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Abstract: This study designs a financial early warning system for
manufacturing enterprises, focusing on machine learning and the circular
economy. The random forest model is used as the base model, optimised by the
artificial jellyfish algorithm to enhance prediction accuracy. Financial and
non-financial indicators are selected through significance testing and feature
screening methods. The results show that the optimised model achieves the
highest accuracy of 88.42% and AUC of 0.918. Key warning indicators include
inventory turnover rate, accounts receivable turnover rate, Herfindahl index,
and liquidity ratio. The study highlights the importance of timely warnings for
maintaining financial stability in manufacturing enterprises, helping them
manage financial crises and supporting sustainable growth. The proposed
system provides valuable support for policymakers and industry leaders in
managing financial risks and advancing circular economy goals.
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1 Introduction

Presently, China is undergoing a transition from a rapid economy to a circular economy
(CE), and the manufacturing enterprise, as the main driving force for economic
development, needs to develop more stably. The occurrence of financial crises in
enterprises will seriously affect their development and be detrimental to sustainable
economic development. So designing a financial crisis system suitable for manufacturing
enterprises, and predicting and avoiding financial crises promptly, has crucial influence
on the development of the manufacturing enterprise and CE.

It is pivotal to note that the perfection of manufacturing infrastructure is related to the
economic resilience of enterprises in response to financial crises. Some scholars have
found that economic resilience is reflected in an enterprise’s ability to maintain operation,
recover quickly and adapt to the new environment in the face of external shocks (Cutrini
and Ninivaggi, 2024). Manufacturing infrastructure includes production equipment
modernisation level, supply chain resilience, digital technology application, and green
technology investment, etc. Its optimisation can not only raise resource utilisation
efficiency, but also indirectly reflect the stability of key financial indicators by enhancing
production flexibility and risk management ability (Brada et al., 2021). Especially in the
CE framework, the green transformation of infrastructure can further reduce the impact
of environmental risks on financial health, thus providing a more robust database for
financial early warning (FEW) systems. Therefore, the resilience of infrastructure
construction is an important support for improving the FEW ability of manufacturing
enterprises.

As the technology rapidly develops, machine learning (ML) has become one of the
key tools to drive corporate sustainability. Some scholars have found that in the
manufacturing industry, ML can help enterprises improve operational efficiency by
accurately predicting and optimising resource allocation, so as to achieve a more
sustainable production model (Sanusi et al., 2023). At the same time, the CE, as the core
concept of economic sustainability, promotes the efficient use of resources and recycling,
which provides modern enterprises with new ways to cope with environmental challenges
and market pressures. Some studies believe that modern enterprises entering the
second era no longer exclusively pursue short-term financial interests, but rather focus
more on long-term development and environmental responsibility (Hailemariam and
Erdiaw-Kwasie, 2023). In this context, the combination of ML and CE not only promotes
the green transformation of the economy, but also brings stronger competitiveness and
higher sustainability to enterprises.
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The research on FEW mainly includes two aspects: the selection of financial
indicators and the construction of FEW models. For the selection of financial indicators,
currently the main focus is on selecting financial indicators, with limited selection of
non-financial indicators and incomplete qualitative analysis. For the construction of FEW
models, ML methods have the best performance at present, among which logical
regression (LR) and random forest (RF) models have the best application effect.
However, model performance is still unstable. Therefore, this study will focus on the
characteristics of manufacturing enterprises, select experimental indicators from two
points: financial and non-financial indicators, and use significance testing and packaging
methods to screen experimental indicators. Meanwhile, the research will select the RF
model as the experimental basis model to design the FEW system, and introduce the
artificial jellyfish (AJ) algorithm to optimise the hyperparameter to increase the accuracy
and stability of the model. This study is basically concentrated on the following four
sections. The first section is a summary and discussion of existing enterprise FEW
methods. The second section mainly introduces the selection method of financial
indicators and the design of an FEW model. The third section is to conduct comparative
experiments between the model in this study and other models, and to organise and
analyse the effectiveness advantages of the model. The final section of the article
provides a summary of its contents.

2 Related works

As the advancement of CE, it has become very important to provide timely FEW in
manufacturing enterprises, and many scholars and scientists have also conducted relevant
research. Padhan and Prabheesh (2019) proposed a crisis generative model to capture
relevant dynamic information of enterprises to eliminate the problem of improper
selection of FEW indicators and low efficiency of FEW models, integrate the historical
data of financial crises, select the FEW indicators with strong relevance and high
contribution rate, and prove the feasibility of this method through experiments. To select
more comprehensive financial risk indicators, the team of Lu and Zhou (2021) proposed
an indicator selection method based on fuzzy clustering algorithm. This method used
parallel clustering algorithms to perform fuzzy classification, increased the correlation
between indicators, and selected actual data of listed companies for experiments to assess
the feasibility of this method. Zeng (2022) proposed a method for selecting FEW
indicators based on cash flow to analyse the effect of the IoT on corporate financial risks.
This method used a backpropagation neural network (BPNN) to process FEW indicator
data, and introduced a moving edge algorithm to optimise the model, raise the timeliness
of FEW, and experiment verified the feasibility of this method. Regin et al. (2023) raised
a risk indicator selection model to address the issue of traditional indicator selection
methods not taking into account the internal structure of enterprises. This model
introduced BPNN to train algorithms through specific algorithms, established an FEW
indicator system, and conducted experiments to assess the feasibility of the algorithm.
Arora and Singh (2020), in response to the issue of incomplete bankruptcy prediction
data and poor prediction performance, it chose financial ratios as the main prediction
indicator and applied ML models for bankruptcy prediction. The experiment findings
illustrated that the prediction accuracy of this method was high, and the prediction effect
of RF model was the best. To improve the generalisation performance of student support
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vector machine models and avoid data imbalance, the Huang and Guo (2021) team
introduced fuzzy algorithms to optimise the model, and designed a kernel fuzzy twin
support vector machine model. Moreover, a comparative experiment was conducted
between the model and relevant models, and the findings showed that the algorithm had
higher performance and better overcame the imbalance problem. Filippopoulou et al.
(2020) proposed a multivariate logistic regression model to address the low accuracy in
existing bank FEW models, and used local bank macro databases as experiment data to
construct the model. The model’s feasibility was experimentally validated, yet the issue
of incomplete prediction persisted. Gallagher et al. (2022) designed a blockchain-driven
enterprise warning system to address the issue of dispersed small and medium-sized
enterprises (SMEs) and low accuracy of FEWs. This system combined the advantages of
blockchain and set pair analysis, and set up a distributed consensus mechanism to predict
the financial risk situation of SMEs. Liu and Jiang (2021) proposed an improved BPNN
model to provide FEW for a large number of enterprises, considering that modern
enterprises did not attach importance to their initial financial problems, leading to
subsequent severe crises. The improved model has been experimentally verified to have
high accuracy. Ding (2021) proposed an intelligent FEW model grounded on fuzzy
theory to address the heavy workload and low accuracy in traditional manufacturing
prediction methods. At the same time, a valuation method combining AHP and fuzzy
evaluation was introduced to solve the effectiveness of the model. Experimental
verification demonstrated that this method significantly enhances prediction accuracy and
reduces prediction loss.

In conclusion, a significant amount of research has been conducted by numerous
scholars on the construction of FEW models. At present, the best performance method is
ML method, in which LR and RF model have the best application effect. However, in the
FEW of manufacturing enterprises, there are still problems such as low accuracy and
unstable performance. Therefore, the research will select the RF model as the
experimental basis model to design the FEW system, and introduce the AJ algorithm to
optimise the hyperparameter to increase the accuracy and stability of the model.

3 Design of an FEW model for manufacturing enterprises based on ML

As the CE vigorously develops, timely warning and avoidance of financial crises in
manufacturing enterprises, and reducing resource waste have become very important.
Therefore, this research will design a suitable model to achieve the role of timely
warning. The research will select the ML method based on RF to design an FEW model.
At the same time, it will select appropriate FEW indicators for experiments according to
the characteristics of manufacturing enterprises.

3.1 Selection of FEW Indicators for manufacturing enterprises

When conducting FEW for enterprises, the first step is to select appropriate warning
indicators. The selection of FEW indicators must be based on comprehensiveness,
industry specificity, predictability, and operability. Only when the FEW indicators are
selected appropriately can the accuracy of the model’s FEW be guaranteed (Li et al.,
2023; Ding, 2021). The selection of indicators needs to consider various factors, such as
whether it is in line with the actual situation and application environment, whether it is
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easy to obtain, and the degree of reasonableness of indicators. This study will integrate
the financial management characteristics of manufacturing enterprises and industry
development status, and select indicators from two aspects: financial and non-financial
indicators. The specific indicator selection situation is expressed in Table 1.

Table 1 Selection results of FEW indicators

Erzmary Secqndary Third level indicators
indicators indicators
Financial index  Solvency Current, quick, asset liability, equity and interest coverage
ratios
Cash flow Operating income cash ratio, total asset cash recovery rate,
situation net profit cash content, net cash flow per share
Profitability Net interest rate of sales, net interest rate of total assets, net
return on assets, earnings per share, return on assets
Business Accounts receivable turnover ratio, inventory turnover
Capability ratio, current assets turnover ratio, total assets turnover
ratio, guarantee multiple of pre-sale income and turnover
rate of accounts payable
Growth Total assets growth rate, net assets growth rate, operating
Capacity income growth rate, growth rate of operating profit, Net
profit
Non-financial Ownership Equity balance, Z-index, Herfindahl 5 Index, management
indicators structure shareholding ratio, and national stock ratio
Corporate Proportion of independent directors, concurrent positions
governance of chairman and general manager, agency costs for

managers, types of audit opinions

Litigation and s there any major litigation or arbitration
arbitration

As shown in Table 1, this study selects 36 indicators for the design of an FEW system.
The overall indicators are divided into three levels. The first, second, and third level
indicators are include 2, 8, and 36, respectively. In FEW indicators, the study starts from
five aspects: profitability, solvency, growth ability, cash flow situation, and operating
ability, and selects a total of 26 tertiary financial indicators (Wu et al., 2022). In
non-financial indicators, considering the actual situation of manufacturing enterprises, a
total of 10 tertiary indicators are chosen from three secondary indicators: litigation and
arbitration, corporate governance, and equity structure. Among them, corporate
governance indicators are important factors that affect corporate performance. Based on
the characteristics of China’s manufacturing industry, four indicators are selected: the
proportion of independent directors, the cost of management agency, audit opinions, and
the concurrent appointment of directors. At the same time, indicators such as whether
there have been litigation and arbitration are selected to make the FEW indicators more
comprehensive.

Due to the large number of 36 evaluation indicators during FEW and the high
correlation of some indicators, there may be issues such as data redundancy and reduced
efficiency during warning testing. The study will screen the initially selected indicators to
obtain the best feature data as the final indicator. The specific screening method is
denoted in Figure 1.
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Figure 1 Indicator screening flowchart (see online version for colours)
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As shown in Figure 1, it first normalises the data of the indicators to avoid
misclassification due to inconsistent feature units of the indicators; secondly, the
significance test is carried out on indicators to solve the problem of repeated information
interaction between indicators. The significance test includes Kolmogorov Smirnov
(K-S), student’s T (T), and Mann-Whitney U tests (Li and Zhao, 2022; Leohang et al.,
2023; Song and Wu, 2022), that is, K-S test is used to determine whether the
characteristics conform to the normal distribution, and then T test is conducted on the
indicators to determine the sample source. Then, it performs Mann-Whitney U test on the
non compliant samples to judge if there is a significant difference in the samples; finally,
the packaging method is used to screen the inspected indicators and select the best feature
set. The mathematical expression for normalisation treatment is displayed in equation (1).

y=(x—x_min)/(x _max—x_min) )
As shown in equation (1), y means the normalised data; x indicates the input feature data;
x-min and x_-max express the mini and max values of the input data. The mathematical
expression formula of K-S test is shown in equation (2), that is, to test whether the

sample distribution f{x) conforms to the equation of normal distribution g(x), assuming
that

H1 f{x) does not conform to normal distribution

HO f{x) conforms to normal distribution.
D =max |/ (x) - g(x)| 2

As shown in equation 2, D infers to the test statistic; f{x) stands for the test sample
distribution function; g(x) denotes the normal distribution function. The mathematical
expression for T-test is denoted in equation (3).
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T=(X-uw/[s/n] )

In equation (3), X means the mean of the feature samples; T indicates the statistic; u
expresses the population mean; s means the standard deviation of the sample; n is the
total capacity of the sample. The confusion matrix is constructed as shown in Table 2.

Table 2 Confusion matrix
\ Predicted data
ST(1) Non ST(0)
Real data ST(1) TD FN
Non ST(0) FD TN

As the FEW indicators of manufacturing enterprises are complex and diverse, it is not
convincing to use simple accuracy to evaluate the FEW model. Therefore, the study
introduces the confusion matrix, as well as the accuracy, recall, and area under the curve
(AUC) values to assess the experimental results.

3.2 Design of FEW model based on improved RF algorithm

This research will optimise the FEW model based on RF (Yao and Qin, 2021). That is,
the jellyfish search (JS) algorithm is utilised to find the optimal hyperparameter of RF.
The hyperparameter of RF includes n_estimators and max_depth of decision trees for the
maximum depth of a single decision tree. Using the optimal parameters to build an RF
model will make the model performance higher (Guo et al., 2022). The RF algorithm
structure is shown in Figure 2.

Figure 2 RF algorithm structure (see online version for colours)
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In Figure 2, the RF includes the decision tree and bagging integration module. The
algorithm mainly performs random sampling classification calculation on the original
data features through multiple decision trees, and then uses the BAGAGING integration
module to vote the mode of the output results of the decision tree to obtain the final
classification outcome. Among them, the decision tree is the basic learner of the RF
algorithm, which is used to determine the features. The bagging integration module uses
the self-sampling method to train each sample, estimate the sample generalisation error,
and vote the classification results of each basic learner to get the final result (Masood
et al., 2023). Among them, the decision tree is constructed using the minimum Gini
coefficient, and the mathematical calculation for Gini coefficient is shown in equation

4.
Gini(p)=1—-sum {k=1"{K}p k"2 @)

Figure 3 Al search algorithm (see online version for colours)

Initialize the Define the
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the jellyfish to search for to search for

maximum position in jellyfish in jellyfish in

number of the food two forms two forms
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Output the optimal
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food bank and complete
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Maximum Number Of
Iterations

End

As shown in equation (4), Gini means the Gini coefficient; p stands for probability; K
refers to the number of decision tree classifications; p_k represents the probability of the
kt classification. A smaller Gini coefficient indicates better classification performance.

The AJ search algorithm simulates jellyfish searching for the optimal location and
introduces a time control mechanism to set the algorithm to find the optimal parameters.
The JS algorithm is shown in Figure 3.

In Figure 3, the factors affecting the optimal location of jellyfish include current
direction, food quantity, fitness function, and time control parameters. The relationship
between the direction of ocean currents and the optimal position of jellyfish is shown in
equation (5).
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- -
trend = Ztrend /1,

trend =X —df Q)
df =e.p

5
As shown in equation (5), trend refers to the direction of the ocean current; X* means the
optimal jellyfish position; x indicates the average position of all jellyfish; df denotes the
difference between the optimal and average positions; 7,,, means the size of the jellyfish
population, and e, is the attraction factor. The expression for the attractiveness factor is
shown in equation (6).

e, = fBxrand(0,1) (6)

As shown in equation (6), # means the distribution coefficient of jellyfish, and rand(0, 1)
indicates a random number between 0 and 1. Assuming that the jellyfish position
conforms to the normal distribution, the mathematical expression of the optimal position
after introducing the jellyfish standard deviation is shown in equation (7).

df = Bxrand(0,1)u (7)

The mathematical expression for the position of jellyfish can be obtained by synthesising
equations (4))—(7), as shown in equation (8).

trend = X" — 8 x rand (0, ) (®)

The expression for updating the position of each jellyfish can be further derived from
equation (8), as shown in equation (9).

X.(t +1) = X, (1) + rand 0, 1) x trend
X (t+1)= X,(t) + rand (0, 1) x (X~ — B x rand (0, 1))

(©))

In equation (9), X; means the position of the i jellyfish, and ¢ indicates the time. Due to
the fact that jellyfish motion includes both passive and active motion, the passive motion
position update expression is shown in equation (10) after adding relevant parameters to
the position expression.

X,(t+1) = X, (1) +yx rand (0, 1)x (U, - L) (10)

As shown in equation (10), L, and U} indicate the mini and max values of the JS space,
with ybeing the motion coefficient and y> 0. The expression for updating the position of
active motion is denoted in equation (11).

Xi(t+1):Xi(t)+S7ep (11)
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As shown in equation (11), % means the displacement of jellyfish i, and Direction

denotes the direction of movement of jellyfish i. The specific calculation for % and

Direction are shown in equation (12).

% = rand (0, 1) x Direction

Direction = {

X;0-X,0), f(X) 2 f(X))
X=X, f(X) < f(X))

(12)

Figure 4 RF-JS model flowchart (see online version for colours)
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As shown in equation (12), i and j represent two randomly selected jellyfish, and f'is the

objective function of position X. The jellyfish algorithm includes a time control
mechanism, and the time control function is shown in equation (13).

c(t) =

(13)

[1—Mt jx(zxmnd(o, H-1)

iter

As shown in equation (13), ¢(f) denotes the time control function;  means the number of
iterations; Max;., stands for the max amount of iterations. To raise the diversity of the
population, the algorithm also introduces a logistic map, whose mathematical expression
formula is shown in equation (14).

Xy=nX,(1-X,),0< X, <1 (14)
In equation (14), X; means the mapping value of the location of the i jellyfish; X, stands
for the mapping value of the initial population, where Xoe(0, 1), Xog {0.0, 0.25, 0.5, 0.75,
1.0} and mean chaotic parameters.

{X i = (Xi,d “Upa ) +L,(d),X; ; >Uy,

15
X'y = (Xi,d -L,, ) +U,(d), X, ; <U,, (>
As shown in equation (15), X;, denotes the position of the i jellyfish in the space with
dimension d; X; stands for the updated position after checking the boundary conditions;
Upq and L4 represent the maxi and mini values of the jellyfish in the search space d
dimension, respectively.

In this study, the AJ algorithm is applied to RF, and the RF-JS model is constructed to
achieve timely FEW for manufacturing enterprises. The flow of the RF-JS model is
denoted in Figure 4.

In Figure 4, the general process of the RF-JS model is to first pre-process the original
dataset and partition the dataset; Secondly, the training set data are optimised by AJ
algorithm, and the optimal hyperparameter extracted from the algorithm are applied to
the RF algorithm; Finally, the decision tree is classified and Bagging ensemble is used to
obtain the optimal result through voting.

4 Analysis of FEW results for manufacturing enterprises

The main content of the experimental results analysis section is to set experimental
parameters to construct an experimental model, and to contrast the effect of the RF-JS
model through comparative experiments. The RF-JS model is then applied to actual FEW
of manufacturing enterprises for empirical analysis.

4.1 Data source and selection results of FEW Indicators

This study chose MATLAB7.0 as the construction platform for the proposed model. The
experiment data was sourced from the public data of Guotai An database. The selected
experimental data was the manufacturing company data of A-share listed sectors in two
cities of a certain province from 2018 to 2021. 250 companies with similar numbers of
warning companies (ST) and non ST were selected as the original dataset for the
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experiment, including 134 ST samples and 116 non ST samples (Ejegwa and Agbetayo,
2023). The selection results of FEW indicators for manufacturing enterprises are
expressed in Table 3.

After screening 36 FEW indicators using K-S test, T-test, Mann-Whitney U test, and
packaging method as shown in Section 2.1, 20 experimental indicators were obtained as
shown in Table 3. The study used these 20 indicators as the experimental basis for model
testing and specific FEW experiments for manufacturing enterprises. At the same time,
from Table 3, non-financial factors also had a high impact on FEW in manufacturing
enterprises, six non-financial indicators remained after screening. The RF-JS model
selected the optimal hyperparameter of RF selected by the AJ algorithm. The selection
results of n_Estimators are denoted in Figure 5, where Figure 5(a) shows the influence of
decision tree quantity on recall rate, Figure 5(b) represents the impact of the number of
decision trees on the AUC.

Table 3 Selection results of FEW indicators for manufacturing enterprises
| Variable Indicators Variable Indicators
Financial index X2 Inventory turnover rate X12 Return on assets
(ITR)
X3 Fixed asset turnover X13 Current ratio
X5 Accounts receivable X15 Asset liability ratio
turnover rate (ARTR)
X6 Pre-sale income guarantee X16 Equity ratio
multiple
X8 Net profit from pre-sale X23 Interest coverage
ratio
X9 Net profit from total assets X24 Growth rate of net
assets
X10 Roe X25 Total Assets
Growth Rate
Non-financial X27 Equity balance X30 National equity
indicators ratio
X28 Z-index X31 Independent
director ratio
X29 Herfindahl 5 Index X34 Manager agency
costs

In Figure 5, the solid lines in the figure represent the recall rate and AUC values of the
training and testing sets of the RF model, while the dashed lines represent the values of
the recall rate and AUC after adding or subtracting the standard deviation. As shown in
Figure 5(a), the recall rate of the model tended to stabilise at around 140 to 160 decision
trees, and fluctuated significantly under other trees; In Figure 5(b), the AUC of the model
reached a stable state when the number of decision trees was 30, indicating that the
decision tree had little impact on the AUC value. So, the parameter space of the
n_estimators selected in the study was (140-160). To ensure the simplicity and
adaptability of the experiment, the values for n_estimators ultimately selected were 140.
The selection of max_depth is shown in Figure 6.
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Figure 6 is the statistical chart of the decision tree depth of the RF model. As shown
in Figure 6, the minimum depth of the decision tree was 4, and the maximum depth was
13, that is, the parameter space range was (4, 13). From Figure 6, the minimum
proportion of decision trees with depths of 4 and 12 was 2.5%, while the maximum
proportion of decision trees with depths of 9 was 19%. Therefore, considering all factors,
the value of max_depth selected for this experiment was 9.

Figure 5
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Figure 6 Statistics of depth distribution of decision tree (see online version for colours)
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4.2 Analysis of FEW results for manufacturing enterprises

It constructed an RF-JS model for the FEW indicators of 20 manufacturing enterprises
selected in the study. 250 manufacturing enterprises selected in Section 3.1 were selected
as the research subjects for experiments, with 40% of them as the test set, no AJ
algorithm optimisation used, and 60% as the training set for experiments. The laboratory
findings demonstrated that the ST classification accuracy of the training set was 92.3%,
while the ST classification accuracy of the test set was 88.5%. After visualising the
experimental results, it is shown in Figure 7.

As shown in Figure 7, the classification performance of the training and testing sets
was relatively good, and there were fewer cases of classification errors. Among the 150
enterprises in the training set, only 4 were misclassified, while in the 100 test sets, 6
enterprises were misclassified, indicating that the accuracy of the model has been
improved through AJ algorithm, and the effect of FEW was better. To further assess the
function of the model, the experiment carried out experiments on the same dataset with
the RF-JS model, the unimproved RF model and the LR model, and introduced the
accuracy and recall rates to assess the performance of the model. The experimental
outcomes are denoted in Figure 8, where Figure 8(a) represents the accuracy comparison
chart and Figure 8(b) represents the comparison chart of recall rate.
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Figure 7 Model evaluation results (see online version for colours)
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In Figure 8(a), the highest accuracy of the RF-JS model was 88.42%, and it reached a
stable state as quickly as possible, reaching a stable state around 50 iterations, indicating
that the model had the highest accuracy and best performance. As shown in Figure 8(b),
the lowest recall rate of RF was 41.88%, while the recall rate of RF-JS model was the
highest and the iteration speed was also the fastest. The recall rate and accuracy rate were
88.42%, which proved that the model had good index data classification balance and
good financial crisis prediction effect. To sum up, the overall performance of the RF-JS
model was the best, the LR model was good, and the prediction effect of the RF model
without optimisation was low. At the same time, to further evaluate the stability of the
FEW model, receiver operating characteristic (ROC) and AUC values were introduced
for analysis. The ROC curve of the model is expressed in Figure 9.

In Figure 9, the maximum AUC of the RF-JS model reached 0.918, the minimum
AUC value of the unimproved RF model was 0.683, and the value of the LR algorithm
model was 0.683. At the same time, from the ROC curve in the figure, the RF-JS model
had the largest area, smooth curve and the most stable performance, and the RF model
had the smallest area, but the curve was also relatively smooth, that is, the accuracy rate
was low but the performance was stable, while the curve of the LR algorithm had obvious
differences, that is, the stability of the algorithm was not high, and the accuracy rate was
good. Overall, the AUC of the RF-JS model was the highest and there was no significant
difference, indicating that the algorithm performed the best in FEW for manufacturing
enterprises. To better clarify the actual FEW situation of manufacturing enterprises and
understand which indicators are key indicators for FEW of manufacturing enterprises, the
experiment analysed the contribution of indicators by detecting the warning results of
enterprises that have been warned through a model. The comparison of the contribution
of the 20 warning indicators choose in this study is displayed in Figure 10.
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Figure 8 Comparison chart of model accuracy and recall rate (a) accuracy comparison chart
(b) comparison chart of recall rate (see online version for colours)
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Figure 9 ROC curve comparison chart (see online version for colours)
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Figure 10 Comparison of contribution of few indicators (see online version for colours)

X2 Inventory turnover rate

X5 Accounts receivable turnover rate
X29 Herfindahl_ 5 Index

X13 Current ratio

X16 Equity ratio

X8 Net profit from pre-sale |
X9 Net profit from total assets ]

X12 Return on assets ]

X31 Independent director ratio ]
X28 Z-index ]
X27 Equity balance ]
X6 Pre sale income guarantee multiple |
X10 Roe ]
X3 Fixed asset turnover |
X25 Total Assets Growth Rate ]
X34 Manager agency costs ]
X15 Asset liability ratio |
X23 Interest coverage ratio |
X24 Growth rate of net assets |
X30 National equity ratio ]
1 1 1 1 1 1 1 ]
0 0.01 0.02 0.03 0.04 0.05 0.06 0.07
Indicator contribution value

Indicator variables

As shown in Figure 10, among the FEW indicators of the manufacturing enterprise, there
were 3 warning indicators with a contribution rate below 0.04, with a relatively low
contribution rate. There were 13 indicators with contribution values between 0.04 and
0.06, while inventory, and ARTRs. The warning contribution rate of the Herfindahl 5
index and liquidity ratio was the highest, above 0.06, indicating that these four indicators
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were key indicators for the occurrence of financial crises in enterprises. Each
manufacturing enterprise should prepare contingency plans for these four aspects.

The contribution of the research is not only to raise the ability of manufacturing
companies to warn against financial crises, but also to support managers, policy makers
and the manufacturing industry to make progress towards achieving the sustainable
development goals. Specifically, the study strengthens the economic backbone of the CE
by enhancing the economic resilience of critical manufacturing infrastructure to financial
crises by optimising FEW systems in the manufacturing sector, in line with several
sustainable development goals. For example, decent work and economic growth
emphasise inclusive and sustainable economic growth, and explore ways to support the
long-term development of the manufacturing sector by reducing financial risks and
improving business stability. Industry, innovation and infrastructure emphasise on
enhancing the adaptability of infrastructure, and research on optimised FEW models can
help manufacturing enterprises remain resilient under financial pressure, and promote
smart manufacturing and industrial upgrading. Sustainable cities and communities
encourage the sustainability of urban infrastructure and industrial systems, while
financially sound manufacturing companies can support urban economic development in
terms of supply chains and job security. Responsible consumption and production
promote sustainable production patterns, and research helps manufacturing enterprises
use resources more efficiently and reduce waste and losses caused by economic
fluctuations by combining CE concepts. Therefore, the results of the research not only
have practical significance for the financial health of manufacturing enterprises, but also
provide strong support for the realisation of sustainable development goals.

5 Conclusions and future research

The development of CE has brought huge challenges to manufacturing enterprises, and
designing an FEW system for manufacturing enterprises is very important. This study
designed an FEW model based on the method of RF, and used AJ algorithm to optimise
the hyperparameters of the RF algorithm. Firstly, the experiment used K-S test, T-test,
Mann-Whitney U test, and packaging method to select 20 indicators from 36 original
indicators as the manufacturing industry FEW indicators for this study. Secondly, the
experiment utilised an AJ search algorithm to optimise the hyperparameters of the RF,
and the outcomes demonstrated that the optimised hyperparameters of the RF were
n_Estimators = 140, Max_ Depth = 9. Finally, 250 manufacturing enterprise data were
selected as the experimental raw data, and evaluation indicators were introduced to test
the FEW performance of the manufacturing industry using the RF-JS model, the
unimproved RF model, and the logistic regression model. The research findings
expressed that the accuracy of the RF-JS model was the highest at 88.42%, and the recall
rate and iteration speed were also the fastest. The data balance and accuracy were
consistent at 88.42%, and the AUC value reached a maximum of 0.918. There was no
significant difference. Overall, the RF-JS model had the best effect on FEW for
manufacturing enterprises. Meanwhile, the study conducted indicator contribution
analysis on enterprises that were warned, and found that ITR, ARTR, Herfindahl 5
index and liquidity ratio were key indicators for the occurrence of financial crises in
enterprises.
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However, the study still has some limitations. First, despite the introduction of ML
methods to optimise the FEW system, the applicability of the model still depends on the
quality of the data, especially the distribution of data in different regions or industries
may affect the generalisation ability of the model. Second, because the data source is
mainly based on listed manufacturing enterprises, it does not adequately cover SMEs,
which may affect the applicability of the study results. Finally, although this study
combines financial and non-financial indicators, there are still shortcomings in the
consideration of factors such as environment, policy impact and market dynamics, which
may have an important impact on the financial stability of manufacturing firms. Future
research can be expanded from the following aspects: First, the ML model can be further
optimised, such as combining deep learning or reinforcement learning technology, to
improve the adaptability and generalisation ability of FEW system. Second, the study can
be extended to more manufacturing sub-sectors as well as SMEs to verify the
applicability of the model. Third, more external variables, such as policy changes, global
supply chain fluctuations, and environmental regulations, could be introduced to build a
more comprehensive FEW. In addition, combining cutting-edge technologies such as
blockchain and big data analysis to enhance the financial transparency of manufacturing
enterprises and the real-time warning system is also a direction worth exploring.
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