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Abstract

The paper examines the combination of traditional banking credit assessment techniques with con-
temporary internal sales accounting systems in Kazakhstan, aiming to augment the precision and
resilience of financial assessments pertaining to SMEs. The proposed model consists of two discrete
components: a traditional credit scoring module that employs logistic regression and a supplementary
sales analytics module that leverages ensemble machine learning methodologies - random forests and
gradient boosting algorithms. The outputs generated by these components are amalgamated through
an ensemble strategy, where optimal weighting coefficients are ascertained via cross validation. An
empirical analysis was conducted on a dataset encompassing 41,000 SME records from a prominent
Kazakhstan bank alongside daily transactional sales data from 150 SMEs gathered between the years
2021 and 2024. The integrated hybrid model demonstrated a statistically meaningful enhancement
in predictive efficacy, as evidenced by an increase in the area under the ROC curve from 0.76 to 0.87
and a decrease in mean squared error from 0.12 to 0.08 relative to the traditional methodology. The
investigation delves into the transformative influence of digitalization on innovation within SMEs,
elucidating that improved real-time data integration not only sharpens risk assessment processes but
also promotes adaptive lending strategies and operational efficiencies.

Keywords: credit scoring; data integration; digital transformation; financial technology; hybrid models;
real- time analytics; sales accounting

1. Introduction
The effectiveness of credit assessment is of paramount importance for financial stability and

economic growth. For producers and importers of goods, credit assessment plays a crucial role in
securing the capital needed for expansion, investment, and risk reduction. However, traditional credit
assessment methods often fail to provide an accurate estimation of risks, leading to financial losses for
lenders, restrictive credit conditions for borrowers, and missed opportunities for business development
[1,2]. Classic scoring models, despite their simplicity and interpretability, inadequately capture the
complex, often nonlinear, nature of borrower behavior. They are poorly adapted to dynamic financial
conditions and overlook numerous factors influencing a company’s solvency, such as supply chain
characteristics, seasonal fluctuations in demand, and foreign economic conditions. This inefficiency
is especially problematic for small and medium-sized enterprises (SMEs), which often struggle to
demonstrate a stable credit history or sufficient collateral [3].

In the domain of credit scoring, extensive research has been conducted to enhance the accuracy and
efficiency of credit evaluation models. A significant body of literature emphasizes behavioral scoring,
which has gained prominence following the global financial crisis and the subsequent Basel Committee
recommendations for banks to adopt more effective credit evaluation systems. Traditional statistical
approaches such as Linear Discriminant Analysis and Logistic Regression remain widely used; however,
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the integration of machine learning (ML) and artificial intelligence (AI) techniques—such as neural
networks, support vector machines, and random forests—has demonstrated substantial improvements in
predictive performance [4, 5]. Moreover, hybrid models that combine behavioral and credit valuation
techniques have emerged as a promising direction. For example, models utilizing neural networks and
data mining methods can effectively analyze borrower behavior based on transaction frequency, monetary
value, and recency, thereby improving risk differentiation [6].

At the same time, the landscape of financial data management has undergone a dramatic transfor-
mation, particularly affecting SMEs. The introduction and widespread adoption of advanced sales
accounting and management systems—such as Umag and Alsep—have revolutionized the way busi-
nesses capture, record, and monitor transactional data in real time. These systems provide detailed,
granular datasets that extend far beyond traditional financial indicators, encompassing operational
metrics such as daily sales volumes, inventory turnover rates, and cash flow dynamics. This evolution
not only streamlines financial processes but also enhances the ability of firms to identify seasonal
patterns and short-term fluctuations in business activity. Such capabilities enable more accurate
forecasting, better risk management, and improved financial resilience, offering a rich source of data
for modern credit assessment models. Against this backdrop, modern research highlights that credit
risk assessment remains a multifaceted challenge. While traditional models are interpretable and
regulator-friendly, they struggle to reflect nonlinear borrower behavior or adapt to rapidly changing
market conditions [7]. This limitation is particularly severe for manufacturers and importers, whose
financial reliability often depends on external factors—trade flows, supply chain disruptions, and
global market volatility—that conventional scoring systems fail to capture. Consequently, many
enterprises encounter significant barriers to financing, limiting their ability to scale operations and
contribute to broader economic development [8].

To overcome these shortcomings, scholars increasingly explore the integration of machine learning,
explainable artificial intelligence (XAI), and reinforcement learning (RL) within predictive modeling
frameworks [9]. ML and AI algorithms can uncover complex dependencies in borrower data, achieving
superior predictive accuracy, while XAI techniques enhance transparency and accountability. Mean-
while, reinforcement learning introduces dynamic optimization, enabling lending policies to evolve
based on real-world repayment outcomes. By rewarding desired borrower behaviors, RL systems can
refine credit allocation strategies over time, which is particularly relevant in volatile sectors such as
trade finance. Studies demonstrate that combining RL with predictive modeling forms a foundation
for intelligent credit scoring platforms tailored to the needs of producers and importers within the
context of Industry 4.0 [10].

Despite significant progress, several critical questions remain open: how to balance the accuracy
of ML models with the transparency required for regulatory and practical adoption; how to adapt
RL mechanisms to the requirements of credit underwriting; and what architectural solutions are
most suitable for building flexible, scalable platforms designed for SMEs operating in high-risk
industries such as import and manufacturing. Therefore, the development of an intelligent small
business lending system that integrates reinforcement learning and predictive modeling represents
a relevant and timely research direction. The focus on small businesses is motivated by their high
level of informational uncertainty and limited access to banking resources. Unlike larger firms, SMEs
often lack comprehensive financial statements or a stable credit history, reducing the effectiveness of
traditional scoring models. In this context, intelligent data analysis and self-learning algorithms can
significantly improve the accuracy and objectivity of creditworthiness assessment, thereby promoting
inclusive and sustainable financial development.

2. Literature Review
The importance of credit scoring in modern financial transactions is widely recognized, particu-

larly for small and medium-sized enterprises (SMEs). In recent years, credit scoring systems based on
machine learning (ML) and artificial intelligence (AI) methods have emerged as cutting-edge tools
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for increasing credit availability and improving risk assessment. This is particularly relevant for
countries like Kazakhstan, where SMEs play a key role in economic development [11]. Recent research
demonstrates the high effectiveness of ML algorithms, including XGBoost and LightGBM, in building
robust and accurate credit scoring models. These models use alternative data sources to predict default
probabilities, improving the accuracy of lending decisions and reducing default rates [12].

Empirical studies confirm the successful implementation of complex credit scoring models in
various contexts. For example, the use of neural networks and support vector machines has improved
the accuracy of credit risk assessment, indicating significant potential for integrating innovative meth-
ods into banking practices [13]. However, despite technological advances, small and medium-sized
businesses in Kazakhstan continue to face barriers to obtaining loans due to information asymmetry,
insufficient data transparency, and limited digitalization [14,15].

The multi-criteria credit scoring model proposed by Roy and Shaw [15] uses a hybrid best-worst
method (BWM) and the TOPSIS method, which allows for the consideration of multiple factors, from
credit history to cash flow liquidity. The results showed that traditional commercial models are not
always adapted to the unstructured data typical of SMEs. In a similar vein, Zhang et al.[16] developed
a neural network-based credit risk assessment model for micro, small, and medium-sized enterprises
(MSMEs), which addresses the problem of information asymmetry and adapts to market conditions.

Current research in Kazakhstan, particularly the work of Tyumambayeva and Abdeshova [14],
reveals persistent structural problems in bank lending to SMEs, despite government support measures
(tax incentives, interest rate subsidies, etc.). The authors emphasize that access to credit remains limited,
and the existing lending system requires modernization to improve the effectiveness of enterprise
creditworthiness assessment.

In parallel, the implementation of sales accounting systems and accounting information systems
(AIS) as a means of increasing financial transparency is being explored. Kahyani et al. [17] showed that
the integration of automated accounting systems contributes to improved financial management, but
the application of AI and credit scoring in the context of SMEs in Kazakhstan remains understudied.

Recent research highlights that the use of AI methods in sales accounting and credit scoring
systems can significantly improve the operational efficiency and sustainability of businesses. Predic-
tive analytics and personalized AI-based solutions have already demonstrated a positive impact on
customer experience and sales effectiveness [18].

Despite the advantages of machine learning and reinforcement learning for forecasting, their
practical implementation in the financial sector is limited by transparency and regulatory compliance
requirements. The paper [19] examines the issues of testability and explainability of ML-based credit
scoring models. While modern algorithms provide high forecasting accuracy, they often function as
"black boxes," which hinders their application in highly regulated environments. Researchers note the
need to develop explainable and testable models, particularly in the banking sector, where decisions
directly impact clients’ access to financing.

The challenges of balancing accuracy and interpretability, as well as the high computational cost
of explainable algorithms, remain unresolved. This is due to both the technical limitations of existing
approaches and the heterogeneity of the data used in credit scoring systems. A promising direction
is the development of hybrid systems that combine the predictive power of complex models with
ex post facto explanation tools. Table 1 provides a systematic overview of key studies reflecting the
evolution of credit scoring approaches—from traditional statistical models to modern machine learning
algorithms and explainable AI. Early work [2], [1] focused on interpretable statistical methods such as
logistic regression and discriminant analysis, which provided transparency but suffered from limited
adaptability and low predictive power. Subsequent studies [4], [5] demonstrated the advantages of
ensemble and nonlinear models, which can significantly improve forecasting accuracy. However, high
accuracy was accompanied by decreased explainability and increased computational costs.

Modern approaches [9] focus on developing explainable machine learning (XAI) concepts and
integrating ex post facto explanation tools, which provides a basis for balancing interpretability and

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 November 2025 doi:10.20944/preprints202511.1621.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.1621.v1
http://creativecommons.org/licenses/by/4.0/


4 of 14

accuracy. Thus, the analysis of the table confirms the need to develop hybrid, explainable, and adaptive
models capable of meeting both regulatory requirements and the practical needs of credit institutions.
However, as shown in Table 1, most existing studies focus on improving forecast accuracy, ignoring
the aspects of data diversity, adaptability and real-time learning.

Table 1. Comparative analysis of existing studies of creditworthiness assessment methods.

Authors (year) Methods/Models Object of study Key contribu-
tions/Results

Restrictions/Gaps
in research

DJ Hand and W. E.
Henley (1997) [2]

Methods of
statistical

classification
(discriminant

analysis, logistic
regression)

Consumer credit
scoring

A classic review
summarizing early

statistical
approaches

No machine
learning is used;
static models are
data-dependent

J. Bastos (2009) [3]

Loss Given Default
(LGD) Prediction

Based on
Regression

Bank loan
portfolios

Quantitative Loss
Given Default
(LGD) Model

Narrow focus
(default loss only);
no behavioral or

adaptive modeling

A. Khandani, A.
Kim, and A. Lo

(2010) [8]

Machine learning
(SVM, RF, boosting

)

Consumer lending
risk

Innovative
application of

machine learning
to predict credit

risk

Does not address
transparency or

regulatory
compliance

Table 1. Comparative analysis of existing studies of creditworthiness assessment methods.

Authors (year) Methods/Models Object of study Key contribu-
tions/Results

Restrictions/Gaps
in research

O.M. Soloshenko
(2015) [10]

K-Plus Nearest
Neighbor (K+NN) Consumer loan

Improved
adaptation of KNN
to evaluation tasks

High
computational

complexity; lack of
interpretability

S. Lessmann et al.
(2015) [4]

Comparative
analysis of machine
learning algorithms

(support vector
machines, random

forests, neural
networks)

Credit scoring
datasets

Demonstrated
superiority of ML

methods over
classical statistical

models

High accuracy but
limited

interpretability and
adaptability

R. Florez and J.
Ramon (2015) [5]

Ensemble learning
(correlated-

corrected decision
forest)

Credit risk
assessment

Improved balance
between accuracy

and interpretability

Still static; no
self-learning or

real-time
adjustments

N. Siddiqui (2017)
[1]

Development of
traditional

statistical indicator
systems; logistic

regression; expert
systems

Consumer and
retail credit

A comprehensive
methodology for

constructing
interpretable

scorecards used in
banking practice

Limited
adaptability and

automation; lack of
machine learning

and dynamic
learning

M. Bücker et al.
(2020) [9]

Explainable
Machine Learning

(XAI,
SHAP/LIME)

Credit scoring
models

Focus on
transparency,

verifiability and
explainability

Trade-off between
accuracy and

interpretability;
lack of adaptability

W. Byun et al.
(2023) [19]

Practical
Application of

Deep
Reinforcement

Learning to
Optimal Trade

Execution

Optimally execute
large stock orders
over varying time

horizons in realistic
market conditions

PPO-LSTM-based
deep reinforcement

learning model

Lack of
stress-scenario

evaluation
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Thus, the identified gaps confirm the need to develop a scalable, explainable, and integrated
credit scoring system adapted to the conditions of the Kazakhstani financial market. This will not
only increase confidence in credit analysis models but also expand SME access to financial resources,
contributing to the country’s sustainable economic development.

3. Materials and Methods
3.1. Traditional Credit Scoring Module

The Traditional Credit Scoring Module is meticulously crafted to evaluate and interpret conven-
tional financial metrics that have long been integral to the assessment of credit risk. This module
employs logistic regression, a robust and widely respected statistical technique for binary classification,
to estimate the probability of default or financial distress based on a comprehensive analysis of histori-
cal credit data. At the core of this model are several critical predictor variables that act as indicators of
an enterprise’s financial stability and creditworthiness. These variables include Credit History Score,
Annual Revenue and Collateral Value.

Credit History Score metric provides a quantitative evaluation of an enterprise’s historical borrow-
ing behavior. It encompasses a range of factors, such as instances of previous defaults, the timeliness
of repayments, and an overall assessment of creditworthiness. A higher credit history score typically
reflects a responsible borrowing pattern and a lower likelihood of future defaults.

Serving as a proxy for the size and financial strength of the enterprise, annual revenue is a
fundamental determinant of its ability to meet debt obligations. Higher revenue figures suggest greater
financial capacity to service debt, thereby enhancing the enterprise’s credit profile.

Collateral Value variable represents the estimated worth of assets pledged as security for loans.
By providing collateral, enterprises offer lenders an additional layer of protection against potential
defaults. The greater the collateral value, the more secure lenders feel, which can positively influence
credit decisions.

The statistical significance of each predictor variable is rigorously evaluated through hypothesis
testing, alongside comprehensive measures of goodness-of-fit, which collectively ensure the model’s
reliability and predictive accuracy. This thorough analytical approach underscores the importance of
data-driven decision-making in the realm of credit risk assessment.

3.2. Internal Sales Analytics Module

The Internal Sales Analytics Module is a sophisticated tool meticulously designed to enhance
the operational effectiveness of small and medium-sized enterprises (SMEs) by providing real-time
insights derived from comprehensive sales and transactional datasets. This module harnesses the
power of advanced machine learning algorithms, particularly random forests and gradient boosting,
to uncover complex, non-linear relationships within the data that traditional analytical methods may
overlook. At the core of the module’s functionality are key variables extracted from the internal sales
dataset, which include Daily Sales Volumes, Seasonal Indices and Real-Time Cash Flow Trends.

Daily Sales Volumes. This high-frequency metric serves as a critical indicator of daily revenue
generation and the overall operational activities of the SME. By analyzing daily sales, businesses can
identify trends, assess performance fluctuations, and make informed decisions to optimize their sales
strategies.

Seasonal Indices. These quantitative constructs are essential for capturing periodic variations in
sales, allowing businesses to understand and anticipate seasonal patterns and cyclicality in their rev-
enue streams. By recognizing these trends, SMEs can strategically align their inventory management,
marketing efforts, and resource allocation to maximize profitability during peak periods.

Real-Time Cash Flow Trends. Continuous monitoring of cash inflows and outflows provides
invaluable insights into the liquidity position and operational efficiency of the enterprise. This real-time
analysis enables SMEs to make proactive financial decisions, ensuring they maintain sufficient cash
reserves to meet operational needs and capitalize on growth opportunities.
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To achieve optimal performance, the machine learning algorithms integrated within this module
undergo rigorous refinement through grid search and cross validation techniques. These method-
ologies ensure precise parameter estimation and significantly reduce the risk of overfitting, thereby
enhancing the reliability of the predictive models. The culmination of this analytical process is a
dynamically computed risk score that encapsulates the current financial performance and operational
trends of the SME. This innovative output serves as a timely enhancement to the static characteristics
of traditional credit scoring systems, providing businesses with a more nuanced understanding of their
financial health and enabling them to make data-driven decisions that foster growth and sustainability.

3.3. Ensemble Integration

The concluding phase of the hybrid model represents a sophisticated integration of outputs
generated from both the Traditional Credit Scoring Module and the Internal Sales Analytics Module,
achieved through the application of advanced ensemble methodologies. This ensemble integration
is carried out using a weighted aggregation technique, which allows for the determination of a
comprehensive risk score as a convex combination of two distinct components: the credit-based risk
score (Rc) and the sales-based risk score (Rs).

The formula for the total risk score is:

Rtotal = wc · Rc + ws · Rs, (1)

where
Rtotal is the final comprehensive risk score;
Rc is the credit-based risk score;
Rs is the sales-based risk score;
wc is the weight assigned to the credit-based risk score;
ws is the weight assigned to the sales-based risk score.

For this aggregation to be a convex combination, the weights must satisfy:

wc ≥ 0, ws ≥ 0, wc + ws = 1. (2)

The primary objective of this procedure is to identify the optimal weighting that minimizes
prediction error, which is quantitatively assessed using metrics such as the Mean Squared Error (MSE)
and the Area Under the Receiver Operating Characteristic (ROC) Curve (AUC-ROC). The ensemble
strategy harnesses the strengths of both modules: the traditional credit scoring technique, which
offers stability and valuable historical insights, and the sales analytics module, which provides agility
and real-time relevance. Such a dual-faceted approach ensures that the final risk score is not only
robust but also reflective of contemporary market dynamics. The integration process is visually
elucidated in Figure 1, which illustrates the sequential data flow from initial collection through the
distinct processing phases of each module, culminating in the ensemble integration that yields the
final comprehensive risk score.
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Figure 1. Diagram of the Hybrid Model Integration Process.

By synthesizing these complementary methodologies, the hybrid model establishes a more
nuanced and precise risk assessment framework, specifically designed for Small and Medium-sized
Enterprises (SMEs) operating within volatile and seasonal markets. This integrative approach signifies
a substantial advancement over conventional credit scoring techniques, as it not only enhances
predictive performance but also provides critical operational insights. These insights are essential for
developing dynamic lending strategies, particularly in emerging economies where market conditions
can fluctuate significantly. The hybrid model’s innovative framework represents a paradigm shift
in risk assessment methodologies, combining traditional and contemporary analytical techniques to
deliver superior predictive capabilities and actionable insights that are crucial for informed decision-
making in the lending landscape. The following sections will delve deeper into the experimental setup
and results, articulated in a fully academic and scientific style, to further elucidate the efficacy and
implications of this advanced risk assessment model.

4. Experiments and Results
4.1. Data Sample and Preparation

To methodically evaluate the effectiveness of the proposed hybrid model for credit risk assessment,
we meticulously curated a comprehensive dataset that integrates traditional banking credit information
with internal sales transaction records. This dataset comprises 41,000 entries from small and medium-
sized enterprises (SMEs) spanning the years 2021 to 2024. The banking data captures a wealth of
information, including detailed credit histories, repayment behaviors, collateral evaluations, and
annual revenue figures. These variables are essential for constructing a robust historical profile of
financial performance and creditworthiness, forming the foundation of established credit scoring
methodologies. In parallel to the banking data, we collected daily transaction records from 150 SMEs
that employ advanced digital sales accounting systems, such as Umag and Alsep, throughout the same
period. This sales data is particularly rich and granular, encompassing operational metrics such as daily
sales volumes, inventory turnover rates, seasonal variations, and real-time cash flow dynamics. Each
SME contributes multiple records, and the mapping was established via unique SME’s identifiers in the
dataset. These high- frequency data points are invaluable for understanding the dynamic operational
behavior of SMEs, especially in environments characterized by significant seasonal fluctuations. To
ensure the integrity and compatibility of our integrated dataset, we undertook rigorous data cleaning
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procedures. In our model, we aggregated raw sales transactions into meaningful time windows to
reduce noise and ensure alignment with credit events.

4.2. Experimental Setup

The experimental configuration was designed with meticulous attention to detail, aiming to
conduct a thorough and exhaustive evaluation of the efficacy of both the discrete model components
and the integrated hybrid model. To achieve this, the complete dataset was systematically partitioned
into two distinct subsets: a training set comprising 70% of the total observations and a testing set that
accounted for the remaining 30%. This stratified division was strategically implemented to ensure
that the distribution of critical variables was preserved across both segments, thereby enhancing the
reliability and validity of the subsequent model assessments. During the training phase, a conventional
credit scoring model was developed using logistic regression, a statistical method well-suited for
binary classification tasks. This model was specifically tailored to the financial institution’s credit data,
enabling it to estimate the probability of default. Key predictor variables were meticulously selected
and included factors such as credit history scores, annual income, and collateral valuation, each of
which plays a significant role in determining an individual’s creditworthiness. In parallel, an internal
sales analytics module was constructed utilizing advanced ensemble machine learning techniques,
notably Random Forests and Gradient Boosting. These methodologies were carefully chosen for their
ability to capture complex patterns in the data. The models were trained on a high-frequency sales
dataset, and hyperparameter optimization was rigorously performed through grid search combined
with extensive cross validation. Once the individual modules were independently developed, an
ensemble integration methodology was employed to combine their outputs into a cohesive framework.
This integration was executed through a weighted aggregation technique, where the final risk score
was computed as a convex combination of the traditional credit-based risk score and the sales-based
risk score. The weighting parameter, which signifies the relative contribution of each module to the
overall score, was meticulously determined through rigorous cross validation on the training set. This
ensured that the ensemble model achieved maximal predictive accuracy.

The experimental protocol was structured around a series of sequential procedures, each designed
to build upon the previous step:

1. Data Collection and Data Pre-processing. These steps took 80% overall methodology.
2. Training of the Traditional Model. Logistic regression was applied to the bank’s credit data to

establish baseline risk scores, serving as a foundation for comparison.
3. Development of the Sales Analytics Module. Advanced machine learning techniques, specifically

random forests and gradient boosting, were utilized to extract meaningful predictive features
from the sales data, thereby enhancing the model’s robustness.

4. Ensemble Integration. The outputs from the traditional credit scoring model and the sales
analytics module were integrated using a weighted ensemble approach, allowing for a more
comprehensive risk assessment.

5. Evaluation. The performance of both the individual models and the integrated hybrid model
was rigorously evaluated on the testing set using a comprehensive suite of performance metrics,
ensuring a thorough understanding of each model’s effectiveness.

This methodological framework was meticulously crafted to ensure that both historical and
real-time data are synergistically leveraged, ultimately enhancing the precision and reliability of credit
risk evaluations.

4.3. Performance Metrics

To thoroughly evaluate the predictive efficacy of our models, we employed critical metrics that
provide a comprehensive assessment of classification performance. These metrics include Area Under
the Curve (AUC), Accuracy, Sensitivity, Specificity, and Mean Squared Error (MSE). The AUC of the
Receiver Operating Characteristic (ROC) curve is a vital metric that reflects the model’s ability to
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effectively differentiate between positive and negative classes. A higher AUC value indicates superior
model performance, suggesting that the model is adept at correctly identifying true positives while
minimizing false positives. Accuracy measures the proportion of correct predictions made by the
model across all classes. Sensitivity, or the true positive rate, assesses the model’s ability to correctly
identify positive instances, while specificity, or the true negative rate, evaluates its competency in
recognizing negative instances. For continuous risk score predictions, the Mean Squared Error serves
as a key indicator of model accuracy. It quantifies the average of the squares of the errors—that is, the
average squared difference between the predicted risk scores and the actual outcomes. A lower MSE
signifies that the model’s predictions are closely aligned with the true values, indicating a higher level
of precision in its forecasting capabilities.

4.4. Results

In this segment, we offer an exhaustive synthesis of the descriptive statistics pertaining to the two
principal data sources employed in our research. Table 2 delivers an all-encompassing depiction of
essential variables derived from both the banking credit dataset and the internal sales dataset.

The empirical analysis of bank credit data, encompassing 41,000 records from small and medium-
sized enterprises (SMEs), reveals a mean credit score of 650 accompanied by a standard deviation of
45, signifying a notably stable credit performance across the selected enterprises. The mean annual
revenue for these entities approximates 210 (±45) million tenge, whereas the average collateral values
are estimated to be around 126 million tenge. Understanding these patterns not only enhances the
accuracy of risk assessments but also empowers financial institutions to tailor their lending strategies,
ultimately fostering a more resilient ecosystem for small and medium enterprises. The seasonality
index, presenting a mean of 1.5 and a standard deviation of 0.3, encapsulates the intrinsic seasonal
variances in sales - an essential element that conventional credit scoring models frequently neglect.

Table 2. Descriptive Statistics for Credit and Sales Data (in million tenge).

Variable Credit Data Sales Data

Mean Credit Score 650 ± 45 -
Mean Annual Revenue 210 ±45 218 ±49

Average Daily Sales Volume - 150 ±20
Seasonality Index - 1.5 ±0.3
Collateral Value 126 ±21 -

The evaluative analysis of the predictive efficacy of the discrete modules alongside the amal-
gamated hybrid model was conducted utilizing the designated testing set. Figure 2 illustrates the
Receiver Operating Characteristic (ROC) curves corresponding to both the conventional credit scoring
framework and the amalgamated hybrid model. The ROC curve associated with the hybrid model
signifies a considerable enhancement in discriminative capability, attaining an Area Under the Curve
(AUC) of 0.87 in contrast to an AUC of 0.76 for the traditional framework. The hybrid model not only
improves predictive accuracy but also enhances decision-making processes for lenders and financial
institutions when assessing creditworthiness in SMEs.

Table 3 offers a detailed comparative analysis of the key performance metrics for both models.

Table 3. Model Performance Metrics.

Metric Traditional Model Hybrid Model

AUC 0.76 0.87
Accuracy% 0.78 0.85

Mean Squared Error (MSE) 0.12 0.08
Sensitivity 0.75 0.83
Specificity 0.80 0.87
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Figure 2. ROC Curves for Traditional vs. Hybrid Model.

The hybrid model represents a significant advancement in the realm of credit risk assessment,
achieving an impressive overall accuracy rate of 85%. This figure stands in stark contrast to the
78% accuracy rate recorded by traditional models, underscoring the hybrid approach’s superior
performance. Furthermore, the model exhibits notable enhancements in both sensitivity and specificity,
with sensitivity increasing to 83% from the previous 75% and specificity rising to 87% compared to the
conventional model’s 80%. These improvements are not merely incremental; they are indicative of a
more robust analytical framework. The reduction in the Mean Squared Error (MSE) from 0.12 to 0.08
serves as a quantitative testament to the hybrid model’s precision in predicting risk scores. A lower
MSE signifies that the model’s predictions are closer to the actual outcomes, thereby enhancing the
reliability of the risk assessments it generates. The compelling findings of this study provide substantial
evidence that the integration of real-time internal sales data with traditional credit information can
significantly improve the effectiveness of credit risk evaluations. By leveraging both historical financial
indicators and current operational trends, the hybrid model offers a nuanced and comprehensive view
of the creditworthiness of small and medium-sized enterprises (SMEs). This dual approach allows for
a more sophisticated analysis that takes into account the dynamic nature of business operations, which
is particularly crucial in the rapidly evolving economic landscape of emerging markets.

5. Discussion
5.1. Integration Benefits

The findings of this investigation provide a thorough and nuanced understanding of how the
integration of real-time internal sales metrics with established credit scoring frameworks can signif-
icantly enhance the accuracy and comprehensiveness of credit risk evaluations. The hybrid model
developed in this study leverages the combined strengths of both historical financial data and real-time
operational insights, resulting in a more sophisticated and flexible paradigm for assessing credit risk.
By incorporating real-time sales information, this model enables financial institutions to achieve a
finer level of risk differentiation. This is particularly important as it equips lenders with the tools
necessary to discern between temporary cash flow disruptions and more persistent financial challenges
that could adversely affect long-term viability. Such a capability is crucial in environments like those
faced by small and medium-sized enterprises (SMEs) in Kazakhstan, where seasonal fluctuations and
informal financial practices can obscure the true risk profile of a business. In this context, the ability to
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analyze real-time sales data allows financial institutions to make more informed lending decisions,
ultimately leading to better risk management and reduced default rates. The study underscores the
importance of adapting credit evaluation methods to reflect the dynamic nature of business operations,
particularly in emerging markets where traditional metrics may fall short. This innovative approach
not only enhances the precision of credit assessments but also fosters greater financial inclusion by
enabling SMEs to access the funding they need to thrive, even amidst economic uncertainties. The
hybrid model’s dynamic adjustment mechanism plays a pivotal role in the continuous enhancement of
risk evaluations. By incorporating a wide array of operational data - ranging from daily sales figures
and seasonal fluctuations to real-time cash flow trends - the model adapts and evolves in alignment
with the shifting landscapes of business environments. This inherent adaptability not only significantly
improves the accuracy of predictions but also empowers the model to identify early warning signs
that could indicate potential declines in a borrower’s creditworthiness. The outputs generated by this
advanced model are characterized by a notably higher area under the Receiver Operating Character-
istic (ROC) curve (AUC) and a reduced mean squared error (MSE). These metrics provide lenders
with a sophisticated tool for effectively distinguishing between high-risk and low-risk borrowers,
thereby enabling more informed credit decisions and flexible pricing strategies. The integration of
diverse data sources within the hybrid framework fosters increased confidence among lenders, as the
accuracy of the risk scores produced enhances the robustness of risk management protocols. This, in
turn, leads to more optimal capital allocation and a reduction in default rates. Furthermore, the model
affords lenders a comprehensive view of a small and medium-sized enterprise’s operational efficiency
and historical credit behavior. This holistic approach is particularly beneficial in emerging markets,
where traditional credit indicators often fall short in providing a complete picture of a borrower’s
financial health. The empirical evidence presented in this study underscores the model’s exceptional
discriminative power and predictive reliability, which can significantly bolster the resilience of lending
portfolios. Ultimately, this contributes to the establishment of a more stable and sustainable financial
ecosystem, fostering greater economic growth and stability.

5.2. Broader Implications

The findings of this investigation extend far beyond the confines of the Kazakhstan market, offer-
ing valuable insights applicable to a variety of emerging economies. The demonstrated effectiveness
of the integration approach underscores the potential for similar hybrid models to be successfully
adopted in other developing markets that are characterized by economic volatility and a significant
reliance on informal financial practices. In these contexts, traditional credit data often fall short of
capturing the full spectrum of an enterprise’s operational intricacies. By leveraging real-time data,
financial institutions can significantly enhance the accuracy of their risk assessments, leading to more
informed decision-making. In light of these insights, financial institutions operating in such dynamic
environments are encouraged to consider the implementation of hybrid models to improve their credit
risk evaluation processes. By integrating comprehensive operational data into their risk assessment
frameworks, banks can not only strengthen their ability to predict defaults but also design lending
solutions that are more tailored and responsive to the unique needs of borrowers. This strategic shift
has the potential to reduce default rates and enhance the overall quality of credit offerings. Moreover,
the adoption of integrative models can facilitate the development of dynamic pricing strategies that
align more closely with the real-time performance metrics of small and medium-sized enterprises
(SMEs). This alignment allows for the optimization of interest rates and loan terms based on current
market conditions, thereby fostering a more responsive and equitable lending environment. Ultimately,
the implications of this research suggest a transformative approach to credit risk management that
could significantly benefit both financial institutions and their clients in emerging markets. The impli-
cations of adopting integrative lending methodologies extend far beyond their immediate application,
significantly influencing macroeconomic stability and promoting financial inclusiveness across diverse
sectors. By leveraging hybrid paradigms that enhance the accuracy of risk assessments, financial
institutions can optimize the allocation of credit throughout the economic landscape. This strategic
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distribution of resources is particularly vital for small and medium-sized enterprises (SMEs), which
play a crucial role in driving economic growth and fostering innovation. The refined risk assessment
framework not only improves the precision with which lenders evaluate potential borrowers but also
empowers SMEs to access the capital necessary for expansion and development. As these enterprises
flourish, they contribute to job creation, technological advancement, and overall economic dynamism,
underscoring their importance as a cornerstone of sustainable economic progress. Moreover, this so-
phisticated approach to risk evaluation can serve as a catalyst for the development of robust regulatory
frameworks and best practices that prioritize transparency and resilience within credit markets. Such
frameworks are especially critical in regions marked by economic volatility, where traditional lending
practices may fall short. By establishing guidelines that encourage responsible lending and informed
decision-making, stakeholders can foster a more stable financial environment, ultimately enhancing
trust and participation in the credit market. This comprehensive strategy not only mitigates risks but
also cultivates a more inclusive financial ecosystem, ensuring that diverse economic actors can thrive
in an increasingly interconnected world.

5.3. Digitalization and Innovation Impacts

The integration of internal sales accounting frameworks with traditional credit scoring method-
ologies represents not just a slight improvement in operational efficiency; it signifies a profound
and transformative shift in how financial risk is conceptualized and quantified in today’s rapidly
evolving digital environment. This transformation is emblematic of a broader trend of digitalization
that is fundamentally reshaping business operations and financial governance practices across the
globe. As highlighted by Opoku and Aribigbola [20], the extent to which small and medium-sized
enterprises (SMEs) embrace digitalization has a significant impact on their capacity for both product
and process innovations. Their research reveals that SMEs operating within sectors that are digitally
advanced experience markedly greater benefits from the process of digital transformation compared to
those entrenched in more traditional industries. This disparity underscores the critical importance of
digital adoption in fostering competitive advantages, enhancing operational capabilities, and driving
innovation in an increasingly interconnected marketplace. The implications of this shift are vast,
suggesting that organizations that fail to adapt to the digital landscape risk being left behind, while
those that leverage these advancements can unlock new opportunities for growth and efficiency.
Thus, the amalgamation of these frameworks is not merely a technical enhancement; it is a strategic
imperative that redefines the very essence of financial management and risk assessment in the modern
age. Engagement in digital value chains has been shown to significantly foster process innovations
by creating enhanced opportunities for operational improvements and efficiency optimizations. This
is particularly relevant in today’s fast-paced business environment, where agility and adaptability
are paramount. For instance, the integration of sophisticated sales accounting systems generates
real-time data that equips small and medium-sized enterprises (SMEs) with the tools necessary to
continuously monitor key performance indicators. This capability allows these organizations to make
rapid adjustments in response to dynamic market conditions, thus maintaining a competitive edge.
Furthermore, research indicates that organizations with a higher proportion of employees possessing
graduate degrees tend to reap more substantial benefits from digitalization. This correlation can
be attributed to the fact that these individuals are typically more skilled in leveraging advanced
digital tools and interpreting complex data analytics. Their proficiency enables them to harness the
full potential of digital technologies, driving innovation and improving decision-making processes
within the organization. In addition, SMEs that are engaged in international markets and operate
in a globalized economic landscape demonstrate a stronger relationship between digitalization and
innovation. These enterprises benefit from their exposure to diverse market environments and best
practices from around the world. This cross-border engagement not only broadens their understanding
of various consumer behaviors but also inspires the adoption of innovative approaches and solutions
that can be tailored to meet the needs of different markets. Consequently, the interplay between digital
transformation and innovation becomes a critical driver of success for these globally active SMEs,
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positioning them to capitalize on emerging opportunities and navigate the complexities of the modern
economy with greater efficacy. Moreover, government-sponsored initiatives designed to promote
digitalization have proven to be instrumental in strengthening the connection between digital transfor-
mation and innovation outcomes. These programs provide critical infrastructural support, which is
essential for small and medium-sized enterprises (SMEs) seeking to modernize their operations. By
incentivizing SMEs to adopt advanced digital tools and technologies, these initiatives significantly
enhance their operational efficiency and bolster their competitive positioning in the marketplace. The
implications of these findings are substantial and far-reaching. The integration of digital tools into
traditional financial frameworks not only improves the accuracy and effectiveness of risk assessment
but also serves as a catalyst for continuous innovation within SMEs. This dual benefit underscores the
urgency of embracing digital transformation as a strategic priority. By doing so, SMEs can not only
thrive in a rapidly evolving economic landscape but also contribute to sustained economic growth
and resilience in emerging markets. In essence, the role of digital transformation transcends mere
technological adoption; it is a vital component for fostering a culture of innovation that can drive
long-term economic sustainability. As SMEs leverage digitalization, they position themselves not just
to survive but to flourish, ultimately shaping the future economic landscape of their respective regions.

6. Conclusion
In conclusion, this investigation offers compelling evidence that the integration of traditional bank-

ing credit scoring methodologies with internal sales accounting frameworks significantly enhances the
accuracy and responsiveness of credit risk assessments for small and medium-sized enterprises (SMEs)
in Kazakhstan. The proposed hybrid model effectively captures both the historical financial stability
and the dynamic operational performance of SMEs, thereby facilitating a more comprehensive and
timely evaluation of credit risk. The empirical findings reveal notable improvements in key predictive
performance metrics. Specifically, there is a marked increase in the area under the receiver operating
characteristic curve (AUC), which signifies enhanced model discrimination between creditworthy and
non- creditworthy borrowers. Additionally, there is a substan- tial reduction in the mean squared error
(MSE) related to risk score predictions, indicating that the model generates more precise forecasts of
credit risk. This dual approach not only strengthens the reliability of credit evaluations but also equips
financial institutions with the necessary tools to better support the growth and sustainability of SMEs
in the region.

The hybrid model serves as a pivotal advancement in the methodological framework for credit
risk assessment, offering profound implications for financial institutions navigating the complexities of
modern markets. As digital transformation continues to reshape the landscape of emerging economies,
the adoption of innovative methodologies—such as the one articulated in this discussion—becomes
increasingly vital. This approach not only enhances access to financing for small and medium-sized
enterprises (SMEs) but also plays a crucial role in reducing default rates and fostering a more resilient
financial ecosystem. The integration of digital tools into credit scoring methodologies acts as a powerful
catalyst for widespread digital transformation within SMEs.
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