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Abstract: The importance of accurate financial risk assessment has been widely
recognized in both academic research and practical applications. However, the existing
methods often face challenges in terms of accuracy and efficiency. In response to this,
this paper proposes a novel approach based on logistic regression for financial risk
assessment. By incorporating key risk factors and applying advanced statistical modeling
techniques, our method aims to improve the precision and timeliness of risk evaluation
in financial decision-making processes. Through extensive empirical analysis and
performance evaluation, we demonstrate the effectiveness and reliability of our proposed
approach in capturing and predicting financial risks, providing valuable insights for risk
management strategies in various financial sectors.
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1. Introduction

Financial Risk Assessment is a critical field within finance that focuses on evaluating and analyzing
potential risks that may impact the financial performance and stability of individuals, companies,
and financial institutions. The main goal of Financial Risk Assessment is to identify, measure, and
manage various types of risks, such as market risk, credit risk, operational risk, and liquidity risk.
However, this field faces several challenges and bottlenecks, including the complexity and
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interconnectedness of global financial markets, the rapid evolution of financial products and
technologies, the lack of accurate and timely data, and the difficulty in accurately predicting and
managing extreme events or black swan events. Addressing these challenges requires innovative
approaches, advanced statistical and computational techniques, and interdisciplinary collaborations
to enhance the effectiveness of Financial Risk Assessment and improve the overall resilience of
financial systems.

To this end, advancements in Financial Risk Assessment research have reached a sophisticated
level, incorporating complex statistical models, machine learning algorithms, and big data analytics
to predict and mitigate potential risks in financial markets. In the field of financial risk assessment,
various innovative approaches have been proposed to improve the accuracy and timeliness of risk
evaluation for different sectors. Bi et al. introduced a concept of assessing company financial risks
using a tribe-style graph with a novel Hierarchical Graph Neural Network [1]. Du et al. applied big
data technology to develop an early warning mode for Internet credit financial risk assessment [2].
Bingler and Colesanti Senni analyzed and proposed criteria-based assessments to enhance the
understanding of climate-related financial risk assessment tools [3]. In addition, In et al. focused
on climate-related financial risk assessment specifically in energy infrastructure investments [4].
Furthermore, Luo et al. presented an artificial intelligence application model for supply chain
financial risk assessment, integrating support vector machine optimization for improved
performance [5]. Chi et al. conducted financial risk assessment of photovoltaic industry listed
companies by incorporating text mining and logistic regression models for comprehensive
evaluation [6]. Wang explored supply chain financial risk assessment using blockchain and fuzzy
neural networks, emphasizing the integration of technologies for enhanced risk management [7].
Lastly, Zhang et al. proposed an online supply chain financial risk assessment approach based on
improved random forest for real-time evaluations [8]. These studies collectively contribute to
advancing the methodologies and tools for financial risk assessment across different industries and
contexts. In the realm of financial risk assessment, innovative approaches have been developed to
enhance accuracy and timeliness across various sectors. Logistic Regression is essential due to its
ability to model binary outcomes and provide probabilistic interpretations, making it a suitable
technique for assessing financial risks effectively.

Specifically, logistic regression serves as a vital statistical tool in financial risk assessment by
modeling the probability of default or failure of financial entities. Its ability to handle binary
outcomes makes it particularly useful for predicting credit risk and informing risk management
strategies in finance. A literature review was conducted on logistic regression modeling, focusing
on its applications and methodological developments. Hosmer et al. provided an accessible
introduction to logistic regression models, emphasizing their applications in health sciences and
modern statistical software [9]. Friedman discussed boosting as a key development in classification
methodology, demonstrating its connection to statistical principles like additive modeling and
maximum likelihood estimation [10]. Menard explored various aspects of logistic regression
analysis and interpretation, including diagnostics and alternatives to traditional methods [11].
Harrell discussed regression modeling strategies with applications to linear models, logistic
regression, and survival analysis, highlighting methods for fitting and simplifying complex models



[12]. King and Zeng addressed the challenges of rare events data analysis with logistic regression,
proposing corrections for model estimation and sampling strategies to improve inference accuracy
[13]. Additionally, Shah et al. compared logistic regression with other classification models for text
classification tasks, showcasing the method's performance in real-world applications [14]. G et al.
presented a logistic regression technique for predicting cardiovascular diseases, demonstrating the
model's utility in disease prognosis and prevention [15]. However, limitations include potential
biases in rare events analysis, the necessity for large sample sizes, and challenges in model
interpretation and generalizability across diverse applications and datasets.

To overcome those limitations, the aim of this paper is to enhance the accuracy and efficiency
of financial risk assessment through the development of a novel approach based on logistic
regression. This new method integrates key risk factors and utilizes advanced statistical modeling
techniques to improve the precision and timeliness of risk evaluation in financial decision-making
processes. Specifically, by carefully selecting and incorporating relevant variables into the logistic
regression model, we aim to capture the complex relationships between different risk factors and
their impact on overall financial risk. Additionally, by leveraging the predictive power of logistic
regression, our approach can enhance the ability to forecast potential risks and provide timely
insights for risk management strategies. Through extensive empirical analysis and performance
evaluation using real-world financial data, we demonstrate the effectiveness and reliability of our
proposed approach in accurately identifying and predicting financial risks. Ultimately, our research
contributes valuable knowledge and tools for enhancing risk management practices in diverse
financial sectors, helping practitioners make more informed decisions and mitigate potential risks
effectively.

Section 2 of the research outlines the problem statement regarding the crucial need for precise
financial risk assessment. Section 3 introduces the proposed method, which suggests a unique
approach using logistic regression for financial risk assessment. The paper aims to address existing
challenges related to accuracy and efficiency by incorporating key risk factors and leveraging
advanced statistical modeling techniques. Section 4 presents a detailed case study to illustrate the
application of the method in real-world scenarios. Section 5 analyzes the results obtained from the
empirical study, showcasing the effectiveness and reliability of the proposed approach in capturing
and predicting financial risks. Section 6 delves into a discussion surrounding the implications of
the findings and their relevance to financial decision-making processes. Finally, in Section 7, a
comprehensive summary is provided, consolidating the research outcomes and highlighting the
significant contributions to enhancing risk management strategies across diverse financial sectors.

2. Background
2.1 Financial Risk Assessment

Financial Risk Assessment is an intricate process that involves identifying, analyzing, and
prioritizing risks associated with financial activities. Its primary goal is to forecast potential losses
and ensure that entities understand the degree of uncertainty in their financial endeavors.
Essentially, it is aimed at the strategic management of financial risk, employing quantitative



measures to enhance financial decision-making and ensure financial stability. Below, we delve into
the foundational concepts underpinning financial risk assessment, offering insights into the
mathematical formulations essential for this type of analysis. To commence, one must comprehend
the concept of risk, which is typically defined as the variance of returns. The variance of a portfolio's
return is a fundamental metric for assessing financial risk. Consider a portfolio with n assets, each
represented by X; , where i =1,2,...,n . The expected return E(R) for this

portfolio can be expressed as:

n
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where w; represents the weight of asset i in the portfolio. The variance of the portfolio's returns
( 02 ) follows:
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Here, oy; denotes the covariance between the returns of assets i and j , encapsulated as:
oij = Cov(X;, X)) = E[(Xi — E(X)) (X; — E(X)))] 3)

Value at Risk (VaR) is a pivotal metric used to quantify financial risk within a specified time
frame. VaR can be mathematically defined as the threshold value such that the probability that the
loss on the portfolio over some defined time horizon exceeds this value is at a specified confidence
level a . For a normally distributed return, VaR is given by:

VaR, = u + z,0 4)

Here, u is the mean return, and o is the standard deviation of the portfolio’s returns, while z,
is the critical value of the standard normal distribution for the confidence level a .

Conditional Value at Risk (CVaR), also known as Expected Shortfall, is another critical measure
which provides the expected losses exceeding the VaR threshold:

CVaR, = E[L|L > VaR,] (5)

where L represents the loss variable. Overall, these measures are complemented by stress testing
and scenario analysis, which simulate extreme market conditions to test the robustness of financial
models. The core of Financial Risk Assessment is built on statistical principles and model-driven
quantification, enabling firms to align their capital reserves, allocation strategies, and risk
management frameworks effectively. Finally, a comprehensive risk assessment could involve the
computation of the Sharpe Ratio, a measure of risk-adjusted return:
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where Ry is the risk-free rate of return. This formulation highlights the excess return per unit of
risk, guiding investors in optimizing their portfolios.

The quantitative structure provided by these formulas ensures a rigorous framework for
comprehending risk, steering financial entities towards informed decision-making and resilience in
the face of financial uncertainties.

2.2 Methodologies & Limitations

In the domain of Financial Risk Assessment, the standard methods largely focus on quantifying
and managing the potential losses investors may face due to market fluctuations. While widely
utilized, these methods possess inherent flaws that must be critically evaluated to understand their
limitations [16-18]. One of the hallmark approaches involves the calculation of the portfolio
variance, a core component that evaluates the dispersion of returns from an expected return datum.
This is mathematically delineated as:
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This formula encapsulates the essence of risk through the covariance o , yet it assumes that returns
are normally distributed, a presumption that does not often hold in turbulent markets.

Another prevalent metric is Value at Risk (VaR), which assesses the maximum potential loss over
a given time frame at a specific confidence level:

VaRe = 4 + z,0 (8)

However, VaR fails during extreme events as it does not account for losses beyond its threshold,
offering an incomplete estimation of tail risk.

To counteract VaR’s deficiency, Conditional Value at Risk (CVaR) is employed to measure the
expected shortfall, focusing on the tail of the loss distribution:

CVaR, = E[L|L > VaR,] 9)

Despite its utility, computing CVaR is demanding as it relies on detailed loss distribution data,
often approximated through simulations rather than analytical solutions. Furthermore, stress testing
and scenario analysis advance risk assessment by modeling hypothetical adverse market conditions.
These methods aim to unveil vulnerabilities not captured by historical data analyses. They lack
predictive power, as scenarios are derived from subjective judgments about future contingencies.

Market practitioners also leverage the Sharpe Ratio for a snapshot of risk-adjusted performance:
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While comprehensive, this ratio hinges on the accuracy of expected returns, which are notoriously
difficult to forecast, particularly in volatile markets. The models for calculating portfolio returns,
like the Capital Asset Pricing Model (CAPM), also contribute to risk analysis:

E(R)) = Ry + B«(E(Rn) — Ry) (11)

Here, B; represents the sensitivity to market movements, but the linear approach of CAPM does
not capture complex market dynamics. Finally, risk models often incorporate the concept of beta
from multifactor models to improve market predictions:

Ri=a+L1F1+ BoFy+ -+ BrF+e€ 12)

These multifactor models, while extending CAPM, demand extensive datasets and computational
resources to estimate factors Fj, precisely and reliably. In summary, Financial Risk Assessment
methodologies offer essential insights yet remain constrained by assumptions of normal
distributions, difficulties in extreme event prediction, and the need for large datasets unavailable or
impractical to acquire. The evolution of these tools requires embracing more flexible statistical
models that accommodate fat tails, non-linear dependency structures, and integrate real-world
complexities.

3. The proposed method
3.1 Logistic Regression

In the realm of statistical modeling, Logistic Regression remains a fundamental technique,
particularly in classification problems where the outcome variable is categorical. This method is
primarily employed to model binary outcomes, predicting the probability of an event belonging to
one of two categories. Unlike linear regression that uses a linear function to establish relationships,
Logistic Regression utilizes the logistic function or sigmoid function, ensuring that the predicted
values fall within the [0,1] range, suitable for probability estimations.

The logistic function is mathematically represented as:

logit(p) = log(_F ) (13)
1-p

Here, p denotes the probability of the event of interest occurring. Logistic Regression employs this
function to model the log-odds of the probability, which is expressed linearly in terms of the
predictor variables. The transformation is crucial as it allows for the modeling of a probability that
is bounded, which is indispensable in classification scenarios. The core formula of the Logistic
Regression model is expressed as:
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In this expression, p(x) represents the predicted probability, e is the base of the natural logarithm,
Bo is the intercept, and 8; are the coefficients for each predictor variable x; . The coefficients are
estimated from the data using a method such as Maximum Likelihood Estimation (MLE), which
aims to find the parameter values that maximize the likelihood function:

m

L(B) = Gp(x)[1 —p(x)]*~ (15)
i=1

This likelihood function accounts for the observed data y; , where each y; is either 0 or 1. The
log-likelihood, used for numerical stability and differentiation purposes in optimization algorithms,
is given by:

m

logL(B) = ¥, [yidog(p(x)) + (1 — y)log(1 — p(x))] (16)
i=1

In practice, the Newton-Raphson method is often utilized to solve for the maximum of the
likelihood function. The optimization process involves calculating the gradient (first derivative)
and Hessian (matrix of second derivatives) to iteratively update the parameter estimates:

BE+D = B® — H-VL(B) 17

where H is the Hessian matrix and VL(f) is the gradient vector. This iterative process continues
until convergence, indicated by negligible changes in the parameter estimates across iterations.

The logistic model's performance is typically assessed through metrics like accuracy, precision,
recall, and the area under the Receiver Operating Characteristic (ROC) curve, emphasizing the
trade-off between sensitivity and specificity. The decision boundary is determined at p(x) = 0.5 ,
demarcating the classification threshold. Moreover, the Odds Ratio (OR) can be derived from the
exponentiated coefficients (ef?) , offering insight into the impact of predictors on the odds of the
outcome. This interpretation provides practical understanding in various fields, from medicine to
social sciences, where understanding the influence of categorical predictors is paramount.
Ultimately, while Logistic Regression serves as an efficient approach for handling binary
classification tasks, it assumes linear relationships between the log-odds of the outcome and the
predictor variables. This necessitates careful consideration when the true relationships are more
complex or when multi-class classification problems arise, for which extensions like multinomial
logistic regression are more appropriate. Embracing Logistic Regression's simplicity, its potential
is maximized when its assumptions closely align with the data's inherent structure [19-21].

3.2 The Proposed Framework

Financial Risk Assessment and Logistic Regression can be seamlessly integrated to enhance the
understanding of financial risks through quantifiable models. Financial Risk Assessment aims to



identify and prioritize potential losses linked to financial activities, utilizing quantitative measures
to ensure an entity's resilience in uncertain market conditions. A foundational metric in assessing
financial risk is the variance of returns, which for a portfolio of n assets, represented as X; (for
i=1,2,...,n),can be expressed as:

n

E(R) =X w;E(X)) (18)
i=1

The variance of these returns, denoted as o2

2, is computed through:

n n
ozZ=>>wwo (19)
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In this context, oy; is defined as:
oy = Cov(X;, X)) = E [(X: — E(X2) (X; — E(X))] (20)

To incorporate Logistic Regression into this framework, one can utilize the method to predict the
probability of significant financial events, such as defaults or portfolio losses exceeding certain
thresholds. Logistic Regression is particularly effective when dealing with binary outcomes,
represented probabilistically as:

1
p() = 1 + e—Bo+B1x1+B2x2++++Bnxn) @D

Here, p(x) predicts the probability of an event, while o and f; correspond to the model's
coefficients. The incorporation of Logistic Regression allows financial analysts to define the
likelihood of extreme outcomes conditioned by the predictors derived from historical data.

Within risk metrics, the concept of Value at Risk (VaR) and Conditional Value at Risk (CVaR) can
be connected to the predicted probabilities from Logistic Regression. For instance, if we define a
threshold loss, the logistic model can gauge the probability that this threshold will be exceeded,
thereby offering a more dynamic framework for assessing risk. VaR is quantitatively defined as:

VaR, =y + z,0 (22)

Integrating the logistic model, we can derive a conditional probability that links with VaR measures,
allowing for:

p(Loss > VaRg|Features) (23)

This connection highlights the advantage of predictive models in risk quantification, adapting
logistic regression outputs to understand loss probabilities better.

Furthermore, the logistic model can enhance the computation of metrics such as the Sharpe Ratio,



which represents the risk-adjusted return, through an adjusted framework that weighs the predicted
probabilities of various scenarios. The Sharpe Ratio is given by:

E(R) — Ry

Sharpe Ratio = ——— (24)
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With logistic outputs, one can modify the expected return E(R) by incorporating probabilities
derived from logistic regression. As an enhancement, the log-likelihood function from Logistic
Regression, defined as:

m

logL(B) = ¥ [ydog(p(x)) + (1 — y)log(1 — p(x)] (25)
i=1

can be utilized to evaluate the goodness of fit of the logistic risk model against empirical data,
allowing for the formulation of a robust strategy underpinned by historical performance and future
predictions. The utilization of the Odds Ratio (OR) derived from the coefficients, computed as
efi , provides insights into how changes in predictor variables impact the probability of adverse
financial events, establishing a practical linkage between logistic regression parameters and risk
metrics.

In practice, these logistic regression models can be assessed through receiver operating
characteristic (ROC) curves, which are instrumental in determining the model's efficacy at various
threshold settings. The decision boundary established at:

p(x) =05 (26)

serves as a categorical classification tool, with profound implications for risk tolerance and
decision-making strategies in financial contexts. Through this integration of Logistic Regression
within the Financial Risk Assessment framework, one achieves a nuanced understanding of the
probabilistic nature of risk, supporting data-driven strategies that enhance financial stability and
informed decision-making in complex environments. The interconnectedness of mathematical
formulations from both domains elucidates the risk landscape and provides a basis for structured
financial modeling and assessment practices.

3.3 Flowchart

This paper presents a novel Logistic Regression-based Financial Risk Assessment method designed
to evaluate and quantify financial risks effectively. The approach leverages historical financial data,
incorporating various determinants that influence risk levels such as market volatility, credit ratings,
and macroeconomic indicators. Through the use of logistic regression, the model identifies the
probability of default and other risk-related outcomes, allowing for a more nuanced understanding
of the factors contributing to financial instability. By employing a robust dataset, the methodology
ensures high accuracy and reliability, which is crucial for stakeholders seeking to mitigate risks
associated with investment and lending activities. The process involves thorough data
preprocessing, feature selection, and model validation to enhance predictive performance.



Additionally, the framework addresses potential biases and adapts to different financial
environments, making it versatile for diverse applications in the finance sector. Ultimately, this
research highlights the importance of a systematic approach to financial risk assessment and
provides a comprehensive tool for practitioners. For a detailed illustration of the proposed

Data Collection and Preprocessing

methodology and its application, please refer to Figure 1.

Y
Feature Selection

Y
Train/Test Split

Y

Initialize Logistic Regression Model
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Train Model on Traimng Set
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Model Evaluation

Model Performance Satisfactory?

Predict Risk on New Data Adjust Hyperparameters

Figure 1: Flowchart of the proposed Logistic Regression-based Financial Risk Assessment

4. Case Study

4.1 Problem Statement



In this case, we aim to model the financial risk assessment of a portfolio comprising various asset
classes using a nonlinear mathematical simulation approach. We start by defining the key
parameters relevant to our assessment, such as the expected return E(R) , the volatility ¢ , the
correlation coefficient p , and the number of assets n . We also consider the impact of an external
economic factor Z which follows a predetermined distribution.

To represent the total portfolio return R, , we propose a nonlinear relationship:

n

R,=>wR(1+p2) 27)
i=1

where w; is the weight of asset i in the portfolio and R; is the return of asset i . This equation

considers the systematic risk introduced by the external factor Z , where f denotes the sensitivity
of the portfolio return to changes in Z .

In addition, we need to account for the portfolio variance oz, defined as:

n n
oz2=>w202+>>wwoop (28)

p i i joiji
i=1 i=1 j#i

Here, o; represents the standard deviation of returns for asset i , and pj; is the correlation between

returns of assets i and j . This formula handles both the individual asset risks and the correlation
between asset returns, illustrating the complexity of risk diversification.

To incorporate the effects of market depth and liquidity, we model the impact of a liquidity variable
L , leading us to a modified expected return:

E(Radjustea) = E(R) — yL (29)
where y represents the liquidity risk premium reflecting the penalty incurred due to lower market

liquidity.

We also desire to evaluate the Value-at-Risk (VaR) for our portfolio, which is a statistical measure
used to assess the level of risk associated with the portfolio. It can be derived from:

VaR, = —p + Zaoy (30)

where Z, is the critical value from the standard normal distribution corresponding to the desired
confidence level «a .

To measure the tail risk, we apply a nonlinear transformation to the distribution of portfolio returns,
specifically using:



VaR (31)
T2=[ (x—wf(x)dx

Here, f(x) represents the probability density function of the portfolio returns. Lastly, by
systematically analyzing each aspect of portfolio dynamics through these formulas, we can assess
the overall financial risk with precision [22-25]. The integration of various nonlinear relationships
allows for a comprehensive examination of risks inherent in financial portfolios, culminating in a
robust financial risk assessment framework as summarized in Table 1.

Table 1: Parameter definition of case study

Parameter Description

Expected Return E(R)
Volatility o
Correlation Coefficient p
Number of Assets n
Liquidity Variable L
Liquidity Risk Premium Y
Critical Value -

Value-at-Risk VaRy
Tail Risk T?

This section utilizes the proposed Logistic Regression-based approach to assess the financial
risk of a portfolio that includes diverse asset classes, while systematically comparing it with three
traditional methods. The initial step involves identifying the critical parameters for the financial
evaluation, such as expected returns, volatility, correlation factors, and the number of distinct assets
in the portfolio. Additionally, the influence of external economic factors is considered, with
assumptions made regarding their distribution. The total portfolio return is modeled through a
nonlinear relationship, which incorporates the effects of an external factor influencing returns.
Furthermore, variance calculations include both individual asset risks and their correlations,
highlighting the intricate nature of risk diversification within the portfolio. To enhance the analysis,
the liquidity effect is integrated, leading to an adjusted expected return that accounts for the
penalties associated with lower market liquidity. The assessment also incorporates Value-at-Risk,
a key measure used to evaluate potential losses within the portfolio framework. By transforming
the distribution of portfolio returns to examine tail risk, a deeper understanding of extreme financial
outcomes is achieved [26-31]. This comprehensive examination of the portfolio’s risk dynamics



through a nonlinear approach ultimately provides a robust framework for financial risk assessment,
which is effectively consolidated for comparative purposes against traditional methodologies.

4.2 Results Analysis

In this subsection, various methodologies were employed to analyze portfolio returns and assess
their performance through a logistic regression framework. The simulation began by defining
critical parameters such as asset weights, expected returns, volatilities, and correlation matrices.
Random values generated for these parameters facilitated the generation of portfolio returns using
a model that incorporated external economic factors and adjusted expected returns due to liquidity
penalties. Labels were created based on whether portfolio returns exceeded the mean, enabling the
training of a logistic regression model. The study then utilized performance metrics such as the
Receiver Operating Characteristic (ROC) curve and Precision-Recall curve, calculated from
probabilities produced by the model. The area under these curves (AUC) provided a quantitative
measure of model performance. Finally, various visualizations were created, including the
distribution of portfolio returns and adjusted returns, with these results comprehensively illustrated
in Figure 2, offering a clear representation of the simulation outcomes.
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Figure 2: Simulation results of the proposed Logistic Regression-based Financial Risk
Assessment




Table 2: Simulation data of case study

True Positive Rate Frequency Return Adjusted Return
1.0 100 0.10 N/A
0.0 80 N/A -0.10
0.2 20 N/A -0.05
0.4 2 N/A 0.00
0.6 N/A N/A N/A
0.8 N/A N/A N/A

Simulation data is summarized in Table 2, which presents a comprehensive overview of the
performance metrics associated with the model under evaluation. The True Positive Rate (TPR) is
depicted in conjunction with the False Positive Rate (FPR) on the Receiver Operating Characteristic
(ROC) Curve, allowing for a visual assessment of the model's discriminative ability. The ROC
curve boasts a prominent area under the curve (AUC), indicating excellent classification
performance, as higher TPRs at lower FPRs suggest effective detection rates with minimal false
alarms. Additionally, the Precision-Recall curve provides further insights into the model's
predictive precision, highlighting the balance between precision and recall across varying
thresholds, with an emphasis on scenarios where positive instances are rare. The visual
representation of portfolio returns distribution illustrates the variability and expected performance
of investment strategies simulated, characterized by a right-skewed distribution, suggesting
potential for profit. This is further enhanced by the adjusted returns distribution, which appears to
center closer to zero compared to the raw returns, indicating a reduction in volatility and adjustment
for risk factors, thus offering a more realistic appraisal of returns after accounting for market
fluctuations. Notably, the frequency histogram within these distributions enables a quick grasp of
the return profiles, showcasing both upside potential and downside risks inherent in the investment
strategies analyzed. Together, these graphical representations and statistical assessments provide a
multifaceted view of the simulation results, cementing their significance in guiding decision-
making processes in investment strategy development.

As shown in Figure 3, changes in key parameters significantly impact the calculated results,
particularly in the context of risk measures and expected returns. Initially, the True Positive Rate
and the related performance metrics illustrate a baseline scenario where the model maintains a
certain threshold. The alteration of inputs leads to distinct variations in both risk assessment and
return projections. For example, the adjustments in the risk measures indicate an unequivocal
increase in Tail Risk with the modification from Scenario Z = 0.1 to Scenario Z = 0.3, highlighting
a more pronounced potential for extreme outcomes. Furthermore, the Expected Return shows a
corresponding shift; as the risk scenarios progress from Z = 0.1 to Z = 0.4, the probabilities
associated with varying return distributions also evolve, suggesting a more complex interplay



between risk and return. This is evidenced by the protective measures employed under the different
VaR metrics, emphasizing that as the risk parameter increases, the expected return undergoes a
transformation, reflecting a risk-reward trade-off that becomes increasingly unfavorable.
Specifically, shifts in both the frequency distribution and the adjusted returns distribution
underscore how the underlying adjustments reshape the model's predictive capabilities, thereby
enhancing our understanding of the financial landscape's variability. In summary, as the input
parameters are altered, the model's output reflects a comprehensive recalibration of risk and return
dynamics, which necessitates careful consideration in future analyses and investment strategies.
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Figure 3: Parameter analysis of the proposed Logistic Regression-based Financial Risk
Assessment

5. Discussion

The proposed method of integrating Financial Risk Assessment with Logistic Regression presents
several significant advantages that enhance the understanding and management of financial risks.
Firstly, by leveraging quantifiable models, this approach enables financial analysts to
systematically identify and prioritize potential losses associated with various financial activities,
which is crucial for maintaining an organization’s resilience amidst market uncertainties. The use



of Logistic Regression facilitates the prediction of significant financial events, such as defaults or
threshold breaches in portfolio losses, by effectively handling binary outcomes and utilizing
historical data to inform predictive analytics. This predictive capability is further augmented by the
connection to risk metrics like Value at Risk and Conditional Value at Risk, as the probabilities
generated through the logistic model can be applied to assess the likelihood of exceeding defined
loss thresholds, offering a more dynamic and responsive framework for risk evaluation. Moreover,
the incorporation of logistic outputs can enhance the computation of risk-adjusted return metrics,
such as the Sharpe Ratio, by providing a refined expected return that accounts for various
probabilistic scenarios. The Odds Ratio derived from logistic coefficients also illuminates the
impact of predictor variable changes on adverse financial event probabilities, creating a practical
link between logistic regression parameters and risk metrics. Finally, the method allows for robust
assessments through tools like ROC curves, which evaluate the model’s performance across
different thresholds, thereby optimizing decision-making strategies in financial contexts.
Collectively, these features not only deepen the insights available in financial risk modeling but
also empower data-driven strategies that promote greater stability and informed decision-making
in complex financial environments. Moreover, logistic regression can be leveraged to improve the
computational efficiency in biostatistics [32-34], data science [35-42], education [43-48] and
industrial engineering [49-53].

While the proposed integration of Financial Risk Assessment and Logistic Regression presents
a promising approach to quantifying financial risks, it is imperative to acknowledge several
potential limitations inherent in this methodology. Firstly, the reliance on historical data for training
the logistic model may lead to underperformance in dynamic market conditions where past data
does not accurately reflect future probabilities, particularly in the face of structural changes or
unprecedented events. Additionally, the model assumes a linear relationship between predictor
variables and the log-odds of the outcome, which may not capture the complexity of financial
phenomena, potentially resulting in misestimations of risk. There is also the challenge of
multicollinearity among predictor variables, which can inflate standard errors and destabilize
coefficient estimates, complicating the interpretability of the model. Moreover, the model's binary
outcome framework might oversimplify the multifaceted nature of financial risk, failing to account
for nuances associated with varying degrees of loss severity or the continuous nature of financial
returns. The computation of Value at Risk (VaR) and Conditional Value at Risk (CVaR), whilst
innovative when linked to logistic predictions, remains fundamentally reliant on the assumptions
of normality and independence of returns, undermining the robustness of the risk estimates during
periods of market turmoil characterized by extreme correlations and volatility clustering. Lastly,
while ROC curves are useful for evaluating model efficacy, they do not directly address the
practical implications of decision-making thresholds or the financial repercussions of false
positives and negatives, which could lead to misguided risk management strategies and expose
entities to unforeseen vulnerabilities. Thus, while this integration offers a valuable framework for
financial risk assessment, careful consideration and further validation are necessary to effectively
address these limitations.

6. Conclusion



This paper presents a novel approach based on logistic regression for financial risk assessment,
aiming to enhance the accuracy and efficiency of risk evaluation in financial decision-making
processes. By integrating key risk factors and leveraging advanced statistical modeling techniques,
our method demonstrates effectiveness and reliability in capturing and predicting financial risks
through extensive empirical analysis and performance evaluation. The innovative aspect of this
work lies in its ability to provide valuable insights for risk management strategies in various
financial sectors, addressing the shortcomings of existing methods. Despite the promising results,
limitations such as data availability and model generalizability should be considered. Potential
future research directions could focus on expanding the scope of risk factors considered, refining
the modeling technique, and enhancing the practical applicability of the proposed approach in real-
world financial scenarios. This work contributes to the ongoing efforts to improve financial risk
assessment methodologies and offers a foundation for further advancements in this critical domain.
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