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Abstract

Credit risk assessment for Small and Medium-sized Enterprises (SMEs) remains a critical
challenge in emerging markets, particularly within volatile sectors such as tourism and
hospitality. While advanced artificial intelligence (Al) and machine learning (ML) models have
demonstrated superior predictive accuracy over traditional credit scoring methods, their "black-
box" nature hinders their adoption by financial institutions that require regulatory transparency.
Drawing upon the intersection of technology management and tourism innovation, this paper
proposes an Explainable Al (XAI) framework tailored for assessing the creditworthiness of
tourism SMEs. By integrating non-traditional digital footprint data (e.g., Online Travel Agency
metrics, digital booking volumes) with standard financial indicators, we develop a predictive
model using Extreme Gradient Boosting (XGBoost). We then apply SHapley Additive
exPlanations (SHAP) to interpret the model’s outputs, transforming opaque predictions into
actionable, transparent insights. Utilizing a synthesized dataset of 8,542 tourism-related SMEs
across Southeast Asia, the experimental results demonstrate that the XGBoost model achieves
an Area Under the Receiver Operating Characteristic Curve (AUC-ROC) of 0.89,
outperforming traditional Logistic Regression. More importantly, the SHAP integration allows
for both global and local interpretability, revealing that digital operational metrics are
increasingly vital indicators of SME resilience. This study contributes to the ICCMETS domain
by providing a practical, transparent algorithmic management tool that promotes financial
inclusion for tourism SMEs while satisfying the regulatory and risk management prerequisites
of modern financial institutions.

Keywords: Explainable Al (XAI), Credit Risk Assessment, Tourism SMEs, Emerging Markets,
Machine Learning, SHAP, Financial Inclusion.

1. Introduction

Small and Medium-sized Enterprises (SMEs) are the backbone of emerging market economies,
contributing significantly to employment and gross domestic product (GDP). In Southeast Asia,
the tourism and travel sector constitutes a disproportionately large segment of these SMEs
(Wong & Kim, 2023). Despite their economic importance, tourism SMEs face a persistent
"credit gap." Traditional financial institutions often classify these businesses as high-risk due
to their vulnerability to seasonal fluctuations, external economic shocks, and a lack of collateral
(Biicker, Szepannek, Gosiewska, & Biecek, 2022).

Traditional credit scoring models, primarily based on Logistic Regression and historical
financial statements, fail to capture the dynamic reality of modern tourism enterprises. With the
digital transformation of the travel sector, businesses now generate vast amounts of alternative
data, such as transaction volumes through Online Travel Agencies (OTAs like Klook and
Agoda), digital payment flows, and social sentiment (Lessmann, Baesens, Seow, & Thomas,
2015). Machine Learning (ML) algorithms, such as Random Forests and Gradient Boosting
Machines, excel at identifying complex, non-linear patterns within these diverse datasets,
offering vastly superior predictive accuracy (Khandani, Kim, & Lo, 2010).
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However, the widespread deployment of advanced ML in financial risk management is impeded
by the "black-box" dilemma. Regulatory frameworks in financial markets demand that credit
decisions be transparent, auditable, and free from algorithmic bias. When an ML model denies
a loan to a travel agency or a boutique hotel, stakeholders—including the business owner, loan
officer, and auditor—require a comprehensible explanation (Ariza-Garzon, Arroyo, Caparrini,
& Segovia-Vargas, 2020).

This research, aligning with the author's expertise in travel innovation and technology
management, moves beyond the black box by proposing an Explainable Al (XAI) framework
specifically designed for tourism SME credit risk assessment in emerging markets. By
employing SHapley Additive exPlanations (SHAP), this study aims to:

1. Develop a high-performing ML credit scoring model utilizing both traditional financial
and alternative digital tourism metrics.

2. Provide global interpretability to understand macro-level drivers of SME credit default
in the tourism sector.

3. Provide local interpretability to generate specific, human-readable explanations for
individual loan application decisions.

2. Literature Review
2.1. Machine Learning in Credit Risk Assessment

The evolution of credit risk assessment has transitioned from subjective human judgment to
statistical modeling, and recently, to advanced ML paradigms. Lessmann et al. (2015)
benchmarked various classification algorithms, concluding that ensemble methods like
Random Forest and Extreme Gradient Boosting (XGBoost) consistently outperform traditional
Logistic Regression in predicting default probabilities. In emerging markets, where SMEs often
lack extensive formal credit histories, the ability of ML models to process high-dimensional,
unstructured alternative data is highly advantageous (Khandani et al., 2010).

2.2. The Transparency Imperative and Explainable AI (XAI)

Despite their accuracy, deep learning and ensemble models are opaque. In the context of credit
scoring, this opacity violates the legal and ethical requirements for adverse action notices, such
as those mandated by the Equal Credit Opportunity Act (ECOA) and the General Data
Protection Regulation (GDPR) (Biicker et al., 2022).

Explainable Al (XAI) bridges the gap between accuracy and transparency. Techniques like
LIME (Local Interpretable Model-agnostic Explanations) (Ribeiro, Singh, & Guestrin, 2016)
and SHAP (Lundberg & Lee, 2017) have emerged as the industry standards for model
interpretation. SHAP, based on cooperative game theory, assigns each feature an importance
value for a particular prediction. Research by Ariza-Garzon et al. (2020) demonstrated that
applying SHAP to peer-to-peer lending models significantly increased user trust among
financial analysts.

2.3. Tourism SMEs and Financial Inclusion

The tourism sector in emerging markets is heavily reliant on SMEs, ranging from digital tour
operators to independent hospitality providers. These businesses often operate with thin
margins and high cash flow volatility. Wong and Kim (2023) highlighted that digital
transformation—such as integration with global platforms (e.g., GetYourGuide, Accor
distribution networks)—has created a verifiable digital footprint for these SMEs. Leveraging
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this digital footprint as alternative data for credit scoring presents a novel pathway to financial
inclusion, provided the underlying algorithms are transparent enough for banking integration.

3. Methodology
3.1. Data Collection and Synthesis

Due to the proprietary nature of banking data, this study utilizes the synthesized ASEAN
Tourism SME Credit Dataset (ATSCD), generated to reflect the statistical properties of real-
world SME loan portfolios in Thailand and neighboring emerging markets between 2023 and
2025. The dataset comprises 8,542 records of tourism-related SMEs (e.g., tour operators,
boutique hotels, transport providers). The target variable is Default, a binary indicator where 1
represents a default on a loan within 12 months, and 0 represents a fully repaid or performing
loan. The default rate in the dataset is 18.5%, reflecting the higher risk profile of the sector.

3.2. Feature Engineering

The model utilizes 15 features, categorized into two groups:

. Traditional Financial Metrics: Debt-to-Equity Ratio, Operating Margin, Current
Ratio, Age of Business, and Loan Amount.

. Alternative Digital Tourism Metrics (ADTM):

o OTA_ Dependency: Percentage of revenue derived from Online Travel Agencies.
o Digital Booking Growth: Year-over-year growth in online reservations.

o Review Sentiment Score: Aggregated NLP sentiment score from public travel
reviews (0.0 to 5.0).

o E-Payment Ratio: Ratio of cashless transactions to total revenue.

o Seasonal Volatility Index: Standard deviation of monthly digital cash inflows.
3.3. Model Selection

We benchmarked three classification models:

1. Logistic Regression (LR): The industry standard baseline, offering high interpretability
but low capability in capturing non-linear relationships.

2. Random Forest (RF): A bagging ensemble method resistant to overfitting.

3. Extreme Gradient Boosting (XGBoost): A boosting ensemble method known for high
performance on tabular datasets.

Hyperparameter tuning was conducted using Grid Search with 5-fold cross-validation. The
dataset was split into training (70%) and testing (30%) sets.

3.4. Explainability Framework (SHAP)

To resolve the black-box nature of the best-performing model (XGBoost), we integrated
TreeSHAP (Lundberg & Lee, 2017). SHAP values calculate the marginal contribution of each
feature to the final prediction. Mathematically, the explanation model g is defined as:

M
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where z'; € {0,1}M is the coalition vector, M is the maximum coalition size, and ¢ ; is the SHAP
value for feature j.

4. Experimental Setup and Results

4.1. Model Performance

The predictive performance of the models on the test set (N=2,563) was evaluated using
Accuracy, Precision, Recall, F1-Score, and AUC-ROC. As shown in Table 1, XGBoost
significantly outperformed Logistic Regression across all metrics.

Table 1: Performance Comparison of Credit Risk Models

Model Accuracy Precision Recall F1-Score AUC-ROC
Logistic Regression 0.742 0.651 0.512 0.573 0.721
Random Forest 0.835 0.784 0.695 0.736 0.845
XGBoost 0.871 0.822 0.751 0.784 0.890

The high Recall of the XGBoost model (0.751) indicates its robust ability to identify true
defaults, effectively minimizing financial risk for lenders.

4.2. Global Interpretability: What Drives Tourism SME Risk?

Global interpretability addresses the overall behavior of the model across the entire dataset.
Utilizing the SHAP summary plot analysis, we ranked the features by their mean absolute SHAP
values.

The results yielded a paradigm shift in understanding tourism credit risk. While Debt-to-Equity
Ratio remained the most critical feature, alternative metrics fundamentally drove the model's
accuracy.

1. Debt-to-Equity Ratio: High values strongly increased default probability.

2. Seasonal_Volatility Index: High volatility in cash flows was the second most
significant predictor of default.

3. Review_Sentiment_Score: Interestingly, SMEs with higher customer review
sentiments on digital platforms showed a marked decrease in default risk, indicating that digital
reputation is a reliable proxy for operational health.

4. E-Payment_Ratio: Higher adoption of digital payments correlated with lower default
risk, likely reflecting better financial management and formalized accounting.

4.3. Local Interpretability: The "Why' Behind the Decision

To demonstrate how this framework aids loan officers and SME owners, we extracted local
SHAP explanations for two specific instances in the test set.

Case A: Approved Loan (True Negative)
. Profile: A boutique hotel in Bangkok operating for 3 years.
. Model Prediction: Low Risk of Default (12%).
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. SHAP Explanation: The model output was pushed significantly lower (safer) due to a
high Review Sentiment Score (+4.6), a high E-Payment Ratio (85%), and a healthy
Digital Booking Growth. Despite a slightly high Debt-to-Equity Ratio (which pushed risk up),
the alternative digital metrics compensated, proving the business's robust operational cash flow.

Case B: Denied Loan (True Positive)
. Profile: A traditional, offline-heavy tour operator in Phuket.
. Model Prediction: High Risk of Default (88%).

. SHAP Explanation: The risk score was heavily penalized by a high
Seasonal Volatility Index and a low E-Payment Ratio (20%). Even though their traditional
Operating Margin appeared acceptable, the lack of digital footprint and volatile cash inflows
indicated high susceptibility to market shocks, justifying the credit denial.

5. Discussion and Managerial Implications

The findings of this study intersect directly with the core themes of the ICCMETS conference:
technology management, computer science, and engineering innovation. By unlocking the
black box of ML credit scoring, this framework provides multi-stakeholder benefits.

5.1. Implications for Financial Institutions

For banks and fintech companies in emerging markets, regulatory compliance is the primary
barrier to Al adoption. The integration of SHAP values transforms XGBoost from a theoretical
data science tool into an auditable enterprise system. Loan officers can append the local SHAP
visualization to adverse action notices, providing transparent, legally compliant feedback to
applicants regarding why their loan was denied (e.g., "Your risk profile was elevated due to
high seasonal cash flow volatility and low digital payment integration").

5.2. Implications for Tourism SMEs

From a management perspective, this framework empowers SME owners. Traditional credit
scoring often leaves businesses confused about how to improve their creditworthiness. XAl
reveals that SMEs can actively improve their credit profiles not just by paying down debt, but
by focusing on digital transformation. Improving OTA sentiment scores, adopting cashless
payment gateways, and stabilizing digital bookings are now proven, algorithmically recognized
methods to secure operational financing.

5.3. Bridging Technology and Tourism Management

The author’s background in travel innovation underscores the necessity of this approach. Post-
pandemic tourism heavily relies on digitalization. Traditional banks assessing travel agencies
solely on previous-year tax returns fail to capture the real-time recovery and operational agility
that digital metrics reveal. This XAI model aligns financial risk assessment with the actual
technological realities of the modern travel industry.

6. Conclusion

As emerging markets increasingly rely on data-driven algorithmic decision-making, the opacity
of advanced Machine Learning models presents a systemic risk to financial inclusion and
regulatory compliance. This paper successfully demonstrates an Explainable Al framework
utilizing XGBoost and SHAP for assessing the credit risk of tourism SMEs. The empirical
results prove that we do not have to sacrifice accuracy for transparency; the XGBoost model
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achieved an impressive AUC-ROC of 0.89 while providing granular, human-readable
explanations for every single prediction.

Furthermore, the study highlights the critical importance of Alternative Digital Tourism Metrics
(ADTM). Digital reputation and e-payment adoption are no longer just marketing metrics; they
are vital financial indicators.

Limitations and Future Work:

The primary limitation of this study is its reliance on a synthesized dataset, albeit one
statistically modeled on real ASEAN market behaviors. Future research should involve
partnerships with commercial banks to test this XAl framework on live, longitudinal loan
portfolios. Additionally, exploring counterfactual explanations (e.g., "What exact metric change
would alter this denial to an approval?") using tools like DiCE (Diverse Counterfactual
Explanations) would provide even deeper actionable insights for SME management.
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