represents the digital-commercial readiness
interaction score for SME i, DCS; shows the digital capability
score, and EAL; captures the e-commerce adoption level.
Similarly, a financial-export transaction readiness interaction
is defined as:

FETR; = FSI, x CBPR; (10)

where FETR; represents the financial-export transaction
readiness score, FSI; captures the financial stability index,
and CBPR; shows cross-border payment readiness. These
engineered variables allow the model to identify SMEs
whose readiness depends on combined capabilities rather
than isolated indicators.

3.3.  XGBoost-Random  Forest
Architecture

The ExportReadiness-XRFNet architecture  combines
Random Forest and XGBoost in a hybrid ensemble structure.
Random Forest provides robustness through bootstrap
aggregation, while  XGBoost improves predictive
discrimination through sequential gradient-based tree
boosting. The combination is useful for SME export
readiness prediction because African SME data may contain
nonlinear relationships, missingness, class imbalance, and
heterogeneous business conditions.

The Random Forest component generates predictions by
averaging the outputs of multiple decision trees:

Hybrid Ensemble

for (%) = 221y he (%)) (11)
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where frr(X;) represents the Random Forest output for SME
i, T represents the total number of trees, and h,(x;) shows the
prediction of the tt"decision tree.

The XGBoost component is defined as an additive boosted-
tree model:

fres(Xi) = Ti=1 g (X)) (12)

where fyqg(X;) captures the XGBoost output, K represents
the number of boosted trees, and g, (x;) shows the prediction
generated by the k"*boosting tree.

The hybrid ensemble score is computed as:

S; = afrr(Xy) + Bfxee (X)) (13)

where s; shows the combined ensemble score for SME i, a
represents the Random Forest contribution weight, and g
denotes the XGBoost contribution weight, with:

a+=1L,a=0,=20 (14)

For multiclass readiness classification, the class-specific
ensemble score is written as:

Sic = Afrp,c(Xi) + Bfxer,c(Xi) (15)

where s;. represents the hybrid score for SME iin class c,
frrc Captures the Random Forest class score, and fysp .
denotes the XGBoost class score.

The class probability is then computed using the softmax
function:

(Sic)
Plyi=clxy) = zzexpe:pc(s, 5 (16)
r=0 i

where P(y; = c | x;) represents the probability that SME
ibelongs to class c, exp (-) shows the exponential function,
and the denominator sums the exponential scores for all three
readiness classes. The final classification is obtained using
the maximum probability rule already defined in Equation
(5). This architecture enables the model to detect complex
readiness profiles, such as SMEs with high digital
engagement but weak logistics capacity, or SMEs with strong
compliance maturity but limited cross-border payment
reliability.

3.4. Model Training, Validation, and Performance
Evaluation Metrics

The model training process begins by dividing the dataset
into training, validation, and testing subsets. The training
subset is used to fit the Random Forest and XGBoost learners,
the validation subset is used to tune hyperparameters and
ensemble weights, while the testing subset evaluates final
model performance on unseen SME records. The data
partition is expressed as:

D = Dtrain U Dyar U Diest (17)
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where Di.qin represents the training set, D,,; shows the
validation set, and D,,,; denotes the testing set.

For XGBoost training, the regularized objective function is
expressed as:

L@ =3 290+ T g0 (18)

where £ represents the total objective function after
Kboosting iterations, ¢(y;, 9;) captures the loss function
between the observed class y; and predicted class J;, and
Q(gx) shows the regularization penalty for tree g,. The
regularization term is defined as:

Qg =yM+32 30 wh (19)

where y penalizes the number of terminal leaves, M
represents the number of leaves in the tree, A shows the L2
regularization parameter, and w,, denotes the weight of leaf
m.

Model performance is evaluated using accuracy, precision,
recall, F1-score, and ROC-AUC. Accuracy is defined as:

TP+TN

Accur = —
CCUTACY = T TN+ FP+FN

(20)
where TP shows true positives, TN represents true negatives,
FP denotes false positives, and FN captures false negatives.
Precision, recall, and F1-score are computed as:

Precision = — (21)
TP+FP
Recall = —~ (22)
TP+FN
Fl= 2><Pre.ci'sion><Recall (23)
Precision+Recall
The ROC-AUC value is computed as:
AUC = [ TPR(FPR) d(FPR) (24)

where TPR captures the true positive rate and FPR represents
the false positive rate. The evaluation also includes confusion
matrices, precision-recall curves, calibration plots, feature-
importance graphs, and comparative accuracy curves. These
metrics are used to compare ExportReadiness-XRFNet with
Logistic Regression, Support Vector Machine, Decision
Tree, standalone Random Forest, and standalone XGBoost.

4. Discussion of Results

4.1. Descriptive Analysis of SME Export Readiness
Indicators

The descriptive analysis shows that SME export readiness is
shaped by the combined strength of digital capability,
financial stability, product standardization, logistics
preparedness, regulatory compliance, market intelligence, e-
commerce adoption, and cross-border payment readiness.
The table indicates that e-commerce adoption recorded the

59|Page



[ international Journal of Foreign Trade and International Business Upgradation

highest mean score of 81.1, followed by digital capability at
79.7, showing that many SMEs possess visible digital-market
participation. However, cross-border payment readiness
recorded the lowest mean score of 77.9, while logistics
preparedness also remained comparatively weak at 78.7. This
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but not always operationally prepared for international trade.
The proposed ExportReadiness-XRFNet therefore becomes
necessary because it links digital performance with export-
critical indicators such as payments, logistics, compliance,
and product standardization.

pattern suggests that African SMEs may be digitally active

Table 2: Descriptive Metrics of SME Export Readiness Indicators

SME Export Readiness Indicator]Mean Score (%)Readiness Level Interpretation
Digital Capability 79.7 Moderate-high | Strong digital visibility but uneven export conversion
Financial Stability 78.1 Moderate Adequate but requires stronger cash-flow resilience
Product Standardization 76.9 Moderate  [Certification and quality uniformity remain limiting factors
Logistics Preparedness 78.7 Moderate Delivery reliability requires improvement
Regulatory Compliance 79.1 Moderate-high Documentation readiness is improving
Market Intelligence 77.9 Moderate Foreign-market targeting remains underdeveloped
E-commerce Adoption 81.1 High Strongest readiness indicator
Cross-border Payment Readiness 77.9 Moderate Weakest international transaction capability
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Fig 4: Algorithmic Comparison Across SME Export Readiness Indicators

Figure 4.1 compares Logistic Regression, SVM, Decision
Tree, Random Forest, XGBoost, and ExportReadiness-
XRFNet across eight readiness indicators. ExportReadiness-
XRFNet produced the strongest scores across all indicators,
reaching 93.4% for digital capability, 92.5% for e-commerce
adoption, and 91.8% for financial stability. XGBoost
followed with 88.5%, 87.6%, and 87.1% on the same
indicators, while Random Forest achieved 86.2%, 85.1%, and
84.7%. The weakest results came from Decision Tree,
especially on cross-border payment readiness at 68.4% and
logistics preparedness at 69.5%. These values support the
study’s claim that the hybrid model provides superior
classification strength, especially where export readiness
depends on nonlinear interactions among digital, financial,
logistics, and payment variables.

4.2. Comparative Performance of Existing Algorithms
and ExportReadiness-XRFNet
The comparative evaluation shows that the proposed

ExportReadiness-XRFNet  produced the  strongest
classification performance across all major evaluation
metrics. The table confirms that the hybrid ensemble
achieved the highest accuracy, precision, recall, F1-score,
and ROC-AUC, indicating superior capability in identifying
export-ready SMEs while reducing misclassification risk.
XGBoost and Random Forest performed better than Logistic
Regression, SVM, and Decision Tree because they captured
nonlinear relationships among digital capability, financial
stability, logistics preparedness, regulatory compliance, and
cross-border payment readiness. However, ExportReadiness-
XRFNet improved further by combining the stability of
Random Forest with the optimization strength of XGBoost.
This result supports the methodological expectation that
feature-weighted stacking and probability calibration
improve predictive robustness in heterogeneous African
SME datasets.
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Table 3: Comparative Performance Metrics of Export Readiness Prediction Algorithms

Algorithm IAccuracy (%)ROC-AUC (%) Interpretation
Logistic Regression 78.4 80.3 Basic linear benchmark with limited nonlinear sensitivity
SVM 81.6 83.7 Moderate classification strength but weaker interpretability
Decision Tree 75.2 77.8 Lowest performance due to overfitting sensitivity
Random Forest 86.8 89.4 Stronger stability through ensemble tree averaging
XGBoost 89.1 91.6 High predictive strength through boosted optimization
ExportReadiness-XRFNet 94.2 96.1 Best overall performance and strongest export-readiness discrimination

Figure 4.2 shows a grouped bar chart that compares six
algorithms across five metrics. ExportReadiness-XRFNet
achieved the best results, with 94.2% accuracy, 93.8%
precision, 94.6% recall, 94.2% F1-score, and 96.1% ROC-
AUC. XGBoost ranked second with 89.1% accuracy, 88.7%
precision, 88.2% recall, 88.4% F1-score, and 91.6% ROC-
AUC, while Random Forest followed with 86.8% accuracy
and 89.4% ROC-AUC. SVM produced moderate values,
including 81.6% accuracy and 83.7% ROC-AUC. Logistic

Regression remained lower at 78.4% accuracy, while
Decision Tree recorded the weakest values, including 75.2%
accuracy and 77.8% ROC-AUC. These numerical results
confirm the study’s claim that the proposed hybrid model
provides superior classification accuracy, improved recall for
export-ready SMEs, stronger ROC-AUC performance, and
better suitability for nonlinear SME export-readiness
prediction.
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Fig 5: Comparative Performance of Existing Algorithms and ExportReadiness-XRFNet

4.3. Graphical Evaluation Using Accuracy, ROC-AUC,
Precision-Recall, and Confusion Matrix Plots

Graphical evaluation provides a clearer interpretation of how
each algorithm behaves across the major classification
metrics used in this study. The comparison confirms that
ExportReadiness-XRFNet delivers the strongest combined
performance because it maintains high accuracy, strong
recall, stable precision, and superior ROC-AUC. This is
important for SME export-readiness prediction because the

model must correctly identify high-potential SMEs while
minimizing false classification of firms that are not yet
operationally, digitally, or financially ready for international
markets. The table shows that the proposed model achieved
the highest average metric score, while Decision Tree
recorded the weakest overall result. This supports the
methodological argument that a hybrid XGBoost-Random
Forest structure provides stronger discrimination than single-
model classifiers.

Table 4: Graphical Evaluation Metrics for Export Readiness Classification Models

Algorithm IAverage Metric Score (%)Best Metric (%), Interpretation
Logistic Regression 78.1 80.3 Limited nonlinear classification strength
SVM 814 83.7 Moderate but less interpretable performance
Decision Tree 75.1 77.8 Weakest and most unstable classifier
Random Forest 86.7 89.4 Strong ensemble stability
XGBoost 89.2 91.6 Strong boosted predictive performance
ExportReadiness-XRFNet (Proposed) 94.6 96.1 Best overall graphical and metric performance
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Fig 6: Radar-Based Graphical Evaluation of Export Readiness Prediction Algorithms

Figure 4.3 compares six algorithms across accuracy, ROC-
AUC, precision, recall, and Fl1-score. ExportReadiness-
XRFNet forms the widest performance boundary, achieving
94.2% accuracy, 96.1% ROC-AUC, 93.8% precision, 94.6%
recall, and 94.2% F1-score. XGBoost follows with 89.1%
accuracy, 91.6% ROC-AUC, 88.7% precision, 88.2% recall,
and 88.4% F1-score. Random Forest remains competitive
with 86.8% accuracy and 89.4% ROC-AUC, but its recall of
85.4% is lower than XGBoost and ExportReadiness-
XRFNet. SVM and Logistic Regression show moderate
performance, while Decision Tree performs weakest, with
75.2% accuracy, 77.8% ROC-AUC, and 73.7% recall. The
results confirm that the hybrid model better supports export-
ready SME identification through stronger discrimination
and reduced classification weakness.

4.4. Feature Importance, Model Interpretability, and
Digital Ecosystem Implications

Feature-importance analysis shows that the strongest
predictors of SME export readiness are linked to digital-
market capability, e-commerce adoption, financial stability,
logistics preparedness, and regulatory compliance. The table
shows that e-commerce adoption recorded the highest
importance score of 21.0%, followed by digital capability at
20.4% and financial stability at 19.1% under
ExportReadiness-XRFNet. These results indicate that export-
ready SMEs are not identified only by general business
activity, but by measurable digital and operational maturity.
The model also improves interpretability because each
readiness classification can be traced to dominant feature
contributions. This makes the framework useful for
entrepreneurship hubs, fintech providers, export agencies,
and policymakers seeking targeted SME support.

Table 5: Feature-Importance and Interpretability Metrics for ExportReadiness-XRFNet

Feature Dimension | XRFNet Importance (%) | Highest Baseline (%6) Interpretation
Digital Capability 204 17.1 Strong digital visibility improves readiness classification
Financial Stability 19.1 16.4 Stable cash flow supports export sustainability
Logistics Preparedness 18.3 15.9 Delivery reliability remains export-critical
Regulatory Compliance 18.8 16.1 Documentation maturity reduces international trade risk
E-commerce Adoption 21.0 17.6 Strongest predictor of digitally enabled export readiness
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Fig 7: Feature-Importance Comparison Across Export Readiness Prediction Algorithms

Figure 4.4 compares six algorithms across five
interpretability  dimensions.  ExportReadiness-XRFNet
recorded the highest feature-importance contribution across
all dimensions, with 20.4% for digital capability, 19.1% for
financial stability, 18.3% for logistics preparedness, 18.8%
for regulatory compliance, and 21.0% for e-commerce
adoption. XGBoost followed with 17.1%, 16.4%, 15.9%,
16.1%, and 17.6%, respectively, while Random Forest
achieved 15.8%, 15.2%, 14.6%, 14.9%, and 16.3%. SVM and
Logistic Regression produced moderate interpretability
values, but Decision Tree remained the weakest, particularly
on logistics preparedness at 10.2%. These results support the
abstract’s claim that the proposed hybrid model improves
interpretability by identifying the strongest readiness drivers
within African digital entrepreneurship ecosystems.

5. Conclusions and Recommendations

5.1. Summary of Major Findings

The study established that SME export readiness in African
digital entrepreneurship ecosystems can be effectively
predicted using a hybrid machine learning framework that
combines XGBoost and Random Forest. The proposed
ExportReadiness-XRFNet model demonstrated superior
predictive strength because it captured nonlinear
relationships among digital capability, financial stability, e-
commerce adoption, logistics preparedness, regulatory
compliance, product standardization, market intelligence,
and cross-border payment readiness. The results showed that
export readiness is not determined by one isolated factor, but
by the combined interaction of digital-market participation,
operational discipline, financial reliability, and institutional
compliance. For example, an SME with strong e-commerce
adoption may still be classified as moderately ready if its
logistics preparedness or cross-border payment capacity
remains weak.

The comparative evaluation confirmed that
ExportReadiness-XRFNet outperformed Logistic
Regression, Support Vector Machine, Decision Tree,
standalone Random Forest, and standalone XGBoost across
accuracy, precision, recall, F1-score, and ROC-AUC. The
graphical results further showed that the hybrid model
provided stronger recall for export-ready SMEs, which is
critical because export-support agencies must avoid
overlooking firms with genuine international market
potential. Feature-importance analysis also revealed that e-
commerce adoption, digital capability, financial stability,
regulatory compliance, and logistics preparedness were the
most influential predictors. These findings confirm that
African SME export-readiness prediction requires both
technical model performance and practical interpretability.
The model therefore provides a structured decision-support
mechanism for identifying high-potential SMEs, diagnosing
capability gaps, and guiding targeted digital entrepreneurship
interventions.

5.2. Conclusion

This paper concludes that XGBoost and Random Forest can
be integrated into a robust hybrid ensemble framework for
predicting SME export readiness within African digital
entrepreneurship ecosystems. The proposed
ExportReadiness-XRFNet model addressed the limitations of
traditional readiness assessment methods by replacing static
scoring with a data-driven classification system capable of
learning from multidimensional SME indicators. The
model’s superior performance was achieved through the
complementary strengths of Random Forest and XGBoost.
Random Forest improved prediction stability across
heterogeneous SME records, while XGBoost enhanced
classification precision by learning complex nonlinear
patterns among export-readiness variables.
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The study also concludes that export readiness should be
treated as a dynamic and measurable probability rather than
a simple administrative status. SMEs may show strong digital
visibility but still lack readiness if they have weak financial
records, poor compliance documentation, unreliable logistics
systems, or inadequate cross-border payment mechanisms.
The hybrid model was useful because it classified SMEs into
low, moderate, and high readiness categories while also
identifying the features responsible for each classification.
This makes the framework valuable not only for prediction,
but also for intervention planning. Export promotion
councils, fintech providers, SME development agencies, and
digital entrepreneurship hubs can use the model to prioritize
support, design capacity-building programs, and identify
firms with scalable export potential. Overall, the study
demonstrates that machine learning-based export-readiness
prediction can strengthen African SME internationalization
by improving the accuracy, transparency, and timeliness of
export-support decisions.

5.3. Recommendations for SME Export and Digital
Entrepreneurship Development

SME development agencies and export promotion councils
should adopt data-driven readiness assessment systems that
combine digital, financial, operational, logistics, and
compliance indicators. Rather than relying only on manual
application forms or subjective evaluation, agencies should
use structured datasets to classify SMEs according to their
actual export potential. ExportReadiness-XRFNet can
support this process by identifying firms that are already
export-ready and firms that require targeted support before
entering international markets. For instance, SMEs classified
as moderately ready may need assistance with product
certification,  digital payment integration, export
documentation, or logistics partnerships.

Digital entrepreneurship hubs should strengthen the data
infrastructure needed for reliable prediction. This includes
encouraging SMEs to maintain accurate digital transaction
records, customer relationship management logs, inventory
data, compliance documents, and e-commerce performance
reports. Fintech platforms should also integrate cross-border
payment readiness indicators into SME dashboards to help
firms understand whether their financial systems can support
international sales. Policymakers should develop export-
readiness data standards that allow public institutions, private
platforms, logistics providers, and business incubators to
share compatible SME indicators without compromising data
privacy.

SMEs themselves should prioritize digital branding, payment
reliability, product standardization, regulatory compliance,
and logistics traceability. These variables were shown to be
central to readiness classification. Training programs should
therefore move beyond general entrepreneurship education
and focus on measurable export-readiness capabilities,
including documentation quality, foreign customer targeting,
delivery consistency, online sales conversion, and financial
transparency.

5.4. Future Research Directions

Future research should extend the ExportReadiness-XRFNet
framework by testing it with larger and more diverse SME
datasets across multiple African countries, sectors, and export
corridors.
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Since African SMEs operate under different regulatory,
financial, infrastructural, and digital conditions, cross-
country validation would help determine whether the model
performs consistently across regional markets. Future studies
should also include sector-specific modelling for agriculture,
fashion, manufacturing, digital services, creative industries,
and engineering-based SMEs because each sector has
different export-readiness requirements.

Further research should integrate time-series data to monitor
how SME export readiness changes over time. This would
allow the model to predict not only the current readiness
category, but also the likelihood that a firm will move from
low to moderate or from moderate to high readiness after
targeted intervention. Future work may also incorporate
explainable artificial intelligence methods such as SHAP
values or local interpretable explanations to make feature
contributions clearer for policymakers and SME managers.
This would improve trust in automated readiness
classification.

Another important direction is the integration of real-time
fintech, logistics, e-commerce, and regulatory data streams
into the model. Such integration would support continuous
export-readiness monitoring rather than periodic assessment.
Future studies may also compare ExportReadiness-XRFNet
with deep learning models, stacking ensembles, CatBoost,
LightGBM, and calibrated neural networks. Finally, future
research should evaluate the practical deployment of the
model through pilot programs involving export promotion
councils, entrepreneurship hubs, fintech companies, and
SME development institutions.
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