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 is study combines a �nancial knowledge dictionary and pretraining method based on BERT (Bidirectional Encoder Rep-
resentation from Transformers) to construct a deep learning model for identifying stock news sentiments.  e study then
calculates the sentiment metrics of all stocks and analyzes the impact of news sentiment on the risk of a stock price crash and its
heterogeneity.  e results show that stocks with more positive sentiment metrics have a higher risk of crash in the following year.
We also investigate the information intermediation and investor sentiment channels by which news sentiment a�ects the risk of a
crash.  e results show that more net insider sales, lower information transparency, and less analyst coverage amplify the impact
of news sentiment on future crash risk, which is consistent with the information intermediation channel. Additionally, more retail
investor positions, more active investor sentiment, and divergence between analysts’ opinions and news amplify the impact of
news sentiment on the risk of a future stock price crash, which is consistent with the investor sentiment channel.

1. Introduction

Stability is a necessary condition for the �nancial market to
e�ciently facilitate economic development. In developing
countries with weak �nancial infrastructure and low market
e�ciency, the risk of �rm-speci�c stock price crash can
seriously threaten investors and undermine their con�dence
in the stock market.  e regularly used method of portfolio
diversi�cation cannot fully mitigate it, leading researchers to
focus on the factors inducing stock price crash. A di�erent
strand of literature investigates the e�ects of media coverage
or overall media tone on stock price crash risk, to which the
present study belonged. We, however, adopted a slightly
di�erent perspective—the asymmetric impact of sentiment
heterogeneity (i.e., positive or negative).

Our study aims to examine the asymmetric impact of
news sentiment on stock price crash risk attributable to the
role of media as information intermediary that in�uences
investors’ sentiment. On the one hand, regardless of the bias
of media coverage, positive news will inevitably lead to
investors’ optimism.  e media report positive news about

some �rms, according to the theory of the spiral of silence
[1], pessimistic investors may remain silent and optimistic
investors may dominate the market. When short selling is
not allowed, pessimism about that �rm cannot be hedged
normally. Subsequently, a stock price crash will happen
when the optimistic sentiment dissipates and pessimistic
investors become the marginal buyers [2]. On the other hand,
the management has every intention of defending the �rm’s
image and concealing negative information from the public
[3, 4], which unintendedly leads to an overvaluation of stock
prices, resulting in price bubbles. When the management can
no longer delay or conceal negative news and has to release it
to themarket in a short period, the pessimism of investors will
be ampli�ed, inducing a stock price crash [5–8].

We distinguish among the sentiments of the media
coverage and study the asymmetric impacts of positive and
negative news on stock price crash risk.  us, we need a
precise measurement of the sentiment for objectively eval-
uating the tone and extent of the news. In this regard, a
burgeoning body of �nance and accounting literature has
used natural language processing (NLP) algorithms to
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extract the financial texts’ sentiment [9–12]. ,e emergence
of modern deep learning algorithms, such as ELMo, GPT
(generative pretraining), and Google BERT, makes NLP
move up a gear in the accuracy of sentiment analysis. Related
studies have suggested that relative to traditional methods,
modern deep learning algorithms that combine prior
knowledge in certain fields have better performance. In this
study, we customize a state-of-the-art deep learning NLP
algorithm (BERT) for financial texts and document its ad-
vantages over traditional approaches.

We collect a total of 1,132,856 initial media coverage
articles between 2011 and 2020 from the China StockMarket
and Accounting Research database [13]. We manually
construct our own sentiment dictionary in the financial
domain and use it as a corpus for sentiment classification.
Moreover, the BERT-based pretraining model is designed to
help machines understand the characteristics of human
language and extract sentiment information effectively.
Based on the model, we classify the related news of each
stock. Finally, our sample consisted of 17,267 firm-year
observations representing 2,277 individual firms.

To begin with, we examine whether media sentiment is
associated with a firm-specific future price crash risk. We
measure media sentiment from three dimensions: mixed (on
average), positive, and negative sentiments. We define the
indicators of the average sentiment and those of the positive
and negative sentiment, respectively.We use three proxies of
stock price crash risk: the binary variable (CRASH) that
equals 1 for a firm-year that experiences one or more crash
weeks during the fiscal year and 0 otherwise; the negative
coefficient of skewness of firm-specific weekly returns
(NCSKEW); and the down-to-up volatility (DUVOL) of
firm-specific weekly returns [3, 14, 16].,e results show that
firms with more positive media coverage tend to have a
higher risk of future stock price crash. Meanwhile, negative
media coverage shows a limited effect on the risk of future
stock price crash and a significant negative relation with
current stock price crash risk, implying that they can lead to
a stock price crash in the short term.

We then address the natural question of identifying the
channels through which media sentiment affects the stock
price crash risk. We hypothesize two possible channels,
namely, information intermediation and investor sentiment,
and then design various settings to examine them. ,e stock
market is significantly impacted by the media, as an im-
portant information intermediary between firm manage-
ment and market participants. On the one hand, media
outfits disseminate value-relevant information on firms’
current and future earnings to outside investors, reduce
market frictions, improve investor perceptions, and mitigate
information asymmetry [14, 17, 18]. On the other hand,
media are not the perfect messengers. Media coverage is not
always objective and neutral, but rather offers ambiguous,
out-of-date, and even exaggerated and biased contents
[19, 20]. According to previous findings, more net insider
sales, lower information transparency, and less analyst
coverage amplify the impact of media sentiment on future
crash risk, which is consistent with the “information in-
termediation” channel.

Investors, owing to their limited attention and over-
confidence, can be expected to overreact to catchy, anec-
dotal, and less relevant information, but underreact to
abstract, statistically listed, and relevant information [21].
Furthermore, they may exhibit confirmation bias, which is
the tendency to seek and believe information that supports
one’s beliefs while ignoring later signals that are inconsistent
with their prior beliefs after developing a favorable im-
pression of a firm [22]. As such, media coverage of firms
(particularly positive news), regardless of whether the
content is outdated or not, can easily pique the interest of
investors, causing them to overreact or overestimate a firm’s
prospects and bring about a short- or long-term increase
above the fundamental value [23–25]. However, when actual
operational problems are revealed or a firm fails to meet
expectations, negative sentiment will emerge and the stock
price will reverse, resulting in a crash; this process will be
reinforced when media coverage is biased and exaggerated.
More retail investor positions, more active investor senti-
ment, and divergence between analysts’ opinions and media
coverage amplify the impact of news sentiment on future
crash risks, which is consistent with the “investor sentiment”
channel.

We expect to contribute to the literature in the following
ways. First, our work also adds to the growing literature on
the determinants of firm-specific price crash risk. Numerous
studies have established a link between media sentiment and
stock prices [7, 22, 26–28]. Sentiment in news articles
contain novel information on stock prices [7, 8], but few
studies have paid attention to the relation between the media
sentiment’s asymmetric effect on the future firm stock price
crash risk. We attempt to fill this gap. We provide the formal
piece of empirical evidence that positive news sentiment
predicts a higher firm-specific future price crash risk,
whereas negative sentiment increases the current crash risk.
We provide a thorough examination of the impact of media
sentiment from both perspectives of inspiration of investor
sentiment of media tone and information economics, re-
vealing new evidence that investors’ irrational and excessive
optimism could be a major cause of stock price bubbles and
crashes in China, where retail investors predominate and
short selling is restricted.

Second, our research study combines advanced deep
learning and dictionary methods, which take full advantage
of the performance and intelligence of computer technology
and greatly improve the identification accuracy and effi-
ciency of massive sentiment information. ,e sentiment
dictionary approach uses word and syntactic analyses of text
to calculate sentiment values as the basis for determining
text sentiment tendencies. However, individuals can add
necessary semantic words, such as praise words, degree
adverbs, and negative words, which play an important role in
enhancing or weakening sentiment semantic words [21].
Sentiment dictionary classification methods, which ignore
the characteristics of language, such as grammar, context,
and subjective construction methods, are likely to have the
problem of omission. We attempt to mitigate this problem
through integrating a cutting-edge deep learningmethod. To
the best of our knowledge, this study is the first to combine
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deep learning and dictionary methods to perform sentiment
analysis in the financial field, thereby extending the appli-
cation of sentiment analysis methods in the financial field.

,ird, our study contributes to the literature on text
analysis in the economic field [4, 29]. We introduce BERT, a
deep learning pretraining model, and combine it with a
relatively mature sentiment dictionary. Using the BERT
pretraining model, researchers can take full advantage of the
contextual information in the news.,e vector expression of
the same words is different between news and contexts,
which was difficult to address in previous studies. In the
pretraining model, by pretraining large text corpora as a
language model, we create embeddings for the context as-
sociations (embedding) of each word in a sentence, which
could then be entered into subsequent tasks, thereby en-
abling a full quantification of the information contained in
the text.

2. Theory and Hypothesis

,e media, as an important vehicle for information dis-
semination, play a significant role in the risk of stock price
crashes. SentimentsGiven the content of a media news, the
sentiment contained in the content matters. Pure positive or
negative news, which may mask the firms’ actual situation,
can exacerbate information asymmetry between firms and
outside investors. In addition, the problems of irrational
sentiment, herding effects, and “chasing the upside and
killing the downside” phenomenon are aggravated by biased
news. Both channels can increase the risk of a stock price
crash. Considering the preceding ideas, we formulate the
following competing hypotheses:

Hypothesis H1a: Higher average media sentiment can
exacerbate the future stock price crash risk.
Hypothesis H1b: Higher average media sentiment can
alleviate the future stock price crash risk.

We also examine the heterogeneous effect of sentiment
in news on future stock price crash risks. When the media
exaggerate the positive parts of news, they send positive
signals on the firms to outside investors. With information
asymmetry, investors will overestimate the firms’ value,
which can lead to abnormal stock price increases. As short
selling is not allowed in China, rational and pessimistic
investors are unable to engage in the market and stock prices
will continue to increase until investors realize that there is
an overvaluation component in the news. According to
Solomon [28], the media’s whitewashing behavior of
overusing positive terms to disclose the information of listed
firms can lead to a sharp decline in stock prices. ,erefore,
intense positive news can increase the stock price crash risk.

Alternatively, related research studies reveal the ten-
dency of firm management to conceal negative information
from the public [3, 30], which inevitably leads to an over-
estimate of the firm value, resulting in higher stock prices.
Simultaneously, retail investors are more sensitive to neg-
ative news [31]. When the management has no choice but to
release negative information to the market, retail investors
will sell-off stock holdings, which increases the risk of a stock

price crash [32]. ,erefore, the coverage of negative news
can increase the risk of stock price crash. Considering the
preceding ideas, we hypothesize as follows:

Hypothesis H2a: News with positive sentiment can
exacerbate the future stock price crash risk.
Hypothesis H2b: News with negative sentiment can
exacerbate the future stock price crash risk.

Subsequently, we then proceed with identifying the
underlying mechanisms. We hypothesize that the impact
may come from the two channels of “information inter-
mediation” and “investor sentiment.”

According to Jin and Myers [33], when there is infor-
mation asymmetry, the agency problem, such as manage-
ment’s rent-seeking and concealment of negative news, can
affect the share price crash risk significantly. Insiders have
information that is not yet publicly available, which can be
used to assess the value of the company and predict future
firm performance [34]. Insider sell-off behavior is positively
associated with the risk of a stock price crash [35]. ,e in-
sider’s choice to sell stocks sends negative signals to outside
investors, thereby raising the probability of a future crash risk.
Based on the explanation above, we hypothesize the following.

Hypothesis H3a: ,e impact of media sentiment on the
future stock price crash risk is enhanced when insiders have
more net sales of stock.

Information asymmetry can prevent investors from
knowing the firm’s actual operation and investors may be
deceived by false public information. Especially, firms whose
information transparency is low and those whose man-
agement is more likely to hide bad news are more likely to
experience a sharp stock price fall in future [3]. When fi-
nancial opacity is high, investors cannot fully grasp the true
state of a firm through public information. ,ey will rely
more on the media coverage to make investment decisions,
which will amplify the role of media sentiment. ,erefore,
we hypothesized as follows.

Hypothesis H3b: ,e impact of media sentiment on the
future stock price crash risk is enhanced when the firm has
higher financial opacity.

Analysts serve as both information intermediaries and
management monitors [36]. ,ey acquire and process data
about firms using public information, field research, and other
sources and reduce information asymmetry between firms and
investors [37, 38]. According to He et al. [35], analyst coverage
reduces stock price crash risk via analysts’ role as information
intermediaries and monitors. Nonetheless, when analysts
cannot fully perform the information intermediary role, it is
more difficult for investors to learn the real situation of the firm
and they cannot accurately identify the noise in the media
coverage; thus, the impact of media sentiment on future stock
price risk is more evident through driving the investors’ de-
cision-making process. We thus hypothesize as follows:

Hypothesis H3c: ,e impact of media sentiment on the
future stock price crash risk is enhanced when the firm has
lower analyst coverage.

Next, we test the existence of the “investor sentiment”
channel.
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,e sentiment of media affects investors differently.
Institutional investors have more information and a spe-
cialized ability; therefore, it is easier for them to judge the
validity of the information contained in the news. Senti-
ments in news thus have a limited influence on institutional
investors. Conversely, retail investors do not have the in-
formation and skills possessed by institutional investors;
thus, sentiments in news have a greater impact on retail
investors. ,erefore, we formulate the following hypothesis:

Hypothesis H4a: ,e impact of media sentiment on the
future stock price crash risk is enhanced when the stock has a
higher proportion of retail investors.

Investors may place great faith in catchy, anecdotal, and
low-relevance information and overreact to it as a result of
limited attention and overconfidence [21]. ,ey may also
exhibit a confirmation bias, which is the tendency to seek
and believe information that supports one’s beliefs while
ignoring later signals that are inconsistent with prior beliefs
after developing a favorable impression of the firm [22].
,us, positive media coverage of firms attracts investors’
attention, thereby causing them to overreact or form over-
expectations about the firm’s prospects, resulting in a stock
price that is briefly or chronically above the underlying
value. ,erefore, we proposed the following hypothesis:

Hypothesis H4b: ,e impact of media sentiment on the
future stock price crash risk is enhanced when investors are
more optimistic.

Heterogeneous beliefs among investors increase when
analysts’ opinions differ from the sentiment of media cov-
erage. In the absence of a short selling mechanism, more
optimistic investors are expected in the market in the short
term. However, over time, pessimistic beliefs will eventually
emerge, which will increase the likelihood of a future stock
price crash. ,erefore, we hypothesize as follows:

Hypothesis H4c: ,e future stock price crash risk in-
creases when analysts’ points disagree with the sentiment of
media.

3. Sentiment Extraction Model Design

Our study obtains financial news data for the period January
2017 to December 2020 from the China Stock Market and
Accounting Research database. We preprocess the data by
deleting special symbols and irrelevant information. We
select 3,305 news items from the 1,132,856 news texts to label
the news regarding the financial entities as positive or
negative sentiments and added them to the financial sen-
timent dictionary manually. Using the BERT pretraining
model and financial sentiment dictionary-based attention
mechanism, we classify the sentiment of 1,132,856 news
items. We then derive the average sentiment index of each
stock in each year using the weighted average of all related
news sentiment.

3.1. Data Preprocessing. We construct a microsentiment
corpus in the financial field. To avoid interference with the
hard data contained in the news, we eliminate the company
announcements and then preprocess the text by removing

special symbols and using regular matching to remove ir-
relevant information.

3.1.1. Data Clean-Up. We label the financial entities: we
identify the company, person, and brand names in the text.
Entity names are marked based on the principle of long
matching. We also identify the company and brand names
with the help of “Tianyancha.” For example, in the following
text, “Runtu Shares: Ruan Jiachun (Chairman) plans to
reduce no more than the total share capital of 1.28,” “Runtu
Shares” and “LeTV” are marked as entities.

3.1.2. Label News Sentiment. ,e sentiment polarity of fi-
nancial entities is grouped into three categories—neutral,
negative, and positive. Each category is defined as follows
and Table 1 shows the distribution.

Positive sentiment: ,e text is marked as positive if the
fact favors the operation of the company and there are
some artificial positive comments. For example,
“Southeast network frame won the bid of 357-million-
yuan project.”
Negative sentiments: If the information in the text is bad
for the company’s operation because it includes some
facts that are bad for the operation of the company and
artificial negative comments. For example, “Tian-
maotui will be delisted from the Shenzhen Stock Ex-
change on July 20.”
Neutral sentiment: Unlike positive and negative sen-
timents, the labeling of neutral sentiments is relatively
complex. ,e text information is related to the oper-
ation of the company but cannot be judged as favorable
or unfavorable, or it has both favorable and unfavorable
facts. For example, “e-commerce is the direction of
future development, all enterprises are making efforts.
So does Huawei, but at present, the effectiveness needs
to be tested.”

To construct a microsentiment analysis dataset in the
financial field, we select 4,516 samples from the 1,132,856
news texts obtained for annotation. After the independent
annotation, all annotators discussed the additional anno-
tations noted in the case of objectionable or uncertain results
until consensus was reached. ,e annotation data were
artificially modified and the annotation was completed.

Finally, 3,644 financial entities are sorted out. Each fi-
nancial entity corresponds to one or more sentences. Each
article has a total of 10,112 sentiment sentences. Based on
prior financial knowledge, we construct a sentiment dic-
tionary in the financial domain, which contains 2,842
positive words, 1,230 neutral words, and 2,043 negative
words (Table 2).

3.2. BERT Pretraining Model. In 2018, Google proposed the
natural language pretraining model, BERT, in the article
“BERT: Pretraining of Deep Bidirectional Transformers for
Language Understanding.” Training of the BERT model
mainly includes the following two steps.

4 Discrete Dynamics in Nature and Society



BERT pretraining: ,e pretraining of BERT helps it
learn the characteristics of a character, a word, state-
ment levels, and understatement relationships among
massive text data through simultaneous two pre-
training tasks—masked language model and next
sentence prediction. During pretraining, the same
corpus is inputted into the model multiple times, but
each input is preprocessed in different forms, allowing
the same corpus to be fully utilized. For users, the
pretrained models and parameters can be downloaded
from the Internet and can be directly fine-tuned
without having to do pretraining themselves, which
reflects the convenience of BERT.
Fine-tuning: On the basis of the pretrained model, an
output layer is customized and added to specific
downstream tasks, such as text sentiment classification
and sequence annotation. ,en, the data from down-
stream tasks are used to fine-tune the model to generate
models with higher prediction accuracy for various
NLP tasks.

BERT uses a more powerful bidirectional transformer
encoder (Figure 1) along with the masked language model
and next sentence prediction (NSP) as an unsupervised goal,
to enable the vector representation of each word and word
output by the model to describe the overall information of
the input text as comprehensively and accurately as possible.
,us, BERT provides better initial values of model param-
eters for subsequent fine-tuning tasks. Its input embedding
is constructed by summing the token, segment, and position
embedding of the corresponding word. It also contains more
parameters, which gives it a stronger word vector embedding
ability.

3.3. Construction of BERT-DCA Model. We construct a
BERT-DCA model (Figure 2) that combines the financial
sentiment dictionary and attention for sentiment analysis.
Two information processing channels—left semantic in-
formation attention channel (SAC) and right sentiment
information attention channel (EAC)—are adopted in the
structure. ,e SAC extracted semantic information, whereas
the EAC allowed the model to pay attention to the

particularity of different types of words to supplement the
weights and obtain more information as a supplement to
word-level information.

3.3.1. Input Layer. For the text sentence sequence, after
word partitioning, the word sequence W1, W2, . . . , Wn{ } is
used as the input for SAC. Based on the domain sentiment
dictionary and financial entities, words are classified into the
following five categories: Pos, Neg, Neu, Entity, and Other,
which denote positive, negative, neutral, financial entities,
and others, respectively. ,ey are from the sentimental
dictionary discussed above. ,en, we derive the sentimental
information word collection E1, E2, · · · , Em{ } as the input of
EAC. We then use the pretraining model, BERT, to provide
the word vector, which can achieve the dynamic adjustment
of the word vector with the context, and train the real
sentiment semantic embedding model to obtain the se-
mantic information word vector matrix Rx and the senti-
ment information word vector matrix Re.

Rx � x1⊕x2⊕ . . .⊕xn, (1)

Re � e1⊕e2⊕ . . .⊕em, (2)

where ⊕ is the row vector connection operator and the
dimensions of Rx and Re denote the number of words in the
news and of annotated financial sentiment entities,
respectively.

3.3.2. Feature Extraction. For semantic information texts,
we used the BiGRU neural network (model structure shown
in Figure 3) to handle both forward and reverse text se-
quences. We extracted the deep text information and then
used the financial dictionary to guide attention mechanisms
to assign corresponding weights to the extracted feature
information. For sentiment information sets, affective in-
formation words were encoded using a fully connected
network combined with attention mechanisms to obtain
affective signals.

Table 1: Financial entities.

Positive Neutral Negative
Nums. 4,179 3,202 1,627
Pct 46.39% 35.55% 18.06%
,e sentiment polarity of financial entities is grouped into three catego-
ries—neutral, negative, and positive.

Table 2: Financial dictionary.

Positive Neutral Negative
Nums. 2,842 1,230 2,043
Pct 46.48% 20.11% 33.41%
,e authors construct a sentiment dictionary in the financial domain, which
contains 2,842 positive words, 1,230 neutral words, and 2,043 negative
words.

O1

W1

W1

W2

W2

Wn

Wn

Trm Trm Trm

TrmTrmTrm

O2 On

Input embedding

Output

Transformer

Input

Figure 1: BERT model structure.
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,e output of the BiGRU information extraction model
at time t is composed of the output of the forward and
reverse GRU and calculated as follows:

xt � Wewt, t ∈ [1, T],

h
→

t � GRU
����→

xt( 􏼁, t ∈ [1, T],

h
←

t � GRU
←

xt( 􏼁, t ∈ [1, T],

st � h
→

t, h
←

t􏼔 􏼕, t ∈ [1, T].

(3)

By combining h
→

t and h
←

t to obtain the semantic rep-
resentation st, the forward and reverse semantic information
elements are considered in the same position.

Next, we use the financial dictionary to guide attention
mechanisms. To improve the accuracy of the sentiment
analysis of financial text, we model the relation between
sentiment and each word, assigning different weights to the
semantic characteristics of the clause using the attention
mechanism. In this way, more important words get more
attention. Based on the financial entities and BiGRU layer
output Hs � hs

1, hs
2, . . . , hs

t􏼈 􏼉, we obtained vectorized repre-
sentations as word-level attention. ,e weight is calculated
as follows:

αst �
exp c h

s
c, e

E
􏼐 􏼑􏼐 􏼑

􏽐cexp c h
s
c, e

E
􏼐 􏼑􏼐 􏼑

,

c h
s
c, e

E
􏼐 􏼑 � tanh h

s
c · ωT

m · e
ET

+ ba􏼒 􏼓.

(4)

,e output after BiGRU processing is expressed as
[hs

1, hs
2, . . . , hs

c], where ωT
m is the weight matrix, ba is the

offset, eE is the word vector of the financial entity, and αst is
the attention weight of the word wst relative to the financial
entity eE. ,e text features with attention-weighted sen-
tences are represented as follows:

os � 􏽘
t

asthst, (5)

where os is a semantic representation weighted by attention.

3.3.3. Feature Fusion Layer. ,e main task of the feature
fusion layer is to combine the feature vector Os generated in

Softmax

BiGRU Full Connect Network

BERT Pre-training BERT Pre-training

Financial
Entity
Vector

Attention

……

……

…………

……

……

x1 x2 xn

w1 w2 wn

e1 e2 em

Ee1 Ee2 Eem

EACSAC

Figure 2: A model framework that combines sentiment dictionaries and attention.

ht

ht

T-1 T T+1

Figure 3: Structure of BiGRU.
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SAC and feature vector Oe generated in EAC, to construct
the overall sentimental feature vector. To simplify the cal-
culation of the model, we perform feature fusion by row
connection, constructing a matrix O∗ � (rs + re)∗ c to
generate the feature vector, where rs and re are the number
of rows of Os and Oe, respectively, and c gives the column
numbers for Os and Oe.

3.3.4. Output Layer. We input the sentiment feature vector
O∗ generated by the feature fusion layer into the SoftMax
classifier to obtain the final sentiment classification result
predicted by the model as follows:

p � softmax woO
∗

+ bo( 􏼁, (6)

where wo is the weight coefficient matrix, bo is the bias
matrix, and p is the predicted sentiment label.

3.3.5. Model Training. To use the constructed financial
sentiment dictionary that could correspond to the input
sentence, we need to construct a sentiment word vector of
the same length as the term after the segmentation: VecAtt,
initialized as 0. After traversing the words in the input fi-
nancial text, we set the corresponding position to 1 in the
sentiment word vector if they appear in the financial sen-
timent dictionary. For example, assuming that the input
financial text is “Langma cloud business development un-
certainty,” we first initialize the sentiment word vector
[0, 0, 0, 0, 0]. After the input sentence, the word “uncer-
tainty” appears in the financial sentiment dictionary, and it is
a negative word. ,en, we set the word “uncertainty” in the
corresponding position of the sentiment word vector to 1,
after which the sentiment word vector of the sentence be-
comes [0, 0, 0, 0, 1].

To employ the financial dictionary shown above as a
guiding attention mechanism, we modify the loss function
and add λ(α − VecAtt)

2 after the cross-entropy loss. Here, λ
is the hyperparameter that determines the importance of
sentiment dictionary loss, α is the score of the attention
mechanism, and VecAtt is the sentiment dictionary vector.
,us, the attention mechanism score α can fit the financial
sentiment word vector for the model to pay more attention
to the input financial text—the financial sentiment words.
,e loss function is as follows:

L � − 􏽘
i∈D

yilog pi + λ αnorm − VecAtt( 􏼁, (7)

where D is the collection of samples, yi is the true label, and
pi is the prediction result of the model. λ is the hyper-
parameter that determines the importance of affective dic-
tionary loss and αnorm is the average attention score.

We thus use the predicted labels of 1,132,856 news items
as the sentiment score in the empirical analysis.

4. Empirical Model

4.1. Sample Selection and Data Sources. Our sample covers
all A-share listed firms from 2011 to 2020. Owing to the lag

phase of the study, the data time span is nine years (from
2012 to 2020).

We obtain the financial stock trading data from the
WIND database. Among them, stock yield is given as weekly
data, and the rest, as annual data. Following prior studies
[38, 39], we process the original sample as follows: (1) We
exclude financial and insurance listed firms; (2) we exclude
listed firms with ST or ∗ ST (ST: the company has suffered
losses for two consecutive years and is specially treated, ST∗:
the company has suffered losses for three consecutive years
and warned with delisting.); (3) wexclude listed firms with
missing or abnormal data; and (4) we exclude listed firms
with less than 15 weekly yield data.

We obtain data regarding Internet media news from the
GuoTai’an (CASMAR) database. We perform positive and
negative analyses of each report using sentiment analysis
technology and assign sentiment scores. We then calculate
the sum of the number of relevant news reports during the
research period, average level of sentiment scores, and
sentiment scores weighted by the number of news reports.

4.2. Econometric Model and Variables. To study the relation
between diversification and future stock price crash risk, we
construct a multiple regression model as follows:

CrashRiski,t � β0Cons + β1NewsSentimenti,t−1 + β2Sizei,t−1

+ β3Leveli,t−1 + β4ROAi,t−1 + β5Reti,t−1
+ β6Sigmai,t−1 + 􏽘Year + 􏽘 Firm + εi,t.

(8)

In the model, the explained variable CrashRisk repre-
sents the risk of a crash in individual stocks. NewsSentiment
is the core explanatory variable, indicating the calculated
sentimental score for the individual stock news report. Size
denotes the size of the enterprise, Level represents the fi-
nancial leverage of the company,ROA is the return on equity
of the company, Ret is the average of the enterprise-specific
weekly rate, and Sigma is the standard deviation of the
enterprise-specific weekly rate. Year and Firm are time and
firm fixed effects, respectively. Here, we focus on the co-
efficient β1. If β1 is significantly positive, then there is a
positive relation between the news reporting sentiment and
risk of a stock price crash. Conversely, if β1 is significantly
negative, then there is a negative relation between the news
reporting sentiment and risk of a stock price crash. ,e
variables are introduced in Table 3 and elaborated as follows:

4.2.1. Explained Variables. Based on the methods of Jin and
Myers [33] and Xu et al. [40], our study employs three
approaches to measure the risk of a stock price crash. ,e
specific algorithm is as follows:

,e unexplained weekly yield of individual stocks in the
market is calculated using the following model:

Ri,t � Rm,t−2 + Rm,t−1 + Rm,t + Rm,t+1 + Rm,t+2 + εi,t, (9)

where Ri,t represents the weekly yield of stock i in week t.
Rm,t is the weighted average of the weekly yield of week t. εi,t

Discrete Dynamics in Nature and Society 7



is the residual in equation (2), which represents the weekly
return of stocks not explained in the market. Because ϵi,t is
highly biased, we use Wi,t � ln(1 + εi,t) to represent stock-
specific weekly yields. Based on Wi,t, we measure the risk of a
stock price crash using three indicators—(CRASH), a
negative return bias coefficient (NSCKEW), and the earn-
ings fluctuation ratio (DUVOL).

CRASH is calculated as follows:

CRASHi,t � 1 ∃t, Wi,t ≤Average Wi,t􏼐 􏼑 − 3.09σi,t􏽨 􏽩. (10)

CRASHi,t equals 1 if a firm experiences one or more firm-
specific weekly returns Wi,t falling 3.09 standard deviations
below the mean firm-specific weekly return, and 0 otherwise.

NSCKEW is calculated as follows:

NCSKEWi,t �
− n(n − 1)

3/2
􏽐 W

3
i,t􏽨 􏽩

(n − 1)(n − 2) 􏽐 W3
i,t􏼐 􏼑

3/2
􏼔 􏼕

, (11)

where n represents the number of stock i in year t. ,e
coefficient of the negative return bias is a positive measure of
the risk of a stock price crash. ,us, the greater the coef-
ficient is, the higher the possibility of a stock price crash.

DUVOL is calculated as follows:

DUVOLi,t � log
nu − 1( 􏼁􏽐DOWNW

2
i,t􏽨 􏽩

nd − 1( 􏼁􏽐UPW
2
i,t􏽨 􏽩

⎧⎨

⎩

⎫⎬

⎭. (12)

,e core explanatory variable in our study is a quanti-
tatively weighted news reporting sentiment propensity,
which is calculated as follows:

4.2.2. Explanatory Variables. ,e core explanatory variable
in this study is a quantitatively weighted news reporting
sentimental propensity, which is calculated as follows:

newSentii,T �
NewsCounti,t ∗ SentimentScorei,t

􏽐NewsCounti,t
, (13)

where newSentii,T represents the media report sentiment
tone of stock in year T. NewsCounti,t represents the number
of news items regarding stock i in year T. SentimentScorei,t

represents the average media reporting sentiment scores of

trading day t of stock i in year T, each calculated by our
BERT-DCA model. Regarding the number of news, the
higher it is, the more likely the investors will read the news.
,us, the probability that the reported sentiments are
transmitted to investors is also higher. To examine how
different types of Internet news sentiment work, we con-
struct both positive and negative news coverage sentiment
indicators.

newPosi,T �
PosNewsCounti,t ∗PosSentimentScorei,t

􏽐 PosNewsCounti,t
,

newNegi,T �
NegNewsCounti,t ∗NegSentimentScorei,t

􏽐NegNewsCounti,t
.

(14)

To study the impact of market differences on the risk of a
stock price crash, we use analysts’ rating data to calculate
their sentiments. First, we grade analysts on five points: +2,
+1, 0, −1, and −2, indicating buy, overweight, neutral, re-
duction, and sell, respectively. We then calculate the total
score of the year, divide it by the rating number, and finally
standardize it using ∼N(0,1), given as Ana senti.

4.2.3. Control Variables. Following Jin and Myers [33], the
control variables are defined as follows.

Enterprise size (Size) is expressed as the natural loga-
rithm of the enterprise market value.
Operating leverage (Level) is the enterprise asset–li-
ability ratio.
Compensation rate of corporate total assets (ROA) is an
indicator used to measure corporate profitability.
Previous value of negative return bias coefficient/fluc-
tuation ratio is used to control the impact of the lag
phase of the risk of a stock price crash.
Stock-specific weekly earnings annual average (Ret)
reflects the average level of stock yield.
Weekly earnings volatility (Sigma) reflects the volatility
levels of stock-specific weekly earnings.

Table 3: Variables and definitions.

Indicator Definition

Dependent variables
CRASH Used to measure the risk of a crash: 1, 0 indicator
NCSKEW Used to measure the risk of a crash: negative return bias coefficient
DUVOL Used to measure the risk of a crash: the earnings fluctuation ratio

Independent variables newSenti newPos newNeg News coverage’ sentiment
anaSenti Analysts’ sentiment

Control variables

Size ,e natural logarithm of the firm’s market value
Level Firm’s leverage, equal to the ratio of the firm’s total liabilities to total assets
ROA ,e ratio of net profit to total assets
Ret ,e average value of the firm’s annual weekly rate of return

Sigma ,e standard deviation of the firm’s annual weekly rate of return
Year Yearly dummy variable
Firm Firm dummy variable

8 Discrete Dynamics in Nature and Society



5. Empirical Analysis

5.1. News Sentiment and the Risk of a Stock Price Crash.
Table 4 shows the analysis results for the relation between the
media sentiment and future stock price crash risk. Columns
1, 3, and 5 in Table 4 are the effects of the sentiment weighted
by the number of news items (newSenti) on the risk of a
future stock price crash where control variables are not
included. We found a significant positive effect of CRASH
(0.087), NCSKEW (0.395), and DUVOL (0.203). Columns 2,
4, and 6 show the effect of sentiment (newSenti) on the
future stock price crash risk after adding all control variables.
Similarly, we find a significant positive effect on CRASH
(0.064), NCSKEW (0.190), and DUVOL (0.103). Although
the coefficient decreases after including control variables,
they are still economically and statistically significant. ,us,
the more positive the average media sentiment is, the higher
the future stock price crash risk, or the more negative the
current average news sentiment is, the lower the risk of a
future stock price crash. ,ese findings support H1a but not
H1b.

Regarding the control variables, we observe a negative
effect of firm financial leverage on the risk of a future stock
price crash, implying that the latter risk is higher in firms
with lower financial leverage—the smaller the size of the
firm, the higher the risk. In addition, we find that a firm’s

stock return (ROA) is significantly and negatively related to
the risk of a future stock price crash, implying that the better
the performance of a firm, the less likely it is to have a stock
price crash in future. ,e effects of the other control vari-
ables on future stock price crash risk are not robust.

According to the results of the baseline regression, media
sentiment is positively related to the future stock price crash
risk. We replace average media sentiment in the baseline
regression with media coverage positive and negative sen-
timent indicators to examine hypothesis H2. ,e results are
shown in Table 5.

Columns 1, 2, and 3 in Panel A indicate that the effect of
positive sentiment is significant at the 1% level, whereas
Columns 4, 5, and 6 indicate that the effect of negative
sentiment is insignificant. ,e regression results suggest that
positive media sentiment plays a dominant role in China; the
more positive the media sentiment, the higher the future
stock price crash risk. Under information asymmetry, un-
informed investors receive more positive information and
irrational investors develop an overvaluation of stock prices
[2, 14]. ,e negative sentiment appears to curb future crash
risk, but the effect is insignificant.

Indeed, investors react more strongly to negative news
[31]. Negative news causes retail investors to sell and in-
creases the risk of a future stock price crash [32]. However,
our findings indicate that negative news in the previous one

Table 4: Baseline regression.

(1) (2) (3) (4) (5) (6)
CRASH CRASH NCSKEW NCSKEW DUVOL DUVOL

L.newSenti 0.087∗∗∗ 0.064∗∗ 0.395∗∗∗ 0.190∗∗ 0.203∗∗∗ 0.103∗

(0.031) (0.032) (0.092) (0.094) (0.062) (0.060)

L.CRASH −0.147∗∗∗

(0.009)

L.NCSKEW −0.096∗∗∗

(0.009)

L.DUVOL −0.106∗∗∗

(0.008)

L.ret 0.957∗∗ 8.770∗∗∗ 6.232∗∗∗

(0.410) (0.842) (0.584)

L.sigma 0.594∗∗∗ 1.039∗∗ 1.192∗∗∗

(0.195) (0.441) (0.299)

L.roa 0.360 1.339∗∗∗ 0.860∗∗∗

(0.224) (0.459) (0.307)

L.level −0.012 −0.130∗∗ −0.113∗∗∗

(0.033) (0.059) (0.039)

L.size 0.000 0.000∗ 0.000
(0.000) (0.000) (0.000)

Fixed effects:
Year dummy Yes Yes Yes Yes Yes Yes
Firm dummy Yes Yes Yes Yes Yes Yes
N 18,775 17,267 18,775 17,267 18,775 17,267
R2 0.000 0.035 0.001 0.060 0.001 0.065
,is table reports baseline regression estimates of stock crash risk on the quantitatively weighted news coverage sentiment. ,e sample of CRASH is used for
columns (1)-(2), the sample of NCSKEW is used for columns (3)-(4), and that of DUVOL is used columns (5)-(6). Columns (1), (3), and (5) only include the
news coverage sentiment; columns (2), (4), and (6) control for lagged crash risk and firm characteristic; year and firm dummy variable are included; all control
variables are included as lagged one year. Robust standard errors are reported in parentheses. ,e labels ∗∗∗, ∗∗, and ∗ indicate 1%, 5%, and 10% levels of
significance, respectively.
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Table 5: Positive sentiment and negative sentiments of news coverage.

Panel A: one lag period
(1) (2) (3) (4) (5) (6)

CRASH NCSKEW DUVOL CRASH NCSKEW DUVOL

L.newPos 0.135∗∗∗ 0.516∗∗∗ 0.323∗∗∗

(0.045) (0.187) (0.125)

L.newNeg 0.033 0.087 0.015
(0.073) (0.162) (0.110)

L.CRASH −0.152∗∗∗ −0.151∗∗∗

(0.009) (0.009)

L.NCSKEW −0.102∗∗∗ −0.107∗∗∗

(0.009) (0.009)

L.DUVOL −0.111∗∗∗ −0.116∗∗∗

(0.009) (0.009)

L.ret 1.060∗∗ 9.014∗∗∗ 6.415∗∗∗ 1.016∗∗ 9.305∗∗∗ 6.560∗∗∗

(0.426) (0.869) (0.606) (0.431) (0.888) (0.614)

L.sigma 0.618∗∗∗ 1.204∗∗∗ 1.261∗∗∗ 0.545∗∗∗ 1.059∗∗ 1.183∗∗∗

(0.204) (0.455) (0.310) (0.203) (0.459) (0.312)

L.roa 0.371 1.388∗∗∗ 0.877∗∗∗ 0.425∗ 1.427∗∗∗ 0.812∗∗

(0.236) (0.489) (0.321) (0.235) (0.485) (0.326)

L.level −0.016 −0.111∗ −0.108∗∗∗ −0.004 −0.147∗∗ −0.142∗∗∗

(0.035) (0.059) (0.040) (0.037) (0.063) (0.042)

L.size 0.000 0.000∗ 0.000 0.000 0.000∗∗ 0.000∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Fix effects:
Year dummy Yes Yes Yes Yes Yes Yes
Firm dummy Yes Yes Yes Yes Yes Yes
N 16,267 16,267 16,267 15,966 15,966 15,966
R2 0.036 0.060 0.067 0.036 0.062 0.068
Panel B: same period

newPos −0.068 −0.023 −0.010
(0.088) (0.187) (0.129)

newNeg −0.185∗∗ −0.427∗∗∗ −0.303∗∗∗

(0.077) (0.159) (0.111)

L.CRASH −0.161∗∗∗ −0.161∗∗∗

(0.009) (0.009)

L.NCSKEW −0.109∗∗∗ −0.110∗∗∗

(0.009) (0.009)

L.DUVOL −0.113∗∗∗ −0.116∗∗∗

(0.009) (0.009)

L.ret 0.662 5.425∗∗∗ 3.671∗∗∗ 0.570 5.596∗∗∗ 3.864∗∗∗

(0.417) (0.888) (0.630) (0.425) (0.908) (0.640)

L.sigma 0.566∗∗∗ 0.138 0.219 0.556∗∗∗ 0.105 0.311
(0.202) (0.466) (0.322) (0.201) (0.475) (0.326)

L.roa 0.647∗∗∗ 1.765∗∗∗ 1.094∗∗∗ 0.489∗∗ 1.272∗∗∗ 0.822∗∗

(0.221) (0.461) (0.316) (0.214) (0.467) (0.321)

L.level −0.048 −0.112∗ −0.108∗∗ −0.049 −0.116∗ −0.115∗∗∗

(0.036) (0.066) (0.044) (0.036) (0.065) (0.044)

L.size −0.000 0.000 −0.000 −0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Fix effects:
Year dummy Yes Yes Yes Yes Yes Yes
Firm dummy Yes Yes Yes Yes Yes Yes
N 16,267 16,267 16,267 15,966 15,966 15,966
R2 0.041 0.066 0.072 0.037 0.064 0.070
,is table reports regression estimates of stock crash risk on the news coverage positive and negative sentiment indicators. Panel A is one year lag; panel B is
the same year; year and firm dummy variable are included; all control variables are included as lagged one year. Robust standard errors are reported in
parentheses. ,e labels ∗∗∗, ∗∗, and ∗ indicate 1%, 5%, and 10% levels of significance, respectively.
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Table 6: Quarterly crash risk for different future periods.

(1) (2) (3) (4) (5) (6) (7) (8)
CRASH CRASH CRASH CRASH CRASH CRASH CRASH CRASH

newPos −0.035
(0.039)

L.newPos 0.116∗∗∗

(0.039)

L2.newPos 0.082∗∗

(0.039)

L3.newPos 0.047
(0.039)

newNeg −0.164∗∗∗

(0.036)

L.newNeg 0.046
(0.036)

L2.newNeg 0.042
(0.036)

L3.newNeg −0.048
(0.036)

L.CRASH −0.052∗∗∗ −0.053∗∗∗ −0.055∗∗∗ −0.052∗∗∗ −0.052∗∗∗ −0.053∗∗∗ −0.052∗∗∗ −0.053∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)

L.ret 1.523∗∗∗ 1.824∗∗∗ 2.339∗∗∗ 2.999∗∗∗ 1.709∗∗∗ 1.917∗∗∗ 2.418∗∗∗ 2.833∗∗∗

(0.479) (0.484) (0.540) (0.565) (0.476) (0.478) (0.533) (0.540)

L.sigma 1.734∗∗∗ 1.633∗∗∗ 1.807∗∗∗ 2.052∗∗∗ 1.698∗∗∗ 1.617∗∗∗ 2.066∗∗∗ 1.916∗∗∗

(0.253) (0.260) (0.282) (0.283) (0.260) (0.256) (0.276) (0.280)

L.roa −0.070 −0.132∗∗∗ −0.194∗∗∗ −0.141∗∗∗ −0.095∗ −0.143∗∗∗ −0.134∗∗∗ −0.155∗∗∗

(0.052) (0.051) (0.053) (0.052) (0.052) (0.051) (0.052) (0.053)

L.level −0.038∗∗ −0.037∗∗ −0.038∗ −0.034∗ −0.029 −0.030 −0.038∗ −0.009
(0.019) (0.018) (0.020) (0.019) (0.020) (0.020) (0.020) (0.020)

L.size 0.000 −0.000 0.000 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Fixed effects
Quarter dummy Yes Yes Yes Yes Yes Yes Yes Yes
Firm dummy Yes Yes Yes Yes Yes Yes Yes Yes
N 51,110 51,110 51,110 51,110 51,919 51,919 51,919 51,919
R2 0.040 0.039 0.039 0.038 0.037 0.038 0.039 0.038
,is table reports regression estimates of quarterly stock crash risk on the news coverage positive and negative sentiment indicators. Columns (1) to (4) are
positive indicators. Columns (5) to (8) are negative indicators; quarter and firm dummy variable are included; all control variables are included as lagged one
year. Robust standard errors are reported in parentheses. ,e labels ∗∗∗, ∗∗, and ∗ indicate 1%, 5%, and 10% levels of significance, respectively.

Table 7: Two stages OLS regression.

First stage Second stage
(1) (2) (3) (4)

Newsenti CRASH NCSKEW DUVOL

L.newSenti 0.074∗∗∗ 0.510∗∗ 0.313∗∗

(0.028) (0.253) (0.157)

L.newSentiInd 0.873∗∗∗

(0.022)

L.newSentiPro 0.747∗∗∗

(0.041)
Controls Yes Yes Yes Yes
Cragg-Donald Wald F 185.966∗∗∗

Sargan chi (p) 0.257 (0.612) 0.571 (0.450) 1.466 (0.226)
N 16,845 16,845 16,845 16,845
R2 0.212 0.035 0.059 0.064
,is table reports regression estimates of stock crash risk on the news coverage sentiment indicators two stage OLS. Columns (1) is first stage. Columns (2) to
(4) are second stage; year and firm dummy variable are included; all control variables are included as lagged one year. Robust standard errors are reported in
parentheses. ,e labels ∗∗∗, ∗∗, and ∗ indicate 1%, 5%, and 10% levels of significance, respectively.
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year does not increase the risk of a future stock price crash. A
reason may be that investors are overly sensitive to negative
news, particularly in markets with a high proportion of
irrational investors, such as China. When negative news
breaks, investors panic and quickly sell their stocks, resulting
in a significant drop in the stock price below its fundamental
value, which means the occurrence of the price crash in the
current term rather than the future. ,us, negative news
coverage can be hypothesized to increase the current stock
crash risk, whereas positive media coverage decreases such a
risk. ,e results are represented in Table 5, Panel B. It shows
that the effects of negative news in the current period is
significant, confirming our analysis that the more negative
the news, the greater the risk of a crash in the current period.
Meanwhile, the effects of positive media coverage are in-
significant, indicating that positive news suppresses the risk
of a crash in the current period. However, because investors
are less sensitive to positive than negative news, their impact
is not significant.

To investigate the robustness of the impact of positive
and negative news, we considered quarterly level crash risk
regressions that included current, prior one period to prior
three period indicators for positive and negative news, re-
spectively. ,e results are shown in Table 6. Overall, the
quarterly regression results are consistent with the annual
regression results. Positive news reduces the risk of a stock
price crash in the current period (−0.035); however, the
effect is not statistically significant. Columns 2–4 show that
positive news significantly increases the risk of a stock price
crash in the future period, consistent with the annual re-
gression. Negative media coverage increases the current
period crash risk (−0.164) and had a significant effect.
Columns 6–8 reveal that negative media coverage reduces
the future stock price crash risk, but the suppression effect is
insignificant except for the previous period. ,ese results
confirm H2a but not H2b.

5.2. Endogeneity. ,e relation between media coverage and
stock returns is endogenous. ,e reverse causality, as media
coverage is more likely to focus on stocks with higher
returns; also, there may be control variables that we are
unaware of, resulting in the omitted variables problem.

Following Xu et al. [41] and Ertugrul et al. [42], we select
industry-level news sentiment means (newSentiInd) but
exclude the company and province levels (newSentiPro) as
the instrument variables for firms’ media sentiment. We
presume that other publicly traded firms in the same in-
dustry or province would face similar industry character-
istics and external environments; thus, their media coverage
may have a certain correlation. Furthermore, there is no
evidence that media coverage of other publicly traded firms
in the same industry or province will influence a firm’s stock
trading behavior, which satisfies the exclusion restriction to
some extent.

Table 7 shows the regression results. ,e coefficients of
the newSentiInd and newSentiPro variables are significantly
positive in Column 1, indicating that the higher the media
sentiment of listed firms in the industry and province, the
higher the mean value of the sentiment of the listed firms.
,e Cragg−Donald F statistic equals 185.966, which is much
larger than the critical value, and this statistic rejects the
hypothesis that the instrumental variables are weak at the 1%
level. ,e results of the second stage regression in Columns
2, 3, and 4 show that none of the values of the Sargan statistic
reject the original hypothesis of instrumental variable
exogeneity. ,e results of newSenti continue to be signifi-
cantly positive, which is in line with the results of the main
regression.

5.3. Channels between News Coverage and Crash Risk.
Media sentiment affects the risk of a future stock price crash
via two mechanisms. ,e first is through the investor sen-
timent, which, in turn, affects stock crash risk. ,e second is
that media coverage serves as an information intermediary,
conveying true or false information on listed firms; investors
influence the crash risk by interpreting the information they
receive.

Table 13: Regression of adding analyst and media coverage sen-
timent crossterms.

(1) (2) (3)
CRASH NCSKEW DUVOL

L.newSenti 0.186∗ 0.360∗∗ 0.266
(0.109) (0.171) (0.158)

L.anaSenti 0.039∗∗∗ 0.057∗∗ 0.049∗∗∗

(0.011) (0.024) (0.016)

L.newSenti#L.anaSenti −0.247∗ −0.172∗ −0.156∗

(0.145) (0.100) (0.092)

L.CRASH −0.151∗∗∗

(0.009)

L.NCSKEW −0.102∗∗∗

(0.009)

L.DUVOL −0.111∗∗∗

(0.009)

L.ret 0.942∗∗ 8.677∗∗∗ 6.188∗∗∗

(0.426) (0.867) (0.603)

L.sigma 0.524∗∗ 0.874∗ 1.120∗∗∗

(0.206) (0.460) (0.315)

L.roa 0.285 1.286∗∗∗ 0.813∗∗

(0.231) (0.484) (0.325)

L.level 0.006 −0.141∗∗ −0.109∗∗∗

(0.036) (0.062) (0.041)

L.size 0.000 0.000∗ 0.000
(0.000) (0.000) (0.000)

Fixed effects:
Year dummy Yes Yes Yes
Firm dummy Yes Yes Yes
N 15,753 15,753 15,753
R2 0.037 0.064 0.069
,is table reports panel estimates of stock crash risk on the interaction
between the news coverage sentiment and the analysis report sentiment.
,e dependent variables in Columns (1), (2), and (3) are CRASH,
NCSKEW, and DUVOL, respectively. All control variables are included as
lagged one year. Robust standard errors are reported in parentheses. ,e
labels ∗∗∗, ∗∗, and ∗ indicate 1%, 5%, and 10% levels of significance,
respectively.
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Table 15: Robust test: positive sentiment and negative sentiments of news coverage.

(1) (2) (3) (4) (5) (6)
CRASH NCSKEW DUVOL CRASH NCSKEW DUVOL

Panel A: one lag period

L.newPos2 0.161∗∗∗ 0.331∗∗ 0.228∗∗

(0.061) (0.164) (0.113)

L.newNeg2 0.066 0.180 0.045
(0.068) (0.154) (0.105)

L.CRASH −0.147∗∗∗ −0.147∗∗∗

(0.008) (0.009)

L.NCSKEW −0.095∗∗∗ −0.099∗∗∗

(0.008) (0.009)

L.DUVOL −0.104∗∗∗ −0.107∗∗∗

(0.008) (0.008)

L.ret 1.058∗∗∗ 8.719∗∗∗ 6.152∗∗∗ 0.896∗∗ 8.770∗∗∗ 6.304∗∗∗

(0.400) (0.830) (0.577) (0.404) (0.844) (0.585)

L.sigma −0.627∗∗∗ 0.937∗∗ 1.058∗∗∗ −0.550∗∗∗ 0.966∗∗ 1.160∗∗∗

(0.194) (0.439) (0.298) (0.192) (0.440) (0.298)

L.roa 0.417∗ 1.291∗∗∗ 0.773∗∗ 0.462∗∗ 1.487∗∗∗ 0.845∗∗∗

(0.220) (0.454) (0.301) (0.218) (0.452) (0.307)

L.level 0.018 −0.116∗∗ −0.103∗∗∗ 0.010 −0.163∗∗∗ −0.141∗∗∗

(0.032) (0.057) (0.038) (0.034) (0.060) (0.040)

L.size 0.000 0.000∗ 0.000 0.000 0.000∗∗ 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Fix effects:
Year dummy Yes Yes Yes Yes Yes Yes
Firm dummy Yes Yes Yes Yes Yes Yes
N 17,363 17,363 17,363 16,276 16,276 16,276
R2 0.036 0.060 0.067 0.036 0.062 0.068
Panel B: same period

newPos2 −0.065 0.006 0.042
(0.085) (0.180) (0.123)

newNeg2 −0.303∗∗∗ −0.739∗∗∗ −0.531∗∗∗

(0.080) (0.154) (0.108)

L.CRASH −0.153∗∗∗ −0.154∗∗∗

(0.009) (0.009)

L.NCSKEW −0.102∗∗∗ −0.105∗∗∗

(0.009) (0.009)

L.DUVOL −0.108∗∗∗ −0.108∗∗∗

(0.009) (0.009)

L.ret 0.363 4.913∗∗∗ 3.543∗∗∗ 0.423 5.466∗∗∗ 3.870∗∗∗

(0.395) (0.844) (0.594) (0.407) (0.863) (0.610)

L.sigma −0.508∗∗∗ 0.146 0.299 −0.519∗∗∗ 0.104 0.297
(0.190) (0.446) (0.307) (0.192) (0.448) (0.310)

L.roa 0.661∗∗∗ 1.581∗∗∗ 0.894∗∗∗ 0.524∗∗ 1.468∗∗∗ 0.919∗∗∗

(0.207) (0.428) (0.296) (0.207) (0.439) (0.304)

L.level 0.053 −0.110∗ −0.104∗∗ 0.070∗∗ −0.083 −0.083∗∗

(0.033) (0.060) (0.041) (0.032) (0.059) (0.040)

L.size −0.000 0.000 0.000 −0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Fix effects:
Year dummy Yes Yes Yes Yes Yes Yes
Firm dummy Yes Yes Yes Yes Yes Yes
N 17,363 17,363 17,363 16,276 16,276 16,276
R2 0.041 0.066 0.072 0.037 0.064 0.070
,is table reports robust regression estimates of stock crash risk on the news coverage positive and negative sentiment indicators. Panel A is one year lag; panel
B is the same year; year and firm dummy variable are included; all control variables are included as lagged one year. Robust standard errors are reported in
parentheses. ,e labels ∗∗∗, ∗∗, and ∗ indicate 1%, 5%, and 10% levels of significance, respectively.
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Table 16: Robust test: quarterly crash risk for different future periods.

(1) (2) (3) (4) (5) (6) (7) (8)
CRASH CRASH CRASH CRASH CRASH CRASH CRASH CRASH

newPos2 −0.049
(0.038)

L.newPos2 0.096∗∗

(0.038)

L2.newPos2 0.084∗∗

(0.039)

L3.newPos2 0.025
(0.038)

newNeg2 −0.248∗∗∗

(0.035)

L.newNeg2 0.034
(0.033)

L2.newNeg2 −0.015
(0.035)

L3.newNeg2 0.027
(0.033)

L.CRASH −0.048∗∗∗ −0.049∗∗∗ −0.047∗∗∗ −0.047∗∗∗ −0.049∗∗∗ −0.049∗∗∗ −0.048∗∗∗ −0.045∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)

L.ret 1.921∗∗∗ 1.909∗∗∗ 2.445∗∗∗ 3.096∗∗∗ 1.837∗∗∗ 1.773∗∗∗ 2.562∗∗∗ 3.184∗∗∗

(0.447) (0.450) (0.502) (0.508) (0.457) (0.458) (0.505) (0.525)

L.sigma −1.686∗∗∗ −1.464∗∗∗ −2.182∗∗∗ −2.174∗∗∗ −1.780∗∗∗ −1.411∗∗∗ −1.931∗∗∗ −2.287∗∗∗

(0.237) (0.234) (0.259) (0.262) (0.239) (0.239) (0.263) (0.264)

L.roa −0.091∗∗ −0.123∗∗∗ −0.122∗∗∗ −0.121∗∗∗ −0.062 −0.124∗∗∗ −0.141∗∗∗ −0.118∗∗

(0.046) (0.046) (0.047) (0.046) (0.047) (0.046) (0.049) (0.047)

L.level −0.037∗∗ −0.034∗ −0.029∗ −0.018 −0.036∗∗ −0.045∗∗∗ −0.038∗∗ −0.029
(0.016) (0.018) (0.017) (0.019) (0.017) (0.017) (0.017) (0.018)

L.size 0.000 −0.000 0.000 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Fixed effects:
Quarter dummy Yes Yes Yes Yes Yes Yes Yes Yes
Firm dummy Yes Yes Yes Yes Yes Yes Yes Yes
N 58,530 58,530 58,530 58,530 59,748 59,748 59,748 59,748
R2 0.038 0.037 0.039 0.038 0.040 0.039 0.039 0.038
,is table reports robust regression estimates of stock crash risk on the news coverage sentiment indicators two stage OLS. Column (1) is the first stage.
Columns (2) to (4) are the second stage; year and firm dummy variable are included; all control variables are included as lagged one year. Robust standard
errors are reported in parentheses. ,e labels ∗∗∗, ∗∗, and ∗ indicate 1%, 5%, and 10% levels of significance, respectively.

Table 17: Robust test: two stages OLS regression.

First stage Second stage
(1) (2) (3) (4)

newsenti CRASH NCSKEW DUVOL

L.newSenti2 0.092∗∗ 0.994∗ 0.419∗

(0.045) (0.456) (0.246)

L.newSentiInd 0.494∗∗∗

(0.020)

L.newSentiPro 0.476∗∗∗

(0.037)
Controls Yes Yes Yes Yes
Cragg-Donald Wald F 185.966∗∗∗

Sargan chi (p) 0.121 (0.788) 0.004 (0.947) 0.254 (0.614)
N 16,845 16,845 16,845 16,845
R2 0.212 0.035 0.059 0.064
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5.3.1. Information Intermediation. Insiders have informa-
tion that is not yet publicly available, which can be used to
judge the value of the firm and predict future firm per-
formance [34]. Insider sell-off behavior is positively asso-
ciated with stock price crash risk [35].,e insider’s choice to
sell stocks sends negative signals to outside investors,
thereby raising the probability of a future crash risk. Fur-
thermore, the more overpriced a stock is, the greater the
chance of a crash.

We thus divide the total sample into two subsamples,
lower and higher groups, based on 30% and 70% quartiles of
insiders’ net stock sales, respectively. ,e regression results
for various groups are shown in Table 8. ,e coefficients of
the high net selling subgroups are significant, whereas those
coefficients of the low net selling subgroups are insignificant.
,us, insiders sell more stocks, thereby amplifying the
impact of media sentiment on the risk of a future stock price
crash, confirming H3a.

We examine the quality of firm disclosure to determine if
it wouldmitigate the bubble created bymedia and reduce the

risk of a stock price crash. We followed the method of Kim
and Verrecchia [43] (KV index) to measure the quality of
information disclosure. ,e higher the KV index, the lower
the quality of the information disclosure of listed firms.

We again divide the total sample into two subsamples
based on the 30% and 70% quartiles of the KV index into
lower and higher groups. ,e regression results for the
different groups are presented in Table 9. ,e coefficients of
the lower disclosure group are significant, whereas those
coefficients of the higher disclosure group are insignificant.
,us, the effect of news coverage on the risk of a future stock
price crash is significantly enhanced in firms with poor
disclosure. Meanwhile, the effect of media sentiment was
significantly weaker when the quality of firm disclosure is
high. ,us, H3b is supported.

Next, we examine the Hypothesis H3c. Follow He et al.
[35], we calculate the analysts coverage as the number of
analysts forecast over the past three years. ,en, we divide
the total sample into two subsamples: lower coverage and
higher coverage groups, according to 30% and 70% quantiles
of analysts’ coverage to firms. Table 10 presents the re-
gression results.

,e coefficients of the low analyst coverage groups are
significant, indicating that positive media coverage in the
previous year increases the future stock price crash risk of
firms with lower analyst coverage. ,e coefficients of the
high analyst coverage groups are insignificant, and the
impact of news coverage on stock price crash risk is at-
tenuated. ,us, news coverage sentiment has a stronger
impact on stock price crash risk when analysts pay less
attention to a firm, supporting H3c.

5.3.2. Investor Sentiment. In exploring the investor senti-
ment channel, we investigate whether an increase in number
of retail investors could increase the emotional impact of the
media. Table 11 shows the regression results for different
groups, divided into low and high groups based on 30% and
70% quartiles of institutional holding.

,e coefficients for the low institutional holding sub-
groups are significant, whereas those coefficients for the high
institutional holding subgroups are insignificant. ,e
findings suggest that as retail investors increase their
holdings, they tend to behave more irrationally, thereby
amplifying the emotional tendency of media sentiment. Our
results support H4a.

We consider direct proxy variables for investor senti-
ment and construct investor sentiment indicators according
to Rhodes-Kropf et al. [44], dividing the total sample into
pessimistic and optimistic groups based on 30% and 70%
quartiles of investor sentiment. ,e regression results for
different groups are shown in Table 12. ,e coefficients for
the pessimistic subgroups are insignificant, whereas those
coefficients for the optimistic subgroups are significant. ,e
findings suggest that optimistic investor sentiment, which
increases the likelihood that the current stock price is
overvalued, increases the impact of news coverage on future
crash risk, supporting H4b.

Table 23: Robust test: regression of adding analyst and media
coverage sentiment crossterms.

(1) (2) (3)
CRASH NCSKEW DUVOL

L.newSenti2 0.238∗∗ 0.618∗∗ 0.336∗

(0.117) (0.269) (0.185)

L.anaSenti 0.035∗∗∗ 0.061∗∗∗ 0.050∗∗∗

(0.011) (0.023) (0.016)

L.newSenti2#L.anaSenti −0.121∗∗ −0.424∗ −0.186∗

(0.057) (0.235) (0.105)

L.CRASH −0.150∗∗∗

(0.009)

L.NCSKEW −0.099∗∗∗

(0.009)

L.DUVOL −0.108∗∗∗

(0.009)

L.ret 0.933∗∗ 8.405∗∗∗ 5.992∗∗∗

(0.406) (0.839) (0.584)

L.sigma 0.528∗∗∗ 0.664∗∗∗ 0.953∗∗∗

(0.198) (0.144) (0.303)

L.roa 0.377∗ 1.260∗∗∗ 0.688∗∗

(0.217) (0.453) (0.308)

L.level 0.014 −0.146∗∗ −0.112∗∗∗

(0.034) (0.060) (0.039)

L.size 0.000 0.000∗∗ 0.000
(0.000) (0.000) (0.000)

Fixed effects:
Year dummy Yes Yes Yes
Firm dummy Yes Yes Yes
N 16,829 16,829 16,829
R2 0.039 0.066 0.072
,is table reports robust panel estimates of stock crash risk on the in-
teraction between the news coverage sentiment and the analysis report
sentiment.,e dependent variables in columns (1), (2), and (3) are CRASH,
NCSKEW, and DUVOL, respectively. All control variables are included as
lagged one year. Robust standard errors are reported in parentheses. ,e
labels ∗∗∗, ∗∗, and ∗ indicate 1%, 5%, and 10% levels of significance,
respectively.
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To investigate whether disagreement between profes-
sional analysts and retail investors also enhances the risk of a
stock price crash, we add the cross-term of analysts’ sen-
timent and media sentiment into the regression (Table 13).

,e proxy variable used in this study to represent
consistency and disagreement is the crossterm of analysts
and news sentiment. When there are significant differences
between the two opinions, often one is less than 0 and the
other is greater than 0, so the cross-term is negative and
represents the differences in opinions. Conversely, the two
types of views have the same symbol and positive multi-
plication, implying that they are consistent.

,e results of the regression are reported in Table 13.,e
results demonstrate the impact of analyst-rated sentiment on
future stock price crash risk.,e coefficient of the cross-term
is negative, consistent with our theoretical hypothesis that
the future stock price crash risk decreases when media
sentiment and analyst sentiments are consistent, and in-
creases otherwise. ,e regression results show that diver-
gence of opinions in the market could increase media
sentiment tendencies, thereby supporting H4c.

5.4.RobustTest. newSentinewSenti2 To test the robustness of
the indicators, we replace the main explanatory variable of
the previous regression (newSenti), which is the weighted
average of news sentiment, with an equally weighted average
(newSenti2) and repeat the previous regressions. ,e results
are shown in Tables 14––23 and are consistent with those in
the previous contents.

,is table reports robust regression estimates of quar-
terly stock crash risk on the news coverage positive and
negative sentiment indicators. Columns (1) to (4) are pos-
itive indicators. Columns (5) to (8) are negative indicators;
quarter and firm dummy variable are included; all control
variables are included as lagged one year. Robust standard
errors are reported in parentheses.,e labels ∗∗∗, ∗∗, and ∗
indicate 1%, 5%, and 10% levels of significance, respectively.

6. Conclusions

We construct a deep learning model of stock news sentiment
recognition based on the advanced approach of financial
knowledge dictionary and NLP (BERT-based pretraining)
technology. We use this model to calculate the sentiment
indicators of all stocks from 2011 to 2020. Subsequently, we
analyze the impact of media sentiment on future stock price
crash risk and its heterogeneity.

We find that average media sentiment exacerbates the
risk of future stock price crashes. ,e heterogeneity results
indicate that positive coverage significantly increases future
stock price crash risk, whereas negative coverage has a
limited effect. However, negative coverage is highly corre-
lated with current stock price crash risk. We also investigate
the information intermediation and investor sentiment
channels by which media sentiment affects the risk of a
crash. ,e results show that more net insider sales, lower
information transparency, and less analyst coverage amplify
the impact of media sentiment on future crash risk, which is

consistent with the information intermediation channel.
Additionally, more retail investor positions, more active
investor sentiment, and divergence between analysts’
opinions and news amplify the impact of news sentiment on
the risk of a future stock price crash, which is consistent with
the investor sentiment channel.

Our finding that positive media sentiment can lead to an
extreme outcome in the stock market is useful for both
regulators and investors. Our examination of the impact of
media sentiment on the future stock price crash risk adopted
both behavioral finance and information economics per-
spectives, and revealed that investors’ irrational and ex-
cessive optimism could be a major cause of stock price
bubbles and crashes in China’s stock market, which is
dominated by retail investors who are restricted from short
selling.

In terms of research methodology, our study combined
advanced deep learning and dictionary methods, fully uti-
lizing computer performance and intelligence to signifi-
cantly improve the recognition accuracy and efficiency of
massive amounts of sentiment data. To the best of our
knowledge, we are the first to combine deep learning and
dictionary methods for sentiment analysis in finance,
thereby broadening the scope of sentiment analysis methods
in finance.
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