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Both academia and industry believe that introducing textual features into a fnancial distress prediction model can improve its
accuracy. However, the textual features introduced by the research are relatively singular and fail to refect the overall situation of
the text comprehensively and efectively. Based on the traditional Z-score fnancial indicators model, four textual features of
MD&A are introduced, namely, sentiment tone, text readability, forward-looking depth, and performance self-attribution. Using
logistic regression, BP neural network, and deep belief network, empirical research draws conclusions from listed companies in
China. Te results show that the fnancial distress prediction model of listed companies considering multitextual features can
efectively improve the prediction accuracy, and deep belief network has the potential to perform better prediction.

1. Introduction

Listed companies in China face increasingly ferce competition,
and failure to compete can lead to fnancial distress, even
bankruptcy. Corporate fnancial distress causes losses to both
economic development and investors [1]. Terefore, both
government regulators and investors need to assess the future
performance of frms in order to avoid or reduce losses on the
basis of more complete, true, and accurate information [2].
However, it is difcult for them to make accurate judgments or
reasonable and appropriate investment decisions based only on
the numerical fnancial information disclosed by listed com-
panies. It is becoming increasingly important for investors and
regulators to derive efective information value from non-
fnancial information [3]. Compared with other information
sources such as media, news, and Twitter, corporate annual
reports contain more efective information and are closely re-
lated to asset cost, market, and stock price fuctuations [4, 5].
Terefore, the use of corporate annual reports is still the main
source of information for predicting corporate operating con-
ditions, investment risks, etc. [6].

Te progression from fnancial health to fnancial dis-
tress is a gradual deterioration process with clear signs [7]. It
is believed that fnancial distress can be predicted by con-
structing indicators that can indicate whether fnancial
distress will occur by applying statistical analysis or machine
learning techniques [8]. In terms of constructing predictive
indicators, there has been an evolution from a single di-
mension of fnancial indicators to a multidimensional in-
dicator system that includes the frm dimension [9, 10], the
market dimension [11, 12], the macroeconomic dimension
[13, 14], and so on. However, more indicators in the system
do not always lead to better results because accounting
information in fnancial reports refects the impact of the
market, macroeconomics, corporate governance, and other
factors on companies [15]. Terefore, some studies rely on
textual information, which occupies a large space in com-
panies’ annual reports, to obtain additional information.
However, these articles mainly focus on a single textual
feature, such as sentiment tone, text readability, and so on,
ignoring the fact that textual information displays multiple
features simultaneously and that these features exert
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infuence as a whole [16, 17]. For example, Zhou et al. found
that the efect of sentiment tone depends on the veracity of
the text information [18]. Meanwhile, studies place most
emphasis on text and ignore the efect of numerical fnancial
indicators on prediction. For example, Mayew et al. only
considered the efect of the views of the management team
and the sentiment tone of the MD&A [19]. Tus, there is an
important gap in the corporate fnancial distress prediction
literature regarding the integration of fnancial and textual
dimensions in predicting corporate distress [20]. Te re-
search question is whether text can provide useful in-
cremental information beyond numerical fnancial measures
in predicting distress, i.e., whether predictive accuracy may
be improved if textual features are considered
simultaneously.

Te application of prediction techniques also has a sig-
nifcant impact on the accuracy of predicting fnancial
distress [7]. Ding and Lv [21] found that the prediction
accuracy of a model built on the same data was quite dif-
ferent when diferent prediction techniques were applied.
Scholars frst use multivariate discriminant and logistic
regression methods and then resort to neural network al-
gorithms, support vector machines, expert systems, genetic
algorithms, and other artifcial intelligence methods. Among
these methods, technologies based on neural networks have
better predictive performance [22], especially deep learning
methods [23].Tere are three basic algorithmic structures in
deep learning: the deep belief network (DBN), the con-
volutional neural network (CNN), and the deep neural
network (DNN). DNN and CNN have already been in-
troduced in corporate fnancial distress prediction and have
shown good prediction performance [24, 25]. Recently, deep
belief network has received attention in prediction because it
combines the characteristics of deep learning and feature
learning and is able to quickly analyse a large amount of data
[26]. For example, Haris et al. [27] improved the prediction
accuracy of the remaining life of a supercapacitor using DBN
technology. However, deep belief networks have not yet
been used to predict fnancial distress. Terefore, the second
question is whether the deep belief networks could perform
better.

Terefore, this article frst combines the four textual
features that have received the most attention in the liter-
ature into the Z-score model, which is a classic and fun-
damental fnancial distress model, to test whether textual
features could provide additional information other than
numerical indicators. Second, this article applies 3 pre-
diction technologies, namely logistic regression, BP neural
network, and deep belief network, to test whether the in-
troduction of textual features could improve the prediction
accuracy. Te contribution of this study is threefold. First,
considering that there is a critical gap in the literature on
predicting corporate fnancial distress regarding the in-
tegration of fnancial and textual dimensions to predict
corporate distress, this study combining textual features with
classical numerical fnancial indicators could make a little
contribution to flling the gap. Second, most of the literature
that combines textual features and numerical fnancial in-
dicators only focuses on a single textual feature. However,

a single textual feature cannot correctly represent all the
textual features used by management teams, and a single
textual feature may also have diferent efects under the
infuence of other textual features. Tis study considers four
textual features that have been frequently tested in the lit-
erature and could fll the gap left by focusing on a single
textual feature. Tird, some studies have proved that deep
belief network technology could achieve better prediction
accuracy than BP neural network, but few fnancial distress
prediction literature have applied deep belief network. Tis
study, which tests whether a deep belief network is more
suitable for predicting fnancial distress, is one of the studies
that try to introduce new technologies into fnancial fore-
casting and explore more application scenarios for these new
technologies.

2. Literature Review

Reviewing the literature on predicting corporate fnancial
distress, we fnd that fnancial indicators have always been
the main explanatory variables [28]. Initially, studies used
a single fnancial indicator and then gradually expanded to
less than 10 fnancial indicators. For example, Casey and
Bartczak used only the operating cash fow ratio to predict
fnancial distress [29], and Beaver identifed the power of the
ratio of cash fow to total debt to predict fnancial distress
[30]. Altman then developed the classic Z-score model,
which includes working capital/total assets, retained earn-
ings/total assets, earnings before interest and taxes/total
assets, market value, equity/book value of total debt, and
sales/total assets [31]. Mselmi et al. [14] and Ohlson [32]
used 6 and 9 indicators, respectively.

In recent years, the prediction model has become more
complex. Te number of fnancial indicators gradually in-
creases from 13 used by Xiao et al. [33] to 32 used by Chen
et al. [34]. And the prediction model expands from a single
fnancial dimension to a corporate governance dimension
[9, 10], a market dimension [11, 12], and a macroeconomic
dimension [13, 14]. Faced with an increasing number of
indicators, Rose and Giroux compared the means of one
hundred and thirty indicators commonly used in research
and found that only thirty-four indicators were predictive
[35]. Tis suggests that the number of indicators is not
a necessity for predicting fnancial distress because the se-
lection of these indicators is not rigorous and the risk in-
formation contained in diferent variables may overlap or
even confict [15]. In addition, accounting information in
fnancial reports has refected the impact of market, mac-
roeconomic, corporate governance, and other factors on
frms [15]. Bhagat and Bolton [36] only used the ratio of
EBIT to total assets, the ratio of fnancial expenses to total
assets, and the ratio of retained earnings to total assets to
build a highly accurate prediction model. Terefore, some
scholars turn to other sources of information, such as the
text that occupies a large space in company annual reports,
to fnd additional information [37].

Among large text information, studies believe that
corporate annual reports contain more efective information
and are closely related to asset cost, market, and stock price
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fuctuations [4, 5], compared with other information sources
such as media news and Twitter. MD&A is the most im-
portant part of corporate annual reports because it refects
the opinions and attitudes of managers towards further
development. Mayew et al. found that the view on the
company’s going concern of the management team and the
sentiment tone of MD&A can predict the company’s going
concern status [19], indicating that MD&A sentiment tones
can send messages to the market [38]. Caserio et al. found
managers in fnancially troubled companies tend to use
more positive words and future-oriented tones for im-
pression management than managers in healthy companies
[39]. Liu and Chen confrmed that the sentiment tone
improves the accuracy of the credit risk warning model [40].
Chen further confrmed that sentiment tone is an important
supplement to numerical accounting information and found
that management negative tones have a higher information
value than net tones [41]. Most of these studies considered
only a single textual feature, particularly sentiment tone.
However, the single textual features examined in previous
articles cannot correctly demonstrate all textual features
applied by management teams [16, 17], and a single text
feature may also have diferent efects under the infuence of
other text features. Zhou et al. found that the efect of the
sentiment tone depends on the truthfulness of the textual
information [18]. Although Jiang and Feng considered
several textual features [17], their work failed to consider the
efect of sentiment tones on the prediction accuracy of the
corporate fnancial distress model.

After reviewing the related literature, we fnd that some
studies try to build a more complex numerical indicator
system containing fnancial, market, governance, and
macroeconomic dimensions, and some studies focus only on
the efect of textual information.Tus, few studies have tried
to incorporate fnancial and text dimensions to predict
corporate distress, leaving a critical gap in the corporate
fnancial distress prediction literature regarding the in-
tegration of fnancial and text dimensions to predict cor-
porate distress [20].

3. Establishment of the Corporate Distress
Prediction Model

3.1. Selection of Financial Indicators. Te selection of f-
nancial indicators is important in predicting fnancial dis-
tress. Te scientifcity, rationality, and appropriateness of
fnancial indicators directly afect the prediction efect [29].
However, there are no unifed fnancial indicators to
date [37].

Although fnancial indicators are becoming increasingly
complex, a better prediction efect is not necessary. Te
selection of these indicators is not rigorous, and the risk
information contained in diferent variables may overlap or
even confict with each other [15]. Te selection also has
a certain degree of subjectivity, and its applicability to other
research backgrounds is insufcient [8].

Among numerous fnancial indicators, the Z-score
model has been proven to have a relatively stable pre-
diction performance [42, 43]. Since the purpose of this study

is not to build rigorous fnancial indicators, the widely used
Z-score model was adopted. Te Z-score model is presented
in Table 1.

3.2. Selection of Textual Features. As for the textual features
of MD&A, most scholars currently only study them from
a single perspective. For example, scholars such as Liu and
Chen [40], Chen [41], and Zhao et al. [44] simply considered
the role of sentiment tone in the fnancial distress prediction
model, whereas scholars such as Zhang et al. [45], Kang et al.
[46], Li [47], and Wang et al. [48] measure organizational
features of text, such as readability and complexity. Other
studies, such as those by Sun et al. [49] and Yao and Yang
[50], studied the efects of self-attributes. However, these
studies do not refect the overall state of textual features
more comprehensively and efectively because management
does not adopt a single text feature in isolation [17], and
a single textual feature may have diferent efects under the
infuence of other textual features [18]. Although Jiang and
Feng [17] considered several textual features, their indicators
failed to incorporate the important features of sentiment
tone, nor did they refect the efectiveness of the combi-
nation of textual features and fnancial indicators in pre-
dicting fnancial distress.

Trough the literature, this study fnds that sentiment
tone, performance self-attribution, forward-looking depth,
and readability are the most studied. At present, none
considers the collective efect of the above textual features on
corporate fnancial distress prediction. Terefore, this study
introduces them to the traditional Z-score fnancial in-
dicators to test whether these textual features could sig-
nifcantly contribute to fnancial distress prediction. Te
measurement of each textual feature is presented in Table 2.

4. Empirical Study

4.1. Measurement of Textual Features. Measuring sentiment
tone, this paper frstly uses the “Chinese Emotion Vocab-
ulary Ontology Library,” processed and labelled by Dalian
University of Technology, as the thesaurus for textual
emotion word recognition in the MD&A. Second, this study
counted the frequency of emotional words in MD&A after
pretreatment. Te value is positive if the emotional words
measure the positive emotion of MD&A and negative if the
emotional words measure the negative emotion. Tird,
positive and negative emotion values were added after
standardization. Te larger the value, the more positive the
emotion of the text.

To measure performance self-attribution, this study frst
identifed attribution sentences. Some words in Chinese can
express a causal relationship in the text, just like “because,”
“thus,” “cause,” and so on. Using these words, the attribution
sentences were identifed. Second, the attribution sentences
were divided into four categories based on performance and
attribution: UI (performance increase and internal attri-
bution), DE (performance decline and external attribution),
UE (performance increase and external attribution), and DI
(performance decline and internal attribution). Te number
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of sentences in each category was counted. Tird, we cal-
culated the performance self-attribution index based on the
following formula: SSAB� (IP−EP+EN− IN)/
(IP + EP+EN+ IN). Te larger the SSAB value, the stronger
the company’s tendency to attribute itself to an increase in
performance.

To measure forward-looking depth, this study used the
frequency of sentences containing adverbs of degree in
MD&A texts to quantify the prospectiveness of MD&A
information disclosure.

To measure the readability of text information, this study
considers three aspects: total MD&A words, average sen-
tence length, and density of adjunctive conjunctions. First,
the longer the information is disclosed, the higher the cost of
information processing to understand and obtain efective
information. Terefore, the more words and length of
MD&A, the more difcult it is for text information to be
understood. Meanwhile, the increased length of MD&A is
the simplest and most direct way for management to hide
important information from annual reports. Second,
punctuation marks separate language expressions. In Chi-
nese, the optimal length of a sentence with a complete in-
dependent expression function is 7–12 characters, and
exceeding this optimal length will cause obstacles to in-
formation acquisition. Tird, the more complex the logical
structure of text information, the more difcult it is for
information receivers to obtain and understand the in-
formation, and the higher the cost of information pro-
cessing. Tis study chose the number of adjunctive
conjunctions per 100 words to measure the density of ad-
junctive conjunctions. Te results of the above three vari-
ables were added after standardization to measure
readability. Te larger the value, the lower the text
readability.

4.2. Selection of Prediction Methods

4.2.1. Logistic Regression. Logistic regression is a method of
solving dichotomies to estimate the likelihood of something.
Let the explained variable Y represent whether a listed
company in the experimental sample data is in fnancial

trouble; then, Y is a binary variable with a value of 1 or 0.Te
values of Y are shown below:

Assuming that the probability of a listed company being
trapped in fnancial distress is P, the probability of the
company’s fnancial health is 1 − P. Probability P is afected
by the value of Xi, which is a fnancial distress prediction
indicator. βi is the coefcient of Xi and can be used to explain
the relationship between each fnancial prediction indicator
and the fnancial distress of the company. To avoid the
limitation that the upper limit of the dependent variable
must be less than 1, a logit expression is constructed by
a logarithmic transformation. Based on the above as-
sumptions, the logit model is constructed as follows:

In
Pi

1 − Pi

  � α + 
n

i�1
βiXi. (1)

4.2.2. BP Neural Network. Te back propagation (BP) neural
network is based on the error back propagation algorithm, and it
does not need to determine in advance themapping relationship
between input and output data and their mathematical equa-
tions to fnd the relationship between data. Based on the gradient
descent method, the BP neural network minimizes the mean
square error between the fnal real output value and the given
output value bymining the relationship between the data so that
the real output value can be closest to the given output value.

Tis study sets the fnancial distress prediction indicator
data as the input and whether the company was in fnancial
distress as the output. Applying the Python version of the BP
neural network, we set the number of nodes in the input
layer to 10 and the number of nodes in the output layer to 1.
After preprocessing and inputting the training sample data,
we set the network iteration time to 10000 times and set the
learning rate LR to 0.01. After training, the test set was used
as the input to obtain the predicted results of this study.

4.2.3. Deep Belief Network. Deep belief networks (DBNs) are
neural network models with several hidden layers. Te DBN
learning process is divided into two steps. One is

Table 1: Defnition of each indicator in the z-score model.

Code Indicator Measurement
X1 Capital accumulation (Surplus reserve + undistributed proft)/total assets
X2 Liquidity (Current assets− current liabilities)/total assets
X3 Ability to withstand market shocks Owner’s equity/total liabilities
X4 Proftability Operating proft/total assets
X5 Capital accumulation Operating income/total assets

Table 2: Defnition and measurement of each text feature.

Textual feature Measurement Reference
Sentiment tones (Tst) (Positive word frequency−negative word frequency)/total word frequency [40, 41]
Performance self-attribution (Tsa) SSAB� (IP−EP+EN− IN)/(IP + EP+EN+ IN) [17, 49, 50]
Forward-looking depth (Tde) Frequency of sentences containing adverb [17]

Readability (Tre)
MD&A total word count + average sentence length + the density of adjunctive

conjunction [47]
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unsupervised learning, which extracts input information
layer by layer, and the second is supervised learning, which
fne-tunes the entire network by setting fxed tags. Te DBN
reduces the difculty in determining the parameters of
multiple hidden layers in a deep architecture.

Te structure of the DBN, which has a deep architecture
with three hidden layers, is shown in Figure 1. X represents
the input data of the model, and Y represents the tag cor-
responding toX. Based on the restricted Boltzmannmachine
(RBM) model, DBN pairs the adjacent network layers, uses
the input layer to determine the parameters between the two
layers, and then builds the fnal output layer. Second, greedy
and unsupervised learning are used to train the model layer
by layer, which can combine the original features of the
network model into more compact high-level features. Fi-
nally, strategy optimization of the global gradient descent for
the entire deep architecture was carried out using the
contrast-wake sleep method.

In this paper, an 8-layer RBM was used to train the DBN
layer by layer from bottom to top, and Softmax was used as
a classifer to train the DBN with preprocessed prediction
indicator values and fnancial distress outcome variables. A
weight fle that refects the relationship between the two is
obtained. Tis study used it to test the test set, and the
prediction results were obtained.

4.3. Sample Selection. In December 2007, the China Se-
curities Regulatory Commission (CSRC) formulated and
issued documents to regulate the contents and methods
of information disclosure of listed companies in order to
protect the legitimate rights and interests of investors. It
is clearly stipulated in the document that MD&A in the
report of the board of directors should focus on analyzing
matters and factors that are difcult to refect in the
fnancial information and have a signifcant impact on
the company’s future development, operation, and f-
nancial conditions. To ensure the quality of the contents
discussed and analyzed by the management, 2010 was
selected as the starting time to obtain MD&A data.
Terefore, this paper selects China’s A-share listed
companies identifed as “ST” for the frst time from 2012
to 2021 and then excludes companies in the fnancial
industry and companies marked ST for reasons other
than abnormal fnancial conditions. A total of 325
companies were selected each year, as shown in Figure 2.

According to the industry classifcation of China’s
national economy, the sample of 325 companies in f-
nancial distress includes 14 categories, as shown in
Figure 3. In the sample data, the number of
manufacturing (C) ST companies was the highest, with
228 companies, accounting for 69.30%. Te accommo-
dation and catering industry (I) and real estate industry
(K) each have 16 ST companies, accounting for 4.86% of
the sample. Te third is transportation, storage, and
postal services (F), with 13 ST companies accounting for
3.95%. Te fourth is the mining industry (B), with 11 ST
companies accounting for 3.34%. Te number of ST
companies in other industries was less than 10, ac-
counting for 13.37%. Tis is consistent with the a-share
industry structure of China’s listed companies.

Since the annual report of the listed company in China is
prepared within 4months from the end of the fscal year (T-1),
the publication of the T-1 annual report of the listed company
andwhether it is specially treated in Tyear occur simultaneously.
Meanwhile, an enterprise will be specially treated because of two
consecutive years of negative net proft, so when the enterprise
frst appeared, the negative net proft was the time to pay at-
tention to it. If a business maintains a positive net proft, there is
no need toworrymuch aboutwhen it turns into a loss.Tus, this
study refers to previous studies [40, 41, 49] and selects the f-
nancial indicators andMD&Aof the second year before the year
marked ST of listed companies as the dataset. Tat is, the year
marked ST is recorded as Tyear, and the data for T-2years are
selected. At the same time, the ratio of the fnancial distress
sample to the fnancial nondistress sample is selected at 1 :1 and
1 : 2, respectively. Te matching sample was selected from non-
ST companies in the same industry as ST companies and with
similar assets.

5. Empirical Results and Analysis

In order to clarify the role of textual features in fnancial
distress prediction, the empirical analysis of this paper
mainly adopts the out-of-sample prediction method to
test, that is, the STcompany and its corresponding paired
samples from 2012 to 2019 are selected as the training set
for judgment and paired samples from 2020 to 2021 as
the test set. Te empirical analysis is divided into two
steps. First, the modeling prediction is only based on the
fnancial ratio variable; second, textual feature variables
are added for the modeling prediction. Te role of textual

X

h1

RBM h1

h2

RBM h2

h3

RBM

X

Y

h1

X

Figure 1: Deep belief networks structure diagram.
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feature variables in fnancial distress prediction is judged
by comparing the changes in model prediction ability
brought by the addition of textual feature variables.

5.1. Descriptive Statistical Analysis Results of Each Major
Variable. First, a multicollinearity test should be carried
out among the explanatory variables in the model to
avoid confusion in the regression results and further
afect the analysis results of the model. A multi-
collinearity test was conducted on the explanatory var-
iables of the fnancial indicators with and without the
textual features selected in this study. Te statistical
results showed that the VIF values of all variables were
low; therefore, the multicollinearity problem could be
ignored, as shown in Table 3.

Second, the nonparametric Wilcoxon Mann–Whitney
test was used to test whether there was a signifcant dif-
ference between the samples of fnancially distressed frms
and those of normal frms, as shown in Table 4. Variables all
signifcantly distinguish between fnancially distressed and
normal frms, indicating that the textual features selected in
this study really could add incremental information to
predict fnancial distress.

5.2. Results Based on Logistic Regression. Table 5 shows the
out-of-sample prediction results after the fnancial distress
prediction model is constructed by the logistic regression
method. When the textual features were added, the pre-
diction accuracy improved at a ratio of 1 :1, the frst type of
error was reduced, and the AUC was signifcantly improved.
When the sample ratio was 1 : 2, the addition of textual
features improved the accuracy and AUC, reduced the frst
type of error, and slightly improved the overall accuracy and
AUC. It can be seen that when the logistic regression
modeling is adopted, the textual features can provide certain
incremental information to improve the ft degree and
prediction ability of the fnancial distress prediction model,
but the efect will be weakened after the expansion of the
sample proportion.

5.3. Results Based on the BP Neural Network. Table 6 shows
the out-of-sample prediction results of the fnancial distress
prediction model constructed by the BP neural network.
When the sample ratio is 1 :1, the addition of textual features
improves the overall accuracy and signifcantly reduces the
frst and second errors. Te AUC has also improved to
a certain extent. When the sample ratio was 1 : 2, the ad-
dition of textual features improved the overall accuracy; the
frst type of error was signifcantly reduced, the second was
slightly reduced, and the AUC was slightly increased.

5.4. Results Based on the Deep Belief Network. Table 7 shows
the out-of-sample prediction results of the fnancial distress
prediction model established by the deep belief network.
When the sample ratio is 1 :1, the addition of textual features
improves the overall accuracy to some extent, the frst type of
error is signifcantly reduced, and the AUC is slightly im-
proved. When the sample ratio is 1 : 2, the addition of textual
features improves the overall accuracy, which signifcantly
reduces the frst type of error and improves AUC.

6. Discussion

At present, there are many related studies on fnancial
distress prediction for listed companies. However, the most
relevant research focuses on the infuence of diferent f-
nancial indicators of listed companies on fnancial distress
prediction. With the development of natural language
processing and other technologies, the textual features of
MD&A have received increasing attention and are widely
used in fnancial prediction. Tis study focuses on the efect
of multi-textual features in fnancial distress prediction.
Financial indicators only and with textual features are used
for prediction by logistic regression, BP neural network, and
DBN at 1 :1 and 1 : 2, respectively. Te main results are as
follows:

First, the introduction of textual features is benefcial for
improving the prediction of the fnancial distress of listed
companies. Tis conclusion is valid for the two proportions
of paired samples selected in this paper and is valid under the
three modeling methods, indicating that the textual features
of MD&A do have incremental information to predict the
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future development of frms and that the qualitative text
content is an efective supplement to the quantitative
fnancial data.

Second, DBN has the potential to perform better than
logistic regression and the BP neural network. Despite the

results showing that logistic regression performs best when
paired samples are at 1 :1 ratio, DBN turns out to be better
when paired samples are at 1 : 2 ratio under the circumstance
of adding textual features. Considering that the ratio is far
smaller than 1 : 2 in the real world, we suppose that the DBN

Table 3: Multicollinearity statistical results.

Variables Collinearity statistics
Tolerance VIF

Logistic regression with only fnancial indicators

X1 0.218 4.573
X2 0.757 1.322
X3 0.215 4.641
X4 0.930 1.074
X5 0.838 1.192

Logistic regression with both fnancial indicators and text features

Tst 0.163 6.153
Tre 0.674 2.196
Tde 0.490 2.040
Tsa 0.130 7.705
X1 0.216 4.631
X2 0.754 1.327
X3 0.213 4.685
X4 0.915 1.093
X5 0.836 1.196

Table 4: Descriptive statistics and Wilcoxon Mann–Whitney test.

Variable Mean Standard deviation Non-ST mean ST mean Wilcoxon Mann–Whitney
test

X1 −12.33 60.21 191.22 87.7 −10.727∗∗∗
X2 1.978 16.865 159.57 119.44 −4.164∗∗∗
X3 2.3601 3.334 169.45 109.55 −6.211∗∗∗
X4 77.97 1845,21 189.32 90.22 −10.22∗∗∗
X5 50.786 1974.34 174.28 138.03 −7.356∗∗∗
Tst 0.673 0.069 0.703 0.672 −5.44∗∗∗
Tre 0.375 0.092 0.351 0.423 −7.573∗∗∗
Tde 0.075 0.065 0.092 0.04 −5.517∗∗∗
Tsa 0.26 0.184 0.298 0.153 −7.537∗∗∗

Table 5: Logistic regression predicted results.

Sample ratio Variables AUC First type
of errors

second type
of errors Accuracy

1 :1 Only fnancial indicators 90.244 14.634 14.634 85.366
Both fnancial and textual 92.683 12.159 14.634 87.805

1 : 2 Only fnancial indicators 92.597 24.39 8.537 86.179
Both fnancial and textual 92.802 21.951 8.537 86.992

Table 6: BP neural network predicted results.

Sample ratio Variables AUC First type
of errors

second type
of errors Accuracy

1 :1 Only fnancial indicators 88.192 19.512 17.037 81.707
Both fnancial and textual 90.274 17.073 14.634 84.146

1 : 2 Only fnancial indicators 91.315 19.512 19.512 80.488
Both fnancial and textual 92.623 13.415 17.037 86.179
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has the potential to perform better than logistic regression
and the BP neural network if they are applied in the real
world to predict fnancial distress.

Our research has three contributions. First, considering
there is a critical gap in the corporate fnancial distress prediction
literature regarding the integration of fnancial and textual di-
mensions to predict corporate distress, this study combining
textual features with classical numerical fnancial indicators
could do little contribution to fll in the gap. Second, most
literature combining textual features and numerical fnancial
indicators only focuses on a single textual feature. But a single
textual feature cannot correctly demonstrate all textual features
applied by management teams, and a single textual feature may
also have diferent efects under the infuence of other textual
features. Tis study considers four textual features that are
frequently tested in the literature and could fll the gap created by
focusing on a single textual feature. Tird, this paper introduces
the deep belief network into fnancial distress prediction liter-
ature and shows its ability in fnancial distress prediction.

For practitioners, our research also has implications.
Many practitioners emphasize too much on fnancial in-
dicators. However, these indicators only refect past in-
formation and have limited information value for future
prediction. Our research shows that the text of the MD&A
could ofer useful incremental information and can improve
prediction accuracy when combined with fnancial in-
dicators. Investors could reduce their losses if they are able to
deal with assets that have a high probability of being ST in
the future. Second, our research shows that the application
of prediction technology really impacts prediction accuracy.
Despite the fact that logistic regression has its advantage in
easy manipulation, DBN has a higher potential to be more
suitable because the accuracy of logistic regression is de-
clining, whereas the accuracy of DBN is increasing with the
decreasing paired ratio.

7. Limitation and Future Research

Although this study fnds that fnancial indicators with
multitextual features can improve the accuracy of fnancial
distress prediction, especially when DBN technology is
applied, there are still some problems in this study that need
to be improved and perfected. First, in the selection of f-
nancial indicators, this study used only the Z-score model
for fnancial distress prediction and did not include more
fnancial indicators. In the future, we will select more
rigorous fnancial indicators with better prediction efects.
Second, this study only considers MD&A as the text feature
extraction source. Liu and Chen [40] mentioned that the
role of public text information, such as news reports and

comments on professional media, and interaction in-
formation between social media and online forums should
also be considered in predicting fnancial distress. Matin
et al.’s research [51] also shows that, in terms of the textual
information related to the fnancial situation of enterprises,
the textual information disclosed by management does not
contribute signifcantly to the prediction of the fnancial
distress of enterprises compared with auditors’ reports.
Terefore, when constructing multitextual features in the
future, we can consider multisource text information for
analysis. Tird, we simultaneously add textual features into
the prediction model and ignore the margin efect of a single
textual feature. Te underlying hypothesis in this study is
that the accuracy would increase with the increase of textual
features added to the prediction maybe not suitable. Te
addition of textual features may also conform to the
marginal diminishing efect, and if the number of textual
features added exceeds the threshold, the continuous ad-
dition of textual features may be counterproductive. Finally,
this study mainly selects Chinese A-share listed companies
that were identifed as “ST” for the frst time from 2011 to
2020 as the sample of companies in fnancial distress and
makes a 1 :1 and 1 : 2 match between healthy companies.
However, in the actual securities market, listed companies
will also repeatedly experience fnancial difculties, and this
study fails to consider this dynamic nature.
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Table 7: Deep belief network predicted results.

Sample ratio Variables AUC First type
of errors

second type
of errors Accuracy

1 :1 Only fnancial indicators 91.017 17.037 17.037 82.927
Both fnancial and textual 92.910 12.195 17.037 85.366

1 : 2 Only fnancial indicators 90.482 19.512 12.195 84.146
Both fnancial and textual 93.337 15.854 12.195 87.682
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