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Abstract

As artificial intelligence technologies become increasingly prevalent across the financial sector, the interpretability of
machine learning models has become a critical concern for regulatory authorities and financial institutions. This study employs
SHAP (SHapley Additive exPlanations) to systematically compare the predictive performance and interpretability of five
mainstream machine learning models in financial classification tasks. Using a real financial dataset containing 24 financial
indicators to train logistic regression, five machine learning models - logistic regression, random forest, XGBoost, LightGBM,
and support vector machine - are trained on this dataset. SHAP is then applied to analyse the feature importance patterns
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across models. Empirical results demonstrate that LightGBM achieves the best predictive performance (accuracy 95.90%,
Area Under the Curve (AUC) 99.18%), while XGBoost shows advantages in terms of interpretability. SHAP analysis identifies
those prior earnings per share is the most critical feature, and the Top-K overlap analysis reveals a high degree of consistency
among tree-based models in feature importance recognition. This study provides scientific basis for financial institutions to
select appropriate explainable Al models, and holds significant importance for enhancing transparency and trustworthiness in
financial Al applications.

Keywords: SHAP, explainable artificial intelligence, financial classification, machine learning, feature importance.
JEL Classification: C45, C52, G28, G32.

Introduction

The advancement of artificial intelligence (Al) technologies within the financial sector has introduced
transformative changes in areas such as risk management, credit assessment, and investment decision-making.
However, the increasing complexity of machine learning models has amplified their “black box” nature, raising
significant concerns among regulatory bodies and financial industry practitioners regarding transparency and
interpretability. The European Union’s General Data Protection Regulation (GDPR) explicitly mandates that
automated decision-making systems provide “meaningful logic disclosure,” while the Financial Stability Board (FSB)
has cautioned that insufficient interpretability in Al models could pose systemic risks (Khan et al., 2025).

In response to these challenges, Explainable Artificial Intelligence (XAl) has emerged as an essential
framework for reconciling high-performance machine learning with regulatory and ethical requirements. Among the
various XAl approaches, SHAP (SHapley Additive exPlanations) has become one of the most influential model-
agnostic interpretability methods. Rooted in the Shapley value concept from cooperative game theory, SHAP
assigns fair and consistent contribution scores to each input feature, enabling a transparent assessment of model
behaviour. Its methodological rigor and adaptability have led to its widespread adoption in diverse financial
applications (Lundberg & Lee, 2017; Yeo et al., 2025).

This study aims to address the following three main research questions (RQ):

= RQ1: What are the differences in predictive performance among various machine learning models in

financial classification tasks? Which model is most suitable for financial classification applications?

= RQ2: Based on SHAP analysis, how do different models identify important features? Which features are

most critical to financial classification decisions?

= RQ3: What is the degree of consistency among different models in feature importance identification?

How to quantify the interpretive consensus across models?

The main contributions of this study include: (1) systematically comparing the predictive performance and
interpretability of five mainstream machine learning models; (2) conducting in-depth analysis of key features in
financial classification tasks based on the SHAP method; (3) proposing a Top-K overlap rate metric to quantify
interpretive consistency across models; (4) providing empirical evidence for financial institutions in selecting
interpretable Al models.

1. Literature Review and Theoretical Foundation
Theoretical Foundation of SHAP Method

The SHAP method originates from the Shapley value concept in cooperative game theory, first applied to
machine learning model interpretation by Lundberg & Lee (2017). This method satisfies four axioms - efficiency,
symmetry, dummy, and additivity - ensuring fairmess and uniqueness in feature contribution allocation. In a recent
systematic review, Khan et al. (2025) conducted an in-depth analysis of model-agnostic interpretable Al methods
in the financial domain, highlighting the theoretical strengths and practical value of the SHAP method.
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Chen et al. (2020) explored the philosophical foundation of SHAP explanations in their seminal study on "
true to the model or true to the data", highlighting the importance of balancing model faithfulness and data realism
in high-dimensional financial datasets. Benoumechiara et al. (2019) further developed Shapley effects sensitivity
analysis algorithms under input-dependent conditions. It provides theoretical support for addressing feature
correlation issues commonly encountered in financial data.

Applications of SHAP in the Financial Domain

In recent years, the application of SHAP methods in the financial sector has rapid growth. Yeo et al. (2025)
highlighted in their comprehensive review of explainable Al in finance that SHAP has become the most widely
adopted explanation method among financial institutions, particularly playing a crucial role in credit risk assessment,
fraud detection, and investment decision-making.

In the area of credit risk assessment, Nallakaruppan et al. (2024) developed a SHAP-based decision support
system integrating decision tree and random forest models, achieving a prediction accuracy of 93% on a peer-to-
peer (P2P) lending platform. Zhou et al. (2023) proposed a user-centered explainable Al framework that employs
SHAP methods to provide both local and global explanations for financial fraud detection, effectively meeting the
interpretability needs of diverse stakeholders.

Thanathamathee et al. (2024) innovatively combined SHAP instance weighting with anchor explanation
methods to enhance the interpretability of XGBoost in financial fraud detection. Their research demonstrated the
effectiveness of SHAP methods in handling imbalanced financial datasets, providing significant insights for practical
applications.

SHAP Analysis Methods and Technical Development

The SHAP method is based on the Shapley value concept from game theory, assigning an importance score
to each feature. For a given predictive model f and input feature set N, the SHAP value of feature i is defined as
Equation (1):
o= % PEEIPER(SUD) ~f(S)] (1

SCSN\i :
where: S represents a feature subset that does not contain feature i, and f(S) represents the model prediction value

using only feature subset S. This formula ensures four important properties: efficiency, symmetry, dummy,

and additivity.

The technical development of SHAP methods primarily focuses on two dimensions: computational efficiency
and explanation quality. Lundberg et al. (2020) proposed the TreeSHAP algorithm, which is specifically optimized
for tree-based models to enhance computational efficiency. This improvement makes SHAP analysis feasible on
large-scale financial datasets. For such models, the computational complexity of TreeSHAP is O(TLD?), where T is
the number of trees, L is the number of leaf nodes, and D is the maximum depth.

Covert and Lee (2021) further refined the KernelSHAP method by employing linear regression techniques
to enhance the practicality of Shapley value estimation. KernelSHAP approximates Shapley values through
weighted linear regression as Equation (2):

ming¥z' € Z[nx(z")(f (he(2") — o — Ti = 1Mz{p)]? (2)
where Tx(Z') is the weighting function, hx(z') is the mapping function, and Z represents the simplified input space.

Saarela & Podgorelec (2024) found in their systematic literature review of explainable Al applications that
SHAP has become the most favoured local explanation method due to its stability and mathematical guarantees.
Their study analysed 512 relevant publications, confirming SHAP's extensive application value across domains
including finance, healthcare, and industry.
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Applications of Machine Learning Models in Financial Classification

Gradient boosting methods have demonstrated superior performance in financial classification tasks.
Nguyen & Ngo (2025) compared the performance of AdaBoost, XGBoost, LightGBM, and CatBoost in personal
default prediction, finding that LightGBM achieved optimal performance when handling large and complex datasets.
Their study, based on a sample of 7,542 customers from a Vietnamese commercial bank, identified five key factors
influencing default risk: monthly liability, credit balance, credit history length, max credit limit, and yearly income.

Alghamdi & Algithami (2025) proposed a robust machine learning framework for stock market classification,
integrating traditional models (logistic regression, random forest, gradient boosting) with deep learning
architectures (Long Short-Term Memory (LSTM) networks, Gated Recurrent Units (GRU), and Multilayer
Perceptrons (MLP)). The results showed that deep learning models improved classification accuracy by 6-12%
compared to traditional methods, with LSTM and GRU demonstrating superior capability in capturing temporal
dependencies.

Ding et al. (2023) investigated the time-varying characteristics of feature importance in predicting corporate
financial distress before and after the COVID-19 pandemic. Their findings revealed that profitability indicators were
the dominant factors pre-pandemic, while financial leverage became the most significant predictor post-pandemic.
The study, based on an XGBoost-genetic programming framework, provided valuable insights into feature selection
under different economic environments.

Theoretical Development and Practical Challenges of Explainable Al

The theoretical foundation of Explainable Al (XAl) covers multiple academic disciplines. In a comprehensive
study on the key elements of trustworthy Al, Ali et al. (2023) identified explainability as one of the core components
for achieving trustworthy Al systems, emphasizing that it must be developed in coordination with other critical
elements such as fairess, robustness, and privacy protection. Arrieta et al. (2020) proposed a conceptual
taxonomy for XAl, providing a theoretical framework for understanding the applicable scenarios of different
explanation methods.

Angelov et al. (2021), in their analytical review of Explainable Al highlighted that the financial sector imposes
particularly stringent requirements on explanation methods. These methods should simultaneously satisfy multiple
demands including regulatory compliance, risk control, and business decision-making. In a study on explainable
FinTech lending, Babaei et al. (2023) explored the practical challenges of applying explanation techniques to real-
world financial products, discussing issues such as the accuracy, consistency, and comprehensibility of the
generated explanations.

3. Research Methodology
Research Design

This study adopts a systematic comparative analysis framework, employing multi-level empirical analysis to
address three core research questions.

First, to investigate model performance comparison, five representative machine learning models are
selected for systematic evaluation. These models include linear approaches (logistic regression), ensemble
learning methods (Random Forest), gradient boosting techniques (XGBoost and LightGBM), and Kernel-based
methods (Support Vector Machines), ensuring methodological comprehensiveness and representativeness.

Second, to examine feature importance identification, the SHAP method is employed to analyse the decision
mechanisms of each model in depth. Through the use of TreeSHAP and KernelSHAP algorithms, the contribution
of each feature to model predictions is quantitatively assessed, and its economic interpretation is provided in the
context of financial theory.
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Finally, to address the issue of explanation consistency across models, a Top-K overlap rate evaluation
framework is proposed. This framework calculates the degree of overlap in feature importance rankings across
different models. By quantifying this overlap, it measures the level of consensus among models and provides a
credibility assessment for multi-model decision-making.

Dataset Description

This study employs a real-world financial dataset containing 24 financial indicators, categorized into five
major dimensions: profitability, cash flow, growth capability, solvency, and operational capability. The dataset
includes 1,340 samples and has been standardized through pre-processing to ensure comparability across
indicators of different scales.

Details of the dataset composition are as follows:

= Profitability indicators (7): Earnings per share (EPS), return on assets (ROA — comprehensive income),

return on equity (ROE — comprehensive income), gross margin, net income margin, operating margin,
and previous EPS.

= Cash flow indicators (3): Cash flow ratio, cash flow per share, and cash dividend yield.

= Growth capability indicators (4): Revenue growth rate, gross profit growth rate, net income growth rate,

and after-tax net income growth rate.

= Solvency indicators (4): Current ratio, quick ratio, debt ratio, and interest coverage ratio.

= Operational capability indicators (3): Accounts receivable turnover, total asset turnover, and fixed asset

turnover.

= Other Important indicators (3): Dividend yield, long-term capital adequacy ratio (A), and Tobin's Q ratio.

The dataset also includes company identifiers and time variables, which were processed through Label
Encoding before being incorporated into model training. All numerical features underwent standardization using the
StandardScaler, with the standardization formula as Equation (3):

_X~H
Xscaled = o (3)

where: p is the mean and ¢ is the standard deviation of the feature. Standardization ensures fair and comparable
feature contributions during model training, preventing features with larger numerical ranges from
dominating the learning process.

Model Configuration and Evaluation Metrics

All models used a consistent training-testing split ratio (80:20) and cross-validation strategy. The evaluation
metrics include accuracy, precision, recall, F1-score, and Area Under the Curve (AUC) values to ensure
comprehensive and objective assessment of model performance.

The mathematical definitions of the core evaluation metrics are shown as Equation (4) - (8) as follows:
TNeER T )

TP
TP+FP

Accuracy =

Precision =

TP
TP+FN

Recall =

Fl=2x PrecisionXRecall (7)

Precision+Recall
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The AUC value is obtained by calculating the area under the ROC curve:
AUC = [, TPR(FPR™(x))dx (8)

where: TP, TN, FP, and FN represent true positives, true negatives, false positives, and false negatives,
respectively; TPR refers to the true positive rate, and FPR to the false positive rate.

Implementation of SHAP Analysis

To ensure the accuracy and consistency of explanatory results, this study employed the TreeSHAP
algorithm for analysing tree-based models and the KernelSHAP algorithm for linear models. Various visualization
tools, including the Summary Plot and Beeswarm Plot, were generated to provide an intuitive analysis of feature
importance.

Top-K Overlap Rate Evaluation Method

This study proposes the Top-K overlap rate metric to quantify the degree of consistency between different
models in feature importance identification. For two models A and B, their Top-K overlap rate is defined as Equation

(9):
Overlap, g(K) =

|T0pKAIr;TOpKB | (9)

where: TopKA and TopKB represent the sets of the TopK most important features for model A and model B,
respectively, and | - | denotes the cardinality of the set. The overlap rate ranges from [0, 1], where a
higher value indicates greater consistency between the two models in identifying feature importance.

To evaluate the overall consistency among multiple models, the average pairwise overlap rate is used as
Equation (10):

2

Overlap(K) = MI—D)

i =1""1yj =i+ 1"0verlap; ;(K) (10)

where: M is the total number of models. This metric can quantify the degree of consensus among a group of models
in feature selection, providing reliability assessment for multi-model decision-making.

4. Empirical Results and Analysis

The empirical results reveal significant differences in the performance of five machine learning models on
financial classification tasks. LightGBM achieved the highest performance with an accuracy of 95.90% and an AUC
of 99.18%, demonstrating its strong capability in handling complex financial data. XGBoost followed closely with
an accuracy of 94.78% and an AUC of 98.94%, thereby confirming the effectiveness of gradient boosting methods
in financial classification.

It's noteworthy that Logistic Regression, as a linear model, also achieved an accuracy of 94.78%, tying with
XGBoost for second place. This suggests the presence of important linear relationships in the financial classification
task. Random Forest (89.55% accuracy) and Support Vector Machine (90.30% accuracy) performed relatively
weaker but still maintained acceptable levels.
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Figure 1: Performance comparison of five machine learning models
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Overall, the empirical evidence indicates that LightGBM offers the best predictive performance and is
particularly well-suited for financial classification tasks. Its superior results can be attributed to its leaf-wise tree
growth strategy and optimized memory efficiency, making it especially effective for high-dimensional financial data.
These findings provide valuable guidance for financial institutions in model selection, particularly in applications
where high predictive accuracy is critical.

In-Depth Analysis of SHAP Feature Importance

The SHAP analysis reveals key feature patterns in financial classification decisions. As shown in Figure
2(a), in the XGBoost model, Previous EPS emerges as the most important feature, with an average SHAP value
of 1.72, highlighting the central role of earnings persistence in financial classification. Other profitability indicators
such as EPS, ROE-Comprehensive Income, and ROA-Comprehensive Income also rank highly, confirming the
dominant influence of profitability in model decision-making.

In Figure 2(b), the SHAP analysis of the LightGBM model demonstrates a highly consistent feature
importance pattern with that of XGBoost. Previous EPS again ranks first, while indicators such as interest coverage
ratio, accounts receivable turnover, and long-term capital adequacy ratio highlight the critical roles of solvency and
operational efficiency in financial classification.

Comparing Figures 2(a) and 2(b), both models reveal high consistency in feature importance identification.
The findings suggest that previous EPS is the most influential factor, with profitability indicators playing a leading
role in model decisions. The distribution pattern of SHAP values shows that these features have strong and
consistent impacts on model outputs, highly aligning with the earnings persistence hypothesis and efficient market
theory. This finding not only validates the effectiveness of traditional financial theories but also provides important
guidance for feature engineering in practice.
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Figure 2: Comparative Analysis of SHAP Feature Importance for XGBoost and LightGBM Models
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Top-K Feature Overlap Rate Analysis

The heatmap of Top-5 feature overlap (Figure 3) illustrates the degree of consistency in feature importance
identification across different models. The overlap between XGBoost and LightGBM reaches 100%, indicating
complete agreement in feature selection between these two gradient boosting methods. Similarly, the overlap
between Random Forest and the gradient boosting models is also 100%, reflecting a high level of consensus
among tree-based models.

Figure 3: Top-5 feature overlap
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In contrast, logistic regression shows an overlap rate of 66.67% with other models, reflecting the differences
in feature importance perception between linear and non-linear models. Support Vector Machine similarly exhibits
an overlap rate of 66.67% with other models, highlighting its unique feature selection mechanism.

Figure 3: Heatmap of Top-5 feature overlap rate
Source: Authors

Trend Analysis of Top-K Feature Overlap Rate

The trend analysis of Top-K feature overlap rate (Figure 4) reveals the hierarchical structure of feature
importance consistency. As the value of K increases, the overlap rate between models exhibits a U-shaped pattern:
it decreases from 76.67% at K=5 to a minimum of 44.16% at K=15, and then rebound to 64.29% at K=20. This
phenomenon indicates that models demonstrate high consistency in identifying the most important features, exhibit
the greatest divergence in ranking features of moderate importance, and show improved consistency again when
more features are included.

Empirical analysis shows that tree-based models exhibit high consistency in feature importance
identification (100% overlap rate), whereas significant differences exist between linear and non-linear models
(66.67% overlap rate). The observed U-shaped trend of Top-K overlap rates uncovers the hierarchical
characteristics of feature importance perception, which is of significant importance for understanding the feature
selection mechanisms of different algorithms.

Figure 4. Trend of Top-K feature overlap rate
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Comprehensive Evaluation of Model Interpretability

Considering both predictive performance and interpretability, XGBoost demonstrates the best performance
in balancing these two aspects. Although LightGBM slightly outperforms in terms of pure predictive accuracy,
XGBoost presents clearer patterns of feature importance and more stable interpretability results in SHAP analysis.

Furthermore, while logistic regression has the strongest interpretability, it is limited in its ability to deal with complex
non-linear relationships.
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5. Discussion
5.1 Theoretical Implications of the Findings

The findings of this study hold significant theoretical implications. First, the identification of Previous EPS as
the most critical feature (mean SHAP value: 1.72) supports the earnings persistence hypothesis, which posits that
past earnings performance serves as an important indicator for predicting future financial conditions. This result
aligns with the theoretical framework of Fama and French’s three-factor model, emphasizing the central role of
profitability in asset pricing and risk assessment.

From an economic perspective, the importance of Previous EPS is grounded in the robust theoretical
underpinnings of earnings persistence. The hypothesis suggests that past earnings reflect a company’s business
model sustainability, managerial execution capabilities, and competitive positioning. A study by Fatma & Hidayat
(2020), published in the Asian Journal of Accounting Research, empirically examined the effects of earnings
persistence and profitability on equity valuation. They found that firms with higher earnings persistence receive
valuation premiums, providing direct support for the predictive value of Previous EPS in financial models.

Moreover, according to signalling theory, Previous EPS also carries substantial informational value. In his
seminal work published in The Bell Journal of Economics, Bhattacharya (1979) highlighted the role of signalling in
corporate finance, arguing that in environments with asymmetric information, investors and creditors rely on
observable financial metrics to assess a company’s true value and risk profile. A consistent record of earnings
serves as a credible signal of operational quality, helping explain why machine learning models consistently identify
Previous EPS as a key predictive factor.

The prominence of return on equity (ROE) and return on assets (ROA) in the SHAP analysis can be further
understood through the DuPont analytical framework. This framework decomposes ROE into three core
components, i.e., net profit margin (reflecting operating efficiency), asset turnover (indicating asset utilization), and
equity multiplier (capturing financial leverage), thereby revealing the multidimensional drivers of profitability.
Soliman (2008), in a study published in The Accounting Review, provided empirical evidence that investors and
analysts actively employ the DuPont analysis to evaluate profitability drivers, and that it serves as a reliable
predictor of future stock returns.

Additionally, the importance of the interest coverage ratio revealed through SHAP analysis can be
interpreted through the lens of the financial distress cost theory. This ratio measures a company’s ability to meet
interest obligations using operating income and is directly linked to the risk of financial distress. Altman et al. (2010),
in their research published in the Journal of Credit Risk, analysed the value of non-financial information in small
and medium enterprise risk management, identifying interest coverage ratio as a key indicator for predicting
corporate financial distress.

Second, the high consistency of tree-based models in feature importance identification provides new
empirical support for ensemble learning theory. Although XGBoost and LightGBM employ different optimization
strategies, their complete consistency in feature selection demonstrates that gradient boosting methods can stably
identify genuine signals within the data, thereby providing theoretical justification for model selection.

The non-linear patterns revealed by SHAP analysis reflect complex economic realities, which can be
primarily categorized as threshold effects, diminishing returns, and interaction effects. A theoretical basis for the
threshold effect can be traced back to the foundational research on bankruptcy costs by Warner (1977) in the
Journal of Finance. The study's key insight is that bankruptcy costs increase disproportionately after a company's
financial standing weakens beyond a critical point. This non-linear escalation of costs directly causes certain
financial metrics to exhibit a sudden change in their predictive impact when they approach this threshold.
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Third, the U-shaped trend in Top-K overlap rates reveals the hierarchical characteristics of feature
importance recognition, enriching feature selection theory. The agreement among models on extremely important
features suggests a shared recognition of strong signals. In contrast, their divergence on moderately important
features highlights the differing sensitivities of various algorithms to signal strength.

5.2 Practical Application Value

The research findings may offer meaningful practical insights for financial institutions. In terms of model
selection, financial institutions can make trade-offs between predictive performance and interpretability based on
their specific requirements: LightGBM should be chosen when pursuing the highest prediction accuracy, XGBoost
when balancing performance with interpretability, and logistic regression when emphasizing regulatory compliance.

Different financial classification tasks are characterized by distinct economic challenges, which further
inform model design and application strategies. In credit scoring, a core tool for risk management, the primary
economic challenge is information asymmetry. In credit markets, borrowers possess superior knowledge about
their repayment ability and intent compared to lenders. This asymmetry gives rise to problems such as adverse
selection and moral hazard. The seminal work by Stiglitz and Weiss (1981), published in the American Economic
Review, systematically analysed information asymmetry in credit markets and highlighted how it leads to credit
rationing. This market failure underscores the critical role of credit scoring systems in mitigating asymmetric
information.

The economic significance of financial distress prediction lies in its capacity to identify and prevent company
failures that could trigger market-wide disruptions or systemic risk. The core challenge extends beyond individual
company default to understanding its potential contagion effect. Research by Lang & Stulz (1992) in the Journal of
Financial Economics provided key insights into this phenomenon, showing how a company's distress can spread
through industry affiliations, supply chains, and shared financial exposures, potentially leading to systemic-level
consequences. Effective prediction models are therefore vital tools for maintaining financial stability.

Fraud detection presents a unique adversarial economic environment, where fraudsters continuously evolve
their strategies to avoid detection mechanisms. The foundational work by Becker (1968) in the Journal of Political
Economy laid the groundwork for the economics of crime, positing that fraudulent behaviour is the result of rational
cost-benefit analysis. When the expected gains from fraud outweigh the anticipated costs, rational actors may
choose to engage in such activities - underscoring the need for adaptable and intelligent detection models.

Regarding feature engineering, profitability indicators such as Previous EPS, ROE, and ROA should be
prioritized as core features. Solvency and operational indicators—such as interest coverage ratio and accounts
receivable turnover, also provide valuable information and should be included in the feature selection process.

In terms of risk management, the feature contribution analysis provided by SHAP can be utilized to construct
early warning systems that issue timely alerts when key features exhibit abnormal changes. Furthermore, Top-K
overlap rate analysis facilitates the establishment of model ensemble strategies, enhancing decision reliability
through multi-model consensus.

5.3 Regulatory Compliance Considerations

In the increasingly stringent financial regulatory environment, this research provides important reference for
regulatory compliance. The SHAP method fulfils the GDPR's requirements for explaining automated decisions by
providing a detailed analysis of feature contributions for each prediction. The visualization tools demonstrated in
the study, such as Beeswarm Plots and Summary Plots, can be directly applied to present model decision logic to
regulatory authorities.

395



Journal of Applied Economic Sciences

Article 22 of the GDPR grants individuals the right to explanation when confronted with automated decision-
making processes, establishing explicit interpretability requirements for financial institutions' Al systems. Casey et
al. (2019), in their research published in International Data Privacy Law, comprehensively analyzed the legal
requirements of GDPR's right to explanation, demonstrating that financial institutions must provide "meaningful
information" to explain the logic underlying automated decisions. SHAP methodology effectively fulfills these
regulatory mandates by delivering feature importance analyses and individual prediction explanations that meet
the substantive requirements for regulatory transparency.

Furthermore, the consistency analysis of feature importance supports the development of a model validation
framework. When significant discrepancies in key feature identification are observed across different models,
further investigation is warranted to ensure model robustness. This multi-model validation mechanism aligns with
the Basel Il Accord's requirements for model risk management.

Interpretability also plays a critical role in fostering trust among customers and investors. In their influential
study published on arXiv, Doshi-Velez and Kim (2017) explored the need for interpretability in machine learning
and provided empirical evidence that users are more likely to trust and adopt model predictions when they can
understand the underlying decision-making logic. In the context of financial services, such trust is essential for user
acceptance and business success.

5.4 Methodological Considerations

Despite the solid theoretical foundations of the SHAP method, several inherent limitations persist in practical
applications. In a recent systematic literature review published in Artificial Intelligence Review, Cernevigiené and
Kabasinskas (2024) identified fundamental issues in SHAP's approach to feature importance estimation. Their
findings indicate that when correlations exist among input features, SHAP values may yield misleading attributions,
potentially contradicting the true causal relationships. This has significant implications for the current study, given
the high degree of multicollinearity commonly found in financial data. The research by Kumar et al. (2020),
presented at the International Conference on Machine Learning, further quantifies this limitation of SHAP
explanations. Their findings demonstrate that SHAP values fundamentally reflect the statistical associations
learned by a model, rather than the true causal relationships in the data-generating process. This distinction
between correlation and causation assumes heightened importance within the context of financial analysis. This is
because numerous financial indicators possess intrinsic economic connections, creating complex webs of
interdependency. Consequently, a high SHAP value for one feature could be an artifact of its correlation with
another, truly causal feature, thereby confounding the interpretation and leading to flawed insights. Moreover,
financial classification tasks frequently involve high-dimensional feature spaces, which poses additional challenges
for SHAP analysis. As stated by Chen et al. (2020), conventional SHAP algorithms face two problems in high-
dimensional settings: computational intractability due to the exponential complexity of calculating exact Shapley
values, and the inherent complexity of interpreting explanations involving a vast number of features.

To objectively evaluate the advantages and limitations of the SHAP method, this study compares it with
other mainstream interpretability techniques. The LIME method, proposed by Ribeiro et al. (2016), offers superior
computational efficiency and can rapidly generate local explanations. However, due to the lack of consistency and
stability guarantees, LIME explanations are often sensitive to small perturbations in input samples, resulting in
potentially unreliable outputs. In contrast, the SHAP method, grounded in cooperative game theory, possesses
rigorous theoretical properties such as consistency and completeness, which contribute to more stable and
trustworthy explanations. In practical financial applications, SHAP has demonstrated significant value across
different use cases. A study by Misheva et al. (2021) showed that its dual capability for global and local explanations
offers a more holistic approach to managing credit risk in peer-to-peer lending.
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Similarly, Tyagi (2022) underlined the reliability of SHAP for credit scoring and investment decisions. His
work showed that SHAP's feature attributions are more consistent and robust when compared to the unstable
nature of LIME's explanations. Overall, across contexts that demand model transparency, regulatory alignment,
and explanation stability, SHAP demonstrates a more advantageous interpretability profile than LIME (Ribeiro et
al., 2016; Misheva et al., 2021; and Tyagi, 2022).

Conclusions and Recommendations

This study systematically compared the performance of five machine learning models in financial
classification tasks, and yielded the following key findings:

= Finding 1: LightGBM demonstrated the best predictive performance (accuracy: 95.90%, AUC: 99.18%).
XGBoost showed strengths in balancing performance and interpretability, while logistic regression
remains valuable in regulatory compliance scenarios.

= Finding 2: Previous EPS was identified as the most critical predictive feature (SHAP value: 1.72).
Profitability indicators played a dominant role in model decisions. This finding aligns closely with the
earnings persistence hypothesis in financial theory. A deeper theoretical analysis highlights the
signalling theory that underpins the importance of Previous EPS. It also elucidates the analytical role of
ROE and ROA within the DuPont framework, and underscores the relevance of the financial distress
cost theory in supporting the predictive value of the interest coverage ratio.

= Finding 3: Tree-based models (XGBoost, LightGBM, and Random Forest) demonstrate high consistency
in feature importance identification (100% overlap rate), whereas significant differences were observed
between linear and non-linear models (66.67% overlap rate).

= Finding 4: SHAP analysis reveals nonlinear relationships with strong economic foundations, including
threshold effects, diminishing returns, and interaction effects. These patterns reflect the inherent
complexity and nonlinearity of financial systems.

This study's theoretical contributions are demonstrated in four aspects: (1) providing systematic empirical
analysis for the application of SHAP method in the financial domain, and explores the underlying economic theories
associated with each key feature, such as the earnings persistence hypothesis, signalling theory, the DuPont
analysis framework, and the theory of financial distress costs; (2) proposing the Top-K overlap rate metric to
quantify interpretability consistency across models, thereby enriching the evaluation methodology of explainable
Al; (3) revealing the hierarchical characteristics of feature importance cognition, offering novel insights for feature
selection theory; (4) resenting a systematic analysis of the regulatory compliance value of SHAP in financial
applications, addressing aspects such as the “right to explanation” under GDPR and its role in trust-building.

Based on the research findings, the following recommendation are proposed for financial institutions:

(1) Model Selection Strategy: Select appropriate models based on the specific application context.
LightGBM is recommended for high-risk decision-making scenarios due to its excellent predictive
performance. XGBoost is suitable for regulatory reporting settings where a balance between
performance and interpretability is required. Logistic regression should be employed in contexts with
strict compliance demands, where transparency is essential. In tasks such as credit scoring, financial
distress prediction, and fraud detection, model choice should reflect the specific economic challenges
and regulatory constraints of each application.

(2) Feature Engineering Guidance: Focus on profitability indicators, particularly core features such as
Previous EPS, ROE, and ROA, while simultaneously considering solvency and operational capability
indicators. These features, grounded in economic theory, not only exhibit statistical predictive power
but also offer strong theoretical justification.
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(3) Risk Management Applications: Develop SHAP-based risk early warning systems to identify potential
risks through changes in feature contribution values, and enhance decision credibility through multi-
model consensus.

(4) Regulatory Compliance Framework: Utilize the SHAP methodology to construct a comprehensive
model interpretability framework that aligns with regulatory requirements such as the General Data
Protection Regulation (GDPR), thereby fostering greater trust among clients and investors.

This study has the following limitations: (1) The dataset sources are relatively singular, and future research
could expand to multiple financial markets and product categories; (2) Only static feature importance was
considered, and future work could explore the variation of feature importance in dynamic environments; (3) SHAP
analysis primarily focused on local explanations, while global explanation methods warrant further investigation; (4)
Although this study provides an in-depth analysis of the inherent limitations of the SHAP method, including issues
such as the confounding of correlation and causality, as well as challenges associated with high-dimensional data,
fully addressing these limitations requires further methodological innovations; and (5) A crucial area for future
research is the quantitative assessment of how specific biases inherent in financial datasets affect the fidelity of
SHAP-based explanations, such as sample selection, survivorship, industry concentration, and temporal effects.

Future research in this area could focus on several promising directions. One avenue is the exploration of
interpretability methods for deep learning models, particularly when applied to high-dimensional financial data.
Another is the investigation of explanation techniques for multimodal financial datasets, such as text, images, and
time series, to support the development of more comprehensive risk assessment frameworks. Additionally,
researchers could work on creating customized explanation frameworks designed to meet specific regulatory
requirements and compliance needs across different legal jurisdictions. Efforts may also be directed toward
constructing standardized evaluation systems for explainable Al, emphasizing quantifiable indicators such as
explanation quality, consistency, and reliability. Further progress could be achieved by advancing hybrid
interpretability approaches that integrate SHAP with other explanation methods, thereby addressing the limitations
inherent in individual techniques. Finally, exploring the use of causal inference techniques in interpretable financial
Al could help distinguish between mere statistical correlations and genuine causal relationships.
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