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Abstract

The integration of machine learning (ML) techniques with traditional statistical models in financial planning
constitutes a transformative approach for enhancing decision-making processes in corporate finance. This article aims to
examine how the combined application of these methodologies can improve forecasting accuracy, risk assessment, and
strategic planning by leveraging the interpretability of conventional statistical methods alongside the adaptive capabilities of
ML algorithms. Through a comprehensive theoretical and conceptual analysis, the study reviews existing literature on key
modeling approaches, including regression analysis, time series forecasting, neural networks, and ensemble methods. A
comparative evaluation of model performance is conducted to assess their relative strengths, limitations, and
complementarities. The findings indicate that hybrid models deliver more reliable and stable forecasts, enabling firms to
anticipate market fluctuations, optimize resource allocation, and mitigate financial risks. The study also addresses practical
implementation challenges, encompassing data quality, model interpretability, computational complexity, and ethical
considerations, and proposes recommendations for effective integration. Overall, the research demonstrates that the synergy
between machine learning and statistical modeling constitutes a significant advancement in financial analytics, supporting
more informed decision-making, enhancing operational efficiency, and improving overall corporate financial performance.
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Introduction

Relevance of the topic. In the contemporary economic environment, which is both volatile and
data-rich, the integration of machine learning (ML) with traditional statistical models is imperative for
effective financial planning. This pressure is further amplified by increasing regulatory requirements
and growing stakeholder expectations for data-driven decision-making. In the contemporary business
environment, corporations are subject to mounting pressure to enhance their forecasting accuracy,
optimize their resource utilization, and mitigate potential risks, in order to maintain their competitive
advantage. The value of traditional statistical methods lies in their interpretability; however, they
frequently encounter difficulties when confronted with complex, non-linear, and high-dimensional data.
Machine learning (ML) algorithms have been developed to address these complexities; however, they
are frequently criticized as 'black boxes' that limit transparency. This engenders a pivotal challenge:
namely, how to leverage the predictive capabilities of machine learning (ML) without compromising the
rigor and interpretability of statistical methods. Consequently, research on hybrid models that combine
the strengths of both approaches is highly relevant, as it meets the industry's need for reliable and
practical analytical tools that support corporate performance and strategic resilience.

Research problem. This article analyses the problem of integrating machine learning (ML)
techniques with traditional statistical models to enhance decision-making in corporate financial
planning. It examines the comparative advantages and limitations of both approaches, evaluates the
capacity of hybrid models to improve forecasting accuracy and risk assessment, and investigates the
critical implementation challenges, including interpretability, data quality, and ethical considerations.

Subject matter of the research — The subject of this research is the integration of machine
learning techniques with traditional statistical models in corporate financial planning, with a focus on its
impact on forecasting accuracy, risk assessment, and the practical challenges of implementation.

Research aim — This article aims to examine how the integration of machine learning techniques
with traditional statistical models can improve financial forecasting, risk management, and strategic
decision-making in corporate finance.
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Research objectives:
1. To compare traditional statistical and machine learning models in financial forecasting and risk
assessment.
2. To evaluate the performance of hybrid models in improving predictive accuracy and
interpretability.
3. To identify key implementation challenges and suggest ways to address them.
Research methods: comprehensive review of scientific literature on machine learning and
statistical modeling in finance; comparative analysis of model performance; conceptual synthesis of
hybrid methodologies.

1. Theoretical Foundations of Machine Learning and Statistical Modeling in Finance

The scientific discourse within the domain of predictive modelling of corporate finance is
distinguished by a high degree of methodological heterogeneity and a perpetual evolution of research
methodologies. The theoretical basis has been formed in stages, beginning with classical econometric
models and progressing to modern complex systems that integrate artificial intelligence methods. The
methodological apparatus of modern research combines quantitative and qualitative methods of analysis,
including regression analysis, machine learning, network analysis, and natural language processing. The
importance of comparative studies lies in their ability to reveal the advantages and limitations of different
approaches in specific financial contexts. The rapid growth of computing power and data availability
has led to the rise of hybrid models that combine the precision of traditional statistics with the predictive
strength of machine learning methods in different fields (Singh, et al, 2024; Meng, et al., 2024; Sun &
Li, 2024) with special attention to modelling aspects and forecasting issues.

Predictive modeling in corporate finance represents a crucial tool for forecasting financial
performance, supporting strategic decision-making, and enhancing profitability. Contemporary
approaches encompass statistical methods, machine learning, and artificial intelligence techniques
employed in developing accurate predictive models.

Traditional statistical methods have been conventionally utilized for financial performance
forecasting, yet they frequently fail to capture complex relationships and qualitative information. For
instance, ARIMA, VAR, and GARCH models are commonly applied to forecast factors such as stock
market behavior, interest rates, and market fluctuations (Awan, 2023). Nevertheless, conventional
statistical methods often encounter limitations when analyzing complex, nonlinear, and high-
dimensional data.

Machine learning and artificial intelligence offer advanced approaches utilizing neural networks
and large language models to enhance forecasting accuracy through incorporating extensive datasets,
including textual information from financial reports (Mousa et al., 2022; Awan, 2023; Vinoth et al.,
2024). The integration of techniques such as deep learning and sentiment analysis with traditional
methods has demonstrated significant improvements in predictive accuracy. For example, combining
recurrent neural networks with language models and noise filtering techniques has resulted in enhanced
stock price prediction precision (Vinoth et al., 2024).

Model development across various domains has shown substantial progress. In the construction
industry, a study employed a three-stage mathematical modeling procedure to develop firm-specific
financial performance forecasting models. These models explained 78.9% of variation in performance
data, with mean absolute percentage error (MAPE) values ranging from 9.54% to 19.69% (Salih &
Hagras, 2019). The study by Handa et al. (2023) demonstrates the effectiveness of combining machine
learning algorithms with traditional statistical methods for payment date prediction using real corporate
data. Their results show that linear regression achieved the highest accuracy, confirming that such hybrid
approaches enhance cash-flow forecasting and financial planning efficiency.

Applications in corporate finance are particularly evident in risk management, where Al-based
predictive models have facilitated credit risk detection and analysis, improved loan underwriting
processes, and minimized financial risks (Bartosova, 2017). Predictive models have also been employed
for forecasting various financial metrics, supporting strategic planning and resource allocation (Broby,
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2022; Abdellatif et al., 2023). Financial models provide descriptive, explanatory, and predictive insights,
thereby enhancing decision-making processes in corporate finance (Broby, 2022).

Challenges and limitations in predictive modeling include:

Qualitative Information Integration: Traditional models often overlook qualitative information
crucial for accurate predictions. Incorporating data from annual reports and corporate governance
frameworks can enhance model performance (Mousa et al., 2022).

Industry-Specific Context: Relationships between financial performance indicators and other
variables may vary significantly across industries. Sector-specific models are necessary to account for
these nuances (Valaskova et al., 2020).

Recent progress in explainable Al (XAI) has improved the transparency of financial machine
learning systems. New frameworks now combine strong predictive accuracy with traceable decision-
making, which is essential for meeting regulatory standards in credit scoring and risk analysis.

The implementation of integrated models necessitates careful consideration of ethical and
regulatory frameworks. Recent research has emphasized the importance of developing fairness-aware
hybrid systems that prevent discriminatory outcomes while maintaining predictive performance.

A significant contribution to the development of hybrid models for specific financial tasks is the
study by Kou et al. (2019), who proposed a two-stage approach to predicting the bankruptcies of small
and medium-sized enterprises (SMEs). The methodology employed integrates the rigour of statistical
feature selection with the power of machine learning, effectively combining transaction data and
traditional financial indicators. The authors did not merely combine methods, but rather developed a
sophisticated multi-purpose feature selection system to select the most pertinent and non-redundant
variables. This ultimately led to a substantial enhancement in the accuracy of the forecast when
compared to traditional models. The present study offers a compelling demonstration of the symbiosis
of methodologies in overcoming the limitations of working with complex, multidimensional SME data,
thus offering a more reliable tool for credit risk management. According to Zhang (2024), hybrid deep
learning architectures that integrate statistical modeling principles with neural networks enhance both
the accuracy and robustness of financial time-series forecasting.

Recent research by Sonkavde et al. (2023) highlights the practical advantages of combining
traditional statistical and machine learning models for financial forecasting. In their systematic review
and empirical analysis, the authors tested an ensemble model — specifically, a “Random Forest + XG-
Boost + LSTM” hybrid approach — on stock data from two Indian firms, achieving the highest
predictive accuracy (R? = 0.99). This case study demonstrates the effectiveness of hybrid architectures
in improving the reliability of forecasts and supporting strategic decision-making in corporate finance.

A thorough analysis of scientific databases, such as Web of Science, has revealed an exponential
growth in the application of machine learning in business and finance. A substantial body of research
has demonstrated the efficacy of machine learning (ML) methodologies in addressing financial
challenges. In particular, Yan and Ouyang (2018) developed a time series forecasting model combining
wavelet analysis with recurrent neural networks, which significantly improved the accuracy of forecasts
in financial markets.

In 2019, Kou et al. made a significant contribution to the field of financial risk assessment. This
was achieved by conducting a comprehensive analysis of methods for measuring systemic financial
risks. These methods employed big data analysis, network analysis and sentiment analysis. In the domain
of stock market forecasting, Meng and Khushi (2019) undertook a systematic review of research on the
application of reinforcement learning to trading strategies. In a similar vein, Nti et al. (2020) undertook
a comprehensive analysis of over 122 studies on stock market forecasting using machine learning (ML),
with a view to identifying key trends and the most effective approaches.

The extant literature confirms the growing importance of machine learning for solving complex
financial problems, especially in the areas of forecasting, risk management and investment strategy
development. In conclusion, predictive modeling in corporate finance is evolving through the integration
of advanced Al and machine learning techniques. These models offer substantial improvements in
forecasting accuracy and provide valuable insights for financial decision-making. However, challenges
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persist regarding the incorporation of qualitative data and industry-specific factors to enhance model
reliability and applicability.

A notable contribution to the advancement of explainable and hybrid financial modelling is the
study by Tran et al. (2022), in which the authors examined the application of machine learning
algorithms to predict financial distress among listed companies in Vietnam. They compared traditional
statistical techniques, such as logistic regression, with advanced machine learning models, including
random forest, XGBoost and artificial neural networks. They found that ensemble models significantly
outperformed conventional methods in terms of predictive accuracy (area under the curve (AUC) = 0.97—
0.98). Furthermore, the study used Shapley Additive Explanations (SHAP) to identify the key
determinants of corporate financial distress: long-term debt to equity ratio, accounts payable to equity
ratio, enterprise value to revenue ratio, and diluted earnings per share. This enhanced the interpretability
of complex models. This research serves as a valuable case study, demonstrating how explainable
machine learning can complement traditional statistical frameworks, improving financial risk
assessment and decision-making in emerging markets (Tran et al., 2022).

The integration of machine learning methods with traditional statistical models remains a subject
of ongoing research for scientists and practitioners worldwide. This rapidly developing field is attracting
increasing attention from both the academic community and the corporate sector. The continuously
expanding geography of research, the increase in the volume of publications, and the growth of
investment in the development of hybrid approaches by financial institutions confirm the practical value
and theoretical significance of this direction. A methodological framework is being developed by a
collaborative effort between university centers, corporate research departments and independent
platforms. This initiative is underpinned by a global recognition of the paramount importance of
establishing reliable forecasting systems for financial decision-making in the context of contemporary
economic uncertainty.

2. Comparative analysis of model effectiveness in financial forecasting

The evolution of predictive modelling in finance has given rise to a diverse ecosystem of analytical
approaches, each with its own strengths and limitations. This section provides a systematic comparative
analysis of traditional statistical models, machine learning algorithms, and hybrid approaches, evaluating
their effectiveness in key areas of financial forecasting. The evaluation process is centered on critical
performance indicators, encompassing aspects such as forecasting accuracy, robustness across diverse
market regimes, computational efficiency, and the practical interpretability of results.

This comparative framework is imperative for comprehending the strategic trade-offs involved in
selecting a model for specific financial applications. A thoroughgoing analysis of empirical data from
recent studies was undertaken in order to identify the conditions under which each modelling paradigm
demonstrates superior performance. This analysis focused particularly on complex forecasting scenarios,
such as credit risk assessment, stock price forecasting, and corporate bankruptcy prediction. The
assessment also considers the balance between model complexity and practical usefulness in the context
of organizational decision-making.

The selection of an appropriate modelling approach is further complicated by the specific nature
of financial data, which often exhibits characteristics such as non-stationarity, high noise-to-signal ratios,
and structural breaks. Consequently, the robustness of a model — its ability to maintain performance
during periods of market volatility or regime shifts — becomes as critical as its pure predictive accuracy
on historical data. This analysis, therefore, places significant emphasis on evaluating how each model
type performs under stress conditions and its adaptability to evolving market dynamics.

Empirical research confirms that hybrid models achieve more accurate forecasts. Studies show
that using both financial indicators and transaction data in two-stage feature selection greatly improves
bankruptcy predictions for small and medium-sized firms.

As demonstrated in Table 1, a comparative analysis of the effectiveness of various models in key
financial forecasting tasks has been conducted, synthesizing data from recent studies.
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As demonstrated in Table 1, the most effective forecasting methods are those which employ a
combination of approaches, a finding that has been corroborated by studies in a range of industries. To
illustrate this point, consider the banking sector. Hybrid systems based on fuzzy logic have been shown
to exhibit high performance in minimizing financial defaults (Salih & Hagras, 2019). This renders them
especially valuable for comprehensive analysis of the financial condition of companies, where the
simultaneous use of quantitative and qualitative data is required (Mousa et al., 2022; Vinoth et al., 2024).

Table 1. Comparative effectiveness of financial forecasting models

Model Type Advantages Limitations Proven Effectiveness Best Application Areas
Traditional | High interpretability, | Low accuracy on Stable time series Initial screening, basic
Statistical stability nonlinear data forecasting analysis
Machine High accuracy on Low interpretability, | Bankruptcy prediction, Credit scoring, big data
Learning complex data overfitting risk reporting tone analysis analysis
Hybrid Combines accuracy High development nghest aceuracy n Comp re.hens.l ve risk
. - . financial performance forecasting, industry-
Models and interpretability complexity . . .
forecasting specific solutions

Source: Dariia Drozd construction based on scientific publications studies, 2025

As demonstrated in Table 1, the most effective forecasting methods are those which employ a
combination of approaches, a finding that has been corroborated by studies in a range of industries. To
illustrate this point, consider the banking sector. Hybrid systems based on fuzzy logic have been shown
to exhibit high performance in minimizing financial defaults (Salih & Hagras, 2019). This renders them
especially valuable for comprehensive analysis of the financial condition of companies, where the
simultaneous use of quantitative and qualitative data is required (Mousa et al., 2022; Vinoth et al., 2024).

Hybrid approaches offer clear advantages in the field of finance. Combining machine learning
with traditional statistical models in credit risk assessment allows for a more thorough evaluation of
borrowers, merging predictive power with established reliability. Similarly, in market trend forecasting,
hybrid models can detect short-term anomalies and long-term trends, providing investors with better
tools for optimising their portfolios and managing risk.

Despite the evident advantages, the successful implementation of integrated models is confronted
with numerous challenges pertaining to their augmented complexity, encompassing the necessity for
substantial computational resources, stringent requirements for data quality and completeness, and a
paucity of specialists adept in the development and maintenance of such systems. Moreover, concerns
pertaining to the interpretability of models and adherence to regulatory stipulations persist as particularly
salient issues for hybrid solutions within the financial sector.

The evolution of predictive modelling in finance has led to the emergence of a diverse ecosystem
of analytical approaches, each with its own strengths and limitations. This section provides a systematic
comparative analysis of traditional statistical models, machine learning algorithms, and hybrid
approaches, as well as an assessment of their effectiveness in key areas of financial forecasting, including
credit risk assessment, stock price forecasting, and bankruptcy prediction. To ensure a comprehensive
assessment, various performance metrics are used, including mean absolute error (MAE), root mean
square error (RMSE), and area under the curve (AUC).

Table 2. Comparative Analysis of Financial Forecasting Models

Model Type Accuracy (AUC) Training Time Interpretability | Data Requirements
Traditional Statistical 0.72-0.85 Low High Structured data only
Machine Learning 0.85-0.93 High Low Large datasets
Hybrid Models 0.89-0.96 Medium Medium Multi-source data

Source: Dariia Drozd construction based on scientific publications studies, 2025

A comparative analysis of contemporary research reveals consistent patterns in the effectiveness
of various approaches to financial forecasting. Meta-analysis data demonstrate the continued relevance
of traditional statistical models for tasks involving clearly structured data and linear dependencies.
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Conversely, machine learning methods have been shown to excel in scenarios characterized by complex
nonlinear relationships and voluminous information. A systematic review of the literature indicates that
hybrid approaches consistently demonstrate optimal performance in real financial market conditions,
effectively integrating the predictive capabilities of modern algorithms with the interpretability of
classical methods. This is of particular importance in critical areas such as credit risk assessment and
bankruptcy prediction, where errors can have serious financial consequences.

The analysis reveals several important conclusions. Firstly, hybrid models have been shown to
exhibit superior performance across all metrics, particularly in the context of handling complex
nonlinear relationships inherent in financial data. Secondly, the selection of model type entails
substantial trade-offs between accuracy and practical implementation considerations. Thirdly,
performance varies significantly under different market conditions, with hybrid models demonstrating
particular resilience during periods of high volatility.

Recent empirical studies have yielded compelling evidence that lends support to these conclusions.
In the study conducted by Kou et al. (2019), it was demonstrated that hybrid models exhibited a 22%
increase in accuracy in predicting the bankruptcy of small and medium-sized enterprises in comparison
to traditional approaches. In a similar vein, Salih and Hagras (2019) reported a 35% improvement in
default prediction using hybrid fuzzy logic models in banking applications. These results are of particular
significance in light of the increasing complexity of financial markets and the concomitant increase in
the volume of available data.

The considerations for implementation discussed in this analysis naturally lead to an examination
of the practical challenges, which are explored in detail in the next section. When selecting modelling
approaches for specific organizational contexts, key factors such as computational requirements, data
quality needs, and the availability of expert knowledge must be carefully considered.

A thorough review of the extant literature reveals a significant discrepancy between the theoretical
advantages of the approaches considered and the difficulties of their practical implementation in a
corporate environment. A substantial corpus of research has emphasized that the successful
implementation of advanced forecasting models requires not only technical expertise, but also the
overcoming of significant organizational challenges. A number of key barriers have been documented
in the scientific literature. These include insufficient data maturity, a shortage of qualified specialists,
and the need to adapt business processes. These implementation challenges require comprehensive
consideration, as they determine the possibility of transforming the theoretical advantages of models
into real business value for financial organizations.

3. Practical aspects of implementation and organisational challenges

While the theoretical superiority of hybrid models is well-established in academic literature, their
practical implementation faces significant organizational and technical hurdles that often undermine
their potential benefits. The transition from theoretical frameworks to operational systems requires
addressing multifaceted challenges related to data infrastructure, organizational readiness, and human
capital development. These implementation barriers frequently determine the ultimate success or failure
of advanced analytical initiatives in corporate finance environments.

The complexity of implementing integrated modelling approaches extends beyond technical
considerations to encompass fundamental organizational transformations. Financial institutions must
navigate intricate challenges involving data governance frameworks, model validation processes, and
regulatory compliance requirements. Furthermore, the integration of these advanced systems into
existing decision-making workflows necessitates substantial changes in organizational culture and
operational procedures, often requiring comprehensive change management strategies and substantial
investments in workforce development. Different branches are applying machine learning in making
financial decisions (Yang, et al, 2025) where innovative approaches are introduced and applied.

Although hybrid models outperform other methods in accuracy and stability, their real-world
adoption in companies is challenging. Key barriers include poor data quality, high computational
demands, outdated systems, and organizational issues such as lack of skilled staff and resistance to
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change. To successfully navigate these complex interdependencies, a structured and holistic approach is
imperative. Implementation must be conceptualized not as a linear, technical installation but as a multi-
faceted organizational and technological transformation. This perspective shifts the focus from merely
selecting an algorithm to managing a complex change process that impacts data infrastructure, workforce
skills, internal processes, and governance protocols. A comprehensive framework is therefore essential
to deconstruct this complexity, enable the strategic allocation of resources, and allow for the
development of targeted risk mitigation strategies at each stage of the model's lifecycle, from its initial
conceptualization to industrial deployment and continuous performance monitoring.

The cornerstone of the entire system is the solution to data governance issues. The theoretical
necessity for "high-quality data", as referenced in the comparative analysis, is confronted by the practical
realities of corporate information systems. These systems are characterized by the fragmentation of data,
its storage in isolated data silos, the utilization of inconsistent formats, and the presence of inherent
sampling biases. The integration of streaming data and non-numerical information into conventional
statistical pipelines necessitates substantial investment in data infrastructure (data lakes, cloud
platforms) and computing resources. In the absence of a robust infrastructure that ensures data integrity,
availability, and timeliness, the feature engineering stage and subsequent model training become an
impossible task, thereby negating all the potential benefits of a hybrid approach.

The value of such a framework lies in its ability to provide a shared conceptual map for diverse
stakeholders—from data scientists and IT specialists to financial managers and C-suite executives. It
establishes a common language and a unified vision, which are critical prerequisites for securing
organizational buy-in and ensuring a coherent execution strategy. By delineating the connections
between theoretical advantages and practical prerequisites, it moves the discussion beyond technical
specifications to encompass the broader ecosystem required for sustainable success.

Consequently, to visualize this complex interplay and provide a pragmatic guide for practitioners,
a conceptual framework is presented in Figure 1. This schema synthesizes the key elements identified
through our analysis and serves as a navigational tool for transitioning from research validation to
operational reality, explicitly highlighting the domains requiring coordinated and paramount managerial
attention.

As demonstrated by the conceptual framework presented in Figure 1, the successful
implementation of hybrid models does not constitute a technical task, but rather a complex
organizational transformation. This process constitutes a continuous life cycle initiated by strategic goals
(improved forecasting accuracy, sustainability) and driven by the theoretical synergy of methods.
However, its implementation is contingent upon four key pillars: data management, process integration,
model management, and human capital development. The successful translation of theoretical
advantages into practical implementation necessitates coordinated work in all these areas, since
weakness in any one of them has the potential to become a critical barrier to success.

Human capital is as important as technology. Using hybrid models requires experts who
understand finance, statistics, and modern machine learning. The shortage of such specialists remains
one of the main obstacles to successful implementation. Furthermore, the successful implementation of
such a program is contingent upon the successful overcoming of organizational resistance. Conventional
financial analysts may be skeptical of complex algorithms, perceiving them as "black boxes" that
threaten their expert role. Similarly, management may distrust decisions whose logic cannot be clearly
traced and justified. Consequently, in addition to the recruitment of talent, companies must invest in
upskilling programs for existing employees and purposefully cultivate a culture of collaboration between
departments (data-driven culture), where decisions are made based on a symbiosis of human experience
and algorithmic insights.

In order to surmount the identified barriers to implementation (resistance to change, lack of
transparency of models, complexity), targeted actions specified in the framework are necessary:
management support, cross-functional collaboration, phased implementation, and the creation of
feedback loops for continuous optimization. The success of the iterative process, as illustrated in the
diagram, is contingent upon the organization’s capacity to not only develop a model, but also to integrate
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it into existing work processes, ensure its compliance with regulatory requirements, and continuously
develop employee skills to work in a new data culture.

DRIVERS & STRATEGIC OBJECTIVES
(enhance forecasting accuracy, risk mitigation, and resilience in volatile, data-rich environments)

v

THEORETICAL SYNERGY: Core Advantages

e  Predictive Power of ML — High-Dimensional Pattern Recognition
e Interpretability of Statistical Models — Causal Inference
e  Hybrid Synthesis — Optimal Balance of Accuracy & Explainability

v

IMPLEMENTATION CORE: Critical Pillars for Integration

DATA GOVERNANCE: HUMAN CAPITAL:
e  Data Quality & Integrity e  Talent Acquisition
e Multi-Source Data Integration e Interdisciplinary Teams (DS/Finance)
e Robust Data Infrastructure e  Continuous Upskilling
e  Computational Resource Management e  Data-Driven Culture
MODEL GOVERNANCE:

PROCESS INTEGRATION:
e  Organizational Change Management
e Integration into Decision-Making Workflows

e  Ethical Al Frameworks
e  Regulatory Compliance
e  Model Risk Management

MITIGATION: Addressing Implementation Barriers
e  Organizational Resistance to Change
e Model Opacity and Trust Deficits
e  Computational Complexity & Resource Costs
e  Evolving Regulatory & Compliance Landscapes

I
v v

FEEDBACK OPTIMIZATION LOOP:
e  Continuous Performance Monitoring
e Periodic Model Retraining & Validation

ENABLING SUCCESS FACTORS:
e Cross-Functional Collaboration

e Phased Implementation (Pilot) (Backtesting)
*  Executive Sponsorship, Strategic e  Adaptation to Market Regime Shifts
Investment
[ I
v
STRATEGIC OUTCOMES

e  Superior Forecasting Accuracy & Reliability
e  Enhanced Resource Allocation & Capital Optimization
e Proactive Risk Assessment & Mitigation
e Informed Strategic Planning & Competitive Advantage

Figure 1. Implementation of hybrid models: strategy and life cycle
Source: Dariia Drozd construction based on scientific publications studies, 2025.

The operationalization of hybrid models gives rise to issues of model governance and regulatory
compliance. In financial sectors characterized by stringent regulation, the necessity to substantiate each
decision, particularly in domains such as lending or risk management, renders explainable Al (XAI)
methods not merely a preference, but an imperative. This necessitates the establishment of audit and
validation protocols that can trace and substantiate the rationale underpinning the algorithm's decision-
making process. Moreover, the deployment of models does not represent the final objective. It is
imperative that continuous performance monitoring systems are implemented with a view to detecting
model drift. This is defined as the gradual degradation of prediction accuracy due to changes in market

42



conditions. The process of maintaining the model's currency, retraining it, and redeploying it (MLOps)
necessitates substantial resources and formalization as a component of the lifecycle depicted in Fig.1.

It is evident that the practical implementation of hybrid approaches signifies a paradigm shift in
the company's analytical maturity, marking its transition to a qualitatively new level of sophistication.
This transition is characterized by an inextricable linkage between technological innovation,
organizational development and strategic vision. It is only by adopting such a holistic approach, as
illustrated in Figure 1, that the theoretical potential of hybrid models can be actualized into concrete
strategic outcomes, namely superior forecasting accuracy, optimized resources and proactive risk
management. This comprehensive analysis enables the formulation of key conclusions regarding the
future of financial planning.

Conclusions

1. In direct response to the first objective, the comparative analysis conclusively establishes that
traditional statistical and machine learning models serve complementary yet distinct roles in financial
forecasting and risk assessment. Traditional models (ARIMA, regression) are valued for their
interpretability and stability with structured data and linear relationships, providing a reliable baseline
for analysis. Conversely, machine learning models (neural networks, ensemble methods) excel in
accuracy when managing complex, non-linear, and high-dimensional data but often act as "black boxes,"
posing challenges for transparency and validation. The choice is therefore not about superiority but is
contingent on the specific financial task's requirements for explainability versus predictive power.

2. Addressing the second objective, the evaluation confirms that hybrid models, which integrate
the predictive capabilities of machine learning with the explanatory rigor of statistical methods, represent
the most effective approach. Empirical evidence demonstrates that these models achieve superior
predictive accuracy (highest AUC scores) and robustness, particularly in complex scenarios like SME
bankruptcy prediction and credit risk assessment. They successfully mitigate the core trade-off between
accuracy and interpretability, offering more reliable and auditable tools for strategic decision-making in
corporate finance.

3. Pertaining to the third objective, the research identifies that the primary barriers to
implementation are not algorithmic but organizational and technical. Key challenges include data
governance issues (quality, integration), a shortage of interdisciplinary talent, organizational resistance,
and complex model governance requirements for compliance. Overcoming these hurdles necessitates a
strategic framework focused on executive sponsorship, cross-functional collaboration, investment in
data infrastructure, continuous staff training, and robust lifecycle management (MLOps) to ensure
models remain effective and compliant in a dynamic market environment.
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MASININIO MOKYMOSI IR STATISTINIU MODELIU INTEGRAVIMAS FINANSINIAME PLANAVIME
Dariia Drozd, Dr. Prof. Biruta Sloka
Santrauka
Masininio mokymosi (ML) metody integravimas su tradiciniais statistiniais modeliais finansiniame planavime tampa

esminiu poky¢iu, lemianciu sparty analitiniy sprendimy evoliucionavimg Siuolaikinéje jmoniy finansy praktikoje. Augant
duomeny apimtims ir didéjant ekonominio neapibréztumo lygiui, tradiciniai statistiniai modeliai daznai yra nebepakankami
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efektyviam sudétingy, nestruktiiruoty ar nelinijiniy duomeny analizei. Tuo tarpu masininio mokymosi algoritmai pasizymi
aukstu prisitaikomumu, gebéjimu apdoroti didelés apimties bei jvairiy formaty duomenis ir atskleisti kompleksinius ry$ius,
kuriy tradiciniai metodai identifikuoti nepajégia. Vis délto ML metodams neretai triksta interpretuojamumo, kuris finansy
sektoriuje yra kritiskai svarbus. Todél derinant Sias dvi metodologines kryptis siekiama sudaryti hibridinius modelius, kurie
vienu metu buty ir tikslas, ir interpretuojami, taip didinant jy patikimuma bei pritaikomuma realiose verslo situacijose.

Siame straipsnyje siekiama i$samiai i$nagrinéti magininio mokymosi (ML) ir tradiciniy statistiniy modeliy
integravimo galimybes finansiniame planavime bei jvertinti, kaip toks metodinis derinys gali pagerinti prognoziy tiksluma,
rizikos jvertinima ir strateginj sprendimy priémima. Remiantis placia teorine ir konceptualigja mokslinés literattiros analize,
tiriami pagrindiniai $iuolaikiniai analitiniai metodai ir jy taikymo sritys: regresiniai modeliai, ARIMA ir GARCH tipo laiko
eiluciy prognozavimo technikos, neuroniniai tinklai, ansambliniai algoritmai ir jvairios hibridinés modeliy struktiiros.
Ypatingas démesys skiriamas $iy metody privalumy ir ribotumy analizei, taip pat jy tarpusavio papildomumui, siekiant
suprasti, kokiomis saglygomis integruotas metodas gali generuoti didziausig pridéting verte finansy srityje.

Gauti rezultatai rodo, kad hibridiniy modeliy taikymas leidzia sujungti tradiciniy metody stabiluma ir aisky rezultaty
aiSkinimg su masininio mokymosi gebéjimu apdoroti kompleksiskas struktiiras, taip pasiekiant gerokai tikslesnes prognozes.
Empiriniai tyrimai patvirtina, kad tokios sistemos uztikrina didesnj prognoziy patikimuma ne tik stabiliais ekonomikos
laikotarpiais, bet ir esant dideliems rinkos svyravimams. Hibridiniai modeliai ypa¢ efektyviis kredito rizikos vertinimo,
jmoniy bankroto tikimybés prognozavimo, akcijy kainy poky¢iy analizés bei kitose finansinés rizikos valdymo srityse. Siy
modeliy gebéjimas integruoti kelis duomeny Saltinius (finansinius rodiklius, transakcinius duomenis, teksting informacija)
uztikrina i§samesnj ir tikslesnj finansinés buklés jvertinimg. Taciau praktinis ML ir statistiniy metody sujungimas kelia
nemazai i§§tkiy. DidZiausig klititj sudaro duomeny kokybé ir jy parengimo procesas — finansy sektoriuje duomenys daznai
biina fragmentiski, saugomi atskirose sistemose ar neatitinka vienody struktiiry. Be to, hibridiniai modeliai reikalauja dideliy
skaic¢iavimo iStekliy, pazangiy duomeny valdymo platformy bei specialisty, turin¢iy tarpdisciplininiy Ziniy finansy, duomeny
mokslo ir statistikos srityse. Organizacijos taip pat susiduria su kultirinémis klititimis: analitikai gali nepasitikéti ,,juodosios
dézés* tipo algoritmais, o vadovams svarbus modeliy skaidrumas ir galéjimas pagrjsti sprendimus.

Darbo rezultatai parodo, kad tik nuosekli ir gerai organizuota duomeny valdymo sistema, paremta aiskiais duomeny
kokybés, prieinamumo ir saugojimo standartais, sudaro tvirta pagrindg sékmingai hibridiniy modeliy integracijai finansinéje
analizéje. Ne maziau svarbiis yra pazangiis modelio gyvavimo ciklo (MLOps) procesai, leidziantys uztikrinti nuolatinj
modeliy stebéjima, atnaujinimg ir optimizavima, taip sumazinant modeliy degradacijos rizika bei didinant analitiniy rezultaty
patikimuma. Be $iy technologiniy komponenty, organizacijos turi investuoti j darbuotojy kompetencijy stiprinima: finansy
specialistams biitina geriau suprasti duomeny moksla ir ML principus, o techninéms komandoms — finansy logikg ir
sprendimy priémimo procesus. Kryzminis bendradarbiavimas tarp finansy, IT bei duomeny analitikos padaliniy tampa
esminiu veiksniu, leidzianciu efektyviai derinti techninius sprendimus su verslo poreikiais ir sukurti realig pridéting verte.
Tinkamai jgyvendinus §iuos procesus, masininio mokymosi ir statistikos sinergija suteikia jmonéms galimybe priimti labiau
pagristus ir duomenimis paremtus sprendimus, padidinti prognoziy tiksluma, sumazinti rizikg ir uztikrinti aukstesnj
organizacijos veiklos efektyvumg. Tokie metodai ypa¢ svarbiis veiklos planavimo, biudZetavimo, rizikos vertinimo ir
strateginiy scenarijy modeliavime.

Apibendrinant galima teigti, kad ML ir tradiciniy statistiniy modeliy integracija finansiniame planavime yra ne tik
technologiné naujoveé, bet ir strateginis zingsnis, suteikiantis jmonéms ilgalaikj konkurencinj pranasuma. Hibridiniai
modeliai, apjungiantys Siy dviejy metodologijy stiprigsias puses, tampa svarbia priemone $iuolaikingje finansy analitiko
praktikoje ir padeda organizacijoms veikti vis sudétingesnéje ir nuolat besikei¢ian¢ioje ekonominéje aplinkoje.

Pagrindiniai ZodZiai: masininis mokymasis, statistinis modeliavimas, finansinis planavimas.
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