Hindawi

Discrete Dynamics in Nature and Society
Volume 2024, Article ID 9851850, 1 page
https://doi.org/10.1155/2024/9851850

Retraction

@ Hindawi

Retracted: A Dynamic Prediction Model of Financial Distressin the

Financial Sharing Environment

Discrete Dynamics in Nature and Society

Received 23 January 2024; Accepted 23 January 2024; Published 24 January 2024

Copyright © 2024 Discrete Dynamics in Nature and Society. This is an open access article distributed under the Creative
Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the

original work is properly cited.

This article has been retracted by Hindawi following an
investigation undertaken by the publisher [1]. This in-
vestigation has uncovered evidence of one or more of the
following indicators of systematic manipulation of the
publication process:

(1) Discrepancies in scope

(2) Discrepancies in the description of the research
reported

(3) Discrepancies between the availability of data and
the research described

(4) Inappropriate citations

(5) Incoherent, meaningless and/or irrelevant content
included in the article

(6) Manipulated or compromised peer review

The presence of these indicators undermines our con-
fidence in the integrity of the article’s content and we cannot,
therefore, vouch for its reliability. Please note that this notice
is intended solely to alert readers that the content of this
article is unreliable. We have not investigated whether au-
thors were aware of or involved in the systematic manip-
ulation of the publication process.

Wiley and Hindawi regrets that the usual quality checks
did not identify these issues before publication and have
since put additional measures in place to safeguard research
integrity.

We wish to credit our own Research Integrity and Re-
search Publishing teams and anonymous and named ex-
ternal researchers and research integrity experts for
contributing to this investigation.

The corresponding author, as the representative of all
authors, has been given the opportunity to register their
agreement or disagreement to this retraction. We have kept
a record of any response received.

References

[1] J. Zhu, H. Zhu, and N. Lin, “A Dynamic Prediction Model of
Financial Distress in the Financial Sharing Environment,”
Discrete Dynamics in Nature and Society, vol. 2023, Article ID
6259689, 11 pages, 2023.


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2024/9851850

Hindawi

Discrete Dynamics in Nature and Society
Volume 2023, Article ID 6259689, 11 pages
https://doi.org/10.1155/2023/6259689

Research Article

@ Hindawi

A Dynamic Prediction Model of Financial Distress in the Financial

Sharing Environment

Jie Zhu®),! Hong Zhu,? and Nan Lin

ISchool of Finance and Accounting, Fuzhou University of International Studies and Trade, Fuzhou 350202, China
2School of Economics and Management, Fuzhou University of International Studies and Trade, Fuzhou 350202, China

Correspondence should be addressed to Nan Lin; linnan@fzfu.edu.cn

Received 3 December 2021; Revised 4 January 2022; Accepted 8 January 2022; Published 21 March 2023

Academic Editor: Ahmed Farouk

Copyright © 2023 Jie Zhu et al. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

The dynamic prediction of financial distress can monitor the financial status of an enterprise in real time and provide evidence for
financial analysts. However, currently, there are few studies concerning the dynamic prediction of financial distress in the financial
sharing environment, so in order to fill this research gap, this study established a dynamic prediction model of financial distress in
the financial sharing environment. Firstly, this study employed the analytic hierarchy process (AHP) and entropy weight theory to
determine an index system for the dynamic evaluation of financial distress in the financial sharing environment and gave the
weight assignment method of the evaluation indexes. Then, based on the probabilistic neural network (PNN), this study
constructed a dynamic prediction model of financial distress and used experimental results to verify the effectiveness and

feasibility of the constructed model.

1. Introduction

At the present time, the rapid development of information
technologies such as cloud computing, big data, and mobile
Internet has promoted the application of financial infor-
matization [1-8], providing conditions for the realization of
financial sharing services (FSS) [9-16]. The FSS mode not
only realizes the information management and control of
functional departments inside the companies but also greatly
improves the efficiency and quality of financial information
transmission, financial data processing, and analysis; how-
ever, at the same time, it also brings unprecedented chal-
lenges to the integrated financial information systems and
reform of paperless audit environment [17-22].

In the emerging credit market, the demand for risk
management increases day by day. Meanwhile, many new
algorithms are emerging. As a result, the dynamic prediction
of financial stress rises to prominence again. El Bannany
et al. [23] studied the performance of various data mining
models applied to the prediction of financial distress of
companies in the Middle East and North Africa and opti-
mized the multilayer perceptron model by adjusting

hyperparameters such as network depth and width; at last,
they used a real-time sample data set of companies in North
Africa to evaluate the performance of the proposed pre-
diction model. Sun et al. [24] divided the company’s fi-
nancial status into four types: sound status, false-sound
status, moderate distressed, and severe distressed; then, the
support vector machine (SVM) was combined with three
kinds of decomposition and fusion methods of one-to-one,
one-to-static, and error-correcting output codes to establish
three multitype financial distress early-warning models. The
prediction of corporate financial distress is very important to
companies, investors, and regulators. However, most fi-
nancial distress prediction models are established based on a
single time dimension, and they generally ignore two key
characteristics of the financial distress data: data set im-
balance and data flow concept drift. Currently, financial
stress prediction is being applied and studied in many fi-
nancial fields as an important risk management tool. Shen
et al. [25] proposed a new dynamic financial distress pre-
diction method: the adaptive neighbor SMOTE recursive
integrated approach, which allows multiple prediction re-
sults to be obtained from unbalanced data streams; through
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overall average AUC, it is found that the random forest
classifier outperforms other commonly used classifiers in
terms of data classification. Christopoulos et al. [26] as-
sumed that liquidity and profitability constitute the key
criteria for the status configuration of corporate financial
distress status; then, with companies listed in the New York
Stock Exchange as samples, they adopted a survival model
based on dynamic logit to study the predictability of fi-
nancial distress. In order to identify all the factors that have a
significant impact on the company’s financial status and
rank them according to their relative importance, Mahtani
et al. [27] adopted a multi-criteria decision-making method
based on fuzzy AHP and further verified the robustness of
the method through sensitivity analysis. Li et al. [28] ex-
tended the cross-sectional DEA model to the time-varying
Malmquist DEA, and this decision support system can in-
telligently adjust the efficiency boundary over time and make
robust predictions. The experimental results showed that,
besides accurately predicting financial distress based on
DEA efficiency measurement, the Malmquist DEA also
provides insights into the company’s competitive position.

After comprehensively reviewing the existing literature,
it is found that although the research on financial distress
prediction has achieved certain results, there are still
problems that cannot be ignored, such as the dimensionality
reduction of financial index data, the low prediction accu-
racy of integrated algorithms, and the negligence of the
dynamic and unbalanced nature of sample data. In addition,
currently, there are few studies concerning the dynamic
prediction of financial distress in the financial sharing en-
vironment, so in order to fill in this research gap, this study
establishes an index system for the dynamic prediction of
financial stress in the financial sharing environment and
further explores the integrated model for the dynamic
forecast of financial stress. The main contents fall into two
aspects: (1) Section 2 employs the analytic hierarchy process
(AHP) and entropy weight theory to determine an index
system for the dynamic evaluation of financial distress in the
financial sharing environment and scientifically weighs the
evaluation indexes. (2) Section 3 details the idea of building a
dynamic prediction model for financial stress based on
probabilistic neural network (PNN), clarifies the flow of
input data processing and the construction process of PNN
model and optimal combination prediction model. Finally,
the model prediction was carried out in the light of time-
liness, and the proposed model was proved feasible and
effective through comparative experiments.

2. Determination of the Weights of Evaluation
Indexes of the Prediction Model

After combing through the domestic and foreign literature
on financial stress prediction in the financial sharing en-
vironment, it can be learned that the idea of sharing service
has been well applied in some Chinese and foreign enter-
prises. However, this idea is still being explored for most
enterprises. In addition, the relevant literature is fragmented.
Most focus on theories and cases, while few talk about
empirical research.
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Based on the existing results, this study employs AHP
and the entropy weight theory to construct a dynamic
prediction model of financial distress in the financial sharing
environment. In 1865, R. Clausius proposed the entropy
weight theory, which illustrates the uniformity of spatial
distribution of energy. Shannon applied this theory to in-
formation theory and put forward the information entropy
weight. Referring to the analysis of the impact of specific
financial sharing risks on the identification link of the dy-
namic significance of financial distress and the possible
consequences, the analysis results were taken as the basis for
the evaluation index selection of the proposed financial
distress prediction model in this study.

Financial shared service (FSS) is the improvement di-
rection of the current financial operation mode. FSS oper-
ation modes could be divided into four types of basic mode,
market mode, advanced market mode, and independent
business mode, which respectively aim at the functional
departments inside the company, the responsible entities
that operate independently, and the profit organizations.
Figure 1 gives a schematic diagram of the FSS operation
modes. As shown in the figure, according to the develop-
ment trend of ESS, the four operation modes develop
progressively over time. Figure 2 shows the process
framework of FSS. Only by fully integrating the existing
financial systems and realizing the standard FSS process,
specific applications of the FSS technology can be guaran-
teed. According to Figure 2, the process of FSS contains 11
first-level procedures including tax accounting, FSS data
maintenance, financial report analysis, and general ledger
accounting of the financial system, etc., and under this
framework, there are more-detailed second-level procedures
and specific businesses. The advancement progress of FSS
mode is greatly affected by the framework of the sharing
process.

Following principles of pertinence, comparability, and
operability, this study analyzes actual FSS cases and selects 6
major financial distress types to construct the first-level
evaluation indexes for judging whether there is financial
distress in the financial system in the financial sharing
environment, and then, the 6 first-level evaluation indexes
were further divided into 28 second-level evaluation indexes,
representing subtypes of the financial distress; together these
indexes constituted a relatively complete evaluation index
system of financial distress in the financial sharing envi-
ronment. Each type of financial distress involves different
financial risk items, and all these evaluation indexes are
closely related to the financial distress and its dynamic
changes during the FSS implementation process.

The evaluation target of the evaluation index system is
the dynamic evaluation result of financial distress based on
the application of the FSS system (FD). The 6 first-level
evaluation indexes include strategy planning FD,, organi-
zation management FD,, financial analysts FD;, financial
risk control process FD,, financial system construction FDs,
and compliance operation management FDg. Strategy
planning FD; contains 6 second-level indexes: strategy
formulation conflict FD;;, insufficient preparation for sys-
tem implementation FD;,, unreasonable center location
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FD;;, unreasonable financial business scope definition FD, 4,
management’s emphasis on risks FD;s, excessive initial
investment and operation management costs FD;s. Orga-
nization management FD, contains 4 second-level indexes:
internal conflicts of financial organization FD,;, uninte-
grated financial and business departments FD,,, unrea-
sonable organization structure FD,;, and unreasonable
system formulation FD,,. Financial analysts FD; contains 3
second-level indexes: difficult internal communication of
financial analysts FDs;, financial analysts’ insensitivity to
data FD3,, and nonstandard operation of financial analysts
FD3;. Financial risk control process FD, contains 5 second-
level indexes: non-standard instruction for initial process
operations FD,;, unreasonably designed standard process
FD,,, difficult integration of financial business processes
FD,3, lack of balance control FD,4, and poor adaptability of
new process FDys. Financial system construction FDs
contains 5 second-level indexes: system integration inability
FDs;, unreasonable system development and design FDs,,
weak system support FDs3, insufficient system stability FDs,,
and insufficient system electronic data security FDss.
Compliance operation management FD¢ contains 5 second-
level indexes: noncompliant organizational form of the

system FDg;, noncompliant system operation mode FDy,,
noncompliant system authority setting FDg;, corporate and
financial operation risks FDgy, and incomplete internal audit
system FDgs.

Figure 3 gives a scree plot of the evaluation indexes.
According to the figure, when the abscissa is greater than 6,
the eigenvalue of the evaluation indexes is less than 2, and
the curve tends to become flattered, indicating that an in-
flection point appeared after the 6-th evaluation index, and
this has also verified that it is reasonable to extract 6 types of
financial distress.

If a financial system has m different dynamic distress
statuses, which are represented by Ry, Ry, Rs, . . ., R, and the
probability values corresponding to each status are repre-
sented by QA;, QA,, QA;, ..., QA,, then the dynamic
information volume of the uncertain financial distress of the
system can be described by the following formula:

m
D-) QAjIn QA,, satisfies 0<QA,; <1 (i=1,2,3,...,m),
i=1

(1)

The entropy weight method was used in the dynamic
prediction model of financial distress in the financial sharing
environment and taken as the method for determining the
weight values of the model indexes. If the dynamic evalu-
ation of financial distress needs to measure m types of factors
and w;; represents the evaluation index of factor FD, then it
satisfies the following formula:

n
Yw;=1 (i=1,...

j=1

,m; j=1,...,n). (2)

The relative importance of FD; can be measured by
entropy value:

n
Di :—Z(uuln wij. (3)
j=1

The relative importance of FD; was normalized, and the
entropy value of the relative importance of FD; was calcu-
lated by the following formula:

l n
S; = —m ]; wij In wl] (4)

The weight of FD; can be determined based on 1-s;
using the following formula:

m m

1
Y= (=) 0<y,<LP=Ys,)y=1) (5

m-= i1 i1

3. Research Methods of the Prediction Model

3.1. Model Analysis Steps. The specific analysis steps of the
proposed dynamic prediction model of financial distress
constructed based on AHP and entropy weight theory are
described in detail as follows:
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FIGURE 3: The screen plot of evaluation indexes.

Step 1. Modeling foundation Basic works of con-
structing the proposed model are as follows: (1) cor-
rectly selecting dynamic evaluation indexes of financial
distress; (2) reasonably setting the scope of the con-
formance weight of the prediction model; (3) scien-
tifically defining the level of significance of financial
distress in the financial sharing environment.

Step 2. Assign values to the conformance weight ;; of
the second-level evaluation indexes in the third layer of
the prediction model.

Step 3: Suppose that the number of inducing factors
corresponding to the i-th type of financial distress is
represented by g, and the number of control mea-
sures corresponding to the j-th inducing factor of the
i-th type of financial distress is represented by e, then,
based on the following formula, the entropy value «;;
and weight y;; of the second-level indexes, namely,
the second layer of the model can be measured as
follows:

LI, (1-a)
%= Tne ;ﬁijl In B;j; ;= (q ~ [}:10‘1']'). (6)
In order to make the data of the evaluation indexes
meet the calculation requirements of the entropy
weight method, it is necessary to normalize ;; before
the calculation of a;;, and then use the formula to
calculate weight value v;; corresponding to a;.

Step 4: Based on the following formula, the entropy
value y; and the corresponding weight y; of the eval-
uation indexes in the first layer of the model could be
calculated:

1 4
Yi = _m j:zl‘/’ijln (/)ij;
(7)
ERCEDX
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Step 5: Suppose the number of evaluation indexes
under the overall significance level of the target layer
(namely, the financial distress in the financial sharing
environment) is represented by g, then, based on the
following formula, the entropy value d and weight value
v of the overall significance of the target layer (the
financial distress in the financial sharing environment)
could be calculated as follows:

g

1
d=——7% ¢;ln ¢;
lng;¢n¢ (8)

$=1-d.

The PNN, proposed by Dr. Specht in 1988, is a multilayer
hierarchical neural network. This study adopts the model to
dynamically evaluate and predict the financial stress in the
financial sharing environment. The input data of the network
were a grayscale image composed of the data of indexes from
year 7 — 1 to year 7 — w, and the indexes were divided into two
types: quantitative indexes and qualitative indexes. In this
study, the data of these two types of indexes were processed
respectively, and the specific steps are introduced as follows:

3.2. Input Data Processing. After normalization, the value
range of all elements in the matrix formed by the evaluation
index data of the corporate financial system to be evaluated
satisfied [0, 1]. The matrix was converted into a grayscale
image that uses pixel value to represent the shade of the
color; the pixel value range was [0, 255], and 0 and 255,
respectively, represent absolute black and absolute white.
The value range of the index data was transformed from [0,
1] to [0, 255], and the obtained integer value was represented
by U (A™ w;)):
U(AI.T]T”’) = (A" *255). (9)
Among them, <x> means to take the integer part of x.
Based on the idea of energy minimization, the excepted
grayscale image could be generated, and the specific steps are
as follows:

Step 1: Initialize settings.

The M evaluation indexes of the i-th corporate financial
system to be evaluated in the 7-th year were arranged in
a M"?x M"* matrix from top to bottom and from left
to right, and the set of the corresponding serial
numbers of the evaluation indexes was represented by
O0={1,2, ..., M}. Then, the initial grayscale image was
generated based on the matrix and represented by
GPj,. Suppose, NS*™" represents the energy of a
company in the 7—w-th year, g"~ " (V(j;), V(j,)) rep-
resents the correlation coefficient between V(j;) and
V(j,) in the 7 — w-th year, and V(j) represents the value
corresponding to the j-th index, then the following
formula gives the expression of NS*~ w, the energy of
the grayscale image:
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NS™% = Z |q7_w[V(J'1)sV(jz)]|fT_w(jl’j2)‘ (10)
(jioia)

Suppose, &~ w(jy, j,) represents the distance between
the j;-th index and the j,-th index in the 7 — w-th year,
a”"w (j;) and b""w (j;) respectively represent the
abscissa and ordinate of the pixel corresponding to the
ji-th index in the 7—w-th year, then there is

§ (i) =@ - ar_w(]'z))2
+ (7Y (G) -6 (1)

The data of the evaluation indexes of the i-th company
in the 7—w-th year were converted to generate an
initial grayscale image GP;,* with an initial energy
NS; ™.

Step 2. Randomly select two pixels in GP;;* and ex-
change their positions. If the energy value of the
grayscale image can be reduced, then the positions are
exchanged; otherwise, they are not exchanged.

(11)

Step 3: Repeat the previous step. When the number of
repetitions reaches 3 times the number of evaluation
indexes and there is still no pixel position swap, ter-
minate the repetition operation and output the ex-
changed image GP] ™ and the corresponding energy
NS™ " w.

3.3. Modeling of the PNN. After grayscale image TW" w;
(w=1,2,3,4,5i=1,2,...,N) of the T— w-th year of the i-th
corporate financial system to be evaluated was input into the
PNN, the evaluation prediction result (DR, 1 —=DRf™")
could be obtained. Wherein, DR represents the proba-
bility that the financial system of the i-th company to be
evaluated is evaluated as in financial distress in the time
window of the t—w-th year; 1-DR;™ represents the
probability that the financial system of the i-th company to
be evaluated is evaluated as not in financial distress in the
time window of the 7—w-th year.

Taking the grayscale images of the 7—w-th year cor-
responding to N companies to be evaluated as the input
variables of the PNN, then, based on the activation function,
the following equation could be constructed:

CZ;—w = G(Affw’ wr—w)' (12)

The output of formula (12) is CZ_ (w=1, 2, 3, 4, 5),
namely, the financial status of the financial system of the
company to be evaluated of the 7-th year in the time window
of the 7 —w-th year. Suppose, TP represents the real status
of the financial system of the i-th company to be evaluated in
the 7-th year, then, in order to describe the output variable
more clearly, in this study, the data of the financial system of
the i-th company to be evaluated in the 7-w-th year are
written in the form of W arrays of (TWI.T‘l, TP;),
(TWI 2, TP)),  (TW{ 2, TP)),  (TW[ % TP}), and
(TWI>, TPY).

PNN is a neural network model containing multiple
layers of input layer, pattern layer, summation layer, and

output layer. Figure 4 shows the structure of the constructed
PNN model. Since the evaluation of financial distress in the
financial sharing environment is a kind of two-category
problem, the output of the model is the final category of the
input grayscale image.

Bayesian discriminant analysis and probability density
function together constitute the basic theories of PNN.
Assuming in a financial distress classification problem in the
financial sharing environment, a"=lay, as ..., apl rep-
resents the n xm dimension input grayscale image, if XR,
represents the prior probability that the input grayscale
image belongs to the z-th category, BD, represents the
penalty cost for wrong classification, SD,(a) represents the
probability density function, then the following formula
gives the expression of Bayesian discriminant analysis:

XR,BD,SD; (a) > XR;BD;SD; (a) Vj#i. (13)

Formula (13) describes that the grayscale image input
this time belongs to the i-th category. For the three variables
of prior probability, penalty cost, and probability density
function, it is quite difficult to find an ideal probability
density function SD(a). In order to solve this problem, this
study chose to introduce the Parzen window theory to es-
timate the probability density function using a supervised
training set and use a Gaussian function to express it.
Suppose, A represents the input grayscale image, A; rep-
resents the central grayscale image coming from the entire
training set, and ¢ represents the smoothing parameter, then

there is
(a-4)

= (14)
&

SDj (A) =exp |:=

Based on the above formula, the probability density
function of the j-th neuron node of the pattern layer could be
obtained, which is represented by SD;(A) (Vj=1, 2, ..., M).
The HU that describes the category attribute from the
pattern layer to the summation layer is an M x 2 dimensional
vector, which can be denoted as HUp», = [0;](Vi=1,2, ...,
M; Vj=1, 2). Suppose, SP = [SD;(A), SP5(A), ..., SP(A), ...,
SD(A)] represents the vector constituted by the probability
density functions of all neuron nodes in the pattern layer,
then the following formula gives the calculation formula of
the output result of the training grayscale image samples in
the network summation layer:

HA =SP.-HU
=[SD, (A),SD, (A),...,SD;(A),...SDy (A)]  (15)
’ [6if]Mx2'
Normalize HA to get
i HA
(HA-DW') (16)

Let HA represent the real evaluation result of a certain
sample, and if the training grayscale image sample belongs to
the i-th category, then only the i-th element is equal to 1. The
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FIGURE 4: Structure of the constructed PNN.

calculation formula of the error function of the sample
evaluation result is given as follows:
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The above formula is the error function designed for the
constructed PNN, and the value range of the error value WC
s [0, 1]. The greater the value of the i-th element in the
vector output by the network, the closer the evaluation result
is to the real evaluation result, and the closer the WC is to 0.
Especially when the evaluation result is equal to the real
evaluation result, WC is equal to 0. By substituting formulas
(15) and (16) into formula (17), the specific error function of
the constructed PNN could be obtained:

SP-HU - (HANT
we-1- e (18)
SP-HU - DW

Among the parameters in the constructed PNN, 0;
represents the weight coefficient between the i-th neuron
node in the input layer and the j-th neuron node in the
pattern layer, then there is

a;

ij m 212 (19)
Za:1“§
Suppose, a; represents the index value of the i-th column
of the input grayscale image, then A and A; in formula (14)
can be calculated by formulas (20) and (21), respectively:

A=Y a0, (20)
i=1

Suppose, a: represents the j-th neuron node in the
pattern layer, namely, the index value of the i-th column of
the j-th sample data in the grayscale image training set. The
two formulas were substituted into SP=[SD;(A), SP,(A),
... SP{(A), ..., SDy(A)], and then the SP was brought into
the error function and its derivative was taken. Assuming 4

Yy - T represents the learning rate, by letting the derivative of the
WS- HAG(HA') . (17) error function be equal to 0, the update of the weight co-
efficient could be completed:
ow C
A, = -
=5,
(22)
3S P/d,;- HU - (HAN" -SP-HU - DW' - SP- HU - (HAm)" -3 P/26,;- HU - HA"
= —]1 . .
(sp-HU-DWTY’
9SP (3SD,(A) 3SD,(A)  9SD;(A) 0S D,,(A)
Specific to the j-th probability density function in SP, aTU - 06, 06, o8, T o6, )
based on formulas (14), (20), and (21), the update formula of (24)

0SD; 0;-(a;- a;)2
= - exp

a@l] 8?

the weight coeflicient could be derived:
N2
a,—a
(0. - a) ] o

|: Z?:leij’
2

2£j

Further, the expression of the set vector could be ob-
tained as follows:

Finally, by combining formulas (23) and (24) with
formula (22), the final weight coefficient update formula can
be obtained.

Referring to the update process of the weight coefficient,
the smoothing parameter of the network was updated, and
the update formula is given by the following equation:
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oW C 3S P/oe;- HU - (HAN' -SP-HU - HA" - SP- HU - (HA1)" -0S P/de; - HU - HA"
A = _;/I _’7 . (25)
O¢;

Specifically, the smoothing parameter update formula of
the j-th neuron node in the pattern layer is given as follows:

m N2 m N2
aS Dj _ 2z:16§j ’ (az - az) ex |: Zz:leij ' (az - az) :|
. p .

= 3 2
afj g 2£j

(26)

Further, the calculation formula of the set vector could
be given as follows:

os p <as D, (A) 3S D, (A) 9S D;(A) oS Dm(A))

as o¢ 5 Oe 5 Je 5 o¢ :

(27)

Similarly, at last, by combining formula (26) with for-
mulas (27) and (25), the final smoothing parameter update
formula could be obtained.

3.4. Construction of the Optimal Combination Prediction
Model. In a financial sharing environment, the dynamic
evaluation of financial distress needs to consider the in-
formation content volume and timeliness of the evaluation
index data. The information content volume of the evalu-
ation index data of financial distress decreases with the
passage of time, that is, the shorter the time from the oc-
currence of the financial distress, the greater the information
content volume of the evaluation index data, and the higher

N 5
. T—w
\yrfl’\yrfz’r\}}ja \Fr 4> \PT 5 BR <Z< < Z \PT 091 v TP

=1

5
+< Z Y. .
w=1

(sp-HU - HAT)’

the accuracy of the evaluation result. Conversely, the longer
the time from the occurrence of the financial distress, the
smaller the information content volume of the evaluation
index data, and the lower the accuracy of the evaluation
results. In order to find the optimal ratio of different time
windows, this study comprehensively considered the impact
of different time periods on the financial distress evaluation
of the financial system of each company to be evaluated.
Suppose, BR represents the fold number of the cross-
validation; DR” ™ wy, v represents the probability that the v—
th fold (rv=1, 2, .., BR) of the financial system of the i-th
company to be evaluated is evaluated as in financial distress
in the 7-th year predicted in the time window of the 7 — w-th
year; 1 - DR" w;, v represents the probability that the v-th
fold of the financial system of the i-th company to be
evaluated is evaluated as not in financial distress in the 7-th
year predicted in the time window of the 7 — w-th year; TP
w;, v (i=1,2, ..., N) represents the real probability that the
v-th fold of the financial system of the i-th company to be
evaluated is evaluated as in financial distress; 1-TP w;, v
represents the real probability that the v-th fold of the fi-
nancial system of the i-th company to be evaluated is
evaluated as not in financial distress; ¥, _w represents the
parameter that describes the heterogeneity information of
different years to be estimated, and then, based on the
grayscale image verification sample set and the optimization
model, the time window could be weighted as follows:

j

1 BR N 5 2
BR ¥, .0, -TP, |,
<=>\Y11\I’12\PT3\Y \I/TS Rg; Z —wiy

st0<¥Y,_, <1

\PT—S < \Pr—4 < \PT—S < \PT—Z < \Pr—l

5
z \Pr—w =
w=1

4. Experimental Results and Analysis

Judging whether there are correlations between the evalu-
ation indexes and different types of financial distress and

w=12,3,4,5,

w=12,3,4,5.

2
(1-0{;’“)—(1—TPZ;“’)—(1—TPZV)> >> (28)
w=1
(29)
(30)
(31)

determining the degree of relevance are the key points of the
research on the dynamic prediction of financial distress in
the financial sharing environment. In this study, the Pearson
correlation analysis in SPSS 22.0 was selected to search for
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TaBLE 1: Correlation analysis of first-level evaluation indexes and different types of financial distress—Part 1.
Increased cost Low financial service quality Low accuracy of ﬁnap cial information
security
Pearson correlation Significance Pearson correlation Significance Pearson correlation Significance
FD, 0.658** 0.001 0.769** 0.000 0.769** 0.000
FD, 0.615"* 0.002 0.678" 0.001 0.538** 0.000
FD, 0.531** 0.001 0.485*" 0.000 0.438" 0.023
FD4 0.325* 0.021 0.536" 0.000 0.623** 0.000
FDs 0.224™ 0.235 0.325"* 0.027 0.368" 0.045
FD¢ 0.268"* 0.276 0.427* 0.003 0.769** 0.000
Note. **Significant correlation at the 0.1 significance level; *significant correlation at the 0.05 significance level.
TaBLE 2: Correlation analysis of first-level evaluation indexes and different types of financial distress-Part 2.
Uncoordinated financial business works Talent loss
Pearson correlation Significance Pearson correlation Significance
FD, 0.786™* 0.001 0.576** 0.002
FD, 0.538* 0.003 0.486* 0.001
FD; 0.425** 0.001 0.528" 0.003
FD, 0.613** 0.002 0.436™" 0.000
FDs 0.345* 0.003 0.258* 0.002
FDs 0.382*" 0.001 0.438** 0.003

Note. **Significant correlation at the 0.1 significance level; *significant correlation at the 0.05 significance level.

the direction and degree of the linear relationship between
variables and complete the correlation analysis according to
the importance degree of the evaluation indexes. In order to
show the correlations between various evaluation indexes
and different types of financial distress more intuitively,
Tables 1 and 2 give the results of the correlation analysis of
the first-level evaluation indexes and the different types of
financial distress. The main content of the tables is the results
of the Pearson correlation coefficients and significance levels
of the 6 evaluation indexes and each type of financial distress
(including increased cost, low financial service quality, low
accuracy of financial information security, uncoordinated
financial business works, and talent loss). According to the
data in the tables, we can know that all of them had passed
the 5% significance level tests, and it can be concluded that
all first-level evaluation indexes have significant correlations
with the different types of financial distress.

In order to find the optimal weight coefficient of multiple
windows, based on PNN, this study constructed an optimal
combination prediction model, which had effectively im-
proved the accuracy of the prediction model and the eval-
uation values, and its performance was compared with the
traditional neural network, decision tree, SVM, and logistic
regression in terms of single time window, as listed in Ta-
ble 3. According to the table, the proposed model out-
performed the other methods in terms of prediction
accuracy, AUC value, and KS value. At the same time, it is
known that a time window with high prediction accuracy
may obtain less weight in the optimal combination opti-
mization model, that is, the time window is not completely
consistent with the significance of the financial distress. This
is the result after comprehensively considering the infor-
mation of different time windows, and it is also the

requirement for obtaining the overall optimal prediction
effect.

According to the combination ratios of 4:1 and 3:1, the
unbalanced sample data of financial distress evaluation
indexes were constructed, and the corresponding prediction
model was built. Figure 5 shows the model prediction results
before and after considering timeliness. Too small a com-
parison window can easily lead to insufficient model
training, while too large a comparison window can lead to
data confusion under different concepts. From the per-
spective of the width of different windows, when the width is
5, the probability of obtaining the optimal financial distress
prediction result is higher, and this makes the model pre-
diction results of different combination ratios exhibit a trend
of higher in the middle and lower in both ends.

In this study, the performance of the model before and
after adding the sliding time window was compared and
analyzed; Table 4 gives the model prediction results before
and after considering the timeliness. First, in terms of the
specificity indicator, the prediction results of the model
considering timeliness had all reached an accuracy of more
than 90%, while for the model without the sliding time
window, the accuracy was only 82.74%, which was slightly
lower than the former. Second, in terms of the sensitivity
indicator, the optimal accuracy of model considering
timeliness was 94.86%, and this value of model without the
sliding time window was 87.64%, which was still slightly
lower than the former. It can be considered that the model
considering timeliness and adding the sliding time window
can effectively solve the problem of dynamic evaluation of
financial distress in the financial sharing environment, while
the original model before considering timeliness only had
divided the data samples based on subjective decisions; a
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TaBLE 3: Evaluation and prediction performance of different evaluation models.

Year 2018 2019 2020
Evaluation criterion Acc AUC KS Acc AUC KS Acc AUC KS
Traditional neural network 68.74% 0.7582 0.3684 68.47% 0.7286 0.3712 72.82% 0.7485 0.4385
Decision tree 70.58% 0.4253 0.4275 76.24% 0.5425 0.5347 71.38% 0.4752 0.4527
SVM 75.81% 0.5273 0.5724 79.75% 0.6273 0.5372 72.47% 0.5347 0.4627
Logistic regression 67.34% 0.4725 0.3752 69.35% 0.4572 0.3827 64.28% 0.4275 0.2684
Proposed model 82.14% 0.4014 0.3544 86.52% 0.3945 0.3477 82.97% 0.4149 0.2787
100 100
95
90
85
80
75
70

—a— Combination ratio 1/timeliness
—e— Combination ratio 2/timeliness
-m- Combination ratio 1/no timeliness
-eo- Combination ratio 2/no timeliness

()
100

—m— Combination ratio 1/timeliness
—e— Combination ratio 2/timeliness
-m- Combination ratio 1/no timeliness
-e- Combination ratio 2/no timeliness

(®)

95

90

85

80

75

70

—m— Combination ratio 1/timeliness
—e— Combination ratio 2/timeliness

-m- Combination ratio 1/no timeliness
-e- Combination ratio 2/no timeliness

(c)

Ficure 5: Comparison of model prediction results under different combination ratios.
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TaBLE 4: Model prediction results before and after considering timeliness.
Model Before considering timeliness After considering timeliness
Performance indicator Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy
1 82.45 85 82 95.32 87 92
2 88.62 87 86 89.03 92 91
3 86.34 95 86 86.84 93 97
. . 4 93 81 83 82.01 95 94
Window width (year) 5 86.57 82 85 81.34 95 92
6 93 88 84 83.04 87 93
7 90.52 85 83 77.58 95 98
8 89.56 82 85 75.02 95 96
Mean 87.34 87.64 82.74 83.24 94.86 95.03
training set included sample data of different concepts and [2] L. Ogiela and M. R. Ogiela, “Cognitive informatics for new

different attributes, which had resulted in a decline in the
prediction performance of the model.

5. Conclusion

This study studied the dynamic prediction model of financial
distress in the financial sharing environment. In the be-
ginning, the AHP and entropy weight theory were employed
to determine an index system for the dynamic evaluation of
financial distress in the financial sharing environment, and
the weight assignment method of the evaluation indexes was
given as well. Then, a PNN-based dynamic prediction model
of financial distress was constructed; later, combining with
experiments, correlation analysis of the first-level evaluation
indexes and different types of financial distress was per-
formed, and the results had verified that there are significant
correlations between the first-level evaluation indexes
extracted in this study and the different types of financial
distress. At last, the model prediction results obtained under
different combination ratios and before and after consid-
ering timeliness were compared and analyzed, and the model
with sliding time window was proved to be effective in giving
dynamic predictions on the financial distress in the financial
sharing environment.

The future research will deal with the following issues: (1)
exploring the theoretical method for dynamic prediction of
financial stress in various financial conditions; (2) differen-
tiating between the financial indexes of different industries and
building a multi-industry financial crisis prediction model.
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