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industry prosperity lie numerous risks and challenges. This paper initially elaborates
systematically on the rationale for selecting CNN models for conducting research on financial
risk early warning, followed by the choice of publicly listed airlines in the A-share market,
thereby establishing samples for financial risk early warning and financial health.
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f;fgv,g;ds' Subsequently, through differential testing of these two sample categories, suitable financial
Financial risk risk early warning indicators tailored for airlines are scientifically and systematically sifted out.
Financial risk early warning Moreover, to address issues such as the different dimensions of indicator data, the imbalance
Convolutional neural networks in the number of sample categories, and dataset partitioning, data preprocessing efforts are

undertaken. Finally, the processed data is fed into the CNN model for training, followed by an
assessment and analysis of its early warning efficacy.
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1. Introduction

Aviation transportation, serving as the aerial corridor that underpins the global economic operation, has increasingly
highlighted its strategic value in the post-pandemic recovery phase. However, beneath the industry prosperity lie numerous
risks and challenges. Intensifying market competition, ongoing rise in operational costs, rapid technological advancements,
and increasingly stringent policy regulations and safety requirements, among other issues, may significantly impact the
development of airlines, accentuating financial risk concerns. Therefore, conducting research on financial risk early warning
in the aviation transport industry holds utmost practical significance for preemptively alerting enterprises about financial
risks. By establishing an effective financial risk early warning model, the aviation transportation industry can proactively
identify risks, adjust operational strategies in a timely manner, thereby enhancing its resilience against risks in the complex
and ever-changing market environment to achieve sustainable development.

This paper opts for the employment of a Convolutional Neural Network model for financial risk early warning. Such a
model surpasses the limitations of traditional financial ratio analysis methods, offering a more macroscopic and in-depth
perspective to scrutinize the overall financial condition of enterprises, thereby furnishing timely, precise, and comprehensive
financial risk early warning signals to businesses.

2. Construction of Financial Risk Early Warning Model
2.1 Overview of Convolutional Neural Network Model

Convolutional Neural Network (CNN), a symbolic algorithm in the field of deep learning, is characterized by features such
as local connectivity and weight sharing, enabling it to demonstrate exceptional performance in handling image and
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sequence data. A Convolutional Neural Network consists of layers such as the input layer, convolutional layer, activation
layer, pooling layer, flattening layer, fully connected layer, and output layer. Each layer, with its specific function and role,
collectively constructs this advanced deep learning model, capable of automatically extracting multi-level abstract features,
showcasing robust expressive power and generalization capability. This characteristic has led to significant success in a

wide range of application scenarios. If we denote the convolutional kernel size as f, the stride as S and the input width as
w, the output size can be represented as:
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The Padding size, which typically involves zero padding, is used to adjust the output size to match the input dimensions.
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The size of the convolution kernel (fxf) is variable and can be chosen as 1x1, 3x3, 5x5, often selected empirically, typically
opting for odd values to facilitate output processing. Following each convolution operation in the Convolutional Neural
Network (CNN) model architecture, the activation function, known as the activation layer, plays a crucial role. The
activation function introduces non-linear transformations, enabling the model to effectively learn and capture non-linear
relationships and interactive patterns among complex data, thereby enabling the model to learn and represent more intricate
data patterns. In selecting the activation function for the activation layer, this paper adopts the most common ReLU
(Rectified Linear Unit) function in convolution models. This is because the ReLU function is computationally simple,
requiring no complex mathematical operations, leading to higher computational efficiency compared to other activation
functions. The diagram of the ReLU function is illustrated in Fig. 1.
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Fig. 1. ReLU function

Pooling layer functions to reduce the dimensionality of the output data activated after the convolution layer. Its primary
objective is to deterministically select the maximum value within each sliding window, effectively reducing the complexity
of the feature space while ensuring the retention of crucial information. This process enhances the model’s computational
efficiency and strengthens its generalization capability. The flattening layer is responsible for transforming the output data
from the pooling layer, originally in multidimensional array form, into a one-dimensional array. This process ensures that
the original feature information remains unchanged. In the fully connected layer, weight parameters and activation functions
are configured at each neuron. By performing element-wise dot product operations between the output data from the
flattening layer and predetermined weights, and applying the activation function to nonlinearly transform these output
values, information filtering and enhancement are achieved. The activation function used in the fully connected layer is the
Sigmoid function. This function maps the output results to a value P between 0 and 1, representing the probability that a
specific sample belongs to a particular class. Using a threshold of 0.5, if P is greater than 0.5, it is considered a positive
sample; if less than 0.5, it is considered a negative sample, thereby achieving binary classification, indicating whether a
financial risk warning occurs. The expression for the Sigmoid function is:
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The range of the Sigmoid function is between 0 and 1, and its graph is illustrated in Fig. 2.
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Fig. 2 Sigmoid function diagram
The expression for the input variable z of the Sigmoid function is:
Z=W, + WX, WX, +. WX, “4)

where x4, X, ..., X, are the input feature values, and z is the output result passed into the Sigmoid function.
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In this paper, it is defined that if P is greater than or equal to 0.5, the enterprise is considered to have a financial risk early
warning. If P is less than 0.5, the enterprise is deemed financially healthy, indicating the absence of a financial risk early
warning.

(1 p=05 (6)
o, p<05

2.2 The Feasibility and Advantages Analysis of Convolutional Neural Network Models in Financial Risk Early Warning

In the research of financial risk early warning models, Convolutional Neural Networks (CNN) exhibit a considerable
alignment with financial data characteristics due to their technical attributes, thus breaking through the limitations of
traditional models to some extent. By leveraging hierarchical feature learning to integrate multidimensional data, the CNN
model can capture the nonlinear dynamic relationships of financial indicators and cross-modal risk signals. Its advantages
are demonstrated in the following aspects:

2.2.1 Exceptional Capability in Handling Complex Data

Financial data possesses intricate intrinsic structures with closely intertwined relationships, where different indicators co-
vary, and time series contain trends and cyclical features. The CNN model excels in handling these complex data
relationships; its convolutional and pooling layers automatically extract local and global features, integrating them for risk
early warning. This not only provides more precise risk early warning results for enterprises but also aids in detecting
potential risks and taking preventive measures in advance, thus averting adverse consequences of risks.

2.2.2 Unique Advantages in Financial Risk Assessment

Traditional methods rely on manual feature engineering and selection, whereas the CNN model processes input data directly,
automatically capturing hidden information and nonlinear relationships. Consequently, the model can express the
comprehensiveness of financial risk assessment in a more intricate manner, eliminating the need for manual feature selection
and engineering dependence, thereby achieving more comprehensive risk assessment results.

2.2.3 Outstanding Flexibility in Structural Design

The CNN model can flexibly adjust and expand based on specific problems and data characteristics. Financial risk early
warning tasks exhibit significant diversity, with varying scales and complexities in enterprise financial data and diverse
types and focuses of risks. The model’s scalability enhances the adaptability and practicality of the early warning system,
better meeting personalized requirements.
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2.2.4 Comparative Advantages with Other Models

In financial risk early warning research, models such as logistic regression, SVM, random forest, and BP neural networks
are commonly used. However, when compared to these models, CNN displays unique advantages and is more suitable for

financial risk early warning research in the airline industry, as shown in Table 1.

Table 1

Comparative advantages of CNN model over other models

Principle

Comparative Advantage

Logistic Regression
Model

A general linear regression analysis model commonly
used for binary classification problems. The core idea
is to map the linear regression results between (0,1)
using a logistic function.

A powerful supervised learning algorithm based on

In addition to linear relationships, the CNN model achieves
non-linear transformations through its convolutional layers and
activation functions, automatically learning complex mapping
relationships between indicators.

Compared to the SVM model, which requires manual selection

Support Vector . . . L of kernel functions and parameters, the CNN model can
. finding the optimal separation plane, maximizing the . S .
Machine (SVM) . . . automatically optimize feature extraction methods through
distance between the separation plane and data points . . .
Model . - . . data-driven approaches, leading to strong generalization
of different classes to achieve classification. .
capabilities.
Random Forest relies on univariate splits to build decision
trees, exhibiting weak capabilities in capturing complex feature
A machine learning algorithm based on ensemble con}b_matlons of multiple variables. When_ processing flata,
. . .. decision trees are constructed through serial computation,
learning, where multiple decision trees are N . .
Random Forest Model . resulting in low efficiency. In contrast, CNN can automatically
constructed and their results are aggregated through . ) .
voting or averaging to obtain the final prediction learn complex feature combinations of multiple variables at
’ different levels. During data processing, the convolutional
layers can perform parallel computations, leading to high
efficiency.
A multi-layer feedforward neural network comprising
input, hidden, and output layers. Through the
backpropagation algorithm (BP algorithm), output Fully connected layers in BP neural networks have a high
BP Neural Network errors are backpropagated layer by layer from the number of parameters, making them prone to overfitting. In
Model output layer to the input layer in a certain form, contrast, CNN reduces the risk of overfitting by employing

adjusting the connection weights between neurons to

pooling operations to decrease the number of parameters.

continuously decrease errors and facilitate the
learning process.

In conclusion, utilizing CNN models for predicting enterprise financial risk early warnings presents advantages. Not only
can it capture both local and global features of data, but it can also fit all data. The model’s scalability serves as a valuable
asset in assisting enterprises in preventing financial risks within complex and ever-changing market environments.
Furthermore, when compared to other models, CNN exhibits significant advantages, enabling the enhancement of financial
risk early warning services for enterprises to better achieve their risk prevention objectives.

2.3 Research Sample Selection
2.3.1 Determination of Sample Scope and Early Warning Period
(1) Determination of Sample Scope

To enhance the prospective nature of early warnings and move away from reactive alerts, this study strategically chooses
publicly listed airlines in the A-share market as the research sample during model development. Data vital for analysis are
drawn from reputable sources including the CSMAR database, the DIB database, and enterprise annual reports.

(2) Determination of Sample Early Warning Period

While the common research timeframe spans five years, extending the research period offers a more robust early warning
advantage as noted in prior work (Deng et al., 2018). The interval from 2019 to 2024 marks a crucial phase of growth and
transformation for the A-share aviation transportation industry in China. Considering the pronounced seasonality inherent
in the industry—impacted by factors like weather variations, holiday scheduling, and fluctuations in travel demand—this
study opts for a period from December 31, 2019, to December 31, 2024. This timeframe notably encapsulates multiple
complete seasonal cycles, enriching the analysis with a comprehensive view of trends and patterns.

In determining the year (t) for the research sample, drawing insights from the practices of Tian and Wang (2017), Gao et al.
(2023) and Xu et al. (2022), it is observed that by comparing the early warning results across t-1, t-2, and t-3 periods, it is
acknowledged that, considering the representativeness of disclosed corporate data, an early warning model can effectively
predict crises up to two years before their occurrence. This allows enterprises ample time to mitigate risks. Hence, utilizing
data from the t-2 period for early warning proves most reliable. Accordingly, this study will leverage relevant data from t-2
years to construct a financial crisis early warning model. In essence, when assessing whether an enterprise will face financial
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challenges in 2024, predictions will be based on data from 2022.

To ensure the research sample’s integrity and coherence, a meticulous selection process is undertaken. Only samples
persisting consistently from December 31, 2019, to December 31, 2024, are retained, while those entities exiting, closing
down, being acquired, or encountering circumstances leading to discontinuation of observation within this period are
excluded. Following thorough scrutiny and statistical analysis, it is revealed that 12 airlines remained operational throughout
this early warning period. These 12 airlines are hence designated as the research sample for this study.

2.3.2 Categorization Basis for Research Samples

At present, a prevailing scholarly consensus, both in China and internationally, designates enterprises listed under Special
Treatment (ST) as entities exhibiting heightened financial risk, thus constituting samples for financial risk early warnings.
Conversely, enterprises not falling under the ST category are considered financially stable, forming samples for financial
health assessments. Following a meticulous assessment, it emerges that, within the period spanning from December 31,
2019, to December 31, 2024, a total of 6 instances of ST designation occurred. Consequently, these 6 ST sample instances
are earmarked as financial risk early warning samples, while the remaining 246 instances serve as the pool for financial
health samples. The specific financial risk early warning samples are shown in Table 2.

Table 2

Financial risk early warning samples
Event Date Enterprise Code Event Date Enterprise Code
2021-03-31 600221 2021-12-31 600221
2021-06-30 600221 2022-03-31 600221
2021-09-30 600221 2022-06-30 600221

2.4 Establishment of Financial Risk Early Warning Indicator System
2.4.1 Initial Selection of Financial Risk Early Warning Indicators

Drawing extensively from Chinese and international research findings on the factors influencing financial risk early
warnings in the aviation transportation sector and CNN model outcomes, this study categorizes the factors impacting
financial risk early warnings for aviation transportation enterprises into two main classes: traditional financial indicators
and non-traditional financial indicators. Traditional financial indicators encompass familiar dimensions of solvency,
profitability, operating efficiency, growth potential, and cash flow adequacy. Non-traditional financial indicators
predominantly include metrics related to corporate governance structures, market competitiveness dimensions, and internal
control index indicators.

(1) Preliminary Selection of Traditional Financial Indicators

In the initial curation of traditional financial indicators, prominent scholarly works by Tan et al. (2021) and Long and Chen
(2025) serve as pivotal references. These scholars, in their methodologies for traditional financial indicator selection, drew
insights from the “Financial Indicator Analysis” section of the CSMAR database. This segment offers a comprehensive
array of metrics designed to gauge an enterprise’s solvency, profitability, operating efficiency, growth potential, and cash
flow adequacy across five essential dimensions. The richness of data within the CSMAR database’s “Financial Indicator
Analysis” section stems from authoritative sources, setting it apart from other Chinese databases in terms of completeness.
Each data point undergoes meticulous verification and validation processes, ensuring data accuracy. Moreover, alignment
with the China Securities Regulatory Commission’s industry classification standards not only facilitates horizontal
comparisons of financial indicators among industry peers but also enables longitudinal trend analyses for specific
enterprises, establishing a robust data foundation for precise indicator selection.

In light of these considerations, this study, in selecting traditional financial indicators, curated a comprehensive set
encompassing indicators for solvency, profitability, operating efficiency, growth potential, and cash flow adequacy. The
final compilation includes 24 solvency indicators, 26 profitability indicators, 15 operating efficiency indicators, 23 growth
potential indicators, and 8 cash flow adequacy indicators, totaling 96 traditional financial indicators.

(2) Preliminary Selection of Non-Traditional Financial Indicators

(1) Corporate Governance Structure

Accumulated research has demonstrated that an enterprise’s equity structure and governance standards have a profound
impact on its financial risk profile, warranting their incorporation into financial risk early warning models. Liu (2006)

identified weak governance structures as a pivotal factor culminating in financial crises within transportation equipment
manufacturing firms, subsequently affecting operational outcomes. Tang and Guo (2018) observed that integrating
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governance information into predictive models significantly outperformed those lacking such data, underscoring the pivotal
role of corporate governance information in forecasting financial risk occurrences. Hence, the degree of equity balance
serves as a robust metric for assessing the concentration of shareholders within aviation enterprises and the extent of checks
and balances. This metric not only cultivates an environment conducive to efficient corporate oversight but also remarkably
mitigates biased decision-making processes internally. Consequently, it effectively safeguards the legitimate rights of
minority shareholders, substantially reducing the probability of potential financial risks.

(2) Internal Controls

Prevailing literature widely asserts that robust internal control measures markedly decrease the likelihood of financial risk
occurrences. Qin (2019) posited that internal control mechanisms, as the nucleus of corporate governance, effectively shield
against various risks. Xu et al. (2021) in studying the relationship between internal controls and corporate performance,
utilized an internal control index to gauge internal controls, revealing a significant positive correlation between internal
controls and financial performance.

Including the internal control index in the early warning indicator system effectively measures the quality of internal control
mechanisms within an enterprise—the higher the numerical value, the more effective the enterprise’s internal controls.

(3) Market Competition Intensity

Existing studies underline the significant impact of market competition intensity on an enterprise’s financial risk profile.
Zhong and Fan (2004) argued that escalating market competition heightens both financial and operational risks, thereby
augmenting internal and external pressures. Xie (2022) and Tang and Shi (2023) selected market share and HHI (Herfindahl-
Hirschman Index) to gauge product market competition intensity, and through correlational analyses, established their
capacity to influence financial risks to a certain extent. Therefore, integrating these two metrics—market share and HHI—
into the early warning indicator system effectively gauges the level of market competition within an enterprise.

Further, in analyzing market competitiveness, airlines have embraced four distinctive indicators: spatial location
competition, individual stock Lerner Index PCM, excess main business profit margin, and the proportion of individuals with
a bachelor’s degree or above. The spatial location competition indicator mirrors an airline’s competitiveness in route layout
and hub development. The aviation transport sector exhibits significant spatial characteristics, with premium routes linking
economically prosperous regions or popular tourist destinations, ensuring a steady flow of passengers and bolstering
airlines’ profitability and financial stability. The individual stock Lerner Index PCM typically gauges an airline’s ability to
control ticket prices. A high index value signifies the enterprise’s strong pricing power in the market, enabling agile
responses to cost fluctuations, profit safeguarding, and financial risk reduction. The excess main business profit margin
showcases the extent to which an airline’s core business profitability exceeds industry averages. In the fiercely competitive
aviation sector, a high excess main business profit margin indicates the enterprise’s unique advantages in service quality
and cost control, sustaining substantial profits and mitigating financial risks. A decline in this indicator indicates a
weakening competitive position and an increase in financial risk. The proportion of individuals with a bachelor’s degree or
above reflects the quality of human resources within an airline. Across route planning, operational management, customer
service, and various facets, high-caliber talent injects professional capabilities and innovative vigor into the enterprise,
serving as intrinsic drivers supporting continuous growth. Therefore, within the financial risk early warning indicator
system, this indicator holds significant reference value.

In summary, one governance structure indicator, one internal control indicator, and a total of six market competition
indicators have been selected, totaling eight non-traditional financial indicators.

2.4.2 Handling and Verification of Financial Risk Early Warning Indicators
(1) Treatment of Missing Values

The presence of elusive missing values in actual data poses a formidable challenge. Such missing values can disrupt
subsequent analyses and model constructions, leading to skewed results, thereby compromising accuracy and reliability.
Hence, ensuring the comprehensiveness and effectiveness of data necessitates the crucial step of handling missing values.

Typically, filling missing values with the mean is a common practice. This approach is relatively straightforward and
practical, as it helps preserve the central tendency of the data to a certain extent. By maintaining the overall numerical
characteristics of the filled dataset in alignment with the original data, it prevents excessive alterations to key statistical
values like the mean due to the presence of missing values. Subsequently, during data analysis, this method ensures that the
analytical outcomes closely reflect reality, thereby laying a stable data foundation for further exploration and model
construction. However, in situations where a substantial number of missing values persist even after mean imputation for a
particular indicator, the option of removing that indicator may be considered.
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Following the treatment of missing values, the remaining solvency indicators total 24, profitability indicators total 25,
operating efficiency indicators total 14, growth potential indicators total 20, cash flow adequacy indicators total 8, market
competition indicators total 5, governance structure indicators total 1, and internal control indicators total 1, amounting to
99 indicators altogether.

(2) Test of Differences

Drawing from the methodology proposed by Duan et al. (2024), this study compares and analyzes the various early warning
indicators of financial risk between sample enterprises under financial distress and healthy sample enterprises. By
simultaneously presenting comparative values within reference intervals, means, and significant differences, the research
results achieve a comprehensive portrayal. When a significant correlation between input data and output results emerges, it
signifies that the early warning indicators can reliably reflect the true financial status of an enterprise.

This method holds scientific validity as it entails contrasting indicators from different types of sample enterprises and
employing statistical analysis to accurately assess the degree of correlation between various indicators and financial
conditions. This approach effectively filters out indicators with practical early warning value, ensuring that the selected
indicators authentically and effectively reflect the actual financial state of an enterprise, thereby providing robust data
support for financial risk early warning models.

(D) Test of the Differences in Solvency Indicators

Following the treatment of missing values, a differential analysis is conducted on the remaining 24 solvency indicators. The
results are presented in Table 3.

Table 3

Test of the differences in solvency indicators

Indicator ST Sample Non-ST Sample Mean Difference t-Statistic p-Value Significance
Current Ratio 0.73 1.22 -0.49 -0.98 0.33

Quick Ratio 0.69 1.17 -0.48 -1.01 0.31

Conservative Quick Ratio 0.31 0.97 -0.66 -1.49 0.14

Cash Ratio 0.08 0.55 -0.47 -1.52 0.13

Operating Funds to Borrowings Ratio -1.59 36.08 -37.67 -0.48 0.63

Interest Coverage Ratio 3.00 20.40 -17.41 -0.50 0.62

Net Cash Flows from Operating Activities/Current -0.04 0.22 -0.25 -2.14 0.03 ok
Cash Flow Interest Coverage Ratio 0.34 34.94 -34.60 -0.51 0.61

Cash Flow Debt Coverage Ratio -0.10 491 -5.01 -0.52 0.60

Debt-to-Asset Ratio 1.05 0.55 0.50 4.72 0.00 HHE
Long-Term Debt to Total Assets Ratio 0.18 0.08 0.09 2.48 0.01 ol
Tangible Asset to Debt Ratio 1.06 0.56 0.50 4.62 0.00 HAk
Tangible Asset to Interest-Bearing Debt Ratio 0.92 0.43 0.49 4.37 0.00 K
Equity Multiplier -6.96 8.87 -15.84 -0.58 0.56

Equity Share Ratio -7.96 7.87 -15.84 -0.58 0.56
Equity-to-Debt Ratio -0.04 1.76 -1.80 -1.81 0.07 *
Long-Term Capital Debt Ratio 1.40 0.41 1.00 8.24 0.00 K
Long-Term Debt-to-Equity Ratio -4.04 5.68 -9.72 -0.45 0.65

Long-Term Debt to Operating Funds Ratio 4.26 -1.92 6.18 1.23 0.22
EBITDA/Total Debt Ratio 0.00 0.13 -0.14 -1.04 0.30

Net Cash Flows from Operating Activities/Total Debt 0.00 0.14 -0.14 -1.46 0.15

II;I:L :Zash Flows from Operating Activities/Interest-Bearing 0.00 10.98 -10.98 -0.40 0.69
Debt-to-Equity Market Value Ratio 0.79 0.44 0.35 3.46 0.00 HoEE
Tangible Net Worth to Debt Ratio 378.04 42.60 335.44 1.54 0.12

Note: *¥** ** qnd * indicate significance at the 1%, 5%, and 10% levels, respectively.

As a result, eight indicators—Net Cash Flows from Operating Activities/Current Liabilities, Debt-to-Asset Ratio, Long-
Term Debt to Total Assets Ratio, Tangible Asset to Debt Ratio, Tangible Asset to Interest-Bearing Debt Ratio, Equity-to-
Debt Ratio, Long-Term Capital Debt Ratio, Debt-to-Equity Market Value Ratio—are selected as indicators within the
solvency dimension.

(2) Test of Differences in Profitability Indicators

As shown in Table 4, the criteria for assessing an enterprise’s profitability encompass eleven indicators: Profit to Pre-Tax
Operating Profit Ratio, Operating Gross Profit Margin, Operating Cost Ratio, Operating Profit Margin, Operating Net Profit
Margin, Total Operating Cost Ratio, Financial Expense Ratio, Sales Period Expense Ratio, Cost Expense Profit Ratio, Pre-
Tax Operating Profit to Depreciation and Amortization Ratio, and Pre-Tax Operating Profit Margin.
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Table 4
Test of differences in profitability indicators

Indicator ST Sample Non-ST Sample Mean - p-Value Significan
Mean Mean Difference Statistic ce Level

Return on Assets (ROA) -0.01 0.01 -0.03 -1.28 0.20

Return on Total Assets (ROA) -0.02 0.00 -0.03 -1.37 0.17

Net Profit Margin on Total Assets -0.14 -0.03 -0.11 -0.93 0.35

Net Profit Margin on Fixed Assets -0.08 -0.01 -0.08 -1.20 0.23

Return on Equity (ROE) -1.93 -0.23 -1.70 -1.52 0.13

Net Profit to Gross Profit Ratio 0.88 0.73 0.15 0.92 0.36

Profit to Pre-Tax Operating Profit Ratio -2.86 0.34 -3.20 -4.11 0.00 S

Pre-Tax Operating Profit to Total Assets Ratio -0.01 0.01 -0.03 -1.28 0.20

Return on Invested Capital (ROIC) -0.01 0.01 -0.03 -1.30 0.20

Long-Term Capital Return Rate -0.07 0.01 -0.09 -1.62 0.11

Operating Gross Profit Margin -0.28 0.04 -0.32 -2.90 0.00 S

Operating Cost Ratio 1.28 0.96 0.32 2.90 0.00 ok

Operating Profit Margin -0.44 -0.04 -0.40 -2.66 0.01 kol

Operating Net Profit Margin -0.38 -0.04 -0.34 -2.69 0.01 HHE

Total Operating Cost Ratio 1.53 1.09 0.44 3.13 0.00 S

Sales Expense Ratio 0.04 0.03 0.01 1.51 0.13

Management Expense Ratio 0.04 0.04 0.00 -0.07 0.95

Financial Expense Ratio 0.16 0.05 0.11 3.40 0.00 HHE

Sales Period Expense Ratio 0.24 0.12 0.12 3.09 0.00 S

Cost Expense Profit Ratio -0.22 0.05 -0.27 -2.00 0.05 *x

Impairment Loss to Operating Revenue Ratio 0.00 0.00 0.00 0.15 0.88

Pre-Tax Operating Profit to Depreciation and 016 0.08 024 193 0.05 %

Amortization Ratio

Pre-Tax Operating Profit Margin -0.23 0.01 -0.24 -1.88 0.06 .

Cash to Profit Ratio 5.62 10.18 -4.56 -0.34 0.73

Investment Return Rate 0.54 -0.12 0.66 0.53 0.59

Note: *** ** and * indicate significance at the 1%, 5%, and 10% levels, respectively.
(3) Test of Variability in Operating Efficiency Indicators
As shown in Table 5, the criteria for assessing an enterprise’s operating efficiency encompass six indicators: Proportion of

Accounts Receivable and Inventory to Current Assets, Current Assets to Revenue Ratio, Non-Current Assets Turnover,
Capital Intensity, Total Assets Turnover, and Shareholders’ Equity Turnover Rate.

Table 5

Test of variability in operating efficiency indicators
Indicator ST Non-ST . Mean - p- Significance

Sample Mean  Sample Mean _ Discrepancy _ Statistic Value Level
Accounts Receivable to Revenue Ratio 0.19 0.31 -0.12 -0.76 0.45
Accounts Receivable Turnover 7.85 16.50 -8.64 -0.85 0.40
Inventory to Revenue Ratio 0.12 0.07 0.05 0.81 0.42
Inventory Turnover 15.10 205.02 -189.92 -0.76 0.45
zfrliggiz; :eft ;Accounts Receivable and Inventory to 0.10 021 2011 207 0.02 o5
Accounts Payable Turnover 1.84 15.03 -13.19 -0.89 0.37
Cash and Cash Equivalents Turnover 5.44 591 -0.47 -0.08 0.94
Current Assets to Revenue Ratio 3.66 1.81 1.85 2.37 0.02 *E
Current Assets Turnover 0.45 1.31 -0.86 -1.51 0.13
Fixed Assets to Revenue Ratio 3.56 3.45 0.11 0.08 0.94
Fixed Assets Turnover 0.40 0.54 -0.14 -0.85 0.40
Non-Current Assets Turnover 0.14 0.26 -0.13 -1.72 0.09 *
Capital Intensity 14.39 8.37 6.02 1.93 0.05 >
Total Assets Turnover 0.10 0.20 -0.10 -1.78 0.08 *

Shareholders’ Equity Turnover Rate 13.26 1.97 11.30 2.03 0.04 ok

Note: *** ** and * indicate significance at the 1%, 5%, and 10% levels, respectively.
(4) Test of Differences in Growth Potential Indicators
As shown in Table 6, the criteria for assessing an enterprise’s growth potential encompass six indicators: Net Profit Growth

Rate, Net Income Growth Rate, Operating Profit Growth Rate, Comprehensive Income Growth Rate, Total Operating Cost
Growth Rate, and Net Asset per Share Growth Rate.
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Table 6
Test of differences in growth potential indicators
Indicator ST Sample Non-ST Sample ' Mean - p- Significance
Mean Mean Discrepancy Statistic ~ Value Level
Capital Preservation and Appreciation Rate 0.86 1.04 -0.18 -1.00 0.32
Capital Accumulation Rate -0.14 0.04 -0.18 -1.00 0.32
Fixed Asset Growth Rate -0.11 0.00 -0.11 -1.14 0.25
Total Asset Growth Rate 0.12 0.06 0.06 1.21 0.23
Net Return on Equity Growth Rate -3.28 -0.07 -3.21 -0.74 0.46
Basic Earnings per Share Growth Rate -3.64 0.69 -4.32 -0.91 0.36
Net Profit Growth Rate -18.37 -1.43 -16.93 -2.08 0.04 o
Net Income Growth Rate -13.10 -1.60 -11.50 -2.70 0.01 HAk
Operating Profit Growth Rate -5.57 -0.59 -4.98 -3.06 0.00 K
Comprehensive Income Growth Rate -8.10 -2.03 -6.07 -2.04 0.04 **
Operating Revenue Growth Rate -0.09 0.08 -0.17 -0.74 0.46
Total Operating Income Growth Rate 0.11 0.14 -0.03 -0.16 0.87
Total Operating Cost Growth Rate -0.07 0.09 -0.17 -2.45 0.01 S
Administrative Expense Growth Rate 0.08 0.07 0.01 0.07 0.94
Net Cash Flow per Share Growth Rate -0.40 2.78 -3.18 -0.38 0.70
Net Cash Flow from Operating Activities 0.69 278 347 041 0.68
Growth Rate
g:f: Flow from Financing Activities Growth -0.60 230 1.70 037 071
Sustainable Growth Rate -0.12 -0.02 -0.10 -1.09 0.28
Equity Growth Rate -0.14 0.04 -0.18 -1.00 0.32
Net Asset per Share Growth Rate -0.31 0.01 -0.31 -1.76 0.08 *

Note: *** ** and * indicate significance at the 1%, 5%, and 10% levels, respectively.
(5) Test of Variability in Cash Flow Adequacy Indicators

As shown in Table 7, guided by the significance markers, the criteria for assessing an enterprise’s cash flow adequacy
encompass three indicators: Cash Conversion Rate of Revenue, Total Cash Recovery Rate, and Cash Adequacy Ratio.

Table 7
Test of variability in cash flow adequacy indicators
Indicator ST Sample Non-ST Sample . Mean - p- Significance
Mean Mean Discrepancy Statistic Value Level
Cash Flow Coverage of Net Profit 8.00 4.95 3.06 0.89 0.37
Cash Conversion Rate of Revenue -0.09 0.19 -0.27 -2.94 0.00 ok
Total Cash Recovery Rate 0.00 0.04 -0.05 -2.53 0.01 S
Operating Index -0.04 1.27 -1.31 -0.35 0.72
Cash Adequacy Ratio -3.54 1.26 -4.80 -3.27 0.00 ok
Cash Reinvestment Ratio -0.04 0.25 -0.29 -0.20 0.84
Cash Flow Sufficiency for Investments 0.95 0.94 0.01 0.04 0.97

Note: *¥** ** qnd * indicate significance at the 1%, 5%, and 10% levels, respectively.

(6) Test of Variability in Internal Control, Shareholding Balance, and Market Competition Degree Indicators

By conducting an analysis of the variability in non-traditional financial indicators post the treatment of missing values, the
ensuing outcomes are as shown in Table 8:

Table 8
Test of variability of non-traditional financial indicators

. ST Sample Non-ST Sample Mean - - Significance
Indicator Meanp Mean b Discrepancy -Statistic Vzr:lue gLevel
Market Share 9.19 7.85 1.34 0.33 0.74
Spatial Competition 7.95 7.44 0.50 2.01 0.04 **
Excess Main Business Profit Margin -20.47 5.75 -26.23 -3.59 0.00 i
Individual Stock Leverage Index (PCM) -0.43 -0.03 -0.40 -3.60 0.00 HAk
Proportion of Individuals with Bachelor’s Degree 054 0.45 0.09 1.42 016
or Above
Shareholding Balance 0.20 0.46 -0.27 -5.21 0.00 HAk
Internal Control Index Score 0.00 619.76 -619.76 -10.70 0.00 kol

Note: *** ** and * indicate significance at the 1%, 5%, and 10% levels, respectively.

Thus, guided by the significance markers, the criteria for assessing an enterprise’s market competition degree, corporate
governance level, and internal control proficiency encompass five indicators: Spatial Competition, Excess Main Business
Profit Margin, Individual Stock Leverage Index (PCM), Shareholding Balance, and Internal Control Index Score these five
non-traditional financial indicators. By subjecting the dimensions of solvency, profitability, operating efficiency, growth
potential, cash flow adequacy, market competition degree, corporate governance, and internal control level to testing of
differences, a total of 39 financial risk early warning indicators has been meticulously curated. The specific indicators are
detailed in Table 9 below.
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Table 9
Financial risk early warning indicator system
Dimension Variable Indicator Name Dimension Variable  Indicator Name
X1 Net Cash Flows from Operating X20 Proportion of Accounts Receivable and
Activities / Current Liabilities Inventory to Current Assets
X2 Debt-to-Asset Ratio X21 Current Assets to Revenue Ratio
X3 Long-Term Debt to Total Assets Ratio  Operating efficiency =~ X22 Non-Current Asset Turnover
X4 Tangible Asset Liability Ratio X23 Capital Intensity
Solvency Tangible Asset to Interest-Bearing
X5 . X24 Total Asset Turnover
Debt Ratio
X6 Equity-to-Debt Ratio X25 Shareholders’ Equity Turnover Rate
X7 Long-Term Capital Debt Ratio Growth potential X27 Net Income Growth Rate
X8 Debt-to-Equity Market Value Ratio X28 Operating Profit Growth Rate
X9 Profit to Pre-Tax Operating Profit X29 Comprehensive Income Growth Rate
Ratio X30 Total Operating Cost Growth Rate
X10 Operating Gross Profit Margin X31 Net Asset per Share Growth Rate
X11 Operating Cost Ratio X32 Cash Conversion Rate of Revenue
X12 Operating Profit Margin Cash flow adequacy =~ X33 Total Cash Recovery Rate
X13 Operating Net Profit Margin X34 Cash Adequacy Ratio
Profitability ~ X14 Total Operating Cost Ratio Corporate X35 Shareholding Balance
Governance
X15 Financial Expense Ratio }fgjgllal Control X36 Internal Control Index Score
X16 Sales Period Expense Ratio X37 Spatial Competition
X17 Cost Expense Profit Ratio Market Competition  X38 Excess Main Business Profit Margin
X19 Pre-Tax Operating Profit Margin Degree X39 Individual Stock Leverage Index (PCM)

3. Research on Financial Risk Early Warning of Airlines Based on CNN Model
3.1 Data and Sample Preprocessing
3.1.1 Data Normalization

Given the varying dimensions of different indicators and the model’s sensitivity to disparate dimensions during training, it
is imperative to standardize the raw data of all samples before officially initiating model training. This is crucial to ensure
the accuracy and reliability of the model. Larger dimension features tend to dominate the model training process, while
smaller dimension features may become significantly weakened, leading to biases in the model’s learning process and
ultimately resulting in substantial errors. The normalization method employed in this study for indicator data is Z-score
normalization. Z-score normalization is a widely used data standardization technique that involves adjusting the original
dataset through mathematical transformations to achieve a normal distribution with zero mean and unit variance, thereby
facilitating the standardization of the data.

3.1.2 Sample Balancing

Following the selection of 252 sample data points corresponding to the period from December 31, 2019, to December 31,
2024, careful scrutiny reveals that 6 data points correspond to enterprises labeled as ST. With a ratio of 246 healthy financial
samples to 6 financial crisis samples, the dataset is imbalanced. In imbalanced datasets, the risk exists that information from
minority class samples may be obscured by majority class samples, leading to significant misclassification of crucial risk
features by the model. This severely undermines its ability to accurately identify minority class samples. Based on the
systematic research conducted by Li et al. (2019) on methods for classifying imbalanced data, data resampling emerges as
the most representative approach at the data level for tackling imbalanced data sets. Based on the sampling approach,
methods for handling imbalanced data through resampling are primarily categorized into undersampling and oversampling
strategies. Undersampling aims to selectively reduce the number of dominant class samples to enhance the model’s accuracy
in classifying minority class samples. However, this process may lead to the loss of crucial information, ultimately
compromising the overall performance of the classifier. In contrast to undersampling, oversampling focuses on optimizing
classification performance by expanding the number of minority class samples. While this strategy aims to balance the
dataset, it may exacerbate the risk of overfitting the classification algorithm due to the frequent replication of minority class
samples. Conversely, undersampling achieves class balance by sacrificing sample quantity, which could result in decreased
classifier performance.

To effectively address the issue of class imbalance in the dataset, this study opts for the Synthetic Minority Over Sampling
Technique (SMOTE) (Chawla et al., 2002). SMOTE oversampling involves randomly selecting samples from similar
neighbors within the same class to interpolate and generate unique new minority class samples, thereby reducing the
potential for overfitting during model training. This enhancement subsequently elevates the model’s generalization ability
and predictive accuracy on imbalanced datasets (Wu et al., 2024). Following the application of the SMOTE method for
handling imbalanced samples, the financial early warning and healthy samples have been augmented to a balanced state of
246:246, achieving equilibrium between the healthy and early warning financial samples.
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3.1.3 Dataset Partitioning

In general practice, a CNN model divides data into training and testing sets to effectively evaluate and optimize the model’s
performance. Thus, drawing inspiration from Guo and He’s (2014) approach, this study follows a 7:3 ratio to partition the
data from the warning period into training and testing sets].

3.2 Training of the CNN Model
3.2.1 Modeling Training Procedure

This study employs a one-dimensional Convolutional Neural Network (1D CNN) to train a model for predicting whether
an airline has financial risk warnings. The specific training process is outlined below.

(1) Data Preparation and Input Layer

Following the selection of indicators as discussed earlier, a comprehensive system of 39 financial risk warning indicators
incorporating both traditional and non-traditional financial metrics is successfully constructed. Each sample’s 39 indicators
are transformed into a one-dimensional sequence, effectively compressing and integrating the original multidimensional
information. This process results in a feature matrix of 492 rows and 39 columns, ensuring comprehensive data coverage
and providing a solid foundation for subsequent model training.

(2) Convolutional Layer

Considering that the dataset in this study is not extensive for a CNN model, a key parameter configuration of a convolutional
kernel size of 3, 32 convolutional kernels, and padding of 1 is selected. Through a single convolution operation, each sample
generates a data matrix of size 32*39, where 32 represents the number of convolutional kernels and 39 corresponds to the
length of the generated output sequence.

(3) Activation Layer

The dataset generated through the convolution operation is passed through the ReLU activation function to introduce non-
linear transformations and accurately fit the entire dataset.

(4) Flattening Layer

The data sets produced for each sample, i.e., matrices of size 32*39, are flattened into a one-dimensional vector of length
1248 (32%x39=1248).

(5) Fully Connected Layer

Following the flattening operation, a fully connected layer with 128 neurons is employed. The input dimension is 1248,
resulting in a connection of 1248x128. To prevent overfitting effectively, L2 regularization is introduced in the fully
connected layer to constrain the size of model parameters and enhance the model’s generalization capability.

(6) Output Layer

Upon applying the activation function in the output layer, the final prediction of the model is generated. The output layer
consists of a single neuron with a connection structure of 128*1 from the preceding layer. The Sigmoid activation function
is used for classifying the output results, indicating the occurrence of financial risk warnings. By following the
aforementioned process flow, the CNN model can effectively predict the financial risk warning demands of the research
samples, providing a precise mechanism for risk assessment. During the model training process, Adam optimizer and binary
cross-entropy loss function are utilized for efficient parameter optimization. Additionally, the integration of Model
Checkpoint and Early Stopping callback mechanisms ensures the preservation of the optimal model and prevents overfitting.

3.2.2 Evaluation of Model Performance

The confusion matrix is a common tool used to evaluate classification problems. After completing the model construction,
the effectiveness of the model can be assessed using a confusion matrix. Specifically, the evaluation metrics for the model
include accuracy, precision, recall, F1 score, and AUC value. In a k-class classification scenario, the confusion matrix
displays a distribution pattern of k*k, providing a visual representation of the classifier’s predictive performance. In the
binary classification scenario addressed in this study, the matrix takes a concise 2*2 form, representing the confusion matrix
results based on the CNN model. The results are as shown in Table 10.

Table 10
Prediction results based on convolutional neural network model

Predicted Outcome
Positive (Healthy Samples) Negative (Warning Samples)
Positive (Healthy Samples) 70 4
Negative (Warning Samples) 1 73

Actual Situation
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The 492 oversampled data points are divided into training and test sets at a ratio of 7:3. Testing is conducted on 148 samples
from the test set, comprising 74 healthy samples and 74 warning samples. Out of which, 70 healthy samples are accurately
identified, and 73 warning samples are correctly recognized, achieving an accuracy rate of 96.62%. By utilizing the
confusion matrix, further computation of key metrics such as accuracy, precision, recall, F1 score, and AUC value enables
a comprehensive evaluation of the model’s performance, as shown in Table 11. These metrics evaluate the model’s
performance in binary classification tasks from various perspectives and provide quantitative evidence to assess whether
the model is suitable for financial crisis prediction. They assist in understanding the model’s classification ability, accuracy
in distinguishing between positive and negative samples, overall predictive reliability, and other characteristics.

Table 11
Evaluation index of convolutional neural network model
Model Accuracy Recall Precision F1 score AUC value
CNN 96.62% 94.59% 98.59% 96.55% 93.32%

The above table demonstrates the exceptional performance of the CNN model across crucial evaluation metrics. With an
accuracy of 96.62%, the model showcases a remarkably high proportion of accurately predicted samples. This indicates that
out of the 148 samples tested, the model accurately predicted the outcomes of 143 samples. The recall rate of 94.59% and
precision of 98.59% reflect the model’s robust ability to detect all positive samples, with a minimal incidence of missed
positives (4 out of 74) and rare occurrences of false positives (1 out of 74). The F1 score, which combines precision and
recall, also stands at 96.55%, further highlighting the model’s balance and excellence in these aspects. Additionally, the
AUC value of 93.32% strongly reflects the model’s capability to differentiate between positive and negative samples,
indicating a potent predictive ability.

All the metrics mentioned above surpass the 90% threshold, signifying that the CNN model has achieved a level of precise
and efficient learning from the data. This excellence is evident not only in its capacity to extract features and patterns but
also in its reliable and stable performance in real-world classification and prediction tasks. These superior metrics provide
solid and dependable support for decision-making processes.

The CNN model, however, exhibits a “black box” characteristic, making it challenging to visually showcase the internal
operational processes. This limitation hampers a clear understanding of the key warning indicators during the alerting
process and how these indicators influence the final alert probability output. To overcome this limitation and enhance the
understanding of the model’s alerting process, the SHAP (Shapley Additive Explanations) interpretability analysis method
has been introduced (Tan & Gan, 2022; Xu & Cao, 2023).

The SHAP explanation framework serves as a post-analysis tool, inspired by the Shapley value concept from cooperative
game theory. This mechanism assigns a score to each feature, reflecting its importance and specific contribution to the
model’s final outcome. Not only does this facilitate the interpretation of the underlying logic behind the CNN model’s
predictions, but it also provides businesses with more refined and precise support. This, in turn, enables higher judgment
accuracy in financial risk management. The adoption of this technical approach enhances the overall robustness of the model
and its practical utility when deployed.

In this study, by implementing relevant code, the top twenty features in terms of importance within the CNN model are
identified (as depicted in Fig. 3). The graph illustrates the varying trends of SHAP values for each feature, with each data
point denoting a sample from the dataset. The color gradient from blue to red intuitively displays the increasing trend of
feature values; red signifies larger feature values, while blue represents smaller ones. On the horizontal axis, a SHAP value >
0 indicates a positive impact of the indicator on the prediction outcome, driving the model to classify the sample as a
financially risky entity. On a holistic level, multiple indicators collectively contribute to the financial risk early warning
model. By focusing on the top ten influential indicators, it becomes apparent that there are 3 growth potential indicators, 3
solvency indicators, 1 cash flow adequacy indicator, 1 operating efficiency indicator, 1 profitability indicator, and 1 market
competitiveness indicator. This underscores the pivotal role of both growth potential and solvency of businesses in
influencing financial risk early warnings.

The net profit growth rate stands out as a primary influencing factor, with its SHAP value ranging between -0.15 to 0.2,
indicating significant sensitivity in risk predictions. In the graph, high net profit growth rate values (depicted as red points)
correspond to both positive and negative SHAP values. A positive SHAP value for high net profit growth rates suggests
that, within the model’s comprehensive considerations, higher growth rates may actually amplify financial risks.
Conversely, when the net profit growth rate values are low (blue points), the SHAP values exhibit a similar mix of positive
and negative trends. A positive SHAP value in this context implies that even with slow or negative growth in net profits, the
intertwining effects of other factors within the model may still elevate financial risks. Therefore, the impact of the net profit
growth rate on financial risks is not distinctly linear but rather influenced by the interplay of multiple factors within the
model, necessitating a holistic evaluation when assessing financial risk in airlines.



Y. Wang and X. Li / Accounting 12 (2026) 127

Higl
Net Profit Growth Rate e DR R
Debt-to-long Capital Ratio Rt |
Net Cash Content of Operating Revenue s cmpsans 2 & o
Long-term Borrowings to Total Assets Ratio SRRt ]
Market Leverage Ratio e |
Total Profit Growth Rate EEEEREEI
Proportion of Two - Fund Items in Current Assets =
Total Operating Costs Growth Rate e . )
Excess Operating Profit Margin - et} .
Financial Expense Ratio il 3
Lerner Index for Individual Stocks (PCM) s 4 %
Total Cash Recovery Rate ot =
Ratio of Interest-Bearing Debt to Tangible Assets s
Spatial Location Competition -4
EBITDA Margin o
EBIT Margin e
Cash Suitability Ratio e
Profit - to - Cost Ratio e
Ratio of Current Assets to Revenue -
Capital Intensity . el
- Low

ohs 0o %5 0io o015 o020
SHAP value (impact on model output)

Fig. 3. SHAP value analysis based on the CNN model

The long-term capital debt ratio is associated with negative SHAP values (red points clustered on the left), indicating that
higher ratios dampen the model’s output. While conventionally, a model’s output is expected to positively correlate with
financial risks, whereby higher long-term capital debt ratios should lower risks, this anomaly may be attributed to the
combined effects of other factors within the model. Similarly, metrics such as operating income cash net content and the
proportion of accounts receivable and inventory to current assets operate along the same principles—higher values decrease
the model’s output. However, metrics like the long-term capital debt ratio and the proportion of accounts receivable and
inventory to current assets exhibit counterintuitive results due to the model’s consideration of the complex interactions
among various factors, rather than a simplistic judgment based solely on the metrics themselves. The debt-to-equity market
value ratio’s SHAP value is positive (red points concentrated on the right), indicating that, within the myriad factors
considered by the model, a higher ratio increases financial risks. A high ratio signifies a higher market value of debt relative
to equity, suggesting a heavy debt burden with significant pressure for interest and principal repayments. Poor management
or adverse market conditions could lead to difficulties in debt repayment, tight cash flows, and consequently heightened
financial risks. Metrics such as total profit growth rate, total operating cost growth rate, and financial expense ratio operate
under the same principles—a higher value leads to an increase in the model’s output, thereby elevating the financial risks
for the enterprise.

Additionally, non-traditional financial indicators included in this study play a crucial role in financial risk early warnings.
Among them, the excess main business profit margin, individual stock selection index PCM, and spatial positional
competitiveness are ranked in the top twenty. Notably, the excess main business profit margin’s SHAP value tends towards
negative, indicating that an increase in this metric helps reduce financial risk early warnings. A higher excess main business
profit margin reflects the enterprise’s market dominance, strong competitiveness in core business, and pricing power.
Conversely, the SHAP values for individual stock selection index PCM and spatial positional competitiveness are positive,
signifying that although monopolistic positions bring higher profits, they may also attract regulatory scrutiny, intensify
market competition, and hinder innovation, potentially affecting long-term financial health and escalating financial risks for
the enterprise.

4. Conclusion

This study focuses on A-share listed enterprises in the aviation transportation industry, utilizing sample data from December
31,2019, to December 31, 2024. It initiates the construction of a financial risk early warning indicator library, encompassing
all traditional financial indicators related to solvency, profitability, operating efficiency, growth potential, and cash flow
adequacy, alongside non-traditional financial indicators reflecting corporate governance structure, internal control levels,
and market competitiveness. By conducting differential tests on the risk early warning indicators of sample unhealthy
enterprises versus healthy ones, a selection of 39 indicators forms the basis of the financial risk early warning indicator
system. Subsequently, the study progresses to model training, validation, application, and interpretability analysis. Based
on these steps, the following main conclusions emerge:

(1) The CNN-based model constructed exhibits exceptional performance in financial risk early warnings, displaying
accuracy, recall, precision, F1 score, and AUC values all surpassing 90%. It effectively captures data features and patterns,
enabling precise predictions of financial risks.

(2) Through SHAP interpretability analysis, it is observed that indicators related to development and solvency play pivotal
roles in financial risk early warnings within the aviation transportation industry. Metrics like net profit growth rate
demonstrate strong sensitivity in risk predictions, with varying positive and negative impacts of different indicators on
financial risks, where non-traditional financial indicators also prove to be significant contributors.
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