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Abstract. Vigorously developing emerging marine industries are an important way for China to 
implement the strategy of “Sea Power Nation”, and improving the ability of port enterprises to 
prevent financial and tax risks is a key link in accelerating the high-quality development of the 
marine economy. The research objective of this paper is to construct a reasonable early warn-
ing financial model for emerging port industries in Guangdong, Hong Kong, and Macao Greater 
Bay Area. The research hypothesis is that the original Z-SCORE model and F-SCORE model 
are not able to accurately predict the financial risk of emerging marine industries. The data of 
typical port enterprises are utilized to compare the financial risk; after that risk assessment 
and early warning are carried out. This paper adopts the Delphi method to assign weights to 
different indicators and utilizes the Analytic Hierarchy Process method to derive a financial 
and tax early warning model applicable to Guangdong, Hong Kong, and Macao Greater Bay 
Area. The results of the study found that the traditional “Z-score model” and “F-score mod-
el” are less applicable to the emerging industries in the ports of Guangdong, Hong Kong, and 
Macao Greater Bay Area. This paper will construct a financial and tax risk control model cor-
responding to the development of port emerging industries and provide early warning when 
exceeding a certain threshold to help enterprises develop better. In addition, this paper also 
puts forward policy suggestions for risk management of emerging port industries from the 
aspects of system improvement and government- enterprise linkage.

Key words: port emerging industry; financial early warning model; Y-score model; F-score 
model; Delphi method; Analytic Hierarchy Process method.
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1. Introduction
At present, the Chinese government 

has strongly supported the rapid devel-
opment of the marine industry, especially 
the emerging marine industry, and regard-
ed it as an important hand in accelerating 
the strategy of “Ocean Power”. According 
to the data issued by State Oceanic 
Administration of China (SOA), the con-
tribution of marine industry is more than 
8.9 trillion yuan per year, with an average 
annual growth rate of more than 8.1 %, and 
the GDP accounted for more than 9 % of 
China’s gross domestic product (GDP).

The marine industry, the marine emerg-
ing industry is an important field for breed-
ing new industries and leading new growth, 
and at the same time, as a new point of eco-
nomic growth, it is becoming more and 
more prominent, and it also shows that the 
national level is becoming more and more 
enriched in the top-level design and arrange-
ment of the marine economy [1].

In 2023, the GDP of the emerging 
marine industry is more than 9.46 tril-
lion RMB, with an average annual growth 
reaches 7.1 %. However, the development 
is not smooth. in early 2020, affected by the 
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epidemic, China’s port cargo and contain-
er throughput declined year-on-year, but 
then both continued to rebound, and port 
throughput was overall lower than expect-
ed due to the epidemic. The scale, technol-
ogy and model of the marine emerging in-
dustry are still at an immature stage, and its 
development is also characterized by great 
uncertainty.

The main risks are as follows:
Firstly, legal risk and compliance risk. 

Environmental protection in overseas ports, 
overseas projects will have additional ex-
penditure increase, project stoppage and re-
work. Piraeus Port had its expansion plan 
rejected because it did not provide suffi-
cient environmental impact assessment.

Secondly, social and cultural risks, the 
transnational business activities of port en-
terprises have to face the dual risks of or-
ganizational culture and national culture. 
the construction of a fence in an industri-
al park had triggered a controversy among 
residents in 2018, and the attack on the per-
sonnel of the Guinea project of COSCO 
Shipping Port in 2021.

Thirdly, there are market risks caused 
by changes in interest rates and exchange 
rates, strategic risks caused by overly ag-
gressive overseas investment, operational 
risks caused by natural disasters, strikes, etc., 
uncontrolled project cost management, and 
financial risks caused by poor port opera-
tions, and so on. Therefore, marine emerg-
ing industries need to formulate their own 
personalized development strategy.

Taking the selected enterprises in this 
paper as an example, their development is 
characterized by high investment, long re-
turn cycle, high policy sensitivity and high 
uncertainty of maritime operation, so this 
kind of enterprises belongs to high-risk, 
high-yield and high-debt industries.

At present, when China’s modern port 
enterprises carry out financial early warn-
ing, they generally start from a qualitative 
point of view, through certain financial 

characteristics of the enterprises. However, 
due to the interference of internal and ex-
ternal factors, there will be certain errors in 
the qualitative analysis.

In order to reduce the judgment error, 
it is necessary to combine the qualitative 
and quantitative analysis methods for cal-
culation. Quantitative analysis is general-
ly carried out through the construction of 
financial early warning model. The finan-
cial early warning model can discover the 
hidden problems of the enterprise financial 
operation system within a certain range in 
a timely manner to avoid the financial risk 
from becoming a financial crisis [2].

The purpose of our study is to con-
struct a reasonable financial early warn-
ing model for port emerging industries 
in Guangdong, Hong Kong, and Macao 
Greater Bay Area.

Research hypothesis:
H1: Verify through empirical analysis 

that the original F-SCORE financial ear-
ly warning model and Z-SCORE financial 
early warning model are not applicable 
to the forecasting of the new industries in 
the ports of Guangdong, Hong Kong, and 
Macao Greater Bay Area.

H2: Through empirical analysis, it 
is verified that the newly constructed 
Y-SCORE model in this paper is applica-
ble to the financial forecasting of new in-
dustries in the ports of Guangdong, Hong 
Kong, and Macao Greater Bay Area.

2. Literature Review
Xhu & Chen [3] used 19 companies as 

samples to make predictions using a single 
financial indicator and pioneered a one-di-
mensional judgmental early warning mod-
el. Although the model was able to predict 
the future performance of the firms, the 
prediction accuracy was not high because 
only a single financial variable was intro-
duced for the analysis.

Altman et al. [4] used multivariate anal-
ysis techniques to analyze the operating data 
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of 33 firms before their bankruptcies during 
the period 1946–1954. By gradually updat-
ing and correcting a series of reference var-
iables, he firstly proposed a multivariate fi-
nancial early warning model.

The size of Z value can reflect the fi-
nancial status of the enterprise, and the en-
terprise managers can judge whether there 
is a crisis in the enterprise by the size of 
Ohlson [5] and others established a mul-
tivariate logistic regression based on the 
method of probabilistic regression (Logit) 
model. The logit method he used over-
came the problems in traditional discrimi-
nant analysis and resulted in a substantial 
increase in this model.

Jing [6] combed through the develop-
ment status of Chinese enterprises, selected 
67 financial crisis companies, and further 
researched based on the “Z-score model” 
by using principal component analysis, and 
put forward the Y-value model, which has 
an accuracy rate of about 86 %.

Yang et al. [7] used feed-forward 
neural network to conduct financial ear-
ly warning research on enterprises, which 
has strong foresight.

Pendharkar [8] used BP artificial neu-
ral network algorithm for the first time to 
analyze the comprehensive ability of the 
enterprise’s operation, and the accuracy 
rate reached more than 90 %. Deep learn-
ing data mining methods based on the com-
bination of artificial intelligence and big 
data have also appeared in China in recent 
years. All the above studies aim to help en-
terprises discover financial crises in a time-
ly manner.

Lepetit et al. [9] used the tradition-
al Z-score model as a basis to revisit the 
Z-score model with the bank bankruptcy 
risk as a topic and concluded that the tradi-
tional method is inaccurate in its prediction.

Ko et al. [10] used Taiwan’s solar in-
dustry as a case study and found that solv-
ing evidential coefficients of financial ra-
tios for the distressed companies.

Elliott et al. [11] builds a double hid-
den Markov model (DHMM) based on the 
original Z-score model from the corporate 
accounting ratio assessment of Z-scores 
and published credit ratings to extract in-
formation about a firm’s “true” credit qual-
ity. This approach is more conducive to 
forecasting accuracy.

Chiaramonte et al. [12] examines the 
accuracy of the Z-value, a widely used 
proxy indicator of bank robustness exam-
ines the accuracy of the Z-value, a wide-
ly used proxy indicator of bank robust-
ness, using a sample of European banks 
from 12 countries over the period 2001–
2011. Specifically, we analyze the Z-value 
and CAMELS-related covariates. we find 
that the Z-score is at least as good as the 
CAMELS variable in identifying crisis 
events, both in the whole period and in the 
crisis period (2008–2011), but has the ad-
vantage of being less demanding on the da-
ta. Finally, Z-score is more effective in sit-
uations where the bank’s business model is 
more complex, as is the case for large com-
mercial banks.

Li et al. [13] builds on the previ-
ous work by studying the four largest 
banks in New Zealand as a case study. 
Improvements were made to the z-score 
model and the study found that the LOO 
z-score modeling approach can provide ear-
ly warning information and is more accu-
rate than the z-score model.

Zhu et al. [14] used the Z-score model 
to assess the financial risk of IoT-only en-
terprises and found that using the annual 
reports of IoT enterprises and industry re-
ports, and applying the Z-score model, the 
study found that the main sources of risk 
faced by IoT enterprises are mainly focused 
on exogenous legal risk.

Li [15] used model based on data min-
ing for financial risk detection. CHAID al-
gorithm has been used for development of 
the EWS. Developed EWS can be served 
like a tailor-made financial advisor in de-
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cision making process of the firms with its 
automated nature to the ones who have in-
adequate financial background. Besides, 
an application of the model implement-
ed which covered 7853 SMEs based on 
Turkish Central Bank (TCB) 2007 data. By 
using EWS model, 31 risk profiles, 15 risk 
indicators, 2 early warning signals, and 4 
financial road maps has been determined 
for financial risk mitigation.

Yi [16] takes listed enterprises as sam-
ples, combined with the company’s finan-
cial indicators and found that. The research 
model in this paper can improve the perfor-
mance of financial risk early warning mod-
el and enhance the reliability of the model.

Bouvatier [17] uses Z-score model 
pairs to compare different measurement 
methods using a series of alternative testing 
procedures focusing on U.S. and European 
banks during the 2007–2008 financial cri-
sis. Further enhancements to the z-score 
model were made.

Tang et al. [18] predicted systematic 
financial risk using interpretable machine 
learning for effectiveness in predicting sys-
tematic financial risk.

Wang et al. [19] innovatively proposed 
the use of patch size distribution to detect 
financial crisis warning signals in spatial 
endogenous credit models, aiming to use 
spatial warning signals to study spatially 
extended endogenous credit systems with 
stochasticity. They use new method can be 
applied for financial early warning.

Ouyang et al. [20] argued that ear-
ly warning of systemic financial risk 
in Chinese financial market based on 
Attention- LSTM model. The impact of 
online public opinion on systemic finan-
cial risk is investigated and an online pub-
lic opinion network index is constructed 
for China’s financial market. It was found 
that the LSMT type of neural network mod-
el has higher accuracy than other methods.

Zhu et al. [21] used the stepwise re-
gression method to establish the optimal 

prediction equation for financial system-
ic risk, to establish a reasonable and prac-
tical early warning index system for finan-
cial systemic risk; moreover, the optimal 
prediction equation was applied to predict 
the financial systemic risk situation in 2011, 
and the prediction results showed accura-
cy and were applicable to the prediction of 
the financial system.

Tarkocin & Donduran [22] used the 
integrated model of RUSBoost algorithm 
to predict the “red” and “amber” days with 
a success rate 21 % higher than the aver-
age success rate of other machine learning 
models. The model and framework pro-
posed in this study can be applied to the 
banking environment, which will enable fi-
nancial institutions to integrate their inter-
nal indicators with market stress indicators.

Allaj & Sanfelici [23] involved the 
EWS model (Early Warning System for 
colleges and universities) based on Logit 
regression and argued that the model is ef-
fective in predicting potential market in-
stability.

Wu et al. [24] used integrated Z-score 
and multilayer perceptron neural network 
to forecast the company and the model was 
able to predict well that the model can pro-
vide early warning signals of deterioration 
in the company’s financial condition.

Xiao et al. [25] argued that most of 
the pay attention to financial risk of com-
panies focuses on the accuracy of predic-
tion and ignores evaluation, so the authors 
designed a new three- stage decision sup-
port research framework to discuss corpo-
rate financial risk assessment and predic-
tion based on previous research, using the 
LIGHTGBM integrated model to assess 
the market capitalization of Chinese small 
and medium- sized enterprises (SMEs). It 
was found that OPT-LIGHTGBM can im-
prove efficiency without loss of forecast-
ing performance and has the best overall 
performance compared to existing fore-
casting models.
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Meziani & Rezvani [26] used hier-
archical analysis to assess and predict fi-
nancial risks. An empirical study based on 
SMEs found that the hierarchical analysis 
method can provide an effective means of 
assessing the financial risk of companies.

Gonzalez- Urango et al. [27] argued 
that recent applications of the Analytic 
Network Process (ANP) in the decision- 
making process in the fields of econom-
ics, finance, in order to identify contingen-
cies, current trends, It was found that ANP 
is particularly suitable for sustainable pro-
jects to promote the participation of vari-
ous stakeholders.

Nguyen et al. [28] used the fuzzy hi-
erarchy analysis method for comprehen-
sive assessment of investment decisions 
and retrogression in private sector sustain-
able water supply systems using a prov-
ince in Vietnam as a case study and found 
that the fuzzy hierarchy analysis method is 
effective for this and retrogression assess-
ment, and that an investment attractiveness 
index can be constructed in this way. This 
way to construct an investment attractive-
ness index [28].

Murugan & KalaT [29] used a ma-
chine learning strategy to analyze large- 
scale data and applied K-nearest neighbor 
(KNN), cluster based logistic regression 
(LR), and cluster based XG Boost mod-
els to assess financial risk. risk assessment, 
the simulation results of this model yield-
ed better large- scale data-driven financial 
risk results than state-of-the-art methods.

Conte et al. [30] conducts an interme-
diation analysis with data from 394 listed 
banks in 54 countries from 2002 to 2017 
with the aim of investigating the role of 
bank financial risk-taking as an interme-
diation channel to explain the relationship 
between CSP and financial performance 
in the banking sector. The results show 
that partially moderated by bank risk-tak-
ing, where CSP improves financial perfor-
mance by reducing bank risk.

Rahman & Zhu [31] conducted a study 
on financial early warning using machine 
learning techniques using Chinese A-share 
listed construction companies as a case study. 
The results confirmed Z-Score model didn’t 
catch them. In addition, the CUSBoost clas-
sifier was found to be the most accurate 
model based on the AUC and AUPR met-
rics in the main and additional tests.

From the existing research, these fi-
nancial early warning model studies have 
strong universality, while the development 
of port emerging industries has its own ob-
jective laws, which cannot use the universal 
model in its entirety. Therefore, the study 
of financial early warning model for port 
emerging industries has stronger applica-
tion value and greater practical significance.

3. Empirical Calculations and 
Analysis

This section encompasses the data 
sources, model estimation and economet-
ric procedures used for this study.

In this paper, we are going to analyze 
the financial risk of key port enterprises 
in Guangdong, Hong Kong, and Macao 
Greater Bay Area by comparing the data 
changes of Z-score model, F-score mod-
el, and univariate early warning model, 
and analyze whether there is any financial 
risk according to the Delphi method, as-
signing different models to different port 
enterprises. Based on the Delphi method, 
different weights are assigned to the three 
models to integrate and optimize the results 
of the above early warning models, to seek 
a healthy development path for the related 
port enterprises in Guangdong, Hong Kong 
and Macao Greater Bay Area.

3.1. Data sources
Since this paper focuses on analyzing 

the development of emerging industries in 
ports in the Guangdong, Hong Kong, and 
Macao Greater Bay Area of China, it takes 
the recent Lloyd’s List Global 100 rank-
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ing of ports as its target. A total of 24 list-
ed port companies are selected as research 
samples, focusing on the data of listed port 
companies in Guangdong, Hong Kong and 
Macao Greater Bay Area — Guangzhou 
Port Group, Yantian Port Group and Zhuhai 
Port Holding Group Company.

The authors collect the data required 
for this study by searching websites such 
as China Securities Network, Wanfang 
Database and Guotai Junan Database. 
Meanwhile, due to the inconsistency of 
statistical caliber between Hong Kong and 
Macao and China, for the consideration of 
testability of the analysis, this study will se-
lect the available scientific research data in-
stead of website data for analysis.

This paper is written in 2024, the 
above researched companies have not dis-
closed the annual report of 2023 and the oc-
currence of the new crown epidemic, so the 
company’s performance is not representa-
tive. Therefore, this paper only analyzes the 
financial data of 2017, 2018, 2019, 2020, 
2021 and 2022, which have sufficient ref-
erence significance and real-time.

3.2. Financial early warning system 
indicator system structure
The selection of financial indicators 

must be true, which is the basis for ensur-
ing that the financial system has application 
value. At the same time, it should be in line 
with the development law of the enterprise, 
which is a prerequisite to ensure the effec-
tive operation of the early warning system.

The selection of indicators in this pa-
per focuses on listed port enterprises in the 
Pearl River Delta region. Based on the exist-
ing literature, combined with the specific sit-
uation and characteristics of port enterpris-
es, the authors of this paper believe that the 
selection of indicators should basically fol-
low the basic principles of financial analysis.

According to the PEST analysis meth-
od, the selected financial indicators are as 
follows.

1. Solvency. Solvency refers to the abil-
ity of an enterprise to repay debts (princi-
pal and interest) when due, including short-
term solvency and long-term solvency [32]. 
Because of the high input and high output 
characteristics of port-type enterprises, ana-
lyzing their solvency can be a glimpse of 
whether they have enough ability to pay 
money and repay debts.

2. Profitability. Profitability is the core 
ability of the enterprise that investors and 
managers are most concerned about, and 
it is also the criterion of whether the enter-
prise can continue to operate in the mar-
ket for a long time and make profits for 
a long time [33]. The market generally be-
lieves that the higher the profit, the strong-
er the profitability, the enterprise has a bet-
ter prospect, more sought after by investors. 
Sales profitability is an indicator of the lev-
el of return on corporate income.

3. The operating capacity of an enter-
prise mainly refers to the efficiency and ef-
fectiveness of its operating assets. The indi-
cators of operational capacity mainly include 
inventory turnover, accounts receivable turn-
over and current asset turnover [34].

4. Development potential. Development 
potential is extremely important for the fu-
ture development of port-based enterprises. 
It can objectively reflect the ability of port-
based enterprises to sustain development. 
The selection of this indicator has a high cor-
relation with financial risk.

5. Non-financial indicators. Since 
a single financial indicator is not com-
prehensive enough, non-financial indica-
tors are introduced for calculation. Non-
financial indicators are mainly selected: 
maritime accidents. Maritime accidents 
mainly refer to the occurrence of ship 
reefing, grounding, and other situations 
during navigation. Serious maritime acci-
dents can cause great losses to port ship-
ping companies. Sea water pollution. The 
introduction of pollutants into the sea 
due to man-made or negligence, caus-
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ing damage to the ecosystem. The United 
Nations Convention on the Law of the Sea 
(UNCLOS) clearly stipulates that organ-
izations or individuals who cause greater 
pollution of seawater should be punished. 
Therefore, sea water pollution caused by 
port companies can lead to a series of se-
rious consequences. Customer satisfac-
tion. Customer satisfaction is crucial to the 
future development of the company, and 
good customer evaluation is beneficial to 
the future development of the company.

3.3. Establishment of financial 
early warning data model based on 
Analytic Hierarchy Process (AHP)
Analytic Hierarchy Process (AHP) in 

the 1970s based on the application of net-
work system theory and multi- objective 

comprehensive evaluation method [35]. 
Hierarchical analysis method is systemat-
ic, effective, and clear. Now it is widely 
used in enterprise management, decision- 
making and evaluation.

1. According to the AHP method to 
determine the weight of each indicator 1. 
Building a tree hierarchy model. The struc-
tural model is the financial early warning 
evaluation index system. The indicator sys-
tem is divided into three layers respective-
ly as the target layer, guideline layer and 
program layer. The specific financial early 
warning indicator system is layered as fol-
lows (Table 1).

2. When comparing two factors in this 
article, quantitative scaling is required. The 
scaling method in this article is as follows 
(Table 2).

Table 1. Financial early warning indicator system

Target layer A Criteria Level B  
Measurement Level C Criteria Level B Measurement Level C

Fiscal service pre 
police refer to mark 
body Tie

Financial  
indicator

Profitability B1 Net sales profit margin C1

ROE C2

ROA C3

Gross profit margin C4

Earnings per share C5

Operational  
capability B2

Inventory turnover rate C6

Accounts receivable turnover ratio C7

Current asset turnover ratio C8

Solvency B3 Current ratio C9

Quick ratio C10

Development  
potential B4

Sales growth rate C11

Capital preservation growth rate C12

Non-financial indicators B5 Marine accident C13

Seawater pollution C14

Customer satisfaction C15
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Construct a judgment matrix (1). By 
scoring the importance of pairs of indica-
tors in the same module, we can get the 
judgment matrix for pairwise comparison.

 A

A A A
A A A

A A A

n

n

n n nn
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� � �
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This article will use the Delphi method 
to assign corresponding weights to the tar-
get indicators. Choosing the right experts is 
an important factor affecting the accuracy 
of the results of the Delphi method. This re-
search will be oriented to experts with rich 
theoretical and practical experience in uni-
versities and society to ensure that the an-
swers are highly representative.

Finally, 50 qualified experts were se-
lected for scoring. A total of 50 question-

naires were collected in the first round, and 
the enthusiasm of experts was 100 %; in 
the second round, a total of 50 question-
naires were collected, and the enthusiasm 
of experts was 100 % (Table 3).

3. Calculate the geometric mean of the 
elements in each row of each judgment ma-
trix (Table 4):

 w ai ijj
n� � ,  (2)

 w w w w wn
T

� � �1 2 3
, , , ..., .  (3)

Do normalization processing, that is,

 w w

w
i

i

i
i

n�

�
�
1

,  (4)

Where: w is the vector; wi  is the ge-
ometric mean of the vector.

Table 2. Scale meaning

Seals Meaning

1 Indicates that two factors have the same importance compared to each other

3 Indicates that one factor is more important than the other

5 Indicates that compared with two factors, one factor is obviously more important 
than the other factor

7 Indicates that one factor is more strongly important than the other when comparing 
two factors

9 Indicates that compared with two factors, one factor is more important than the other factor.

2,4,6,8 Is the median value of the above adjacent judgments

Table 3. BiSpecific screening conditions for model evaluation system consulting 
experts

Filter entries Specific conditions

Profession Including marine economics and other related majors

Work area Relevant university teachers and port practitioners

Working years More than 10 years

Educational qualifications Master’s degree or above

Job title Lecturer, intermediate professional title or above



Journal of Applied Economic Research, 2024, Vol. 23, No. 3, 776–800 ISSN 2712-7435784

Wang Ying, Igor A. Mayburov, Yulia V. Leontyeva

Table 4. Index weight table

Index Matrix Weight 
W Consistency Test

Index Matrix Weight W Consistency 
Test

Index Matrix 
Weight W 

Consistency Test

Index Matrix 
Weight W 

Consistency Test

A B1 B2 B3 B4 B5 λmax=5.0972 
CI=0.0243 
CR=0.0217B1 1 1/3 1/3 1/2 1/3 0.083

B2 3 1 1 1 1/2 0.200

B3 3 1 1 1 1/2 0.200

B4 2 1 1 1 1 0.212

B5 3 2 2 1 1 0.304

B1 C1 C2 C3 C4 C5 λmax=5.1013 
CI=0.0253 
CR=0.0226C1 1 1/2 1 1/2 1/2 0.123

C2 2 1 3 1 1/2 0.233

C3 1 1/3 1 1/2 1/2 0.114

C4 2 1 2 1 1 0.247

C5 2 2 2 1 1 0.283

B2 C6 C7 C8 λmax=3.0092 
CI=0.0046 
CR=0.0079C6 1 3 2 0.540

C7 1/3 1 1/2 0.163

C8 1/2 2 1 0.297

B3 C9 C10 λmax=2 CI=0 
CR=0C9 1 2 0.667

C10 1/2 1 0.333

B4 C11 C12 λmax=2 CI=0 
CR=0C11 1 2 0.667

C12 1/2 1 0.333

B5 C13 C14 C15 λmax=3.0183 
CI=0.0091 
CR=0.0158C13 1 2 3 0.723

C14 1 1 1 0.316

C15 0 1 1 0.276

4. Result
Based on the above calculations it is 

possible to construct the following func-
tion for evaluating the financial position 
of a company.

 

Y X X X
X X X
X

� � � �
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�
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Where Y is the newly constructed mod-
el result formula.

Different marine emerging enterpris-
es can be based on this model for financial 
early warning research, Y value and enter-
prise financial risk there is a linear corre-
lation, the enterprise can be based on their 
own development to develop financial ear-
ly warning risk value, Y value the small-
er the probability of financial risk occurs 
when the value is less than 0, the risk of 
the probability of occurrence of the risk 
will be higher.

4.1. Comparison between the model 
based on hierarchical analysis and 
the “Z-SCORE, F-SCORE” model
4.1.1 Z-value and F-value 
analysis of key port enterprises 
in Guangdong, Hong Kong, and 
Macao Greater Bay Area
Currently, the financial early warning 

model of Altman [4] is commonly used in 
the business world to determine whether 
a company has the possibility of bankruptcy.

Atman first invoked the multivariate 
analysis method to check the discrimina-
tive model and constructed the multivariate 
discriminative model “Z-score model” and 
judged the financial status of enterprises ac-
cording to the Z-value by studying 33 enter-
prises that filed bankruptcy petitions and the 
same number of non-bankrupt enterprises 
during 1946–1965 and used the Z-value and 
F-value in the “Z-score model” to determine 
the financial status of enterprises.

Zhing [6] and others [35] proposed 
the “F-score model” based on the “Z-score 
model” by adding cash flow indexes in 
combination with the characteristics of 
China’s capital market. This model is wide-
ly used in the financial early warning of 
modern enterprises.

The basic formula of “Z-score model” is:

 
Z X X
X X X
� � �

� � �
0 012 0 014

0 033 0 006 0 999

1 2

3 4 5

. .

. . . ,
 (6)

Where X1 — working capital/total as-
sets, X2 — retained earnings/total assets, 
X3 — earnings before interest and taxes/
total assets, X4 — capital market value/to-
tal liabilities, X5 — sales revenues/total as-
sets and the criteria for judging: Z <  1.81 — 
bankruptcy zone; 1.81 ≤ Z < 2.67 — gray 
zone; 2.67 < Z — safety zone [36].

The basic formula of “F-score model” is:

 
F X X

X X X
� � � � �

� � �
0 174 0 109 0 1074

1 9271 0 0302 0 4961

1 2

3 4 5

. . .

. . . ,
 (7)

Where X1 — working capital/total as-
sets, X2 — retained earnings/total assets, 
X3 — (net income after tax + depreciation)/
average total liabilities, X4 — capital mar-
ket capitalization/total liabilities, X5 — (net 
income after tax + interest + depreciation)/
average total assets.

The judgment criteria are: if 
F < 0.0274, it indicates that there is a fi-
nancial crisis in the company; if F > 0.0274, 
it is predicted that the company can op-
erate normally, but in the region of 
(0.0501,0.1049) is an area of uncertainty, 
then it is necessary for managers to car-
ry out further analysis in order to find out 
whether the company’s finances are indeed 
going to enter into difficulties.

Z-value and F-value analysis of key 
port enterprises in Guangdong, Hong Kong 
and Macao Greater Bay Area is presented 
in Tables 5–10.

The following analysis is done 
based on the distribution of Z-values and 
F-values. According to the above table, 
the F value of Guangzhou Port Group 
has increased from 2017 to 2019, rising 
from –0.0124 to 0.027. Among which the 
F value in 2017 and 2018 is in the bank-
ruptcy range, indicating that the possibil-
ity of financial crisis of Guangzhou Port 
Group is higher, the F-value in 2019 is 
within the normal operating range, and it 
is predicted that the company can oper-
ate normally.
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Table 5. Z-value of key ports (Guangzhou Port)

Project/Year
Guangzhou Port Z value

2022 2021 2020 2019 2018 2017

X1 0.398 0.366 0.315 –0.01 –0.06 –0.14

X2 0.155 0.167 0.172 0.15 0.18 0.18

X3 0.034 0.040 0.041 0.05 0.05 0.05

X4 0.96 1.063 1.287 1.85 2.41 4.50

X5 0.286 0.342 0.351 0.36 0.34 0.38

Z 0.3 0.357 0.366 0.38 0.36 0.41

Table 6. Z-value of key ports (Yantian Port)

Project/Year
Yantian Port Z value

2022 2021 2020 2019 2018 2017

X1 0.11 0.05 0.11 0.04 0.06 0.09

X2 0.34 0.37 0.36 0.40 0.40 0.40

X3 0.03 0.04 0.04 0.04 0.05 0.05

X4 2.06 3.18 4.35 3.85 3.78 6.71

X5 0.05 0.05 0.04 0.05 0.04 0.04

Z 0.07 0.07 0.07 0.08 0.07 0.09

Table 7. Z-value of key ports (Zhuhai Port)

Project/Year
Zhuhai Port Z value

2022 2021 2020 2019 2018 2017

X1 0.05 0.01 –0.03 0.016 –0.034 0.018

X2 0.11 0.10 0.12 0.158 0.187 0.185

X3 0.04 0.04 0.03 0.18 0.21 0.206

X4 0.44 0.52 0.69 0.742 1.107 1.838

X5 0.25 0.33 0.26 0.359 0.382 0.323

Z 0.26 0.34 0.27 0.372 0.398 0.343

Table 8. F-value of key ports (Guangzhou Port)

Project/Year
Guangzhou Port F value

2022 2021 2020 2019 2018 2017

F1 0.05 –0.07 –0.02 –0.01 –0.06 –0.14

F2 0.16 0.17 0.17 0.15 0.18 0.18
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Project/Year
Guangzhou Port F value

2022 2021 2020 2019 2018 2017

F3 0.11 0.11 0.09 0.07 0.07 0.08

F4 0.96 1.06 1.29 1.85 2.41 4.50

F5 0.06 0.06 0.05 0.02 0.02 0.02

F 0.17 0.03 0.07 0.03 0.00 –0.01

Table 9. F-value of key ports (Yantian Port)

Project/Year
Yantian Port F value

2022 2021 2020 2019 2018 2017

F1 0.11 0.05 0.11 0.04 0.06 0.09

F2 0.34 0.37 0.36 0.40 0.40 0.40

F3 0.16 0.18 0.12 0.01 0.01 0.01

F4 2.06 3.18 4.35 3.85 3.45 6.09

F5 0.01 0.01 0.01 0.04 0.05 0.04

F 0.36 0.37 0.36 0.06 0.07 0.18

Table 10. F-value of key ports (Zhuhai Port)

Project/Year
Zhuhai Port F value

2022 2021 2020 2019 2018 2017

F1 0.05 0.01 –0.03 0.02 –0.03 –0.02

F2 0.11 0.10 0.12 0.02 –0.03 0.02

F3 0.04 0.05 0.03 0.16 0.19 0.19

F4 0.44 0.52 0.69 0.15 0.14 0.14

F5 0.05 0.05 0.03 0.74 1.11 1.84

F 0.01 –0.02 –0.10 0.52 0.03 0.03

According to the annual report dis-
closed by Guangzhou Port, revenue in 
2019 increased by 18 % year-on-year, ex-
ceedingly nearly 10 billion yuan. It can be 
seen from the annual report that ROA is 
the highest in the past three years, so the 
F model conclusion is basically inconsist-
ent with the operating status of Guangzhou 
Port, and the analysis is less accurate.

4.1.2 Model analysis based  
on the newly constructed Y-score
In this paper, to eliminate the influ-

ence of the index scale, it is necessary to 
standardize the value of each index to get 
the standardization matrix. For the positive 
indicators, i. e., the larger the value, the bet-
ter the indicator, the processing method is 
as follows:

End of table 8
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 x
x x
x xij
ij* min

max min

,�
�

�
 (8)

Where xij
*  is the standardized matrix.

The indicator system of this paper is 
constructed with reference to the financial 
indicator system obtained by the Delphi 
expert consultation method of most schol-
ars in this paper, and five basic types of 
evaluation indicators reflecting the finan-
cial status and operating results of enter-

prises are selected: solvency indicators, 
profitability indicators, operating capac-
ity indicators, growth capacity indicators 
and non-financial indicators. To satisfy the 
continuity, comparability, and authentici-
ty of the data.

The data in this paper comes from 
Google database, and the division of the 
enterprises of the line port is based on the 
standard of the industry classification is-
sued (Table 11–13).

Table 11. Standardized values for Guangzhou Port

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15

2022 –1.24 0.74 –0.39 –0.98 0.71 –0.92 –0.62 –1.84 1.70 1.74 –0.46 –0.39 –0.41 1.79 0.00

2021 1.35 1.60 0.60 –0.61 1.57 –0.28 1.76 –0.33 –0.57 –0.45 –0.32 –0.63 2.04 –0.45 0.00

2020 –1.00 –0.54 0.57 –0.69 –0.14 –0.10 –0.08 0.06 0.17 0.25 –0.21 –0.68 –0.41 –0.45 0.00

2019 –0.15 –0.04 1.37 –0.22 –0.14 –0.57 –1.21 0.77 0.38 0.18 1.99 –0.67 –0.41 –0.45 0.00

2018 0.73 –1.06 –1.16 1.36 –1.00 –0.07 –0.01 0.58 –0.53 –0.56 –0.79 0.57 –0.41 –0.45 1.58

2017 0.32 –0.70 –0.98 1.14 –1.00 1.93 0.16 0.77 –1.15 –1.16 –0.23 1.80 –0.41 –0.45 –1.58

Table 12. Standardized values for Yantian Port

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15

2022 –0.87 0.74 –0.39 –0.98 0.71 –0.92 –0.62 –1.84 1.70 1.74 –0.46 –0.44 –0.41 –0.41 1.58

2021 –0.52 1.60 0.60 –0.61 1.57 –0.28 1.76 –0.33 –0.57 –0.45 –0.32 –0.87 –0.41 –0.41 –1.58

2020 –0.48 –0.54 0.57 –0.69 –0.14 –0.10 –0.08 0.06 0.16 0.25 –0.20 1.90 –0.41 –0.41 0.00

2019 –0.68 –0.04 1.36 –0.22 –0.14 –0.57 –1.21 0.76 0.38 0.18 1.99 –0.66 –0.41 2.04 0.00

2018 1.18 –1.06 –1.16 1.35 –1.00 –0.07 –0.01 0.58 –0.53 –0.56 –0.79 0.05 2.04 –0.41 0.00

2017 1.37 –0.70 –0.98 1.14 –1.00 1.93 0.16 0.76 –1.15 –1.16 –0.22 0.01 –0.41 –0.41 0.00

Table 13. Standardization for Zhuhai Port

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15

2022 1.06 –0.49 0.19 –0.63 0.39 –1.82 –1.83 –1.53 1.29 1.52 –1.18 –0.39 –0.41 –0.41 –0.41

2021 0.20 1.93 1.09 –0.64 1.78 0.07 –0.21 –0.08 0.28 0.13 1.74 0.63 –0.41 –0.41 –0.41

2020 –0.07 –0.49 0.01 –0.64 –0.08 0.24 0.37 –0.73 –1.03 –0.91 –0.45 –0.62 2.04 2.04 –0.41

2019 –1.10 –0.81 1.03 –0.64 –0.36 0.94 0.87 0.35 0.21 0.04 0.12 1.72 –0.41 –0.41 –1.22

2018 –1.19 0.18 –1.06 1.06 –0.73 0.82 0.85 1.01 –1.34 –1.26 0.30 –0.35 –0.41 –0.41 1.22

2017 1.10 –0.33 –1.26 1.50 –1.01 –0.25 –0.05 0.98 0.59 0.48 –0.53 –0.99 –0.41 –0.41 1.22
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However, through the Y-Score model, 
we can know that the value for that year is 
positive, which is consistent with the cur-
rent operating conditions. Under the Z mod-
el prediction, Guangzhou Port will be in 
the range where companies will go bank-
rupt from 2017 to 2019, which is quite dif-
ferent from the normal operating status of 
Guangzhou Port.

According to the company’s annual re-
port, affected by the epidemic in 2020, the 
company’s asset- liability ratio was 48.28 %, 
a year-on-year increase of 14.45 %; the 
current ratio was 0.95, and the quick ra-
tio was 0.8; the total debt was 8.891 bil-
lion yuan, of which short-term debt was 
3.182-billion-yuan, short-term debt ac-
counts for 35.79 % of total debt. At the 
same time, short-term debt is relatively 
large and there is a gap in existing funds. 
During the reporting period, broad mon-

ey funds were 2.9-billion-yuan, short-term 
debt was 3.18-billion-yuan, broad money 
funds/short-term debt was 0.91, and broad 
money funds were lower than short-term 
debt. Performance will improve after 2021, 
and the Y-score model is in line with the 
current situation.

According to the table above, the 
F values of Yantian Port from 2017 to 
2019 are all greater than 0.0274, indicat-
ing that there is no possibility of bankrupt-
cy. However, through the “Z-score mod-
el” analysis, Yantian Port III’s performance 
has not rebounded in recent years, and the 
probability of financial crisis in the future 
is high, and the possibility of bankruptcy 
is very high.

4.2. Normalization on the Y-value
The Y-values obtained after normaliza-

tion are shown below (Figure 1–3).
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Figure 1. Y-value for Guangzhou Port
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Figure 2. Y-value for Yantian Port
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Figure 3. Y-value for Zhuhai Port

However, through the annual reports 
disclosed by Yantian Port Group from 2017 
to 2019 and the financial analysis conduct-
ed above, Yantian Port has made relatively 
good profits in recent years, has no risk of 
bankruptcy, and its performance has been 
increasing year by year, so the Y-Score 
model is more in line with the 2017 oper-
ating conditions in 2019.

The 2020 annual report shows that 
the net profit attributable to shareholders 
of listed companies is 388 million yuan, 
a year-on-year increase of 8.05 %; the ba-
sic earnings per share is 0.19 yuan. And the 
gross profit margin has remained around 
50 % in the past three years. The lower val-
ue obtained by the Y-score model in 2021 is 
more consistent with the company’s operat-
ing conditions that year. Yantian Port com-
pleted operating income of 75.4603 million 
yuan in 2021, a year-on-year decrease of 
7.11 %; it achieved a net profit of –32.9462 
million yuan, a year-on-year decrease of 
19.1306 million yuan.

According to the above table, by com-
paring the F value and Z value of Zhuhai 
Port, the F-value of Zhuhai Port in recent 
years from 2017 to 2019 has all been great-
er than 0.0274, indicating that the compa-
ny has no bankruptcy risk. The Z values 
are all less than 1.23. Under the prediction 
of the Z model, the company is about to 
go bankrupt, but according to the annual 

report disclosed by the company, Zhuhai 
Port has vigorously developed new ener-
gy glass, wind power investment projects, 
etc. with the support of the government, 
and has achieved relatively high returns. 
Even in 2020, amid the COVID-19 epidem-
ic Despite the adverse impact, the compa-
ny’s cargo throughput still reached 139 mil-
lion tons.

Therefore, the prediction results of 
“Z-score model” and “F-score model” are 
less accurate. In contrast, the Y-score mod-
el prediction is more accurate. At the same 
time, in the first half of 2022, Zhuhai Port 
achieved operating income of 2.790 billion 
yuan, a year-on-year decrease of 8.85 %, 
and net profit attributable to shareholders 
of listed companies was 175 million yuan, 
a year-on-year decrease of 30.16 %. The 
prediction of the Y-score model is negative, 
and the prediction is more accurate.

4.3. Main findings
Through specific analysis and calcu-

lation.
Firstly, the traditional “Z-score mod-

el” is not applicable to emerging industry 
enterprises in the ports of the Guangdong- 
Hong Kong- Macao Greater Bay Area, and 
the analysis indicators are too few and the 
comprehensiveness is too weak. The eval-
uation model based on the analytic hier-
archy process can cover the financial in-
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dicators of most port enterprises, and the 
addition of non-financial indicators in this 
article can predict the risks of port enter-
prises more accurately, and enterprises can 
change according to the differences of in-
dividual companies.

Secondly, the Z-score model is a func-
tional model for all enterprises and has poor 
applicability to a certain industry or enter-
prise. Compared with the AHP, which has 
a wider range of applications, the AHP is 
not limited to financial warnings, but can 
also be applied to other aspects of the com-
pany. Finally, the analytic hierarchy process 
can analyze the problem of a certain indi-
cator independently, but the Z-score model 
and the F-score model cannot specifically 
analyze the problem of a certain indicator 
individually.

In summary, this article has certain ref-
erence significance for managers of emerg-
ing port industries in the Guangdong- Hong 
Kong- Macao Greater Bay Area and relat-
ed stakeholders. Future research can opti-
mize the critical value of the financial early 
warning model based on more port enter-
prises, thereby improving the accuracy of 
financial early warning.

5. Discussion
Firstly, the establishment of a financial 

early warning system is essential for the 
development of enterprises. The financial 
early warning system mainly relies on the 
analysis of relevant financial indicators, but 
the analysis of statements and indicators is 
a lagging means and is easily affected by 
the subjective judgment of relevant finan-
cial personnel, according to studies con-
ducted by Yang et al. [7] and Altman [4].

However, this model can make objec-
tive and reliable evaluation of the financial 
data of the enterprise and the relevant data 
in the industry through some mathematical 
calculations, to find out the risk situation 
of the enterprise at this stage [35, 36], thus 
avoiding the inadequacy of man-made op-

erations, but also through the form of nu-
merical values to reflect the degree of risk 
faced by the enterprise, to provide more 
intuitive data for the relevant management 
personnel.

Therefore, the backward risk early 
warning analysis system directly affects 
the accuracy and precision of enterprise 
risk prediction [37, 38].

Secondly, port-type enterprises should 
introduce data visualization technology in 
the financial risk early warning system, the 
introduction of the Y-score model for anal-
ysis, effectively ensuring the timeliness of 
the risk communication, to avoid the fur-
ther expansion of the risk from the source.

Thirdly, it breaks the traditional man-
ual financial checking mode, and the com-
bination of charts, text, tables visualization 
presentation makes the massive data in-
formation of the company’s expense more 
intuitive, image, and at the same time, it 
makes the company’s office expenses in-
volved in the department, the maximum 
amount of the occurrence of the number of 
people in the department, the monthly ex-
penditure, quarterly expenditure, the year-
on-year growth rate, the chain growth rate, 
and other important data to realize the re-
al-time statistical analysis, and extends the 
coverage of the monitoring data [39, 40].

The coverage of monitoring data is 
expanded. Abnormal situations are de-
termined intelligently, and early warn-
ings are automatically issued to relevant 
departments and financial personnel, 
prompting the relevant departments and 
business approvers to pay attention to ab-
normal risks in a timely manner. Finally, 
the occurrence of financial crisis is 
a slow process [40–42].

Fourthly, the occurrence of financial 
crisis in a company is a slow process, and 
the stability of the prediction will fluctuate 
with the business performance, so manag-
ers should pay attention to the development 
of the enterprise in time.
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6. Conclusion and Policy 
Implications

The conjecture of hypothesis H1 and 
hypothesis H2 of this paper is correct. The 
authors found that the original F-score and 
Z-score models are not suitable for the fi-
nancial forecasting of the new industries of 
the ports in Guangdong, Hong Kong and 
Macao Greater Bay Area through research.

The Y-score model obtained through 
empirical research in this paper is consist-
ent with the financial early warning fore-
cast of the Guangdong- Hong Kong- Macao 
Greater Bay Area according to the calcula-
tion in this article, marine accidents account 
for the largest proportion in the financial risk 
early warning model. Therefore, to reduce 
the risk of bankruptcy of emerging industry 
enterprises in ports and achieve reasonable 
and normal operation of enterprises, manag-
ers must start to establish Maritime accident 
early warning mechanism.

Before conducting maritime transpor-
tation, managers should conduct feasibil-
ity analysis and scientific predictions on 
maritime weather, transportation routes, 
etc. Strict supervision will be carried out 
on projects with large amounts of money 
and long construction or transportation pe-
riods to reduce the possibility of marine 
accidents. While vigorously developing 
emerging marine industries, we must also 
establish methods for handling maritime 
accidents. Once a maritime accident occurs, 
companies can actively cooperate with the 
government to handle scientifically and re-
spond efficiently.

As a high-risk, high-profit enterprise for 
port enterprises, company managers should 
take the lead in establishing a risk warning 
department that combines internal control 
and financial warning and formulate a stand-
ardized process for financial warning based 
on their own development. Clarify differ-
ent accounting responsibilities and division 
of labor, strictly supervise, and implement 
hierarchical management. The modernized 

internal control mechanism of an enterprise 
is an important yardstick for standardizing 
and restricting corporate behavior. It is al-
so an important means to improve the effec-
tiveness of financial crisis early warning and 
has positive significance for the realization 
of the value of the system.

The financial department has estab-
lished a financial indicator early warning 
system based on the analytic hierarchy pro-
cess. When abnormal analysis results oc-
cur, the risk warning department needs to 
cooperate with other departments to inves-
tigate hidden dangers. If the abnormal sit-
uation is controllable, then the financial 
warning department should propose corre-
sponding solutions. If the abnormal situa-
tion is uncontrollable, department leaders 
should promptly inform business managers 
to tighten cash flow, and employees should 
remain highly alert mentally to prevent fi-
nancial crises from coming.

Further strengthen the personnel man-
agement of risk warning departments. Most 
corporate financial crises occur because 
relevant personnel lack crisis awareness. 
Employees should be trained and assessed 
regularly. Companies should introduce the 
Analytical Hierarchy Process into the com-
pany’s financial early warning model based 
on their actual situation.

The theoretical knowledge of financial 
early warning is updated from time to time. 
Because employees must remain highly 
vigilant mentally. The normative behavior 
of employees can coordinate the relation-
ship between financial warning and produc-
tion and operation, thereby expanding the 
profitability of the company and prompting 
the company to create more profits. This 
model must be written to combine financial 
early warning with internal control. The 
effect of risk prevention is reflected in the 
performance of each participant, and com-
pany risks are closely linked to personal 
development through incentives, punish-
ments, and other methods.
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As an important part of local develop-
ment, emerging port industries are an im-
portant source of local fiscal revenue. The 
government should take the lead in accel-
erating the construction of a core port en-
terprise management platform, which will 
help promote the development of emerging 
industries in the entire city’s ports.

At the same time, enterprises have in-
creased investment in insurance funds for key 
targets. Form a new model of “Government 
+ Enterprise + Insurance” to prevent cor-
porate crises. Because the development of 
most emerging port industries requires a large 
amount of capital flow, financial crises will 
occur once a company’s capital flow breaks.

The capital income generated from op-
erating activities and the expenditures gen-

erated from investment activities strength-
en the supervision of target companies 
and provide timely notification of abnor-
mal business that occurs in the company. 
Under the normal operation of the enter-
prise, ensure the balance between capital 
expenditure and income, block unreasona-
ble capital allocation, and improve the ef-
ficiency of capital use.

At the same time, a new mechanism 
covering budget indicators, fund payments, 
and early warning supervision has been es-
tablished with enterprises to strictly pre-
vent enterprise managers from tampering 
with data and whitewashing the calculation 
results of financial early warning models. 
Only when financial warning is running 
can it play its due role.
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Оценка рисков банкротства развивающихся портовых 
отраслей Китая: моделирование и раннее предупреждение

Ван Ин  , И. А. Майбуров  , Ю. В. Леонтьева 
Уральский федеральный университет  

имени первого Президента России Б. Н. Ельцина,  
г. Екатеринбург, Россия

 van.in@urfu.ru

Аннотация. Стремительный рост развивающихся портовых отраслей является важ-
ным способом реализации Китаем стратегии «Океанская держава». При этом повы-
шение способности портовых предприятий предотвращать финансовые и налоговые 
риски является ключевым звеном для ускорения высококачественного развития 
морской экономики. Целью статьи является построение модели раннего финансо-
вого предупреждения для новых портовых отраслей в Гуандуне, Гонконге и районе 
Большого залива Макао. Гипотеза исследования заключается в том, что исходные мо-
дели Z-SCORE и модель F-SCORE не способны точно предсказать финансовый риск 
морских развивающихся отраслей. Данные типичных портовых предприятий исполь-
зуются для анализа и сравнения финансового риска по разным моделям, после чего 
проводится оценка рисков банкротства и разрабатывается модель раннего преду-
преждения. В работе используется метод Дельфи для присвоения весовых коэффи-
циентов различным показателям, а метод аналитического иерархического процесса 
используется для получения финансовой и налоговой модели раннего предупреж-
дения, применимой к провинциям Гуандун, Гонконг и Макао. Результаты исследо-
вания показали, что традиционные модели Z-SCORE и F-SCORE менее применимы 
к развивающимся отраслям в портах. В работе разработана модель управления фи-
нансовыми и налоговыми рисками в соответствии с развитием новых портовых от-
раслей и обеспечено раннее предупреждение при превышении определенного поро-
га, чтобы помочь предприятиям лучше развиваться. В статье также обосновываются 
предложения по политике управления рисками в новых портовых отраслях с точки 
зрения совершенствования системы и связи между государством и предприятиями.

Ключевые слова: портовая развивающаяся отрасль; финансовая модель раннего 
предупреждения; модель Y-оценки; модель F-оценки; метод Дельфи; метод ана-
литического иерархического процесса.
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