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ABSTRACT

Based on accounting informatization, this paper constructs a financial risk prediction system by
applying the CNNs (Convolutional Neural Networks)- BiLSTM (Bi-directional Long Short-Term
Memory)-Attention model to accurately identify and classify various risk types in enterprise FM
(financial management), and improve the accuracy and efficiency of financial risk prediction. CNN was
used to extract local features in financial data, BiLSTM was used to capture time dependencies, and
finally the importance of financial indicators was weighted and fused through the Attention
mechanism. During the training process, the Adam optimizer and cross entropy loss function are used
for optimization, and appropriate learning rates and training rounds are set to ensure the stability and
performance of the model. The experimental results show that when the epochs is 50, the accuracy of
risk classification is 98.9% and the loss value is 0.012. In the analysis of each data level, the average
response time of the proposed system and the traditional system is 1.80s and 7.17s respectively. The
system in this paper shows obvious advantages in response time and prediction accuracy. The
response time is greatly shortened, and it can provide effective support in real-time decision-making.
This paper model has significant application prospects in financial risk prediction, and can provide
enterprises with efficient and accurate risk warnings, which has important theoretical significance and
practical value.
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1. Introduction

At present, in the context of the era of global information explosion, the rapid development of network
big data technology, so that enterprises in the financial management work inevitably to data
information as a management medium [1-2]. Enterprises want to improve their own management
level, it is necessary to give full play to the technical advantages of information technology
management, to promote their own financial management concepts, management models and
organizational transformation of information technology, so as to fit the current era of development
background and trends, and establish a competitive advantage for the future development of
enterprises [3].

Financial management belongs to the important content of enterprise management, enterprises
must focus on financial risk management, through the identification, assessment, response to
effectively control financial risk, in order to achieve prevention [4]. Effective control of financial risk is
an important means for enterprises to achieve financial management objectives, if the enterprise
financial risk is high, will lead to the enterprise financial management objectives are difficult to achieve,
and to a certain extent, weaken the enterprise's internal control ability [5-8]. Lagging enterprise
financial management system construction will lead to risk, specifically manifested in the financial
information reporting is not timely, information reporting form is not standardized, the information
content is not comprehensive, which will lead to financial information system analysis and research
results are difficult to reflect the actual operation of the enterprise, thus affecting the realization of
financial management objectives [9-13]. The enterprise financial risk early warning analysis and
control belongs to one of the important contents of enterprise financial management, which not only
directly affects the level of enterprise financial risk management, but also affects the internal control
of the enterprise as well as the production and operation situation [14-16]. Therefore, enterprises
need to pay full attention to financial risk early warning analysis and control work, and effectively
improve its level and ability. In the context of informationization, the design of a set of perfect
enterprise financial management risk early warning system, the enterprise financial management risk
control within a certain range, can effectively reduce its financial risk, improve the company's financial
management level [17-19].

The data of corporate financial statements can be collected and standardized to ensure the
consistency and comparability of data during model training. CNN deeply mines local features in
financial data, captures nonlinear relationships between different financial indicators, and enhances
the model's ability to identify potential financial risk signals. This paper innovatively combines CNN
and BiLSTM, making full use of the strengths of both, and further improves the model's ability to focus
on key financial features through the Attention mechanism, so that the model can still achieve accurate
classification in complex financial data. The deep learning model realizes the automatic classification
of FM risks, reduces the need for manual intervention, and has strong adaptability and high accuracy
under different financial data conditions. This method provides an effective decision support tool for
corporate financial risk management and has broad practical application prospects.

1.1.  Financial Data Acquisition

Data collection is an important step in financial risk prediction. The data in this paper were collected
from January 2018 to January 2023, involving financial data of multiple companies. In order to ensure
the reliability and generalization of the data, the collected data should cover multiple companies,
covering companies of different types and sizes, to ensure that the model can adapt to various financial
environments.

Financial historical data includes revenue, costs, profits, current assets, fixed assets, etc. These data
help reveal the financial trends of the company and provide historical data support for the model.
External data includes market data, industry data, macroeconomic data, etc.
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The labeled data includes different types of financial risks, a total of 10 categories. This provides
labeled samples for supervised learning algorithms, which helps in model training.
Some of the collected financial data are shown in Table 1.

Table 1. Financial data display (ten thousand yuan)

Time Income Cost Profit Current assets Fixed assets
2018-1-1 1:00 1220 810 410 1520 2020
2018-1-1 2:00 1240 820 420 1540 2040
2018-1-1 3:00 1250 825 425 1550 2050
2018-1-1 4:00 1260 830 430 1560 2060
2018-1-1 5:00 1270 835 435 1570 2070
2018-1-1 6:00 1280 840 440 1580 2080
2018-1-17:00 1300 850 450 1600 2100
2023-1-1 24:00 1320 870 450 1620 2120

Data cleaning and preprocessing are important steps to prepare for subsequent modeling. Financial
data has problems such as missing values, outliers, and different scales. For numerical variables, the
mean of the column data is used to fill the missing values. The missing value of a financial indicator
X, is X,,,and the filling process is:

Xi,m = lz)(i,k (1)
1o

For variables with large outliers, using the median to fill in is better to deal with the impact of
extreme values. The method to calculate the median is to arrange the data in ascending order and take
the middle value.

The purpose of outlier detection is to find values that appear abnormal in the data. These outliers
may be caused by data entry errors or extreme situations. Box plots can be used to identify outliers.
Detected outliers can be directly deleted. Since different financial indicators have different dimensions
and value ranges, in order to avoid certain features from having too much impact on model training,
the data is standardized. The formula is as follows:

Zi== = @

To scale the data to the specified range, the formula is:
X - Xmin

X' =——Zmn_
Xmax _Xmin (3)

Financial data often involve time series, which have temporal dependence, so the stationarity of the
data needs to be considered when processing. The difference is used to remove the trend and seasonal
fluctuations in the time series. The first-order difference is performed on the sequence to obtain a new
sequence. The first-order difference can effectively remove the long-term trend component in the time
series.

Y; :‘Xt _Xt—l (4)

Feature selection and construction are important steps before model training. By selecting features
related to financial risk, the training efficiency of the model can be improved. In financial risk
prediction, features closely related to risk types are selected. Cash flow from operating activities and
free cash flow reveal the company's cash flow status and capital liquidity.
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In addition to selecting existing financial indicators, this paper constructs new derivative features
to increase the expressive power of the model.
The formula for total asset return is:

roa="L (5)
TA

In formula 5, NI and TA are net profit and total assets respectively.
The formula for return on net assets is:

ROE = N x100% (6)
SE

The collected data is divided using 10-fold cross validation, and the data set after division is shown
in Table 2.

Table 2. Data set display

Category Training set Test set Total
Financial liquidity risk 2061 229 2290
Debt repayment risk 1701 189 1890
Profitability risk 2232 248 2480
Credit risk 1926 214 2140
Market risk 2007 223 2230
Operational risk 1602 178 1780
Compliance risk 1701 189 1890
Tax risk 1917 213 2130
Financial fraud risk 1863 207 2070
Normal status 22410 2490 24900

Financial data is divided into 10 categories, 9 of which are risk data and one is normal data. The
sample size of normal data is the largest, with a total of 24,900 samples. By classifying financial data
risks and analyzing different types of financial risks, it can help companies take effective risk
management measures in a timely manner and reduce potential financial crises. Classification can
refine risk types and provide enterprises with more specific decision-making basis. Through effective
risk classification, enterprises can achieve more accurate FM and resource allocation, thereby
improving overall operational efficiency and market competitiveness.

1.2. Model Construction

The features extracted by convolution are input into the BiLSTM layer to capture the temporal
dependencies in the financial data. The Attention mechanism is added after the BiLSTM output to
automatically assign different weights to different parts of the input data and highlight key features.

Through convolution operations, CNN extracts key nonlinear relationships from financial statement
data. Financial data is a sequence of multiple financial indicators, including revenue, cost, profit, etc.,
for each quarter. For each time step, the input of CNN is a vector containing financial indicators.

The convolution layer uses multiple convolution kernels to extract features at different levels. Each
convolution kernel learns how to extract the relationship between local financial indicators. The
convolution process is:

Feature, = Conv(Input,, Filter) (7)

Filter represents the convolution kernel, which performs convolution on the input data through
sliding window operation to extract local features.
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The pooling layer is mainly used for dimensionality reduction, reducing the dimension and
computational complexity of the data while retaining important features in the data. This paper uses
maximum pooling to compress the features after convolution to reduce the risk of overfitting. The
maximum value in each pooling window is taken to represent the information of the area:

PF, = MaxP (Feature,) (8)

Through convolution and pooling layers, the network can extract and retain important local features
in financial data, reduce data dimensions, and ensure the efficiency of subsequent model processing.

BiLSTM is an important tool for processing time series data.

The formula of LSTM is expressed as:

fi=o (W, [hax]+0,) (©)
i, =c (W, [h_.x]+b) (10)
C, =tanh (W, -[h,_,,x,]+b.) (11)
C =f-C, +i-C (12)
o,=c(W,[h_.x]+b,) (13)
h,=o,-tanh(C,) (14)

The features extracted by CNN can be used as the input of LSTM and passed to the LSTM layer to
capture the temporal dependencies in the data. Unlike unidirectional LSTM, bidirectional LSTM
considers both the forward and backward information of the input sequence. Through bidirectional
propagation, the model can capture past and future dependencies, thereby enhancing the ability to
learn time series patterns. Bidirectional LSTM performs forward and backward propagation through
two LSTMs:

hiﬂ)rward — LSTM_forand (Inputt ) (15)
h[ba(r/{wurd — LSTM_baCkWard (IanItt ) (16)
ht _ ':htﬁ)mw.d , htbackward ] (1 7)

The Attention mechanism adaptively assigns different weights to different parts of the input data to
highlight key features. Different financial indicators in financial data have different impacts on risk
prediction. The Attention mechanism can automatically identify and focus on key indicators,
enhancing the model's predictive ability.

Self-Attention calculates the weight of each time step and sums them according to the weights to
highlight the most important time steps for risk prediction. The Attention mechanism calculates the
relevance weight of each part of the input:

Attention _score, = Soft max (Q, K ) (18)

O and K/ arevectors of query and key, respectively, representing different parts of the financial
data.

By calculating the Attention weights, the model can assign different importance to each time step in
the financial data, and weighted sum to obtain the final feature representation:

@t = ZAttention _ weight, - h, (19)

i=1
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In Formula 19, @t
step L

The final financial risk prediction result is obtained by fusing the weighted output of the Attention
mechanism with the LSTM output:

is the weighted output and Attention _weight, ; is the attention weight at time

h s = Fusion (ht, @t) (20)

Through weighted fusion, the model can better focus on the key features in financial data. By
designing This paper model, financial time series data can be efficiently processed and risk
classification prediction can be performed. CNN extracts local features, BiLSTM captures time
dependencies, and the Attention mechanism strengthens the focus on key financial indicators. This
model has significant advantages in handling complex financial risk prediction tasks.

1.3.  Model Training and Evaluation

The loss function formula is:

C

L=->ylog(p,) (21)
c=1

The hidden layer dimension in LSTM determines the amount of information that the model can
accommodate during learning. Too small a dimension may not be able to fully learn complex financial
data features, while too large a dimension may lead to long model training time and overfitting
problems.

In the Attention mechanism, the number of heads refers to the number of parallel attention
mechanisms, and the dimension refers to the representation dimension of each head. Increasing the
number of heads allows the model to learn more feature representations, but it can increase the
computational complexity. The batch size determines how many samples are used for a gradient
update during each training process, and the batch size is set to 64.

In order to avoid overfitting, Dropout is used to randomly discard some neurons in the neural
network during training. Overfitting is prevented by adding L2 regularization terms to the loss
function to punish excessive weights. The formula for L2 regularization is:

_ 2
Lregularized =L+ ﬂ'zwl (22)

In formula 22, 4 is the regularization strength and W, is the parameter of the weight in the
network.
The initialization parameter settings of the model in this paper are shown in Table 3.
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Table 3. Initialization parameter settings

training rounds help the model converge.

Parameters Value Function
Convolution kernel size 5x5 Used to extract local features in financial data.
Number of convolution
64 Used to extract features at different levels.
kernels
Pooling layer size 2x2 Used to reduce dimensionality and reduce feature dimensions.
LSTM hidden layer ) ) .
. ) 256 The number of neurons in each hidden layer in LSTM.
dimension
Number of 2 Use bidirectional LSTM to learn forward and backward time
bidirectional LSTM layers dependencies simultaneously.
Number of attention 8 The number of heads used in the Attention mechanism, allowing the
heads model to learn multiple different attention features in parallel.
The dimension of each attention head. A higher dimension enables
Attention dimension 128 .
each head to learn more fine-grained features.
Batch size 64 The batch size of data input during each training.
. Controls the step size of gradient updates. Too large a learning rate
Learning rate 0.001 o
can lead to unstable training.
The number of complete traversals of the training set. Sufficient
Epochs 50

The accuracy formula is:

The precision formula is:

The recall rate formula is:

The F1 value formula is:

TP+TN
TP+TN + FP+FN

Accuracy =

TP

Precision=——
TP+ FP

P

Recall =——
TP+ FN

Fle2x PrecisionxRecall

Precision + Recall

(23)

(24)

(25)

(26)

The macro precision calculates the precision for each class and then takes the average of these

precisions:

N
MP = % Z Precision,

i=1

(27)

The macro recall is to calculate the recall for each class and then take the average of these recalls:

N
MR = %Z Recall,

i=1

1 N
MF1=—)> F1.
2

(28)

(29)
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1.4.  Risk Prediction System

This paper applies This paper model to accurately identify and classify various risk types in corporate
FM. A corporate FM risk prediction system is constructed. Through CNN-BiLSTM-Attention, the
financial status of the enterprise is monitored and analyzed in real time, and potential financial risks
are accurately identified and classified. It helps enterprises to identify various financial risks such as
financial liquidity risk, debt repayment risk, profitability risk, etc., as early as possible, and take timely
countermeasures. Through data-driven prediction capabilities, it improves the decision-making
efficiency of decision makers in FM, avoids blind decisions or losses caused by information lags. It
enhances the automation and intelligence level of FM, and improves the transparency of the overall
FM and risk control capabilities of enterprises. Through this system, enterprises can maintain stable
development in a dynamic market environment.

The interface of the enterprise FM risk prediction system constructed in this paper is shown in
Figure 1.

o L o . . e
Enterprise Financial Management Risk Prediction System

Invoice Number [l Invoice Datelfll Client Bl Amount  [B VAT
INV-0000 1/26/2023 Computech $§ 1,505.00 | S 301.0
INV-0001 1/26/2023 Fletchers  §  1,896.00 | § 379.2
INV-0002 1/27/2023 Computech §  938.00 S 187.6
INV-0003 1/28/2023 Audioloop  §  304.00 [ S 60.8
INV-0004 1/29/2023 Computech §  979.00 | § 195.8
b2 H INV-0005 1/30/2023 Computech  § 145.00 [ § 29.0
Identltlbﬂtlon INV-0008 1/31/2023 Audioloop  §  727.00 |§ 145.4
INV-0007 2/1/2023 Microworld  $  1,694.00 [ § 338.8
INV-0008 2/2/2023 Computech § 400,00 | S 81.8
INV-0008 2/3/2023 Computech  §  293.00 [ 58.6
INV-0010 2/412023 Audioloop  §  1,223.00 | S 244.6
INV-0011 2/5/2023 Fletchers ~ §  1,791.00 [ § 358.2
INV-0012 2/6/2023 Fletchers  §  1,827.00 | $ 365.4
INV-0013 2/7/2023 Computech  §  243.00 [§ 48.6
INV-0014 2/8/2023 Audioloop  §  1,803.00 | § 3208
INV-0015 2/9/2023 Flotchers  §  1,872.00 | § 3744
INV-0016 2/10/2021 Flolchers  §  1,717.00 | S 343.4
INV-0017 2/11/2023 Compulech  $  643.00 |S 128.8
INV-0018 2/12/2023 Audioloop  §  1,024.00 [ § 384.8
E ']l'l\' h . 1 d I:V 0019 21312023 Mo':cawovtﬂ : 1,767.00 [ s 353.4
< INV-0020 2/14/2023 Computech 1.042.00 [ § 208.4
N Strengt cn lntema audit INV-0021 2/15/2023 Compulech §  337.00 | S 67.4
7ar o g 5 : INV-0022 2/16/2023 Computech  §  1,727.00 | S 345.4
warning and compliance inspections || o e
INV-0024 2/18/2023 Audioloop  §  1,00000 | S 200.0

Entrv Cancel

Fig. 1. Enterprise FM risk prediction system interface

Using CNN-BiLSTM-Attention, the system can accurately identify and classify different types of
financial risks. The system can automatically analyze the financial data of each enterprise and output
risk categories through the trained risk classification model based on the financial status and historical
data of each enterprise. For each risk type, the system can calculate the probability of its occurrence
and provide corresponding warning information.

The system is not only a simple financial risk classification, it also has a multi-category risk warning
function. When it is detected that the enterprise is facing a certain type of financial risk, the system
can provide personalized response suggestions through the decision support module. If the system
finds that the company's debt ratio has increased abnormally, the system can recommend
strengthening debt repayment management and adjusting the debt structure; if there is a risk of
financial fraud, the system can prompt to strengthen internal audits and compliance inspections. The
system can also assess the company's current financial health based on historical data and industry
benchmarks, helping decision makers make more scientific and accurate financial decisions.
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2. Results

2.1.  Risk Classification Performance

The number of rounds is set to 50, and the changes in accuracy and loss are shown in Figure 2.
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Fig. 2. Changes in accuracy and loss

The changes in accuracy and loss are very small when Epochs are 40-50, and they basically reach
convergence. When Epochs is 50, the accuracy of risk classification is 98.9% and the loss value is 0.012.
This paper model in this paper can perform very accurate financial risk classification due to its unique
structural design and mechanism. Through multi-level feature extraction, time-dependent modeling,
and adaptive weighting of key features, it significantly improves the accuracy of financial data risk
classification. The CNN part extracts local features from the original financial data through
convolutional layers and pooling layers. This processing method can capture the complex nonlinear
relationship between various indicators in the financial statements, including the dynamic
relationship between revenue, liabilities and cash flow. CNN automatically learns features at different
levels through multiple convolution kernels to ensure that deep patterns that are helpful for risk
prediction can be mined. BiLSTM effectively captures long-term trends and short-term fluctuations in
time series data by considering the dependencies between the past and future data. BiLSTM uses both
past and future data for modeling, which enhances the understanding of the temporal characteristics
of financial data, including the impact of seasonal fluctuations, economic cycles and other factors on
financial conditions. The Attention mechanism assigns different weights to different financial
indicators, allowing the model to autonomously identify and focus on the most critical financial
features, including the importance of debt ratio, liquidity and other factors in risk classification. This
mechanism avoids the problem of treating all features equally, improves the model's ability to identify
key risk indicators, reduces the interference of irrelevant features, and effectively improves the
accuracy of risk classification.

In order to further analyze the classification performance of the model in this paper, comprehensive
macro indicators are analyzed, and the results are shown in Figure 3.
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Fig. 3. Classification performance

From the performance data of This paper model on 10-fold cross validation, its performance in
macro precision, macro recall and macro F1 value is very good, indicating that the model has stably
made accurate financial risk classification in multiple training and validation. Specifically, the macro
precision of the model has always remained between 97.9% and 98.8%. This shows that the model is
not only highly accurate in identifying various types of financial risks, but also can better balance the
prediction of positive and negative samples, avoiding overfitting or bias towards a certain type of risk.
The excellent performance of macro precision and macro recall is attributed to the multi-level
structure of This paper model. The CNN layer can effectively extract local features in financial data,
capture the nonlinear relationship between various financial indicators, and enhance the learning
ability of complex financial data. The BiLSTM layer helps discover long-term trends and cyclical
fluctuations in financial data by capturing the dependencies between the past and the future in the
time series, improving the model's overall grasp of historical and future financial conditions, thereby
improving the stability and accuracy of predictions. The Attention mechanism helps the model focus
on the most critical financial indicators through adaptive weighting, thereby making more accurate
judgments on risk factors during the classification process. The combination of these technologies
enables the model to perform well in different trade-offs, ensuring the stability and efficiency of the
classification results. Overall, This paper model achieved such excellent results in the 10-fold cross
validation, thanks to its powerful feature extraction capabilities, time-dependent modeling capabilities,
and adaptive weighting capabilities for key indicators. It can fully explore the complex relationships in
financial data, thus providing highly accurate and stable support for financial risk prediction.

2.2.  C(lassification Effect of Specific Categories

Classification analysis of specific categories helps to accurately identify and distinguish different types
of financial risks, and then provide targeted management measures for enterprises. Through detailed
classification, the unique characteristics and potential impact of each risk can be revealed, helping
decision makers to formulate more precise strategies and effectively prevent and mitigate the impact
of different risks on the financial health of enterprises. The classification effect of specific categories is
shown in Figure 4.
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Fig. 4. Classification results of specific categories

From the perspective of classification results of specific categories, this paper model has shown
extremely high accuracy, precision, and recall in the classification of all financial risk categories,
reflecting the model's excellent ability in distinguishing various types of financial risks. The model in
this paper performs best in the "normal state" category, with an accuracy of 99.2%, precision and recall
of 98.7% and 98.6% respectively. This shows that the model can accurately distinguish between
normal and risky states, and its prediction of normal state is very stable. Secondly, for important
financial risks such as "financial liquidity risk" and "operational risk", the model also showed
extremely high accuracy, reaching 98.8% accuracy. The precision rates were 98.2% and 98.5%
respectively, and the recall rates were 96.5% and 97.5%, indicating that when dealing with such risks,
the model can accurately identify and distinguish, and performs well in avoiding false positives and
false negatives. In the "Credit Risk" category, the model's precision and recall rates were 98.7% and
98.2%, demonstrating its ability to accurately classify credit risk categories. The model can effectively
handle various types of complex financial risks and achieve high predictive power and classification
accuracy in most categories. This paper model has balanced and stable classification performance in
different financial risk categories. It can accurately distinguish various risks and avoid overfitting or
bias towards a certain category. This further proves the excellent performance and adaptability of the
model under multivariate complex data, and is suitable for accurate risk classification tasks in
corporate financial risk management.

2.3.  Risk Binary Classification Performance

The binary classification of normal and other risks helps to simplify the problem and improve
classification efficiency. In practical applications, companies often focus on whether there are financial
risks. Therefore, combining "normal status" and "other risks" into a binary classification problem can
quickly identify potential financial problems and take early warning and intervention measures in a
timely manner.

In order to more comprehensively analyze the performance of this model, this model is compared
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with CNN-BiLSTM, Transformer, and CapsNet. The confusion matrix comparison is shown in Figure 5.
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Fig. 5. Confusion matrix

(A) Model of this paper; (B) CNN-BiLSTM model; (C) Transformer model; (D) CapsNet model

From the confusion matrix results, CNN-BiLSTM-Attention has better performance in identifying
risks and normality than the other three models. There are 2490 normal samples in total, and the
number of correctly classified normal samples of the proposed model is 2488, with only 2 samples
being misclassified as risks. There are 1890 risk samples in total, of which 1886 are correctly classified
as risky and 4 are incorrectly classified as normal. In Figure 5(B), Figure 5(C), and Figure 5(D), the
number of samples classified incorrectly is 59, 62, and 83, respectively.

This paper model performs better than CNN-BiLSTM, Transformer, and CapsNet in the normal and
risk binary classification task, mainly because it combines the advantages of CNN, BiLSTM, and
Attention. In contrast, although CNN-BiLSTM can effectively extract the spatial and temporal features
of time series data, its focus on important information is not fully optimized. The introduction of the
Attention mechanism enables the model to dynamically adjust the weight of attention to different
financial indicators according to the context of the input data, significantly improving the ability to
focus on key financial features, which is particularly important for the classification of financial risks.
Compared with the traditional CNN-BIiLSTM model, although Transformer can handle long-term
dependencies through the self-attention mechanism, its ability to process the features of input data
and optimize weights is not as good as CNN-BiLSTM-Attention. Although CapsNet has advantages in
processing complex patterns and spatial relationships, it is not as good as CNN-BiLSTM-Attention in
modeling time series data and mining specific features of financial data. In summary, this paper model
has an advantage in the binary classification of financial risks by efficiently extracting spatial and
temporal features and combining an adaptive attention mechanism, showing higher accuracy.

The ROC (Receiver Operating Characteristic) curve is drawn to more intuitively compare the
classification performance of different models. The results are shown in Figure 6.
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Fig. 6. ROC curve comparison

By comparing the four curves, the ROC curve of CNN-BiLSTM-Attention is closer to the upper left
corner point, and the area enclosed under the curve is the largest. This means that the model
combining CNN, BiLSTM, and Attention can more accurately classify normal and risk data, and improve
the recognition effect of financial risk data. This paper model has better classification results than the
other three models, mainly due to its unique structural design and mechanism. CNN effectively extracts
local features in financial data through convolution operations, including the relationship between key
indicators in financial statements, and can automatically discover low-order patterns in input data.
BiLSTM can capture historical and future time dependencies by processing time series data in both
directions, further improving the model's understanding of dynamic financial changes, and is
particularly suitable for complex time series data in the financial field. A simple CNN-BiLSTM cannot
efficiently identify key features, especially when processing multi-dimensional information. This
adaptive feature selection capability is particularly important in financial risk classification and can
effectively improve the accuracy of classification. Compared with Transformer, although Transformer
performs well in capturing long-distance dependencies, it lacks a feature selection mechanism for
specific tasks and is easily disturbed by redundant information. Although CapsNet has stronger spatial
relationship modeling capabilities, it does not perform as well as CNN-BiLSTM-Attention when
processing time series and dynamic features. This paper model has obvious advantages in multi-level
feature extraction, time-dependent modeling, and feature weight adjustment, making it perform
better in financial risk classification.

2.4.  Response Time

The risk prediction system constructed in this paper is compared with the traditional risk prediction
system, and the real-time performance is analyzed by comparing the response time. The results are
shown in Figure 7.
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Fig. 7. Comparison of response time

This paper model combines the advantages of CNN in local feature extraction and can automatically
extract important features from data efficiently. Compared with the traditional system that relies on
manual feature selection and rule reasoning, CNN can learn and process features in a more efficient
and automated way, thereby reducing the amount of calculation and speeding up the processing
process. The BiLSTM layer in the model optimizes the modeling of time series by capturing the
dependencies between the previous and next time series data. This enables the system to better
process the time series information in financial data and avoids the inefficiency and complexity of time
series data processing in traditional systems. The model in this paper uses a modern deep learning
framework to make the processing of large-scale data more parallel and efficient, greatly shortening
the response time. Traditional systems often need to process data step by step and rely on traditional
statistical methods or rule engines, which often cannot fully utilize parallel computing and hardware
acceleration, resulting in slower computing speeds. The system in this paper can rely on the efficient
feature extraction and time series modeling capabilities of deep learning to ensure the steady growth
of response time when the amount of data increases. The system in this paper shows excellent
performance when processing large-scale data, which makes the response time of this model
significantly better than that of traditional systems and meets the needs of real-time and efficiency in
corporate FM.

3. Conclusions

Based on This paper model, this paper builds an efficient and accurate enterprise FM risk prediction
system and achieves remarkable results. This paper innovatively combines CNN, BiLSTM and attention
mechanism, giving full play to their respective advantages, improving the model's feature extraction
ability, time series modeling ability and adaptive learning ability of important features. This
contribution promotes the application of deep learning technology in the field of FM, and also provides
a useful reference for the design of risk prediction models in other fields. This study can provide
enterprises with more accurate and timely risk warnings, help them identify potential financial crises,
optimize financial decisions, and enhance their ability to resist risks.
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