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Abstract: The current multidimensional identification and prediction methods for corporate financial risks heavily rely on
manual experience, resulting in insufficient reliability of the results. To this end, a multidimensional identification and
prediction model for enterprise financial risks is proposed by integrating arithmetic optimization algorithms and Support
Vector Machine (SVM) to accurately predict enterprise financial difficulties. This study first uses indicator-screening
algorithms to extract key indicators that reflect the financial status of enterprises from large volumes of financial data. Then,
an arithmetic optimization algorithm is used to optimize the support vector machine model, which is combined with the
extreme gradient boosting model to perform multidimensional identification and prediction of enterprise financial risks.
The experimental results show that the model achieves recognition accuracy of 97.8%, F1 score of 92.7%, prediction
accuracy of 98.4%, and a missed recognition rate of only 1.62%. In practical applications, the proposed model successfully
identified 130 low-risk enterprises out of 135, with an overall prediction accuracy of 90.0%, significantly better than the
comparison model. Experimental results show that this model has significant advantages in identifying and predicting
financial risks in enterprises and can provide accurate, efficient support for enterprise risk management.

Keywords: Arithmetic optimization algorithm; support vector machine (SVM); corporate finance; risk identification; risk
prediction; financial risk indicators.
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1. Introduction

Given the current trend of rapid socio-economic development, identifying and predicting corporate financial risks are among
the core safeguards for avoiding capital chain ruptures, ensuring continuous operations, and achieving strategic goals (Xu et
al., 2024). However, in traditional methods, extensive human experience and manual data identification and prediction often
lead to large gaps between actual and predicted results (Dai et al., 2024). With the emergence of intelligent algorithms, more
and more scholars are applying them to the multi-dimensional identification and prediction of corporate financial risks
(Anand et al., 2024). Zhuang and Wu (2025) applied ChatGPT to corporate risk identification and prediction, helping
enterprises better avoid risks and seize opportunities. Experimental results showed that this method could help enterprises
accurately identify and predict crises, reducing risks in investment decision-making (Zhuang and Wu, 2025). Tyagi and
Boyang (2023) applied intelligent Internet of Things technology in the fintech sector to identify and predict corporate
financial risks, helping enterprises respond more effectively to crises. Experimental results showed that the proposed model
outperformed comparative methods in terms of optimal cost, sensitivity, and accuracy. To accurately predict corporate
financial distress, Tyagi and Boyang (2023) also proposed an efficient framework for high-dimensional, imbalanced
scenarios. Experimental results showed that this method achieved significant gains in the area under the receiver operating
characteristic curve and recall, enabling accurate prediction of corporate financial distress. Liu and Yang (2024) proposed a
financial risk warning model for listed companies using a backpropagation neural network and rough set theory to improve
prediction accuracy. The experimental results show that the model exhibits high accuracy and reliability in predicting
financial risks of listed companies. Although the intelligent algorithm has been used in the field of multi-dimensional
identification and prediction of enterprise financial risk and has achieved results, there are still some problems, such as
difficulty balancing identification accuracy and prediction efficiency, and limited ability to handle high-dimensional,
unbalanced financial data.

SVM is a supervised learning model that can analyze data and identify underlying patterns, demonstrating significant
advantages in identification and prediction. For instance, Li et al. (2024) proposed an improved sailfish algorithm to optimize
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SVM and applied it to predict the temperature of an insulated-gate bipolar transistor. The experimental evaluation showed
that the correlation coefficient of the developed model was 99.60%, effectively ensuring the secure and stable operation of
the component. The Arithmetic Optimization Algorithm (AOA) is a novel metaheuristic algorithm that can optimize Support
Vector Machine (SVM) parameters and significantly improve model performance (Cao et al., 2023). For example, Wei et
al. (2023) proposed a non-intrusive online charging detection method based on AOA-SVM to meet the requirements of load
monitoring in substation-level power systems. Experimental results showed that this method exhibited strong adaptability
and high accuracy under unknown household appliance load conditions. The above research indicates that SVM excels in
data classification and pattern recognition, but parameter tuning relies on experience, while AOA excels in global parameter
optimization. The two complement each other and can effectively overcome the problem of blind parameter selection in a
single SVM model, thereby improving the model's stability and prediction accuracy.

To more effectively identify and predict financial risks for companies, a novel multidimensional model based on AOA
and SVM is proposed. It is expected that this model can provide new insights and considerations for predicting corporate
financial distress. To enhance the identification and prediction of corporate financial risks, this study proposes a novel
multidimensional model that integrates AOA and SVM. The innovations of this model are reflected in two key aspects. First,
the integrated application of algorithms such as AOA and SVM. Second, the development of a novel, high-performance
multidimensional model for financial risk prediction.

2. Methodology
2.1. Method for Selecting Corporate Financial Risk Indicators

To conduct multidimensional identification and prediction of corporate financial risks, it is essential to first collect and
analyze large volumes of financial data (Yan et al., 2023). Given the high computational cost and quality-assurance
challenges associated with raw data, it is necessary to first establish key financial risk indicators to provide a scientific basis
for subsequent research (Lyu and Jiao, 2025). Hence, for accurate multidimensional identification and prediction of corporate
financial risk, it is necessary to identify key indicators. Principal Component Analysis-Grey Relational Analysis (PCA-GRA)
combines two indicator screening methods. It extracts the most representative principal components from numerous financial
indicators, effectively reduces data dimensionality, and removes redundant information among indicators. This process
allows the model to focus more precisely on key factors that affect corporate financial risk (Eckhart et al., 2023; Zhang and
Xu, 2024). Based on this, the study applies PCA-GRA to select corporate financial risk indicators and identify the most
representative and critical ones. This step establishes a solid foundation for subsequent multidimensional identification and
prediction of financial risk. The basic framework is shown in Fig. 1.
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Fig. 1. PCA-GRA framework for corporate financial risk indicator selection

As shown in Fig. 1, this study first inputs the original corporate financial risk indicator system. It then applies PCA to
define the corporate financial data matrix. The calculation is shown in Eq. (1).
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In Eq. (1),  and 7 are the number of samples and the number of variables. This study then calculates the correlation
coefficient matrix among financial indicators. The calculation is shown in Eq. (2).
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In Eq. (2), X represents the matrix obtained after data processing. Next, this study calculates the eigenvalues of this
matrix to obtain the contribution rates of correlated financial components. The calculation is shown in Eq. (3).
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In Eq. (3), A represents the eigenvalues of the correlation coefficient matrix. Based on the contribution rates, this study
selects key components that have a greater impact on the identification and prediction of corporate financial risk. Through
empirical analysis, the first three principal components are selected, which together account for 86.2% of the variance,
satisfying the basic requirements for information retention during dimension reduction. Based on the three principal
components, this study further conducts GRA analysis. Using the enterprise's financial risk status as the reference sequence,
it calculates the correlation coefficients between the original indicators and each principal component. This process identifies
the most significant indicators of financial risk, thereby establishing the final screening system. The specific calculation
formula is presented in Eq. (4).
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In Eq. (4), 4 represents the resolution coefficient, with values in the range [0,1]. i () represents the absolute difference
of indicator ¥ . After calculation, financial indicators with lower relational degrees are removed. When it is not possible to

determine whether Ui (k) shows positive or negative correlation, this study applies the relevant Eq. for judgment. The
calculation is shown in Eq. (5).
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In Eq. (5), when sign(c;) = sign(c;) holds, the two indicators show positive correlation. When sign(c;) = =sign(c;)
holds, they show a negative correlation. The corporate financial risk indicator system selected by the algorithm is shown in
Table 1. On this basis, this study applies it to the screening of financial risk indicators and obtains a financial risk indicator
system. This study selected relevant indicators from three aspects: profitability, debt-paying ability, and operational ability
of the enterprise. In terms of profitability, the indicators selected through algorithms include return on equity, return on total
assets, gross profit margin, and net profit margin. In terms of debt-paying ability, the algorithm selects four indicators: current
ratio, quick ratio, asset-to-liability ratio, and equity ratio. In terms of operational capability, the algorithm selects four
indicators: inventory turnover rate, accounts payable turnover rate, current asset turnover rate, and total asset turnover rate.
These indicators can reflect the financial status and operating results of enterprises from different dimensions. By selecting
and combining these indicators, research can more comprehensively and accurately identify and predict enterprises' financial
risks.

2.2. Multidimensional Risk Identification Model Based on AOA-SVM

The established enterprise risk indicator system enables efficient identification of financial risks by filtering critical
information from large volumes of financial data. However, manual analysis of these indicators is inefficient and inaccurate
(Nacpil et al., 2023). To address this, this study develops a machine learning model based on this system, employing the
SVM algorithm, renowned for its superior performance in nonlinear classification, to enhance both the precision and
efficiency of financial risk identification. In addition, optimizing SVM parameters through optimization algorithms
significantly improves its multidimensional identification performance (Khushaba et al., 2022). Sine Cosine Algorithm-
AOA (SCA-AOA) is an improved version of AOA. Compared with traditional AOA, it uses the inherent oscillation of sine
and cosine functions to search for optimal SVM parameters more effectively (Chen et al., 2024; Qian et al., 2023; Chiong et
al., 2023). Therefore, this study applies SCA-AOA to optimize SVM parameters. The optimization process is shown in Fig.
2.
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Fig. 2. Optimization process of SCA-AOA algorithm

As shown in Fig. 2, the algorithm first initializes the population and relevant parameters. It then calculates individual
fitness values and determines the current optimal solution. Next, the algorithm determines whether to perform a local or
global position update based on the judgment condition given by Eq. (6).
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r > MOA? 6)
In Eq. (6), MOA4 represents the mathematical accelerator function. When the condition is satisfied, the algorithm
performs global position update. The calculation is shown in Eq. (7).
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algorithm performs global position update. The calculation is shown in Eq. (8).

represents the position of the optimal solution.
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In Eq. (8), W represents the introduced nonlinear inertia weight factor. The algorithm then recalculates individual fitness
values to obtain the current optimal solution. It checks whether the iteration condition is met. If satisfied, the algorithm
outputs the optimal SVM parameters. Otherwise, it continues to determine whether updates are global or local. After
optimization with SCA-AOA, the SVM obtains optimal kernel parameters, thereby enhancing its ability to identify corporate
financial risk. Finally, this study applies the optimized SVM to the multidimensional identification of corporate financial
risk, thereby more accurately determining the optimal classification hyperplane and improving identification accuracy. The
operational flow of the SCA-AOA-SVM multidimensional corporate financial risk identification model is shown in Fig. 3.

# i g — /) \ Parameter
! —rey:3) optimization
| % — =/
|
)

Start . Initialize environment SCA-AOA Optimal
! and parameters parameters
)
l::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::i::::::::::::::::::.:;:::1'
o ! Recognition |
) 1
i o i
S | [HE ’
| i
) 1
| Enterorise Classification Convert to convex |
End «— erprs — decision <+<—— quadratic programming 1
i Classification . i
! function problem !

Fig. 3. SCA-AOA-SVM multidimensional corporate financial risk identification model

As shown in Fig. 3, the model first applies SCA-AOA to optimize SVM parameters and select the optimal kernel. This
step improves SVM performance. The optimized SVM is then applied to the multidimensional task of corporate financial
risk identification. Specifically, the model inputs preselected corporate financial risk indicator data and performs in-depth
analysis using SVM's strong nonlinear classification capability. The model first maps financial data into a high-dimensional
space, converting the task into a convex quadratic programming formulation. The calculation is shown in Eq. (9).
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In Eq. (9), % and 4 represent Lagrange multipliers. Yi and Y represent the risky and non-risky enterprise classes in
a binary classification problem. The classification decision function is obtained using the Lagrange multiplier method. The
calculation is shown in Eq. (10).

f(x)=usign {i a’ yk(x,x)+ b*}

(10)



Journal of Engineering, Project, and Production Management, 2026, 16(6), 2026-174

In Eq. (10), k(x,x;) is the kernel function, and b s the bias vector. The model ultimately outputs multidimensional
identification results of corporate financial risk. It classifies enterprises into risky and non-risky categories and provides
timely, effective risk warnings and decision support.

2.3. Risk Prediction Model Based on AOA-SVM

The multidimensional corporate financial risk identification model constructed by SCA-AOA-SVM enables preliminary
identification and classification of corporate financial risk, as well as an understanding of enterprises' current risk status.
However, this model cannot effectively predict future financial risk trends or the changes that might occur. To enhance this
model for corporate financial risk forecasting, a forecasting model is necessary to identify potential risks in advance and
provide strong support for corporate response strategies (Jahanshahi et al., 2024). Before prediction, historical data are
combined to forecast financial risk trends by extracting time-series features from corporate risk data. Attention Mechanism-
Long Short-Term Memory (AM-LSTM) integrates AM with LSTM to better capture long-term dependencies in time-series
data. Therefore, this study applies AM-LSTM to corporate financial risk analysis to more accurately capture temporal
variation trends in corporate financial risk. The AM-LSTM multi-period corporate financial time-series feature extraction
model is shown in Fig. 4.

. oo _ f(&n

i : °
Stacked LSTM Fully connected layer : °

sl = — = 13

IR

: N —
Multi-period Layer
financial data ! : Attention layer normalization

Fig. 4. AM-LSTM multi-period corporate financial time-series feature extraction model

As shown in Fig. 4, the model first takes as input raw multi-period corporate financial data and then undergoes stacked
LSTM-based time-series feature extraction. Multi-period financial data first passes through the LSTM's forget gate, which
retains key information. The calculation is shown in Eq. (11).

fi=o(w, [ht—l’xt]+bL1) (11)

In Eq. (11), Wi represents weights, by, represents bias, %t is the current financial data input, and hy is historical
financial data output from the previous unit. The multi-period data then pass through the input gate to filter key information
in the current data, such as sharp declines in net profit or cash flow interruptions. The calculation is shown in Eq. (12).

1=G(VV, .[hl-,pxt]-'-bi)

C, = tanh(w, o[A,_,,x,]+b,) (12)

In Eq. (12), Ct is the candidate's memory generated for current financial fluctuations, and W represents the weight
matrix. Finally, the output gate integrates processed historical and current information to generate a vector of features,
including trends in changes of financial indicators and cyclical fluctuations. The calculation is shown in Eq. (13).

o,=cW,x, +U,h_ +b,)) (13)

In Eq. (13), w, and U, both represent weight matrices, and b, represents the bias vector. After LSTM performs initial
feature extraction, the model enters the attention layer to focus on key features in financial data. The hidden states of multi-
period financial time series from the last LSTM layer are first used as input and transformed into query, key, and value
vectors via three projection matrices. The attention mechanism then allocates weights to multi-period financial features. The
calculation is shown in Eq. (14).

K.
Attention = (Q“K“I/;) = Soﬁmax — [QI i ]V

va ) (14)

The outputs of multiple attention heads are then integrated through a linear transformation matrix to form the final multi-
period financial feature representation. To improve convergence speed and enhance feature extraction capability, this study
introduces residual connections and layer normalization to optimize the integrated feature representation. The calculation is
shown in Eq. (15).



Journal of Engineering, Project, and Production Management, 2026, 16(6), 2026-174

O = LayerNorm(A+ H) (15)

In Eq. (15), A4 and H represent the output of the multi-head attention mechanism and the multi-period financial time-
series hidden states output by LSTM, respectively. Using multi-period financial feature extraction with AM-LSTM, the
model predicts corporate financial risk. Because eXtreme Gradient Boosting (XGBoost) offers strong nonlinear fitting and
high robustness to noise when processing high-dimensional financial features, integrating it with SCA-AOA helps identify
optimal parameters that enable high-accuracy prediction of corporate risk status. Therefore, this study combines the AM-
LSTM and SCA-AOA-XGBoost algorithms to predict the future financial risk status of enterprises, which is named the
ALSAX model, composed of the first letters of the key algorithms in each core technology link. Its specific operational
process is illustrated in Fig. 5.
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Fig. 5. Operational process of ALSAX corporate financial risk prediction model

In Fig. 5, the model first inputs multi-period corporate financial feature data into the AM-LSTM network. It then applies
the strong time-series processing capabilities of LSTM to analyze the data in depth, extract key temporal features that reflect
dynamic changes in corporate financial risk, and generate insights. These key temporal features are then input into SCA-
AOA-XGBoost for corporate financial risk prediction. In the SCA-AOA-XGBoost model, SCA-AOA first optimizes
XGBoost's core parameters. The model then integrates multiple classification and regression trees to perform probabilistic
prediction of corporate financial risk status across different future time windows. It outputs risk probability scores and
provides strong support for enterprises in formulating response strategies in advance and avoiding potential risks.

2.4. Integration of Corporate Financial Risk Identification and Prediction Models

The designed multidimensional models for corporate risk identification and prediction can identify and predict such risks.
Although key indicators are selected from the data, the absence of data or anomalies in the corporate financial statement
input data remains unaddressed. Hence, mechanisms for data cleaning and anomaly detection are added just prior to corporate
risk identification and prediction using corporate financial statement data. This efficiently resolves data gaps or anomalies
in the input data. This study first removes outliers. It applies the Z-score method to map the distance of a financial data point
from the mean, in standard deviation units, into a standardized score. Outliers are identified based on this score and removed.
The calculation is shown in Eq. (16).

Z, = (a —_77,’1)0
14 (16)

In Eq. (16), Zy and 774 represent the standardized score of a single financial data point and the standard deviation,

respectively. ¢ represents a data point, and .4 represents the mean value. After outlier removal, data cleaning is performed
to repair incomplete financial data. This study applies the Mean Imputation Method (MIM) to impute missing values. The
calculation is shown in Eq. (17).

X, = lei
it (17)

InEq. (17), 7 and % represent the number of non-missing values and observed values, respectively, and ** represents
the mean value used for imputation. Through data preprocessing, the quality of input data is significantly improved,
providing a more reliable foundation for subsequent model identification and prediction. Finally, this study integrates the Z-
score-MIM data preprocessing module, the PCA-GRA corporate financial risk indicator selection module, the AM-LSTM
feature extraction module, the SCA-AOA-SVM identification module, and the SCA-AOA-XGBoost prediction module to
construct an integrated multidimensional corporate financial risk identification and prediction model. This model enables
accurate assessment of both current and future corporate risk status. Its operational process is shown in Fig. 6.

In Fig. 6, the model first collects multidimensional data from corporate financial data sources to provide a comprehensive
and accurate basis for analysis. PCA-GRA then screens the raw data to remove redundant information and extract key
indicators closely related to financial risk. Z-score-MIM preprocesses the data for these key indicators. The processed data
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is then entered into the multidimensional corporate financial risk identification model and the prediction model. In the
recognition model section, the SCA-AOA-SVM algorithm leverages its powerful nonlinear classification capabilities to
analyze the enterprise's input financial risk indicator data in depth. Based on single-time-step features, point prediction is
performed, and the enterprise's current risk status recognition result is output. In the prediction model section, the AM-LSTM
network's excellent ability to process time-series data is combined with the SCA-AOA XGBoost algorithm. The sequence
length is set to 10, and the number of features per time step is 4. The multi-head attention mechanism is used to capture
temporal dependencies and achieve multi-domain prediction. The enterprise's multi-period financial feature data is mined
and analyzed to obtain predictions for different future time windows. The model integrates current risk identification results
and future risk prediction results to produce a comprehensive, multidimensional corporate financial risk assessment report,
providing a solid foundation for sustainable corporate development.
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Fig. 6. Z-PASX multidimensional corporate financial risk identification and prediction integration model

3. Performance Evaluation
3.1. Identification Performance Validation of SCA-AOA-SVM Model

To validate the proposed SCA-AOA-SVM multidimensional identification model for corporate financial risk, this study
compared it with the Artificial Neural Network (ANN) model, the Genetic Algorithm-Optimized Random Forest (GA-RF)
model, and the GA-SVM model. The input sequence length is set to 10, and the number of features per time step is 4. The
multi-head attention mechanism is used to implement feature weighting, and multiple parallel attention heads capture
dependencies in financial time series across different dimensions. The experimental environment was configured as follows:
operating system, Windows 10/Linux 5.15.133; deep learning framework, PyTorch; debugger, GDB; programming language,
Python 3.8; CPU, Intel Xeon E5-2680 v4; memory, 32 GB. To ensure the authenticity and reliability of this experiment, this
study selected financial report data for the top 1,000 listed companies from 2015 to 2024 in the China Stock Market &
Accounting Research Database (CSMAR) equity database to create a standardized dataset. This study is based on selecting
data from listed companies from 2015 to 2024, which has three limitations: firstly, the sample only covers existing listed
companies and does not include delisted or unlisted companies, resulting in sampling bias and survivor bias; second, the
sample period covers macroeconomic shocks such as the COVID-19, which may lead to conceptual drift of financial risk
characteristics; thirdly, due to database licensing and availability limitations, it is not possible to achieve full data public
sharing. First, this study compares the Multi-dimensional Identification Accuracy (MIAcc) of all four models for corporate
financial risk classification; the results are presented in Fig. 7.
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Fig. 7. Comparison of identification accuracy and F1 score results
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The MIAcc recognition accuracy measures the proportion of correctly identified samples to the total sample size. The
F1 score, the harmonic mean of precision and recall, provides a comprehensive evaluation of the model's classification
performance on imbalanced data. As shown in Fig. 7(a), the identification accuracy of the SCA-AOA-SVM model increased
rapidly with the number of iterations and reached 97.8% after iteration completion, significantly higher than the 91.2%,
90.1%, and 89.8% of the three comparative models. In Fig. 7(b), the F1 score of the proposed model reached 92.7% after
iteration completion, while the F1 scores of the other three comparative models were below 90%, further demonstrating the
good classification performance of the proposed model. The results show that the SCA-AOA-SVM model can capture key
features in the data more effectively and achieve more accurate classification when addressing the multi-dimensional
identification task of enterprise financial risk. The comparison among the four models concerning the iterative curve and the
mistaken identification rate is shown in Fig. 8.

In Fig. 8(a), the SCA-AOA-SVM model had a loss of 1.91 after 20 iterations and 0.23 upon completion. The loss values
of the three comparative models after iteration completion were all higher than those of the proposed model, especially the
ANN model, which reached a loss of 1.21. In Fig. 8(b), the misjudgment rate of the SCA-AOA-SVM model reached a
minimum of 2.02% at the end of training and outperformed the comparative algorithms throughout training. In conclusion,
the proposed model demonstrates excellent convergence and a low misjudgment rate, providing reliable technical support
for multi-dimensional and precise identification of corporate financial risks.
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Fig. 8. Comparison of iteration curve and misjudgment rate results

3.2. Prediction Performance Validation of ALSAX Model

Based on the validation of the SCA-AOA-SVM model's identification performance, this study continued to validate the
performance of the constructed ALSAX corporate financial risk prediction model. The experimental system used Windows
10; the operating system was Linux 5.15.133; the deep learning framework was PyTorch; the debugging tool was GDB; and
the programming language was Python 3.8. The CPU was Intel Xeon E5-2680 v4, and the memory was 32 GB. To ensure
the authenticity and reliability of the experiment, this study selected financial reports and annual report text information for
1,000 listed companies between 2015 and 2024 from the CSMAR database to construct a standardized dataset. This study
compared it with prediction models constructed using three algorithms: ANN, GA-RF, and Logistic. First, this study
compared the prediction accuracy and omission rate of the four models for corporate financial risk prediction, and the
comparison results are shown in Fig. 9.
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Fig. 9. Comparison of prediction accuracy and omission rate results

In Fig. 9(a), the accuracy of the ALSAX model reached 98.4% upon completion of the iterations, significantly higher
than the 95.1%, 92.5%, and 90.1% of the three comparative models, demonstrating the model's strong predictive performance.
In Fig. 9(b), the omission identification rate of the ALSAX model remained below 5% throughout and was only 1.62% after
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iteration completion, while the three comparative models were far higher than this value. The experimental results indicated
that the ALSAX model, with its excellent prediction performance and stability, provided a reliable technical means for
corporate financial risk prediction. Next, this study compared the Area Under the Curve (AUC) of the Receiver Operating
Characteristic (ROC) and Precision-Recall (PR) curves for the four models for corporate financial risk prediction, and the
results are shown in Fig. 10.

1 I i Sy
p— P --—. .7 T 4 \~:§:‘->
08 / o '/ P 7/ <. \‘-‘-._,‘\__\ —
N L . = TN~
s y _ ~ 0.75 TN
h= 4 g i 5 NN
2 0.6 s / Vz 7 "N
Rl g Z 05+ A\
& / s 3 "0
% 04 J ! 7 ﬂs: \ N
: } / i ALSAX ALSAX \
o 27— — caswm 025 — — GA-SVM \y
02 é - s T GA-RF R GA-RF \",‘\
e — "~ ANN — "~ ANN '
B 1
Un | T T T T T 0 T T T T
0 0.2 0.4 0.6 0.8 1 0 0.25 0.5 0.75 1
Specificity Recall
(a) AUC comparison results (b) PR curve comparison results

Fig. 10. Comparison of ROC curve and PR curve results

As depicted in Fig. 10(a), the AUC value of the ALSAX model was 0.918, approximating 1 and much higher than 0.825,
0.735, and 0.679 of the other models, demonstrating that the ALSAX model achieved the best performance among all
compared models. As shown in Fig. 10(b), the average precision of the ALSAX model was 0.925, whereas that of the other
models was below 0.9. In conclusion, the ALSAX model performed best, demonstrating superiority in realistic corporate
financial risk prediction tasks, as measured by precision and recall.

3.3. Practical Application Performance of the Z-PASX Model

Based on the separate validation of the SCA-AOA-SVM corporate financial risk identification model and the ALSAX
prediction model, this study further validated the practical application effectiveness of the constructed Z-PASX model. This
study compared it with the Autoregressive Integrated Moving Average Regression Model (ARIMA), the Logistic regression
model, and the Improved Tasmanian Devil Algorithm eXtreme Gradient Boosting (IDTO-XGBoost). To verify the
authenticity and reliability of the experiment, this study selected financial indicators and annual report texts for 200 listed
companies from the Guotai and database from 2015 to 2025, covering the 12 first-level industries designated by the China
Securities Regulatory Commission. The data missing rate was 3.2%, and linear interpolation and mode filling were used.
According to the "Risk Warning Management Measures for Listed Companies" of the China Securities Regulatory
Commission, * ST/ST companies are defined as high-risk, with ROE > 6% for three consecutive years and no violations, as
low-risk, and the rest as medium risk. First, the 200 companies were classified into three risk categories, such as low, medium,
and high, with 135, 35, and 20 companies in each category, respectively. The prediction results of the four models were
compared, and the comparison results are shown in Fig. 11.

As presented in Fig. 11(a), for the 135 low-risk firms, the Z-PASX model correctly predicted 130; for the 35 medium-
risk firms, the Z-PASX model correctly predicted 32; and for the 20 high-risk firms, the Z-PASX model correctly predicted
18. The Z-PASX model achieved a total predictive accuracy of 90.0%, outperforming the three comparative models with
85.5%, 82.0%, and 80.0%, respectively. The results of this study demonstrate that the Z-PASX model performed better in
terms of sensitivity and accuracy for practical corporate financial crisis prediction problems and significantly outperformed
the comparative models. Finally, this study compared the response time and memory usage of the four models in corporate
risk identification and prediction; the results are shown in Fig. 12.

In Fig. 12(a), as the number of companies to be processed increased, the Z-PASX model had the slowest memory growth.
When the number of companies reached 200, the Z-PASX model's memory usage was only 401.2 MB, significantly lower
than the 558.4 MB, 649.3 MB, and 692.7 MB of the three comparative models. In Fig. 12(b), the response time of the Z-
PASX model was consistently the shortest. When the number of companies reached 200, the Z-PASX model's response time
was 252.4ms, while the response times of the three comparative models were all above 300ms. Experimental findings
indicated that the Z-PASX model performed with relatively small variations when dealing with large corporate financial
datasets, and its data processing capability was more stable and efficient than those of the other algorithms used for
comparison. To comprehensively evaluate the decision support value of the model in identifying and predicting dual
dimensions, this study introduced three decision-related dimensions of quality, safety, and environment, and quantitatively
evaluated the four models. The results are shown in Table 1.
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Table 1. Quantitative evaluation results of four models in dimensions of quality, safety and environment

Evaluation . IDTO- .
Dimension Indicator Z-PASX XGBoost ARIMA Logistic
Identification F1-score 0.92 0.89 0.88 0.86
Quality
Prediction F1-score 0.91 0.88 0.85 0.84
Identification False Alarm Rate (%) 3.0 4.6 5.6 6.2
Safety
Prediction Missing Rate (%) 2.8 43 4.7 5.8
Cross-industry Identification Accuracy (%) 91.2 86.5 82.3 78.6
Environment
Cross-industry Prediction Accuracy (%) 90.7 84.9 80.7 77.9

According to Table 1, in the quality dimension, the Z-PASX model achieves recognition and prediction F1 scores of 0.92
and 0.91, respectively, both higher than those of the three comparison models. In terms of security, the Z-PASX model has
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a recognition false alarm rate of 3.0% and a prediction false alarm rate of 2.8%, both lower than those of the other three
comparison models. In terms of the environmental dimension, the Z-PASX model achieved cross-industry recognition
accuracy of 91.2% and cross-industry prediction accuracy of 90.7%, and performed best among the four models. Overall,
the Z-PASX model performs well and provides comprehensive, reliable, and efficient financial risk decision support for
enterprises, investors, and regulatory authorities.

4. Further Discussion

The proposed SCA-AOA-SVM identification model and ALSAX prediction model demonstrated significant advantages in
performance comparison. From an identification perspective, the proposed SCA-AOA-SVM model achieved an
identification accuracy of 97.8% upon completion of the iterations, with an F1 score of 92.7%, a loss of 0.23, and a
misjudgment rate of 2.02%. This was mainly attributed to the model's combination of the parameter optimization capability
of the SCA algorithm with the optimization characteristics of the AOA algorithm, further integrated with the nonlinear
classification advantages of the SVM algorithm, enabling the model to more precisely capture key features in the data and
effectively distinguish companies with different risk states when processing complex corporate financial risk data. This result
was consistent with the experimental results of S. Xia et al., who proposed an efficient and robust SVM framework based
on granular ball computing, demonstrating the effective performance of the optimized SVM for identification and
classification (Xia et al., 2025). In terms of the prediction model, the ALSAX prediction model achieved 98.4% after the
end of the iterations with a low omission identification rate of only 1.62%, an AUC of 0.918 (approximating 1), and an
average precision of 0.925, which clearly indicates its robustness in the classification prediction of the model. This is because
it leveraged the AM-LSTM network's excellent data-processing capability and time-series data, along with the SCA-AOA-
XGBoost algorithm, to model potential patterns in multi-period financial feature data for companies. This was supported by
the multi-peak load forecasting model proposed by Rubasinghe et al. (2024), which showed that LSTMs-based temporal
feature extraction significantly improved its predictive capability.

In terms of practical application effectiveness, the Z-PASX prediction-and-identification fusion model also performed
well. Of 135 low-risk companies, 130 were accurately predicted by the Z-PASX model, yielding an accuracy of 96.29%.
This was mainly attributed to the Z-PASX model's ability to precisely capture key features in corporate financial risk data
while deeply exploring potential patterns in companies' multi-period financial characteristics. Compared to the probabilistic
risk assessment and early warning model based on Bayesian deep learning proposed by Liu et al. (2024). This result achieved
greater improvement in assessment accuracy and efficiency. Finally, when dealing with a large volume of corporate finance
information, the model exhibited low growth in memory consumption and response time, indicating stable and effective
memory processing capacity. This result is mainly attributed to the targeted optimization of computational efficiency during
model design, ensuring stability and effectiveness when processing large-scale financial data. This result is in line with the
approach for handling SVM classification using evolutionary bilevel optimization introduced by Rosales-Pérez et al. (2023).
From a management decision-making perspective, the model's practical value is reflected not only in improved accuracy but
also in substantial optimization of management processes. The high recognition accuracy and low false alarm rate ensure
that financial management personnel can quickly and accurately locate high-risk enterprises during batch screening,
effectively reducing the cost of manual secondary screening and significantly improving risk control efficiency. The low
forecast omission rate provides a solid guarantee for audit and compliance management, helping avoid major decision-
making errors and compliance risks caused by the omission of potentially high-risk enterprises.

5. Conclusion

This study innovatively proposes the Z-PASX multidimensional identification and prediction model. The model integrates
the PCA-GRA algorithm, the AM-LSTM network, the SCA-AOA-SVM model, and the SCA-AOA-XGBoost model to
achieve multi-dimensional screening, feature extraction, and accurate risk prediction. Experimental results demonstrate that
the SCA-AOA-SVM identification model outperforms the comparative models in accuracy and F1 score, while the ALSAX
prediction model excels in predictive accuracy and false-negative rate. In practical applications, the Z-PASX model exhibits
higher sensitivity and accuracy in identifying enterprises of different risk levels. When processing large volumes of financial
data, it exhibits slow growth in memory consumption, short response times, and stable, efficient processing, effectively
overcoming the shortcomings of traditional methods. From a decision-value perspective, the high F1 score, and low
misjudgment rate of the recognition model can help the finance department significantly reduce manual screening costs and
improve efficiency in quarterly risk assessment. The low false-alarm rate and stable response speed of the predictive model
can provide a timely and reliable basis for issuing warnings to audit and risk control departments. However, this study did
not classify enterprise types, and the model's generalizability requires further evaluation. Future improvements will focus on
multi-industry optimization to enhance adaptability and predictive performance. In future research, financial risk warning
thresholds can be set by industry, and monitoring frequencies can be differentiated based on industry characteristics to
enhance the model's adaptability and warning sensitivity in practical business. At the same time, to verify the model's
generalizability, external validation tests can be conducted across different market environments and time periods in the
future to further expand the model's application boundaries.
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