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FINANCIAL STABILITY OF COMPANIES:
INTEGRATING FORECASTING INSIGHTS INTO
RISK MANAGEMENT PROCESSES

ABSTRACT

In conditions of increasing economic uncertainty, higher financial volatility, and more
frequent external shocks, the issue of corporate financial stability has become especially
relevant. Traditional approaches to financial risk management, which are mainly based
on retrospective analysis of financial indicators, do not always allow potential threats to
be identified in a timely manner or adequately addressed. In this context, financial fore-
casting acts as an important tool for developing a proactive approach to managing cor-
porate financial stability.

The purpose of this article is to justify the role of financial forecasting in ensuring cor-
porate financial stability and to develop a conceptual approach to integrating forecasting
insights into financial risk management processes. The study is based on the issue of
general scientific and specialized methods, including system and process approaches,
structural and logical modeling, as well as an analysis of modern forecasting methods
and risk management tools.

The article demonstrates that financial forecasting performs preventive, adaptive, and
stabilizing functions by enabling early identification of financial risks and improving the
quality of managerial decision-making. It is shown that the application of scenario anal-
ysis, risk metrics, early warning systems, and machine learning methods makes it pos-
sible to detect potential financial imbalances in a timely manner and reduce the likeli-
hood of crisis scenarios. It is argued that the greatest effect is achieved when forecast-
ing models are systematically integrated into financial risk management processes.

The main scientific result of the study is the development of an original conceptual
model for integrating financial forecasting into financial risk management processes,
which forms a closed management cycle and contributes to strengthening corporate
financial stability. The obtained results have both theoretical and practical significance
and can be applied in corporate financial management systems.

Keywords: financial stability, financial forecasting, financial risk management,
forecasting insights, proactive risk management, scenario analysis, early warning
systems, machine learning in finance, corporate finance, financial resilience

JEL Classification: C53, G17, G31, G32, M21

INTRODUCTION

In conditions of growing economic instability and a highly dynamic external environ-
ment, the issue of ensuring corporate financial stability becomes particularly relevant.
Global financial fluctuations, macroeconomic imbalances, geopolitical factors, and a
higher level of uncertainty significantly affect companies' financial performance, making
planning processes and managerial decision-making more complex. Under these cir-
cumstances, financial stability should be viewed not only as a reflection of a company's
current financial position but also as a strategic prerequisite for sustainable development
and long-term viability.

The increasing impact of risks has led to a growing role of financial risk management in
modern corporate governance. An effective risk management system is intended to
ensure the timely identification, assessment, and mitigation of financial threats that
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arise in the course of business activity. At the same time, both academic research and management practice increasingly
point to the limitations of traditional risk management approaches, which are largely focused on historical data analysis
and do not always take future changes in the financial environment into account.

In this context, financial forecasting gains special importance as a tool for forward-looking analysis and support of corpo-
rate financial stability. The use of forecasting methods makes it possible not only to estimate future financial indicators
but also to generate forecasting insights into potential risks, alternative development scenarios, and possible deviations
from planned results. As a result, financial forecasting provides an informational basis for shifting from reactive to proactive
financial risk management.

However, despite the extensive body of research in the fields of financial forecasting and risk management, forecasting
results are often used fragmentarily in corporate practice and are not systematically integrated into the financial risk
management process. This reduced the potential of forecasting as a tool for ensuring financial stability and limited com-
panies' ability to respond in a timely manner to growing threats. Identifying and addressing this methodological and
practical gap highlights the need for further research in this area.

The purpose of this article is to substantiate the role of financial forecasting in ensuring corporate financial stability and to
develop a conceptual approach to integrating forecasting insights into the financial risk management process. The scientific
novelty of the study lies in the development of a conceptual model for integrating financial forecasting insights in the
processes of identifying and assessing financial risk, and in the author’s interpretation of the relationships between fore-
casting, risk management, and corporate financial stability.

The research follows a logical structure that includes a review of academic approaches to financial stability, financial risk
management, and financial forecasting; identification of existing research gaps; justification of the proposed conceptual
approach to integrating forecasting insights into risk management; and analysis of the practical significance of the proposed
solutions for strengthening corporate financial stability.

LITERATURE REVIEW

In contemporary economic literature, corporate financial stability is widely regarded as one of the key prerequisites for
long-term viability and competitiveness under conditions of growing uncertainty. Recent studies interpret financial stability
not only as a state of balance of financial indicators, but as a dynamic ability of companies to maintain solvency, financial
flexibility, and adaptability in the presence of internal and external shocks. Modern approaches emphasize the need to
combine static financial indicators with dynamic characteristics that reflect the sustainability of cash flows, the quality of
capital structure, and firms’ capacity to respond to adverse development scenarios (Ross et al., 2022; Gatzert & Martin,
2015).

A substantial body of research focuses on identifying the determinants and indicators of corporate financial stability. Tra-
ditionally, these include liquidity, solvency, financial leverage, and profitability ratios, which remain fundamental tools of
financial analysis. At the same time, recent literature increasingly highlights the importance of financial flexibility, volatility
of operating cash flows, diversification of funding sources, and firms’ ability to access capital during periods of stress.
These factors are considered critical for maintaining financial stability in an unstable macroeconomic environment charac-
terized by elevated risk levels (OECD, 2020; Tressel & Ding, 2021).

Alongside the development of financial stability theory, financial risk management has become a central topic in academic
research as a means of reducing the negative impact of uncertainty on corporate performance. Contemporary risk man-
agement concepts are largely based on an integrated approach known as enterprise risk management (ERM), which
involves the systematic incorporation of risks into strategic and operational decision-making. According to the COSO ERM
framework, risk management is defined as “a process, effected by an entity’s board of directors, management, and other
personnel, applied in strategy setting and designed to manage risk in order to create, preserve, and realize value” (COSO,
2017). This approach underlines the close relationship between risk management practices and the information base used
for managerial decision-making.

Within this framework, financial forecasting is viewed as an essential component of corporate financial management, as it
supports the formation of expectations regarding future financial outcomes and potential risk scenarios. Recent studies
emphasize the transformation of forecasting practices driven by advances in data analytics, machine learning, and scenario
modeling. In addition to traditional time-series analysis and econometric models, artificial intelligence tools are increasingly
applied to forecast financial indicators, assess credit and market risks, and analyze corporate sensitivity to macroeconomic
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changes (Hyndman & Athanasopoulos, 2021; Vancsura et al., 2025). At the same time, researchers stress the importance
of ensuring the interpretability of forecasting models and managing model risk.

Research on the application of forecasting methods in financial risk management systems is mainly focused on scenario
analysis and stress testing. These approaches gained particular relevance after the global financial crisis, which stimulated
the development of methodologies for assessing companies' resilience to adverse shocks. Analytical reports by the IMF
and BIS indicate that forecasting scenarios should be used not only to estimate potential losses but also as a basis for
defining managerial triggers and preventive risk management measures (Tressel & Ding, 2021; Baudino et al., 2024).
However, most of these studies are applied or sector-specific in nature and do not offer universal conceptual solutions for
the corporate sector as a whole.

A synthesis of the existing literature reveals several research gaps in the analysis of the relationship between financial
forecasting, financial risk management, and corporate financial stability. In particular, insufficient attention has been paid
to approaches for the systematic integration of forecasting insights into risk management processes, as well as to mech-
anisms for transforming forecasting results into concrete managerial decisions aimed at strengthening financial stability.
This highlights the need to develop a conceptual model that combines financial forecasting and risk management into a
unified logical framework, which defines the scientific direction of the present study.

AIMS AND OBIJECTIVES

The aim of this article is to substantiate the role of financial forecasting in ensuring corporate financial stability and to
develop a conceptual approach to integrating forecasting insights into financial risk management processes. Achieving this
aim is intended to deepen the theoretical and methodological foundations of forecast-oriented financial risk management
and to form a comprehensive view of the relationships between financial forecasting, risk management, and corporate
financial stability under conditions of increasing economic uncertainty.

Within the framework of the study, financial forecasting is considered not only as a tool for estimating future financial
indicators but also as an important element of the information support for managerial decision-making, which enhances
the effectiveness and preventive nature of financial risk management. This perspective provides a basis for developing a
conceptual model for integrating forecasting insights into corporate risk management systems and expands traditional
views on the mechanisms for ensuring financial stability.

To achieve the stated aim, the article addresses the following objectives:

1. To analyze theoretical approaches to the interpretation of corporate financial stability and to identify its key
determining factors.

2. To examine the essence, functions, and tools of financial forecasting within the system of corporate financial

management.

3. To determine the role of forecasting methods in corporate financial risk management processes.

4. To develop a conceptual approach to integrating financial forecasting into risk management practices.

5.  To assess the practical significance of using forecasting insights to enhance corporate financial stability.

6. To formulate general conclusions and outline directions for further research in the fields of financial stability and
financial risk management.

METHODS

To achieve the research aim and accomplish the stated objectives, the study employs a combination of general scientific,
theoretical, economic, and financial methods, which ensures a systematic approach to examining the integration of finan-
cial forecasting into corporate risk management processes. Among the general scientific methods, analysis, synthesis, and
generalization were used to structure existing academic approaches to defining corporate financial stability and risk man-
agement mechanisms. The system approach made it possible to examine the interconnections between financial forecast-
ing, risk management, and corporate stability in a comprehensive manner.

The main theoretical methods applied in the study include comparative analysis and structural and logical modeling. Com-
parative analysis was used to compare different academic concepts of financial stability and risk management, identify
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their strengths and limitations, and reveal existing gaps that justify the development of a conceptual model for integrating
forecasting insights into corporate management practices. Structural and logical modeling served as the basis for devel-
oping the author’s conceptual model, which combines financial forecasting and risk management into a single, coherent
system.

Economic and financial methods included financial statement analysis, ratio analysis of key indicators of financial stability,
and financial risk assessment. The application of these methods made it possible to identify critical aspects of solvency,
liquidity, financial flexibility, and capital management efficiency, which represent core factors supporting corporate stability
in modern conditions. In addition, these methods provided a basis for the quantitative assessment of the impact of various
risks on companies’ financial performance.

Special attention was given to financial forecasting methods used to develop scenarios for financial indicators and to assess
potential risk situations. The study applied both classical forecasting techniques, such as time series analysis and econo-
metric modeling, and modern data analytics and machine learning tools, which enabled more accurate prediction of finan-
cial fluctuations and early identification of potential threats. To test corporate resilience to adverse scenarios, scenario
analysis and elements of stress testing were employed, allowing the modeling of the effects of external and internal shocks
on financial stability.

The information base of the study includes corporate financial statements, statistical and analytical materials from inter-
national organizations (IMF, OECD, BIS), as well as recent academic publications on financial forecasting, risk manage-
ment, and corporate stability. The integrated application of these methods ensured the combination of theoretical and
practical perspectives and supported well-grounded conclusions regarding the role of forecasting insights in corporate
financial risk management systems.

RESULTS

In modern conditions characterized by rising financial market volatility, increased pressure on supply chains, and rapid
technological transformation, ensuring corporate financial stability becomes critically important. Financial stability should
be understood not only as the absence of crisis situations, but also as a company’s ability to withstand shocks, maintain
solvency, and ensure operational continuity in the medium and long term. In this context, financial forecasting acts as a
fundamental tool that transforms informational uncertainty into well-grounded managerial decisions. The article systema-
tizes and generalizes theoretical approaches to defining the role of financial forecasting in shaping corporate financial
stability, taking into account current academic and practical perspectives.

1. Financial forecasting represents a systematic process of estimating future cash flows, profitability, capital needs, and
other financial indicators based on historical data, macroeconomic variables, and scenario-based assumptions. From
a theoretical perspective, forecasting performs four interrelated functions that directly influence corporate financial
resilience:

2. Preventive function (early risk identification). Forecasting signals make it possible to identify trends that may lead to
liquidity shortages or declining profitability, allowing timely adjustments to corporate policies. This corresponds to
the modern forward-looking principle widely applied in supervisory frameworks and stress-testing practices (Jobst &
Ong, 2020).

3.  Adaptive function (supporting operational flexibility). Scenario-based and stochastic models enable the development
of alternative development paths and the preparation of response measures such as hedging strategies, cost control,
or refinancing options (BIS, 2018).

4,  Stabilizing function (reducing volatility). Regular forecasting of cash flows and capital requirements helps limit the
occurrence of cash gaps and temporary liquidity deficits, thereby reducing the amplitude of financial fluctuations
(Hyndman & Athanasopoulos, 2021).

5. Communication function (building trust). Transparent forecasting processes strengthen the confidence of investors
and creditors, reducing the cost of capital through lower information asymmetry. Institutions that regularly disclose
scenario-based assessments tend to obtain more favorable financing conditions (Tressel & Ding, 2021).

The synthesis of theoretical approaches makes it possible to identify the key functions of financial forecasting, the imple-
mentation of which forms the institutional foundation of corporate financial stability. Their systematization and the main
channels of influence on financial resilience are summarized in Table 1.
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Table 1. The main forecasting functions and their impact on stability. (Source: developed by the authors based on (Jobst & Ong, 2020, BIS,
2018, Hyndman & Athanasopoulos, 2021, Tressel & Ding, 2021))

Forecasting functions Tools Direct impact on stability

Short- and medium-term, cash flow forecasting,

Preventive function f
rolling forecasts

Reduction of cash flow gap risk

Adaptive function Scenario modeling, stress-testing Increased flexibility of managerial responses

Stabilizing function Stochastic modeling, VAR, RCF Reduced volatility of financial indicators

Reporting and forecast presentations for stake-

Communication function
holders

Improved conditions for raising capital

As shown in Table 1, financial forecasting has a multifunctional nature and provides a comprehensive impact on corporate
financial stability through the combination of preventive, adaptive, stabilizing, and communication mechanisms. The joint
implementation of these functions strengthens companies’ resilience to financial risks and uncertainty.

The theoretical foundation of financial forecasting combines classical time-series and regression-based methods with mod-
ern machine learning (ML) approaches. Traditional techniques such as ARIMA models, exponential smoothing, and linear
regression offer a high level of interpretability and forecast stability in relatively predictable environments. However, in
conditions characterized by frequent regime shifts and nonlinear relationships, ML-based approaches, including Random
Forest, XGBoost, and LSTM neural networks, demonstrate clear advantages due to their ability to capture complex patterns
and improve forecasting accuracy (Wasserbacher & Spindler, 2021).

In international practice, stress testing is defined as a forward-looking tool for assessing resilience to macroeconomic and
firm-specific shocks. For example, the IMF Global Corporate Stress Test (2021) used scenario-based projections of profit-
ability and liquidity stress to identify sectoral vulnerabilities following the COVID-19 crisis and to inform targeted support
policies. This case illustrates the practical value of an integrated forecasting cycle consisting of scenario design, projection
development, and the implementation of managerial policies (Tressel & Ding, 2021).

The review of academic literature also points to differences in the application of forecasting methods. ML-based models
tend to perform better in short-term forecasting when large and high-quality datasets are available, while classical statis-
tical models ensure greater stability and stronger economic interpretability under conditions of limited information. This
finding supports the relevance of hybrid approaches that combine traditional statistical techniques with machine learning
methods in corporate forecasting practice (Wasserbacher & Spindler, 2021).

Empirical evidence confirms the practical effectiveness of such combined solutions. Studies conducted during 2020-2024
indicate that the introduction of ML tools in FP&A departments increased the accuracy of short-term cash flow forecasts
by an average of 10-25% compared to classical methods. The results vary across industries and depend on data quality,
which highlights the importance of a comprehensive forecasting approach and the integration of multiple methods to
ensure corporate financial stability (Gao et al., 2024).

Overall, the available theoretical and empirical evidence confirms that integrating forecasting insights into risk management
enables companies not only to identify potential financial risks at an early stage but also to adjust managerial decisions
more effectively, thereby strengthening overall financial resilience.

The theoretical generalization of the role of financial forecasting in ensuring corporate financial stability logically leads to
the need to move to a more applied level of analysis — namely, to justify the importance of forecasting methods in the
processes of identifying and quantitatively assessing financial risks. Under conditions of heightened macroeconomic un-
certainty, financial shocks, and increasing complexity of financial systems, risks increasingly emerge in a latent and cumu-
lative form. In such circumstances, retrospective analysis of financial statements loses its ability to provide timely warning
signals, whereas forecasting methods enable early detection of risk trends and create an analytical basis for preventive
risk management.

Forecasting methods play a key role in transforming financial risk management from a reactive to a proactive model, as
they allow the integration of historical data, current financial indicators, and expectations regarding future changes in the
external environment. This integration makes it possible to identify risks before they materialize in the form of liquidity
shortages, declining solvency, or disruptions in financial balance.

Research in the field of financial risk management confirms that the use of forecasting models significantly improves early
warning capabilities and reduces the likelihood of severe crisis scenarios across different economic sectors. For instance,
according to an IBM study, companies that implemented predictive analytics reduced operational risks by 10-20% and
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were able to identify potential risks up to two years earlier compared to firms relying on reactive approaches. In contrast,
companies that do not use forecasting methods face up to 25 % higher risk exposure due to delayed threat identification,
resulting in missed opportunities and substantial financial losses. Statistical evidence also shows that the application of
machine learning in financial forecasting increased forecast accuracy from approximately 80 % to around 90 %, supporting
more precise cash flow planning and strategic risk management decisions (Takyon, 2024).

In financial analysis practice, forecasting methods are applied to identify various types of risks, including liquidity, credit,
market, and financial distress risks. A synthesis of recent academic studies makes it possible to systematize the main
forecasting tools used for the identification and assessment of financial risks, as summarized in Table 2.

Table 2. Forecasting methods for the identification and assessment of financial risks in contemporary research. (Source: summarized by
the authors based on (Altman et al., 2016; Chang et al., 2024, Jorion, 2006))

Method group Primary purpose Types of risks Sources
Time series models (ARIMA, Forecasting the dynamics and vola- P .
GARCH) tility of financial indicators Market risk, liquidity risk Jorion (2006)
Indicator-based models (Altman Z- Early detection of financial distress .
score and its modification) and bankruptcy Insolvency risk Altman et al. (2016)
Risk metrics (VaR, CvaR) Quantitative assessment of poten- Market risk, portfolio risk Jorion (2006)

! tial financial losses !

S_tress-testlng and scenario analy- Assessment of resilience to ex- Systemic and combined risks Basel-oriented studies
sis treme shocks
Machine learning methods (RF, Forecasting defaults and financial o ! R
XGBoost, NN) distress Credit risk, financial stability risk Chang et al. (2024)

It is important to emphasize that forecasting methods are not limited to risk identification alone, but also provide oppor-
tunities for quantitative risk measurement, which is critical for informed managerial decision-making. In particular, the
application of Value at Risk (VaR) makes it possible to estimate the maximum expected portfolio loss at a given confidence
level, while Conditional Value at Risk (CVaR) complements this measure by focusing on tail risks. Empirical studies indicate
that the use of VaR in combination with stress testing improves the accuracy of risk assessment during periods of financial
turbulence, including the crisis shocks of 2008-2009 and the 2020s.

Special attention in recent academic research has been devoted to the application of machine learning methods for fore-
casting financial risks. According to the study by Chang et al. (2024), the use of XGBoost and Random Forest algorithms
in credit risk prediction tasks led to an average increase in the AUC indicator of 8-15 % compared to classical logistic
regression, indicating a higher capacity of these models for early detection of potential defaults. Similar findings are re-
ported in survey studies on deep learning in financial forecasting, which document the consistent superiority of nonlinear
models in complex, multi-factor environments.

The logic of applying forecasting methods within financial risk management systems can be presented in the form of a
generalized conceptual framework (Figure 1), which illustrates their integration into the managerial decision-making pro-
cess.

| Financial and market data |

O

| Formation of forecasting indicators |

O

| Forecasting models (ARIMA, VaR, ML) |

O

| Assessment of profitability and magnitude of losses |

O

| Managerial decisions on capital, liquidity, and risk appetite |

Figure 1. Conceptual framework for the application of forecasting methods in financial risk management. (Source: developed by the authors
based on (Jorion, 2006; Altman et al., 2016; Chang et al., 2024))
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Thus, forecasting methods should be viewed not as isolated analytical tools, but as a core element of an integrated financial
risk management system. They enable a shift from the mere recording of financial outcomes to the generation of fore-
casting insights that extend management time horizons, enhance companies’ adaptability to changes in the external envi-
ronment, and contribute to strengthening financial resilience in the long term. The combination of traditional financial
models with modern analytical approaches creates a methodological basis for more accurate risk assessment and reduces
the probability of systemic financial disruptions.

In this context, there is a clear need for a holistic understanding of the role of forecasting in its interaction with risk
management processes and corporate financial stability, which justifies the development of an original conceptual ap-
proach.

Corporate financial stability is defined as the ability to maintain key financial functions — ensuring liquidity, meeting debt
obligations, and preserving investment capacity — under conditions of internal and external shocks. Within this framework,
forecasting performs the role of a central informational element by generating signals about potential changes in financial
parameters. These signals are transformed into risk management decisions, including adjustments to capital structure, the
level of liquid reserves, or credit policy. The implementation of such managerial actions affects the company’s financial
structure and stability, forming a cyclical interaction mechanism: “forecasting — managerial decisions — changes in financial
indicators — an updated basis for subsequent forecasts”.

The integration of forecasting and risk management can therefore be understood as a sequential process of financial
information transformation. The forecasting system converts primary data — transactions, cash flows, and market indicators
— into key risk metrics, including probability of default (PD), loss given default (LGD), Value at Risk (VaR), and stress-
scenario outcomes. These indicators are incorporated into managerial processes through threshold systems and scenario
matrices aligned with the company's risk appetite and capital objectives. Reaching critical levels of such indicators triggers
predefined corrective actions, which accelerate management response and reduce the amplitude of fluctuations in cash
flows and net profit.

The practical effectiveness of this approach is supported by empirical evidence. For example, Chang et al. (2024), in their
analysis of credit card default prediction models, found that the application of the XGBoost algorithm led to a substantial
improvement in classification accuracy compared to logistic regression. The values of AUC and other key metrics increased
by several percentage points depending on the dataset and data preprocessing methods, which in managerial terms
translates into earlier identification of high-risk segments and a reduction in expected portfolio losses when timely actions
are taken.

In practice, the integration of forecasting into risk management processes is implemented through the use of various types
of predictive models that generate signals about potential financial threats and initiate appropriate managerial responses.
Depending on the nature of input data, forecasting horizon, and management objectives, predictive models can be grouped
into three main categories.

First, market-based indicators, including stock price dynamics and volatility measures, serve as tools for early detection of
overheating or instability in financial markets. Signals derived from these indicators are used in risk management for
portfolio rebalancing and hedging exposures, which helps reduce capital volatility and strengthen margin stability (Chen &
Svirydzenka, 2021).

Second, statistical and econometric models, such as Value at Risk (VaR) and Conditional Value at Risk (CVaR), are designed
to assess potential tail losses of portfolios. Their application provides a quantitative basis for determining capital buffers
and setting limits on risk exposures, thereby minimizing the likelihood of critical financial losses under stress conditions
(Jorion, 2006).

Third, machine learning methods and classification algorithms, including XGBoost and Random Forest, are used to forecast
default probabilities and other risk events based on multidimensional financial and behavioral data. Compared with tradi-
tional approaches, these models offer higher predictive accuracy and earlier risk detection; however, their effective use in
financial management requires additional tools for result interpretation and robust validation procedures (Chang et al.,
2024; Shi et al., 2022).

Summarizing the practical mechanisms of interaction between forecasting and risk management, predictive tools can be
systematically classified according to the type of signals generated, corresponding managerial responses, and their ex-
pected impact on corporate financial stability. This approach makes it possible to clearly demonstrate how forecasting
indicators are transformed into specific managerial actions and to assess their contribution to strengthening financial
resilience. The corresponding systematization is presented in Table 3, which shows how different groups of forecasting
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tools are integrated into the risk management system and generate practical effects for ensuring corporate financial sta-

bility.

Table 3. Integration of forecasting tools into risk management and financial stability. (Source: summarized by the authors based on (Chen &
Svirydzenka, 2021, Jorion, 2006, European Central Bank, 2021; Chang et al., 2024, Shi et al., 2022))

Forecasting tool

Signal

Reaction of risk man-
agement

Expected impact on fi-
nancial stability

Sources

Market indicators (equity
price, volatility)

Signal of overheating or in-
stability

Portfolio rebalancing, expo-
sure hedging

Reduced capital volatility,
increased margins

Chen & Svirydzenka, 2021

VaR / CVaR analysis

Assessment of tail losses

Setting capital buffers, po-
sition limits

Lower likelihood of critical
portfolio losses

Jorion, 2006

Early Warning Systems
(6araToiHAMKaTOPHI)

“Upper-tail risk” signal

Activation of liquidity plans,
debt restructuring

Improved survivability un-
der stress scenarios

European Central Bank,
2021

ML-knacudikaTopm
(XGBoost, Random Forest)

PD / default scoring

Targeted reviews, adjust-

ment of credit policy

Reduced expected portfolio
losses

Chang et al., 2024; Shi et
al., 2022

Despite their high potential, forecasting models have certain limitations. Historical data may fail to capture structural
changes or unexpected shocks, while threshold-based signals can generate false alarms, which makes it necessary to
combine statistical forecasts with expert judgment. In addition, complex machine learning algorithms require transparent
interpretation mechanisms and rigorous validation procedures in order to be reliably used in financial decision-making.

Thus, the integration of forecasting, risk management, and financial stability forms a practical framework for enhancing
corporate resilience in a volatile economic environment by enabling timely risk identification and effective responses to
emerging threats.

The author’s interpretation of the relationship between financial forecasting, risk management, and financial stability sub-
stantiates their consideration as interrelated components of a unified management mechanism, which highlights the need
for further structuring and practical systematization. In response, based on theoretical generalization and analytical ob-
servations, an original conceptual model for integrating financial forecasting into the financial risk management system is
proposed (Figure 2). This model envisages the transformation of forecasting insights from a supporting analytical tool into
an active element of the managerial framework for ensuring corporate financial stability.

ANALYTICAL-FORECASTING BLOCK

-y * Scenario Forecasting T~
) - * Financial Data & Analytics N
FORECAST , N\ FORECAST
INSIGHTS / \ \INSIGHTS
/
/

/
l

CONTROL & FEEDBACK BLOCK

\
\
IDENTIFICATION & RISK ASSESSMENT

FINANCIAL
STABILITY OF
* Results Monitoring THE COMPANY * Threat Analysis
° Feedback Loop ° Risk Evaluation
A /
' /
\ /
\
FORECAST '\, / FORECAST
INSIGHTS — \. _ INSIGHTS
N
~ - MANAGEMENT & REGULATORY BLOCK < -7

Figure 2. Conceptual model for integrating financial forecasting into processes of financial risk management.
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The proposed model is grounded in process-based and system-oriented approaches and treats financial forecasting not as
an isolated stage of financial analysis, but as a dynamic information and analytical module integrated into all key phases
of risk management. Its conceptual novelty lies in shifting the focus from reactive responses to risks toward proactive
management of financial stability based on forecasting signals.

Within the author’s model, the integration of financial forecasting is implemented through the sequential interaction of
four interrelated blocks:

=  The first block — the analytical and forecasting block — involves the systematic collection of financial data, their
structuring, and the development of alternative forecasting scenarios for key financial indicators. At this stage, fore-
casting performs an early diagnostic function by identifying potential deviations and creating an information basis for
detecting latent financial risks.

= The second block — the identification and assessment block — is the stage at which forecasting results are transformed
into risk-oriented information. Here, forecasting insights serve as a basis for identifying areas of increased financial
vulnerability, assessing the potential consequences of risk realization, and determining their criticality for the com-
pany’s financial stability.

= The third block — the managerial and regulatory block — involves the integration of forecasting conclusions into the
managerial decision-making process. At this stage, forecasting performs a navigational function by guiding manage-
rial actions aimed at selecting appropriate financial risk mitigation instruments, adjusting financial strategy, and
adapting operational activities to expected changes in the financial environment.

= The fourth block — the monitoring and feedback block — ensures continuous monitoring of the outcomes of imple-
mented managerial decisions and the updating of forecasting assessments. The presence of a feedback mechanism
allows the model to maintain flexibility and adaptability, as well as to support the continuity of financial risk manage-
ment processes under conditions of uncertainty.

Thus, the proposed conceptual model forms a closed management cycle in which financial forecasting serves as an inte-
grating link between analysis, risk assessment, and strategic managerial decisions. Unlike traditional approaches, the model
is oriented not only toward minimizing the negative consequences of risks but also toward strengthening corporate financial
stability through proactive management.

The proposed approach creates a methodological foundation for further empirical testing of the model and its adaptation
to the specific characteristics of companies operating in different industries and at different scales.

The developed conceptual model for integrating financial forecasting into financial risk management processes provides a
basis for assessing its practical relevance from the perspective of managerial effectiveness and corporate financial stability.
The transition from fragmented use of forecasts to the systematic application of forecasting insights changes the logic of
managerial decision-making, shifting it toward anticipatory responses to potential financial threats.

The practical value of using forecasting insights lies primarily in the extension of financial risk management time horizons.
Through forecasting, companies gain the ability not only to record existing financial imbalances, but also to timely identify
trends that may lead to disruptions in financial stability in the medium and long term. This facilitates a shift from reactive
managerial decisions to proactive ones, which is particularly important in an unstable financial environment.

The use of forecasting insights within risk management systems also improves the soundness of managerial decisions.
Forecast-based scenarios make it possible to assess alternative development paths, compare the potential consequences
of managerial actions, and select optimal tools for mitigating financial risks. As a result, the likelihood of intuitive or delayed
decisions that negatively affect corporate financial stability is reduced.

These managerial effects are summarized in Table 4, which presents a comparative characterization of key parameters of
financial risk management under conditions of fragmented use of forecasting and its systematic integration into risk man-
agement processes. The results reflect expected changes in management time horizons, decision-making quality, the level
of adaptability of the financial system, and the overall state of corporate financial stability.

In addition, the integration of forecasting insights contributes to enhancing the adaptability of a company’s financial sys-
tem. The presence of feedback between the outcomes of implemented managerial decisions and updated forecasting
assessments enables flexible adjustments of financial strategy in response to changes in internal and external conditions.
This approach makes it possible to maintain the stability of key financial parameters even under conditions of increased
uncertainty.

42 DOI: 10.55643/ser.4.58.2025.639


https://ser.net.ua/
https://www.fta.org.ua/

SOCIO-ECONOMIC RELATIONS IN THE DIGITAL SOCIETY

Volume 4 (58), 2025

fA

Table 4. Practical managerial effects of using forecasting insights within corporate financial risk management practices.

Impact direction

Characteristics of risk management with-
out forecasting insights

Anticipated effects of integrating fore-
casting insights

Risk management time horizon

Predominantly short-term, focused on risks that
have already emerged

Extension of the management horizon through
early recognition of potential threats

Quality of management decision-making

Decisions are mainly reactive and are made
with limited information

Improved quality of decisions based on scenario
analysis and forecasting results

Stability of financial indicators

Significant volatility of the impact of external
shocks on financial results

Reduced volatility of key financial indicators

Risk management efficiency

Uncoordinated management of individual types
of financial risks

An integrated forecast-oriented framework for
risk management

Financial system adaptability

Restricted ability to quickly adjust financial
strategy

Improved flexibility and the ability to respond
quickly to changes in the financial environment

Level of financial stability

Proneness to periodic financial imbalances

Strengthened financial stability through preven-

tive risk management

In summary, the practical significance of using forecasting insights is reflected in the strengthening of corporate financial
stability through improved risk management quality, reduced financial vulnerability, and the development of sustainable
managerial mechanisms for responding to future risks. This confirms the relevance of integrating financial forecasting as
an essential component of modern financial risk management systems.

The results of the study indicate that financial forecasting plays a system-forming role in ensuring corporate financial
stability by creating an information and analytical foundation for effective financial risk management. The theoretical
generalization of the role of forecasting, the substantiation of the importance of forecasting methods, the author’s inter-
pretation of the relationship between forecasting, risk management, and financial stability, as well as the developed con-
ceptual model of their integration, allow forecasting insights to be viewed as an active element of the managerial frame-
work. The assessment of the practical relevance of this approach confirms its ability to improve the quality of managerial
decisions, enhance the adaptability of the financial system, and strengthen corporate resilience to risks, thereby providing
a basis for further academic discussion and empirical validation of the findings.

DISCUSSION

The obtained results confirm that financial forecasting plays a system-forming role in ensuring corporate financial stability,
serving not only as a tool for estimating future financial indicators but also as a key element of the information support
for risk management processes. Unlike traditional approaches that are mainly focused on retrospective analysis of financial
performance, the forecast-oriented approach proposed in this study enables a transition toward proactive financial risk
management and extends the time horizons of managerial decision-making.

The findings are consistent with previous studies that interpret financial stability as a dynamic characteristic shaped by
liquidity, financial flexibility, and companies’ ability to adapt to external shocks (Ross et al., 2022; OECD, 2020). At the
same time, unlike most existing research that examines these factors in isolation, this article emphasizes the mechanisms
through which forecasting results are transformed into concrete managerial actions within the risk management system.
This perspective allows financial stability to be viewed as the outcome of a closed management cycle rather than as a
static financial condition.

The results also contribute to the literature on enterprise risk management. While studies by Gatzert and Martin (2015)
and the COSO framework (2017) stress the importance of integrating risk management into corporate strategy, the role
of forecasting in these approaches remains secondary. The conceptual model proposed in this article extends these frame-
works by demonstrating that forecasting insights can serve as a central link connecting risk analysis, managerial decisions,
and financial outcomes, thereby supporting higher levels of corporate financial resilience.

Special attention in the study is given to comparing different groups of forecasting methods and their impact on the
effectiveness of financial risk management. The results are consistent with the classical conclusions of Jorion (2006) re-
garding the importance of VaR and CVaR for assessing tail risks, as well as with recent empirical studies that confirm the
superior predictive performance of machine learning methods in credit and financial risk tasks (Chang et al., 2024; Shi et
al., 2022). At the same time, the findings refine these conclusions by emphasizing that the advantages of machine learning
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methods become most evident when they are embedded within managerial triggers and risk management procedures,
rather than applied as standalone forecasting tools.

An important contribution of the study is the justification for combining different forecasting approaches within a single
management framework. In contrast to studies that oppose classical statistical models to machine learning algorithms
(Hyndman & Athanasopoulos, 2021; Wasserbacher & Spindler, 2021), the results support a hybrid approach that integrates
the interpretability of traditional models with the ability of ML algorithms to detect nonlinear relationships and latent risks.
This approach is consistent with the recommendations of international financial institutions regarding the use of forward-
looking tools in stress testing and financial supervision systems (Tressel & Ding, 2021; Baudino et al., 2024).

At the same time, the results of the study should be interpreted in light of certain limitations. First, the proposed conceptual
model of forecasting integration has a generalized nature and does not account for industry-specific characteristics, which
may significantly influence the structure of financial risks and data availability. Second, the effectiveness of forecasting
methods largely depends on the quality of historical data, which limits their applicability under conditions of structural
changes or unprecedented shocks. Third, the use of complex machine learning algorithms increases model risk and requires
additional mechanisms for interpretation, validation, and control, which may complicate their practical implementation in
corporate governance.

These limitations outline directions for future research, including empirical testing of the proposed conceptual model using
data from companies across different industries and countries, the development of industry-specific forecast-oriented risk
management tools, and further investigation into model interpretability and the management of risks associated with the
use of machine learning methods in financial forecasting.

CONCLUSIONS

This article substantiates the role of financial forecasting as a key element in ensuring corporate financial stability under
conditions of increasing economic uncertainty. The study demonstrates that traditional approaches to financial risk man-
agement, which are mainly based on retrospective analysis, are insufficient for timely responses to contemporary financial
challenges. In contrast, the integration of forecasting insights into risk management processes creates the basis for a shift
toward a proactive model of managing corporate financial stability.

The results show that corporate financial stability is dynamic in nature and depends on a company’s ability to maintain
liquidity, meet debt obligations, and preserve investment capacity in the presence of internal and external shocks. Within
this framework, financial forecasting performs preventive, adaptive, and stabilizing functions by providing an information
base for well-grounded managerial decisions in the field of risk management.

The significance of forecasting methods for the identification and quantitative assessment of financial risks is confirmed.
The study shows that the application of scenario analysis, risk metrics such as VaR and CVaR, early warning systems, and
machine learning methods enables potential threats to be detected at an early stage and reduces the likelihood of crisis
scenarios. At the same time, the highest effectiveness is achieved when forecasting models are used systematically within
management processes rather than applied in isolation.

The key scientific contribution of the research is the development of an original conceptual model for integrating financial
forecasting into financial risk management processes. The proposed model forms a closed management cycle in which
forecasting insights are transformed into managerial decisions and, in turn, influence subsequent forecasting assessments,
thereby contributing to the strengthening of corporate financial stability.

The practical significance of the findings lies in improving the quality of managerial decisions, extending the time horizons
of risk management, reducing the volatility of financial indicators, and increasing the adaptability of companies’ financial
systems. At the same time, the results are subject to certain limitations related to the generalized nature of the proposed
model, the dependence of forecasting effectiveness on data quality, and the need to ensure the interpretability of complex
analytical algorithms.

Future research should focus on empirical testing of the proposed model using data from companies across different
industries and countries, the development of industry-specific forecast-oriented risk management tools, and further inves-
tigation into model risk management and the transparency of forecasting methods.
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Ynpak 1., Ko3rok B.

®IHAHCOBA CTABL/IbHICTb KOMMAHIN: IHTErPALIS NAPOrHO3HMX IHCAMATIB Y NMPOLIECU
YNPABJTIHHA PUSNKAMU

B ymMoBax 3pOCTaHHS €EKOHOMIYHOI HEBM3HAYEHOCTi, MiaBMLLEHOT hiHAHCOBOI BOMATUBLHOCTI 1 YacTOTM 30BHILLHIX LLOKIB
npobnema 3abe3neyeHHsi GiHaHCOBOI CTabinbHOCTI KOMMaHi HabyBae 0cobnAMBOI akTyanbHOCTI. TpaauuinHi niaxoau Ao
ynpaBniHHA (iHaHCOBMMU puU3MKaMW, SIKi 30e6iNblLIOro FPYHTYIOTBCS Ha PETPOCMEKTUBHOMY aHani3i hiHaHCOBMX MOKa3HU-
KiB, He 3aBXAM A03BONAIOTb CBOEYACHO iA€HTUMIKYBaTU MOTEHUIMHI 3arpo3n Ta agekBaTHO pearyBaTu Ha HUX. Y LbOMY
KOHTeKCTi (hiHaHCOBE NPOrHO3YBaHHS BUCTYMAE BaX/IMBUM iHCTPYMEHTOM (hOpMYBaHHS NPOAKTUBHOI MoAeni yrnpasniHHA
(hiHaHCOBOO CTabINLHICTIO KOMMAHIN.

MeToto aocnigpkeHHs € 06rpyHTYBaHHS poni iHaHCOBOro NporHo3yBaHHS B 3abe3neyeHHi hiHaHCOBOI CTabinbHOCTI KOM-
MaHii i po3pobka KOHLENTyanbHOro Niaxoay A0 iHTerpaLii NPOrHO3HWX iHCaAWTIB y NMpouecy yrnpassiHHS (iHaHCOBUMU pu-
3ukamu. JocnigxkeHHs 6asyeTbCa Ha BUKOPUCTaHHI 3ara/ibHOHAYKOBWX i CreuiasibHMX MeToAiB, 30KpeMa CUCTEMHOro Ta
NPOLECHOro NiaxoAis, CTPYKTYPHO-/I0MYHOrO MOAENIOBAHHS, aHani3y Cy4aCcHWX MPOrHO3HUX METOAIB i pU3NK-MeHemKep-
CbKUX IHCTPYMEHTIB.

Y cTaTTi NokasaHo, Wo (iHaHCOBE NPOrHO3YBaHHS BMKOHYE MPEBEHTUBHY, afanTMBHY Ta CTabinisauinHy dyHKLU, 3a6e3-
neyyoun paHHIo igeHTudIKauito MiHAHCOBUX PU3MKIB i NIABULLEHHS AKOCTi YNpaBAiHCbKUX pilleHb. JJoBeaeHo, Lo 3acTo-
CYBaHHS CLIEHapHOIro aHanisy, METPUK PU3KNKY, CUCTEM PaHHLOIO NonepeikKeHHs Ta METOAIB MALLMHHOIO HAaBYaHHS A03BO-
NISIE CBOEYACHO BUSIBNIATM NOTEHUIMHI hiHaHCOBI AMcbanaHcK Ta 3HWXXYBATU MMOBIPHICTb peanisauii KpU30BMX CLEeHapiiB.
O6r'pyHTOBaHO, WO HaMbINbLWMIN edeKT A0CAraETbCA 3@ YMOB CUCTEMHOI iHTerpaLii NporHO3HMX MoAeNei B yrpaB/iHHS
iHaHCOBUMU pU3MKaMW.

OCHOBHMM HayKOBWMM pe3ynbTaToOM AOC/iAXEHHS € po3pobKka aBTOPCHLKOI KOHUENTYasbHOI Moaeni iHTerpadii diHaHCOBOro
NPOrHo3yBaHHS B MpoLeck ynpaBaiHHSA (iHAHCOBMMM pU3MKaMU, sika (DOPMYE 3aMKHEHWUI YNPaBiHCbKUIA LMK i CPUSIE
3MiLIHEHHIO (hiHAaHCOBOI CTabiNbHOCTI KOMMNaHin. OTpUMaHi pe3ynbTaT MaloTb TEOPETUYHY W MPaKTUUYHY 3HAYYLLICTb i MO-
XyTb 6yTV BUKOPUCTaHI B cMCTEMax KOpropaTMBHOIO (PiHaHCOBOrO MeHeAXXMEHTY.

KnrouoBi cnoBa: ciHaHcoBa CTabinbHiCTb, hiHAHCOBE NMPOrHO3yBaHHS, YNpaBiHHSA (iHAHCOBMMU pU3MKAMM, NMPOrHO3Hi
iHCaliTW, NPOAKTUBHE YNPaBAiHHS PU3NKaMK, CLLEHAPHUIA aHani3, CUCTEMU PaHHLOrO MOMNEPEeMKEHHS, MalLMHHE HaBYaHHS

y iHaHcax, kopriopaTuBHi diHaHcK, diHaHCOBa CTiMKICTb

JEL Knacudpikauia: C53, G17, G31, G32, M21
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