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Abstract

This research work proposes an interpretable hybrid ML approach to credit risk evaluation

of MSMEs in supply chain financing, combining feature selection using XGBoost with

classification using RBF-LSSVM. The credit information of the multi-sourced variety is

standardized into a common set of financial and operational variables followed by stratification,

training normalization, and class balance through SMOTE technique to minimize the impact

of minority class bias while maintaining test set independence. Using the XGBoost classifier

with TreeSHAP analysis of features selects the relevant predictors that are further classified

using the RBF-LSSVM classifier with calibrated probability estimation and optimized decision

threshold for risk-aware classification. This proposed approach achieves 97.96% accuracy,

94.52% precision, 97.43% recall, and 95.95% F1-score on the held-out evaluation set. SHAP

and counterfactual explanations offer feature level interpretations of the risk assessments.

Keywords: Supply Chain Finance, MSME Credit Risk, XGBoost Feature Selection,

RBF-LSSVM, SHAP Explainability, Counterfactual Analysis, SMOTE Balancing.

1. Introduction

Supplies Chain Finance (SCF) plays a crucial role in financing the working capital of firms

operating under the connected buyer-supplier chains. The Micro, Small, and Medium Enterprises

Journal of Information Technology and Digital World, December 2026, Volume 8, Issue 4, Pages 365-381
DOI: https://doi.org/10.36548/jitdw.2026.4.006
Extended version of article received from International Conference on Smart Innovations in Engineering Technology (ICSIET 2026)
Received: 20.08.2026, received in revised form: 18.09.2026, accepted: 01.10.2026, published: 14.10.2026
© 2026 Inventive Research Organization. This is an open access article under the Creative Commons Attribution-NonCommercial International (CC BY-NC 4.0) License

365



Interpretable MSME Credit Risk Prediction Through XGBoost Feature Selection and LSSVM Classification

(MSMEs) make a great contribution to the Indian economy; however, they still struggle to

secure necessary financing because of deficiencies in traditional evaluation techniques used to

evaluate their credit risk. They might rely on static financial data that does not consider nonlinear

associations between various financial variables. Moreover, financial distress experienced by

one MSME might be reflected in other firms in the supply chain.

ML algorithms like Random Forest, XGBoost, and Support Vector Machines have

shown promise in the modeling of complicated credit-risk patterns. Nevertheless, including

diverse financial attributes without feature selection may result in redundancy and noise, while

highly predictive models may not help much in understanding the rationale of individual

decision-making. In addition, existing researches do not provide enough actionable information

to rejected customers on how to improve their risk status.

To address these limitations, the research proposes an explainable hybrid

XGBoost-LSSVM approach to perform credit-risk analysis of MSMEs in SCF applications. In

the proposed approach, XGBoost is used to perform feature selection based on SHAP importance,

whereas LSSVM with RBF kernel is used for performing non-linear risk classification on the

selected features. Furthermore, SMOTE is applied only to the training data set due to class

imbalance.

This framework is tested on 136,960 instances which have been characterized by 19

financial features and benchmarked against the baseline models. The whole process has been

further extended to build a web-based decision-support system capable of making predictions in

batches and real-time, as well as report generation and auditing. This combination of hybrid

classification, interpretability of features, and counterfactual analysis is an effective solution to

assessing credit risk for MSMEs in SCFs.

2. Related Works

2.1 Traditional Credit Risk Assessment

Traditional methods of credit risk analysis have made use of statistics and financial

indicators to measure the solvency and default possibility of borrowers. While this type of

method allows a fair amount of transparency in the decision process, its capacity to model the

nonlinear interrelationship between the financial indicators is inadequate. As such, researches

ISSN: 2582-418X 366



Sharmila Jeyarani S., Sanjay Raj J., Rajamannar N.G., Sabari Anandh M.

have explored machine learning-based support vector methods to be used in supply chain

financing, where the optimization of the kernel parameters would result in better classification

performance than the traditional SVM design [3]. Feature selection methods have also been

considered to eliminate unnecessary features and improve classification [7].

2.2 Machine Learning and Hybrid Credit-risk Models

Machine learning techniques provide greater flexibility for modelling complex

interactions within structured financial data. Hybrid ensemble approaches have demonstrated

improved credit-risk prediction by combining complementary learning mechanisms, particularly

for SME-oriented supply chain finance applications [2]. XGBoost provides an efficient

gradient-boosting framework capable of learning nonlinear relationships while incorporating

regularization to control model complexity [5]. Machine learning has also been evaluated

across different banking environments, demonstrating its broader applicability to automated

credit-risk assessment [15]. These studies indicate that combining robust predictive learning

with appropriate feature representation can improve the reliability of automated financial-risk

decisions.

Machine learning has also been applied to MSME-oriented analytical problems beyond

conventional credit assessment. A data-driven framework employing supervised ensemble

learning, clustering, and dimensionality-reduction techniques was developed to examine MSME

incubation dynamics and identify relationships among institutional affiliation, geographical

location, and innovation-related characteristics [16]. This research demonstrates the applicability

of machine learning for extracting structured patterns from heterogeneous MSME data and

provides a broader analytical basis for data-driven enterprise-level decision systems.

2.3 Deep Learning for Credit-risk Prediction

Deep Learning (DL) models have also been considered in credit risk assessments, as

well as in the ensemble of DL models that attempt to increase the model performance in cases

of class imbalance. In addition to this, sampling strategies like SMOTE have been used in the

deep learning models to handle the issues regarding minority classes [10]. Nevertheless, the use

of advanced neural networks in structured finance data comes with many complexities. In the

context of financial risks in supply chains, there have also been efforts to use CNNs for early
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warning purposes [6].

2.4 Feature Selection and Model Interpretability

Feature selection remains as an integral part of credit risk modelling as unnecessary

or poor predictors may make the model more complex and limit the model generalization.

Cost-sensitive feature selection methods have shown that selecting small and informative sets

of features can be beneficial for solving credit scoring problems [7]. In case of decision trees,

SHAP offers a novel approach for estimating the importance of individual features and enhancing

the interpretability of complex decisions [8]. Tree-based SHAP analysis allows to analyze global

and local impact of features on model decisions [9].

2.5 Explainable and Actionable Credit Decisions

Explaining the decisions made by automated systems is especially crucial for applications

in finance since such decisions need to be able to explain the result they reached. SHAP-based

methods can discover how much individual features in finance influence the certain decision

made, thus adding more transparency to the decisions made [8], [12]. XGBoost in combination

with SHAP method has been used to build predictive models that can be explained, showing the

applicability of feature attributions in tree-based learning systems [13]. In addition to feature

attributions, counterfactual explanations represent another type of explanations which may

influence an automated decision [11].

2.6 ESG Factors in Financial Risk

The assessment of financial risks has also started being shaped by unconventional

measures apart from traditional financial metrics. The use of ESG-oriented features in the

context of financial risk has also been explored in the research literature, demonstrating that

sustainability performance as well as other organizational attributes may serve as another source

of knowledge regarding risk evaluation [14]. Hence, the use of these indicators in credit risk

modeling will allow expanding the coverage of enterprise risk, especially within the supply

chain, where financial and operational conditions are connected. The growing prevalence of

machine learning in various banking settings also justifies such an approach [15].

ISSN: 2582-418X 368



Sharmila Jeyarani S., Sanjay Raj J., Rajamannar N.G., Sabari Anandh M.

2.7 Research Gap

The existing literature shows considerable development in the fields of credit-risk

prediction in the supply chain [1], hybrid machine learning [2], optimised SVM modelling [3],

risk propagation in the supply chain [4], gradient boosting techniques [5], deep learning [6],

feature selection [7], SHAP interpretability [8], [9], imbalanced learning [10], counterfactual

explanation [11], SHAP application [12], [13], ESG-based financial risk analysis [14] and

banking credit assessment using machine learning [15]. These issues are generally discussed

independently from each other as separate models or interpretability techniques. The current

research, on the other hand, combines all these issues into one pipeline for MSME supply chain

finance, which includes feature selection using XGBoost, nonlinear classification using LSSVM,

SHAP interpretability and counterfactual explanation.

3. Proposed Methodology and System Implementation

3.1 Multi-Source Dataset Integration and Feature Representation

The proposed framework utilizes several credit risk datasets, which include various

financial and operational aspects that are significant for MSME credit risk assessment within

supply chain finance. The Credit Risk Dataset [17], Leading Indian Bank & CIBIL Real-world

Dataset [18], and an additional credit risk assessment dataset [19] complement each other to

formulate the credit risk representation. Because each of these datasets varies in terms of

features, dimensions, and attribute descriptions, a feature harmonization method is used to form

a common representation prior to model construction.

Each business instance corresponds to a predictor vector in 19 dimensions,

xi = xi1,xi2, . . . ,xi19 (1)

where xi j denotes the j-th financial indicator of the i-th enterprise. The corresponding

target variable denotes the risk level, where the goal is to classify instances into the categories

Low Risk and High-Risk enterprises. The common representation of features is intended to

capture financially meaningful attributes while being consistent with the original feature lexicon

of the source datasets.
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Table 1 summarizes the source datasets, their record counts, and their original feature

dimensions. The combined data contain 136,960 records, which are subsequently represented

using the unified 19-indicator schema.

Table 1. Dataset composition and feature summary

No. Dataset Records Features
1 MSME SCF Credit Data [19] 1,707 89
2 Credit Risk Dataset [17] 32,581 12
3 Internal Bank Dataset [18] 51,336 26
4 External CIBIL Dataset [18] 51,336 62

Total Combined Dataset 136,960 19 unified indicators

3.2 Data Preprocessing and Training-set Balancing

The integrated dataset goes through a series of preprocessing steps to create a leakage-free,

uniform training and evaluation environment. After feature harmonization, the dataset becomes

ready to undergo supervised learning through label processing, stratified splitting, feature scaling,

and class balancing. The purpose of the preprocessing is to ensure that the natural distribution of

the independent test dataset is preserved while the training process handles the class imbalance.

Initially, the datasets with integrated records are combined into one dataset. In the

basic algorithm, 0.2% label jittering procedure is used where some percentage of class labels

is changed to add slight noise to annotations. Further, this dataset is split into train and test

sets with a stratified ratio of 80:20. In the stratified split, the proportion of both Low Risk and

High-Risk classes is maintained in both datasets.

In partitioning, Z-score normalization is calculated only using training data and is then

applied to training and testing features respectively. The standardized value is represented by

zi j =
xi j −µ train

j

σ train
j

(2)

where xi j represents the original value of feature j for sample i, while µ train
j and σ train

j

denote the training-set mean and standard deviation, respectively. The use of training-based

statistics ensures that the test data is not used to preprocess the data.
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Due to the prevalence of imbalanced data sets for credit risk classification problems,

SMOTE technique is later employed only on the training data set. The minority class is

over-sampled until balance between both classes is achieved on the training set at 50:50 ratio,

while on the testing set there still exists an original imbalance of 75:25 between low risk and

high-risk classes respectively.

Figure 1 shows the entire preprocessing pipeline, including integration and mapping

of multi-source data, label processing, stratified splitting, training-specific normalization, and

balancing using SMOTE technique. Hence, Figure 1 gives a pictorial depiction of the order of

steps followed prior to the feature selection process that is XGBoost-based.

Figure 1. Data preprocessing and class-balancing workflow

3.3 SHAP-guided XGBoost Feature Selection

After performing the preprocessing and balancing of classes, XGBoost is used as the

initial step of the proposed hybrid algorithm to select informative features from the integrated
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financial feature space. XGBoost is chosen since the gradient-boosting mechanism of the

decision trees can discover nonlinear interactions between the financial indicators in an efficient

way of feature importance analysis. XGBoost is configured to have 300 boosting iterations with

the maximum tree depth equal to 6 and learning rate of 0.08, according to the base configuration.

XGBoost prediction for the training sample is represented by an additive combination of

the regression trees:

ŷi =
K

k=1
fkxi, fk ∈ F (3)

where K denotes the number of boosting rounds, xi is the input feature vector, and fk

represents the k-th decision tree.

To enhance the interpretability of feature selection, the TreeSHAP method is used for

the trained XGBoost model. The contribution of each variable is quantified using SHAP as

the attribution score. The global importance of feature j is determined from the mean absolute

SHAP contribution:

I j =
1
N

N
i=1

⃓⃓
φi j

⃓⃓
(4)

where N is the number of evaluated samples and φi j is the SHAP value of feature j for

sample i. Features with larger I j values have greater overall influence on the model’s predictions.

This provides more informative insights than tree-based importance alone, since SHAP also

reveals the direction and magnitude of the influence.

The final set of features will be selected for integrating the feature importance parameters

obtained from the model along with indicators that have financial relevance. Out of the 15

indicators, 13 are predefined and include, for example, debt ratio, debt service coverage ratio,

current ratio, operating margin, and ESG rating. The rest of the two spots will be filled by the

two most important features based on global SHAP importance.

This produces a 15-dimensional feature representation, which is subsequently fed

to the RBF-LSSVM classifier, which serves as the second phase of the proposed hybrid

learning algorithm. This sequence ensures that feature extraction is independent of non-linear
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classification, while reducing the dimensionality of input to the final classifier.

3.4 RBF-LSSVM Credit-risk Classification and Decision Thresholding

The 15 selected financial factors are given to a Least Squares Support Vector Machine

(LSSVM) algorithm for credit risk classification. In contrast to traditional SVM, the LSSVM

uses an equality constraint to formulate the learning task and hence leads to a system of linear

equations which might train efficiently but still have the ability to model nonlinearity. This is

because an RBF kernel function is used to model nonlinearity between selected financial factors

and credit risk classes. The regularization parameter C is set to 10.0 in the base implementation.

The RBF kernel employed by the classifier is expressed as

Kxi,x j = exp
(︂
−γ

⃦⃦
xi − x j

⃦⃦2
)︂

(5)

where xi and x j denote two selected-feature vectors, and γ controls the width of the

radial basis function. The kernel allows the classifier to form a nonlinear boundary in the

higher-dimensional feature space.

The LSSVM results are then converted to a calibrated risk probability through Platt

scaling. Rather than use the standard probability of 0.5 as the threshold value, the program

calculates thresholds for decisions since an incorrect approval of a high-risk venture has higher

financial implications than the denial of a low-risk venture. The calculated optimum threshold is

0.364 out of 551 threshold candidates.

Accordingly, the risk decision is represented by

ŷ =

⎧⎪⎨⎪⎩High Risk, PHigh Risk | x ≥ 0.364,

Low Risk, PHigh Risk | x < 0.364.
(6)

This thresholding process forms the final classification decision which will be used in

the next explainability layer.
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3.5 Explainability and Counterfactual Risk Analysis

SHAP local explanations have been used within the framework in order to find the

financial characteristics that play a role in the prediction of credit risk. It is possible to analyze

the direction and importance of the factors that have an impact on the decisions made.

In high-risk cases, counterfactual analysis helps identify feasible adjustments in certain

financial variables to minimize the expected risk. Both the SHAP and counterfactual values are

subsequently used by Gemma-2-2B-IT through NVIDIA NIM to produce a succinct explanation

for the decision.

3.6 Web-based System Architecture and Implementation

Figure 2. Web-based architecture of the proposed credit-risk system.
The proposed system is realized as an online credit-risk decision aid. The front end is

implemented using React.js 18 with Vite, while Flask 2.0 serves as the back-end API to link

the user interface to the XGBoost–LSSVM model prediction pipeline. The system is deployed

with the trained XGBoost selector, LSSVM classifier, scaler, SHAP explainer, and decision

threshold. SHAP and counterfactual explanations are provided to allow interpretability of credit

risk decisions, and NVIDIA NIM (Gemma-2-2B-IT) is used to produce textual explanations.
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MongoDB Atlas is used to store prediction results and logs, while jsPDF and Gmail SMTP with

TLS are used for reporting and notification via e-mail. The architecture of the system is given in

Figure 2. The technologies used to implement the system are summarized in Table 2.

Table 2. System components and technologies

Component Technology

Frontend React.js 18 + Vite

Backend API Flask 2.0

ML Pipeline XGBoost + LSSVM

Explainability SHAP 0.42+

LLM Engine NVIDIA NIM (Gemma-2-2B-IT)

Database MongoDB Atlas

Report Generation jsPDF

Email Alerts Gmail SMTP + TLS

Data Balancing SMOTE

4. Experimental Results and Discussion

4.1 Performance of the Proposed Hybrid Model

The proposed XGBoost-LSSVM system was validated using 27,392 test records held

out entirely, retaining the actual 75:25 Low Risk to High Risk ratio. The performance of the

proposed method is presented in Table 3 in terms of accuracy, precision, recall, and F1-score.

The proposed model achieves 97.96% accuracy, 94.52% precision, 97.43% recall, and 95.95%

F1-score, demonstrating strong discrimination between the two risk classes.

The results demonstrate the advantage of using the sequential hybrid approach. XGBoost

alone has an accuracy of 95.75% and F1 score of 95.29%, while LSSVM gives an accuracy of

90.52% and F1 score of 87.66%. Combining XGBoost feature selection with LSSVM boosts

the accuracy by 2.21% compared to XGBoost and 7.44% compared to LSSVM. The proposed

approach also gives the highest recall of 97.43%, which shows that the high-risk patients can be
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identified effectively.
Table 3. Performance comparison of different models

Model Accuracy Precision Recall F1-Score
(%) (%) (%) (%)

CNN [1] 82.60 85.30 87.70 86.50

LSSVM [6] 90.52 84.78 90.90 87.66

Random Forest [9] 95.36 95.05 94.66 94.91

XGBoost [5] 95.75 95.20 95.47 95.29

Proposed XGBoost–LSSVM 97.96 94.52 97.43 95.95

The confusion matrix in Figure 3 serves as an alternative class-based evaluation by

displaying the number of true and false classifications made to both Low-Risk and High-Risk

classes. Combined with the summary metrics in Table 3, this evaluation proves the ability of the

proposed hybrid framework to predict new, unseen records.

Figure 3. Confusion matrix of the proposed hybrid XGBoost–LSSVM model on
the held-out test set.
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4.2 Cross-validation and Prediction Stability

Stratified fivefold cross-validation technique was employed for the evaluation of the

consistency of the proposed hybrid model on varying sets of data. The model showed consistent

accuracy in the 97-98% interval, with standard deviation of less than 1%. It means that the

model results are relatively independent from the chosen training/validation split.

This consistent cross-validation result also supports the efficiency of the preprocessing and

feature selection technique used. Specifically, the use of SMOTE on the training set but keeping

the true proportion in the test set is a more controlled experiment for measuring generalization

ability. Hence, the use of stratification, balance in the training set, and dimensionality reduction

makes the model behave consistently with varying data splits.

4.3 SHAP-based Feature Importance and Risk Interpretation

Figure 4. SHAP global feature-importance ranking for the XGBoost stage.
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Figure 4 shows the SHAP-based ranking for the importance of features from the XGBoost

phase globally. Credit score is the most important feature, followed by legal compliance score,

operating margin, return on equity, and accounts receivable turnover. Several other financial,

operational, ESG, and supply chain measures also play a role in constructing the risk profile.

The SHAP analysis further indicates that an increase in debt ratio beyond approximately

0.40 is associated with increased predicted risk, while favourable ESG-related characteristics

contribute toward lower risk. Thus, Figure 4 demonstrates how SHAP converts the

feature-selection output into an interpretable representation of the factors influencing credit-risk

predictions.

4.4 Counterfactual Risk Analysis

The counterfactual approach adds to SHAP in terms of determining how changing certain

financial variables could affect the predicted outcome. In one of the example cases where there is

a high probability of defaulting, the reduction of the debt ratio from 0.72 to 0.40 is found to lower

the predicted risk of defaulting by about 23% points. Further improvement in operating margin

could also be helpful in reducing risks. This analysis makes the above model action-oriented by

correlating the output prediction to possible changes in the financial indicators under control.

The combination of feature attribution and counterfactual reasoning, the approach moves

beyond just labeling an MSME as either a Low Risk or High-Risk business. The approach

not only explains the reasons for a certain risk classification but also demonstrates how certain

financial situations might influence that risk classification.

4.5 Discussion of the Hybrid Pipeline and System Implementation

The proposed architecture, result is using for the merits of XGBoost and LSSVM in a

sequential way. Initially, the XGBoost model is used to analyze and select the most important

features among the input variables, decreasing the number of features from 19 to 15 variables.

Then, the selected features will be fed to the LSSVM model for doing the classification of risk.

The entire process is integrated within a decision support system based on the web. The

user will feed the credit data via the web, and the backend will take the record into account and

generate the risk assessment. SHAP will provide the explanation at the level of features, and

counterfactual will investigate possible alterations of financial metrics.
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5. Conclusion and Future Work

The proposed framework integrated feature selection through XGBoost, RBF-LSSVM

classification, SHAP, and counterfactual methods in an interpretable credit risk decision-making

process for MSMEs in supply chain finance. Through the use of the sequential learning approach,

this framework eliminated irrelevant feature information while still incorporating important risk

signals with financial significance, and the explainability component makes connections between

the predictions of the model and its determinants along with possible risk mitigation actions.

Integration with a Flask-based web application has made the whole process of credit evaluation,

credit reporting, and decision making more efficient for auditing purposest. Future research may

involve federated learning to create models collaboratively among financial institutions without

the need to reveal confidential data about borrowers. The risk propagation through graphs may

include interrelationships among all the supply chain members. The framework may be extended

from the binary classification problem to the multi-class strategies.
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