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Abstract

This article applies natural language processing (NLP) to extract and quantify textual information
to predict stock performance. Using an extensive dataset of Chinese analyst reports and employing
a customized BERT deep learning model for Chinese text, this study categorizes the sentiment of
the reports as positive, neutral, or negative. The findings underscore the predictive capacity of this
sentiment indicator for stock volatility, excess returns, and trading volume. Specifically, analyst
reports with strong positive sentiment will increase excess return and intraday volatility, and vice
versa, reports with strong negative sentiment also increase volatility and trading volume, but decrease
future excess return. The magnitude of this effect is greater for positive sentiment reports than for
negative sentiment reports. This article contributes to the empirical literature on sentiment analysis

and the response of the stock market to news in the Chinese stock market.
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1 Introduction

In the era of information, text plays a crucial role in shaping financial market behavior, as it serves as a
medium of communication, conveying thoughts, emotions, and experiences. Investors and analysts rely
on various text sources, including news, social media, and professional reports, to gather information
and make informed financial decisions. As a result, the impact of textual information on the financial
sector has gained significant attention, leading to the emergence of a cross-disciplinary research field that
combines Natural Language Processing (NLP) with financial analysis for the evaluation of securities.
The analysis of text reports for investment decision making poses several challenges. First, these

reports are typically written objectively and unemotionally, making it difficult to extract sentiment and
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provide clear investment advice. Overcoming this challenge requires finding effective methods to accu-
rately identify the emotions conveyed in reports. Second, research reports could have a bias toward
presenting a positive outlook for companies, particularly on the Chinese market due to incentives and
market conditions (see [Wu et al.| (2018)). Therefore, distinguishing a real positive sentiment or a rather
negative sentiment from a large number of reports becomes difficult, as it necessitates information on the
analyst to control for her incentives. Lastly, evaluating the validity of information in research reports is
another challenge, considering that data can be sensitive to time and quickly become outdated. To make
informed investment decisions, investors need ways to assess the accuracy and relevance of the data in
the report articles.

In light of these challenges, this study aims to quantitatively extract sentiment from investment
recommendation reports on the Chinese stock market and examine the impact of these sentiments on
stock performance. Specifically, we investigate whether the sentiments expressed in the reports influence
future excess returns, volatility, and trading volume. To achieve this objective, we employ the BERT
(Bidirectional Encoder Representations from Transformers ) language model to analyze sentiment in a
dataset comprising 62735 Chinese financial analyst reports. Then we establish a relationship between the
sentiment expressed in the reports and the behavior of the stocks with regression analysis. Our findings
indicate several notable insights. First, we observe a positive relationship between the sentiment scores
of the research reports and the excess returns of the stocks the next day. Additionally, strong sentiment,
both negative and positive, leads to increased intraday volatility of stocks the following day. Furthermore,
we find that strong positive sentiment is associated with higher trading volume on the next day, whereas
the same effect is not necessarily observed for negative sentiment.

Our work uses a new dataset of collected analysts’ reports that, to the best of our knowledge, have
never been collected and used before in scholarly research. Similarly as in other research work, it uses
a deep learning model to extract sentiment from text. Our contribution consists in providing empirical
evidence of sentiment effects arising from analyst reports and impacting stock market performance in
China. Although the impact of implied sentiment measures derived from different methodologies has
been applied to study its effect on the Chinese financial market such as in [Wu et al.| (2018) or in [Liang
et al.| (2020), this work is the first, to our knowledge, that uses a language model to train and predict
sentiment in a text corpus and investigate its effect on the performance of the Chinese financial market.
The impact of direct investment recommendation by Chinese analyst has been studied |Jiang et al.| (2014)
finding significant investment performance effects of these recommendations. Our work uses a more
extensive dataset and provides additional empirical evidence of information content of analysts’ reports.

Our findings shed light on the importance of sentiment analysis in the financial domain and provide
valuable implications for investment decision-making. The remaining structure of the article is as follows.
Section [ reviews the research literature on sentiment analysis and NLP application in finance. Section
introduces our methodology for the analysis of sentiment and regression models. Section [f] contains the

results of the analysis. Finally, Section [5| concludes our work.



2 Literature Review

With the emergence of social networks and the availability of social media data, a strand of research
studies the impact of the publication of social media text on market performance. Initially, they focused
on simple, easily accessible news and commentary from social networks. For example, [Tetlock| (2007)) uses
factor and regression analysis on data from the General Inquirer program and Dow Jones Newswires to
construct a ”pessimism factor” from media content and concluded that high levels of media pessimism
predict temporary decreases in market returns and increased trading volumes, suggesting a link between
media content and investor sentiment. Bollen et al.| (2011 use mood tracking tools, named OpinionFinder
and Google-Profile of Mood States, to analyze whether the text content of the daily Twitter feeds is
correlated with the value of the Dow Jones Industrial Average (DJIA) and find significant predictive
results. More recently, [Zeitun et al. (2023)) reveal that Twitter-based sentiment influences the returns of
various US sectors differently and the aggregate S&P 500, and Xu et al.| (2023)) investigate the impact
of the COVID-19 pandemic in the United States on stock market reactions to market and individual
company news and find that the pandemic causes investors to overly focus on macro news while neglecting
micro details, leading to increased stock reactions to market news and subdued responses to firm-specific
news during the pandemic. |Audrino et al.| (2020) find predictability of other performance measures such
as stock volatility due to the sentiment effect by conducting experiments with an extensive data set of
financial news.

Although these opinionated texts and short news can impact the market due to the uneven quality of
the information they contain, research has begun to shift toward more professional reports. In a review,
Brauer and Wiersema| (2018]) argued that financial analysts with professional knowledge can present
market information in a more concentrated form through reports and impact equity in more significant
ways. [Huang et al.| (2018]) believe that analysts play the role of information intermediary by discovering
information beyond corporate news releases. Such textual information is often more valuable and can
better guide investment companies in responding to market changes. Therefore, people have started
studying the impact of analyst behavior and the content of their reports on the market. For example,
Asquith et al.| (2005) investigates the association between market returns and the content of security
analyst reports, and the results suggest that the market reaction is influenced by the strength of the
arguments in the analyst report and the affiliation of the analyst’s brokerage firm.

Other studies focus on the impact of market sentiment instead of specific sentiment in financial text.
In these studies, Baker and Wurgler| (2006]) use six different features to construct an investor sentiment
index (BW index) and suggest that when sentiment is estimated to be high, stocks tend to earn relatively
low subsequent returns. [Stambaugh et al.| (2012)) apply the BW index and find that there are market-wide
variations in investor sentiment, such as overpricing that can occur for specific stocks during periods of
high sentiment. Based on the BW index, [Huang et al.| (2015|) develop an aligned sentiment index and
their findings suggest that high sentiment causes overvaluation of the aggregate stock market, leading to
a low future market return. |Ashour et al.| (2023)) also use indices obtained as the principal component of

other economic indicators. In these studies, market sentiment is a predominantly highly significant factor



in stock performance. Our article is more related to the previous group in the sense that we analyze the
sentiment content of financial analyst recommendation reports to the performance of individual stocks.

In the area of accounting and financial statement analysis, NLP methods have been widely studied.
Lewis and Young| (2019) conducted a review of NLP applications in financial market research. They
identified corporate governance, accounting report verification, and risk management as the main areas
where NLP has been applied. Many studies focus on the effects of earnings announcements, such as
Beaver et al.| (2018) who find that the information content of earnings announcement reports has a
variety of impacts to different types of companies and |Ardia et al.|(2022) who conduct a tone-based event
study and find that the abnormal tone in media articles helps explain price reactions around an earnings
announcement and predicts subsequent price dynamics in the 20 days following the event, and they
conclude that the media provides additional information not included in the information from earnings
press releases and earnings calls.

Most of the related empirical literature reports significant investor reactions to analyst reports. For
example, Howe et al.[(2009)) uses more than 350,000 analyst recommendations to examine the predictive
content of the aggregate analyst recommendations and finds that they contain market- and industry-
level information about future returns and earnings. |[Asquith et al. (2005) analyzed a sample of 1,126
reports written by 56 different analysts. The study included variables such as the percentage change in
the analyst’s projected earnings forecast and the price target for a particular firm at a given time. The
study also looked at information announcements, such as earnings announcements, dividend changes,
and management changes, that occurred within a certain time frame around the release of the analyst
report. Based on 363,952 analyst reports, Huang et al.| (2014)) find that investors react more strongly to
negative than positive texts, suggesting that analysts are important in declaring negative information.
On the other hand, Loh| (2010)) finds that investors do not react to stock recommendations and suggests
investor inattention as the reason.

Most of the research discussed so far uses financial data and reports from the US market. In the
analysis of investors reactions to analyst reports there are regional differences based on the market
environment. For example, Hsieh and Lee| (2021) examined how different types of investors in the Taiwan
market react to information from securities analyst reports. Foreign institutions and domestic mutual
funds are the primary users of analyst reports, and their buy-sell imbalances move in tandem with analyst
signals and significantly explain the size of cumulative abnormal returns across incidents of analyst report
releases. For the Australian market, [Kim et al.| (2021)) investigate the role of analysts in the information
environment of the market. They find that the presence of a larger number of analysts covering a firm is
associated with a lower level of information asymmetry and a higher level of price informativeness.

In mainland China, research on text analysis and the impact of those on the financial market is not
very widespread. |[Huang et al| (2020) review research in this area and conclude that this is still in a
starting stage. |[Huang and Li| (2021) formulate different types of sentiment through text data, stock
prices, and model estimates of financial volatility, and they find that the text-based sentiment index
has the strongest correlation with the stock market. [Jiang et al. (2014) study abnormal performance in

the Chinese stock market from analyst recommendation revisions, and, similarly, |Jia et al.| (2017) study



the reaction of prices to analyst recommendations in the mainland and Hong Kong markets, and find
a different price sensitivity to local and foreign analysts. However, both articles do not use a language
model to extract the analyst’s recommendation sentiment. In terms of methodology and data, the paper
of Liang et al.| (2022) is the most similar to ours, since it applies a deep learning model (LSTM) to extract
textual tones from analyst reports written in Chinese. The research employs scraped website data that,
unlike the data in our study, are likely not written by professional financial analysts. Furthermore, our
study uses a state-of-the-art deep learning architecture to train sentiment from text data.

In relation to the model used for natural language processing, the BERT (Bidirectional Encoder
Representations from Transformers) is currently the most popular model for classification of text articles.
The model architecture was first proposed by a team of Google researchers in the paper [Devlin et al.
(2018). The model has been pre-trained on a large amount of text data. It can understand complex
patterns in language and can be used for various NLP tasks such as sentiment analysis, entity recognition,
and question-answering systems, among others. Recently, this and subsequent BERT models have been
used in financial market research. For example, Man et al. (2020) apply the BERT model to conduct
sentiment analysis in financial news. Their results can guide stock trading based on positive, negative
and neutral sentiments. [Li et al.| (2021]) also adopted the BERT for sentiment analysis model in Chinese
stock reviews. They focus on a different architecture based on fully connected layers and find reliable

classification accuracy.

3 Methodology

3.1 BERT Model Training

The language model we use is the Chinese pre-trained BERT model developed jointly by Harbin Institute
of Technology (HIT) and Microsoft Research Asia (MSRA) described in |Cui et al.| (2021)). It is officially
called Chinese BERT with Whole-Word Masking, abbreviated as “Chinese BERT-wwm”. This model
is based on the original BERT model (Devlin et al.| (2018)) and adopts the full-word masking strategy
during pre-training. Unlike the original BERT model, Chinese BERT-wwm masks the entire word as
a whole during pre-training, instead of randomly masking a character within the word. This approach
is more suitable for the characteristics of the Chinese language and allows better capturing of semantic
information in Chinese words.

The “Chinese BERT-wwm” with its original architecture, weights, and vocabulary is fine-tuned with
our data set of financial analyst reports for sentiment classification. The final prediction layer is a softmax
function:

sent; = softmax(hW + b) (1)

where sent; is the sentiment for a text report ¢ and has three classes: positive, neutral or negative. The
linear transformation hWW + b is a projection of the vocabulary space h with weights W and bias b that
are fine-tuned. This fine-tuning process is computationally relatively inexpensive, as it requires a few

hours on GPU.



For the fine-tuning process, we need labeled training data. Because of challenges and subjectivity in
labeling sentiment discussed previously, we adopt an automated labeling process based on the industrial
excess return for each stock in a 3 days horizon around the report release date. Specifically, for each
report, we identify the stock (or stocks if the report is related to multiple stocks) and the date this report
is released. Then, we compute the industrial excess return of the stock in 3 days (a day before the release,
the day of the release and the day after the release) and compute their average excess return:

1
1
R{% = 3 Z (rit — Tindt) - (2)

t=—1

Given the average industrial excess return for each stock, we choose three possible labels: Pos; ¢,
Neutral; y, Neg; . Labeling is obtained by pooling all excess returns in the eq. and ranking them.
If an excess return ranks at the top 30% among all samples, we consider the corresponding text for the
stock ¢ and released on day ¢ to express a positive outlook (Pos;; = 1). Similarly, if the excess return is
in the bottom 30% among all samples, we consider the corresponding text expressing a negative outlook
(Neg;; = 1), and if the excess return is placed in the middle 40%, then we label it as reports of neutral
text. Figure[l]illustrates the workflow for assigning the class label to the training data and the prediction

of the sentiment scores based on the test data.
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Figure 1: Labeling and Prediction of Sentiment

The rationale for this automated labeling is that the analyst in the report observes the immediate
performance of the stock compared to its competitors in the industry and may have insight into future
returns that are expressed in the opinion piece. Moreover, because all opinion pieces could be biased
toward expressing positive sentiments, we adjust this by ranking them, and through this, we derive
a balanced sample of positive and negative pieces. We consider this sentiment labeling as merely an
indicator rather than a precise quantification of the positivity or negativity expressed in the language.
This is a task that cannot be accomplished precisely.

As this automated labeling process is performed on a training dataset, even if within this dataset

the language model is forward-looking, the main predictive results of the paper do not suffer from this



forward-looking problem as the language model is applied on a test dataset to generate predicted values
of sentiment that are positioned into the future relative to the training dataset.

The language model predicts the probability of classification in each category such that the sum of
probabilities of the three categories is one. We treat these probabilities as the intensity of sentiment for
each text in each of the three categories. For example, a possible outcome of the prediction is 15\051-,,5 = 0.8,
N@ali,t =0.1and ]Ve\gm = 0.1. We use the two predicted variables Igo\sm and ZVe\gi)t in the subsequent

regression analysis.

3.2 Regression Model

To analyze the effects created by the text publication, we focus mainly on analyzing the impact of
sentiment in the research reports on three variables: industrial excess returns, trading volume difference,
and intraday volatility following the report’s release date. By focusing on those measures, we assume
that the analyst reports may not only have predictive power, but also have a causal effect on the stock
performance. The contents and remarks contained in those research reports can alter the perception of
the market.

Further, we focus on the day-after effect of the sentiment in the analyst’s report to the stock perfor-
mance, considering the fact that a liquid and efficient market will promptly react to new information.
However, this does not rule out longer-term effects, so we control for past values of performance metrics
to capture memory effects as in an auto-regressive process.

The three performance metrics are defined as follows. The industrial excess returns of stock ¢ in day
t is:

Retffg = Reti’t — Retind’t (3)

where Ret; ; is the daily log-return of the stock ¢ in day ¢ and Ret;pq+ is the log return of the industry
index which the stock belongs to. If the research report text is classified as positive, it should provide
additional motivation for investors, thereby resulting in the stock generating excess returns the following
day. We only consider the following day because information typically has a time-sensitive nature.

The difference of trading volume is:

Volume;
Avolume; ; = In ( oumeit ) (4)

Volume; (;—0,t—1)

where Volume; 41 is the trading volume of the stock i for the day ¢ and Volume; ;_go—1) is the average
daily trading volume of the stock over the past 60 days. A positive research report may increase long
positions and thus the trading volume, and a negative research report may also increase short positions,
thus the trading volume. However, it is important to note that in the Chinese stock market, short selling
is subject to strict limitations; therefore, the volume change may have an asymmetric effect on positive
and negative reports.

For intraday volatility, we use the range-based volatility measure that is robust to noise as reviewed

by [Shu and Zhang] (2006). This measure was first introduced by |Garman and Klass| (1980) as a model



based intra-day volatility estimate from high, low, open and close prices of the trading day:
range; ; = 0.511(u — d)? — 0.019¢(u + d) — 2ud — 0.383¢2. (5)

The coefficient estimates are the same as the original article of (Garman and Klass| (1980) and the variables
u, d, and ¢ have values that are specific for each stock ¢ and day ¢ (the subscript ¢, ¢ is omitted for simplicity

of notation) and are computed according to [Zhang et al.| (2016):

u = log(pf,) — log(p?y) (6)
d = log(pl,) — log(p2y) (7)
c = log(p$,) — log(py,) (8)

where pft, piL,t, pgt, pft are the daily highest, lowest, opening and closing stock prices, respectively for
each stock.

Following the first stage of prediction with the language model, we obtain the variables ﬁ&sm and
]\/fe\gi,t that represent the probability that the report is optimistic and pessimistic, respectively. We focus
on those two measures and drop the third neutral measure since the sum of the three variables is one at

any time ¢t. Therefore, we run the following pooled regressions:

Range; = Bo + B1P0s; -1 + B2Neg; ;1 + BsRange; 11 + BaReti; 4
+ BsAvolume; 11 + X + &1
Ret{y = o + B1Pos; 11+ B2Neg; ;1 + BsRange; 11 + BaReti:_

= (10)
+ BsAvolume; 11 +0X + €41

Avolume; s = By + 1 Posi—1 + ﬁ2ﬁ€\9i,t_1 + B3Range; -1 + BaRet 4 )
+ BsAvolume; 11 + X + €it—1
The parameters Sy, 51, B2, 83, B4 and 6 take different values among the regressions @ - (for simplicity
we keep the same notation) and the €; ;1 are independently distributed.

The vector of parameters g is associated with control variables X , given by the changes in the VIX
index and the returns of three key indices in the Chinese market and the number of times the company 4
has been cited in the text corpus in previous periods. We use these variables to control the influence of
investor sentiment, Chinese market conditions, and firm-specific factors on the regression results.

In summary, with the regression analysis, we focus on three main questions:

e Does sentiment score significantly affect Range-Based Volatility? In our hypothesis, both positive
and negative sentiment scores would lead to an increase in Range-Based Volatility because intense

sentiment would attract more attention to the stock, resulting in increased daily volatility.

e Does sentiment score significantly impact the Industrial Excess Return of the following day? If the

sentiment score is positive, it should signal the release of positive information, increasing investors’



confidence, and leading to higher excess returns the next day. Conversely, if the sentiment score is

negative, the effect would be the opposite.

e Does the sentiment score significantly affect the volume change on the following day? As for stock
volatility, positive and negative sentiments would generate pressure for, respectively, long and short

positions, thus increasing trading volume.

To address these questions, we tested the significance of beta coefficients in regressions (9{L1)). In

addition, we provide robustness analysis in the following sessions.

4 Results

4.1 Data Source and Data Processing

Our research data are sourced from the commercial financial data platform “WIND”, which is one of the
most popular financial databases in mainland China used by practitioners and researchers. (For reference,
see herel) The text corpus is manually collected over an extended period of time by searching for all
published analyst reports and saving the abstract of the article, the release date, and the stock code. It
consists of all research reports published by the data platform and made available for scholarly use in
the period between March 2017 and February 2023. This data set consists of reports from professional
analysts and each report piece is an extensive article. These financial analysts are affiliated with various
financial institutions, and their articles may be published elsewhere, for example, on the website or on
social media pages of the institution the analyst is affiliated with. As we manually collect the data in a
text corpus, we are not aware of any other research paper that makes use of this or part of this dataset.

We take data from 30 March 2017 to 1 March 2022 as our training data for the BERT language model.
It consists of a total of 62735 records. The test set is made up of data related to the period March 2022
and February 2023 and includes a total of 11101 records. Overall, the 73836 text articles are relative to
2506 stocks recommended over 5 years. The number of covered stocks is about half of all stocks listed on
the Shanghai and Shenzhen stock exchanges. The purpose of dividing the data sample into training and
testing sets is two-fold. First, it is used to fine-tune the BERT model with our financial dataset. This
is critical, as the vocabulary and weights in the pre-trained Chinese BERT model are not specifically
fine-tuned for financial reports. Second, the impact of text sentiment on stock performance is assessed in
the test data set. Because within the training dataset, the sentiment labeling process is forward-looking,
we use the test dataset that is positioned into the future to evaluate the impact of the BERT sentiment
prediction on stock performance and liquidity, thus avoiding endogeneity problems that could have arisen
with the labeling of sentiment based on excess returns.

We process the text data by extracting relevant fields and complementing them with additional
information. Furthermore, we performed a pre-processing on the text, by removing irrelevant symbols
and spaces. Also, because many reports contain standardized financial risk warnings at the end of the
research abstract (these risk warnings often do not represent the analyst’s viewpoint, and the inclusion of

them is due to industry compliance), we also removed this part of the information that could affect the
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quality of the text. An example of cleaned text data is presented in Table[I} The title and abstract of the
financial report is included as input to the BERT model. In the example, the report text is relative to
a specific stock i at time ¢. Also, despite the analyst concluding giving a rating of ”outperformance” at
the end of his report, this text is labeled as negative sentiment because in the 3 days around the release
day the industrial excess return of this stock is negative and ranked low compared to the whole pool of
industry excess returns.

For each financial report, corresponding to the pairs (i,t), we complement with additional data as
summarized in Table[2] We download and merge information related to stock prices, stock trading volume,
and industrial returns, and further obtain information related to the return of the Shanghai Composite
Index (SSFE:_1), the return of the Shenzhen Composite Index (SZSFE;_1), the return of the Shanghai
High Cap Index (CSI500;_;1) and the change in the VIX index (VIX;_1). Furthermore, based on the
reporting time, we calculate the corresponding industrial excess returns (Retfft_l, Retffi), changes in
trading volume (Avolume; _1, Avolume; ;) and range-based volatility (Range; —1, Range; ;) described
in Section [3] Finally, we count the number of recommendations that a stock has received in our dataset

in the previous three months (Num; ;_go—1)) and the previous week (Num; ;—7,:—1))-

4.2 Sentiment Analysis

We present the sentiment scores predicted by the NLP model. Given that the sentiment in the training
sample is labeled in a balanced proportion between positive, negative, and neutral, since they are based
on the excess return ranking, we expect that the average sentiment for all stocks in the test sample is
also balanced between positive, negative, and neutral scores. In Figure |2 the average sentiment scores
among all stocks are shown for each day for the test sample relative to the period from March 2022 to
February 2023. On each day, the sum of positive, neutral, and negative scores is equal to one. Thus, this
average score can be interpreted as the market sentiment as conveyed by the analyst reports.

Overall, we observe a general trend of the average sentiment score fluctuating around 0.3 and 0.4
for all classes throughout the year. Because we provided balanced label classes, the predicted market
sentiment is also not significantly more pronounced toward a specific class. However, on certain days,
emotions can be particularly high or low, reaching peaks of 0.8 and nadirs of 0. For example, negative
sentiment was particularly high on certain days of September 2022 coinciding with a general market
decline, and on late December 2022 and early January 2023, coinciding with widespread mass COVID

3

infection in mainland China On the other hand, in late November 2022, China’s relaxation of the “zero

COVID* policy may have caused a spike in average positive sentiment.
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Figure 2: Predicted Average Daily Sentiment Score

4.3 Regression Results

We present the main results of the regression analysis. The sentiment of analyst reports estimated with
the language model is statistically and economically significant for the day after market performance
measured as daily volatility, daily industrial excess return, and daily trading volume of the stock. Thus,
our result confirms the objective of this study. The results of the regression are reported in Table

First, in terms of range-based volatility, the results confirm the hypothesis that both positive and
negative sentiment scores lead to an increase in next day volatility. This result is highly statistically
significant. This volatility measure represents intraday fluctuations in stock prices and, in terms of
scale, is comparable with daily stock variance. A unit impact of positive sentiment of 0.065 and a unit
impact of negative sentiment if 0.044 are highly significant economically, since this magnitude represents
approximately 2-4 times the average value of this measure. Stock volatility may increase for many reasons.
We control for some of those reasons, such as the number of citations the stock received in the past and
the volatility memory that is highly persistent, as represented by the estimated coefficient associated with
Ranges—1

The results of range-based volatility infer an asymmetric effect between positive sentiment and neg-
ative sentiment. Positive sentiment has a greater magnitude of effect on future volatility than negative
sentiment, as the value of the coefficient associated with Pos;_; is approximately double the value of the

coefficient associated with Neg,_1. This result seems to contradict the traditional volatility asymmetry

effect such as that presented by early studies such as|Bekaert and Wul (2000), in which negative news has

a greater effect on stock volatility compared to positive news. Instead, this result is consistent with the

"reverse” volatility asymmetry effect presented by [Wan et al| (2014) for the Chinese market, in which

positive returns have a greater effect with respect to negative returns to future volatility. We also believe
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that due to short-sale restrictions in the Chinese market, the market dynamics due to negative news
could be less pronounced compared to those due to positive news.

Our second hypothesis is about the impact of sentiment on the excess returns on the next day. Reports
with positive sentiment should increase investors’ confidence, thus leading to higher excess returns, and,
conversely, reports with negative sentiment should generate the opposite effect. The regression results of
Ret®® confirm this hypothesis. The coefficient associated with ﬁast,l and ]Ve\gt_1 is highly statistically
and economically significant. A unit of estimated sentiment has a partial effect in the magnitude of
about 0.064 on the daily excess return rate. As the sentiment score ranges between 0 and 1 this means
that absolutely positive reports have an estimated 6.4% impact on future excess returns, while absolutely
negative reports have about the opposite effect of —6.5%. This represents an extreme as absolutely
positive or negative sentiment is rarely estimated in the data, and the linear regression model weights
more on the most frequent values for the sentiment score, which is about 0.3 for both positive and negative
sentiments.

Our third hypothesis is about the impact of sentiment on the next-day change in volume. Similarly,
as for stock volatility, both positive and negative sentiment reports should increase stock volume due to
increased pressure from long and short positions. We find that, while positive sentiment has a statistically
and economically significant effect, the effect of negative sentiment on volume change is much less signif-
icant. In the regression of Avolume, the coefficient associated with ]Ve\gt_1 compared to that associated
with 15;%,1 is negligible. The significance test for the former coefficient does not pass at the level 0.01.
We interpret this asymmetric effect as the asymmetric effect on the volatility of the stock, as studied in
Wan et al.| (2014). Also, in the Chinese market only certain professional investors can short-sell and with
controlled volume limits. Therefore, we believe that these short-selling restrictions may lead to a less
pronounced effect for negative-sentiment reports. It is also possible that negative sentiment has less of
an impact on future volume compared to positive sentiment due to behavioral and socioeconomic factors.
Retail investors make up the majority of the market, and China has seen an extraordinary increase in
private wealth, leading to a dominant sentiment of optimism and excitement among these investors. As
a result, Chinese investors are less sensitive to negative news than to positive news. We reserve this

argument for further research.

4.4 Robustness Check: Performance by Industry

As a robustness check, we split the entire dataset into 16 subsets based on industries and perform the
same regressions @ - on each of these subsets. This allows us to identify the impact of potential
outliers, such as specific stocks that exhibit a strong sensitivity to estimated sentiment and may be driving
the overall results. When industry regressions are run, only the results of the respective industry would
be affected by these extreme values.

Furthermore, by examining the effect of sentiment on stock performance within each industry, we
investigate industry-specific effects that are important in the Chinese market. Certain sectors, such as
the banking industry, have a high concentration of Chinese state-owned companies. We hypothesize that

these sectors are less responsive to sentiment effects due to the significant role government control plays

12



in stabilizing market performance.

The results of the regression analysis of the performance of the sentiment of the stock for each of
the 15 industries sectors are presented in Table |5t Only the coefficient associated with F(Ist_l and with
]Ve\gt_l are reported for each of the performance metrics Range, Ret®® and Avolume.

The results of this analysis are mixed. In general, we confirm the main empirical findings of significant
impact of the sentiment of the report on the performance metrics of the stock market, but with some
exceptions. The range-based volatility analysis (Range) is the most robust, with seven industry subsets
producing significant results, which consist of our previous analysis. For the industrial excess return
(Ret®™), five subsets of industries show significant results according to the main results. Finally, for the
difference in the trading volume (Awvolume), only one subset of industries exhibits weakly significant
results according to the main predictions.

The lack of significant results may be influenced by the smaller size of the industry data set. The whole
test dataset has about 11 thousand text reports, but for some industries only a few hundreads of citations
are present and are relative to a dozen stocks each. For example, “Consumer Service” and “Media” are
sectors with the smallest sample size with insignificant results. Table 4] presents the distribution of
analyst reports on stocks by different industries. There are sectors with a relatively high number of
recommendations, such as “BioTech” and “Capital Goods”, but with a not significant sensitivity to
market sentiment. An explanation for this is the hypothesis that some sectors are less sensitive to market
news because of government control.

On the contradictory side, we have the results in the industries “Transport® that have an opposite
coefficient sign, specifically for the sentiment effect in regressions on Range. The main reason could be
the limit of the size of the subset. Since we only have 270 samples in this industry, and a few outliers are
driving opposite results.

The asymmetry in (range) volatility to sentiment and volume change to sentiment is confirmed in
this industry-based analysis. Although some of the results are not statistically significant, for significant

industries, this effect persists.

4.5 Robustness Check: Manual Labeling and Statistical Tests

To further validate our main results, we run statistical tests for the difference in means in a manually
labeled subset of data. We use the Chinese text segmentation module ” Jieba”[] to extract all Chinese
worlds from the research reports. We manually annotated the top 1000 words with the highest frequency
as positive, negative, or neutral. Some sample annotations with the corresponding English translation
are listed in tabldGl

Based on these manually labeled keywords, we categorized the reports into three classes: positive if
there were more positive words than negative ones, negative if the opposite was true, and neutral if the
occurrences of positive and negative words were equal. Subsequently, we performed difference in-mean

tests in the positive and negative groups of reports, with the results presented in the tabld7]

LA Python Chinese word segmentation module: https://github.com/fxsjy/jieba
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The results of the statistical tests are largely consistent with our previous analysis. The group labeled

as positive, influenced by the release of research reports, exhibits higher industry excess returns.

5 Conclusion

In this paper, we collect an extensive dataset of institutional analyst stock recommendations that spans
five years and use this data set to train a language model based on the Chinese BERT model of |Cui et al.
(2021). We use this model to predict the sentiment conveyed in the reports. Based on this sentiment
measure, we analyze their impact on stock performance as excess return, volatility, and trading volume.

The results show that the sentiment of the report has a significant impact on the performance of the
stock. Stock volatility and trading volume increase after positive and negative sentiment, with negative
sentiment impacting less than positive sentiment. The excess return tends to increase after positive
sentiment reports and tends to decrease after negative sentiment reports. These results are consistent
with previous literature on sentiment pricing and news distillation (Zhang et al|(2016)). Unlike the early
established points, we find that the asymmetric effect of news sentiment on trading volume and stock
volatility is a “reverse“ asymmetric effect for the Chinese market, similar to what has been found in |[Wan
et al.| (2014]), where positive news has more of an impact with respect to negative news.

We performed several robustness checks on our results. First, by running regressions on industry data
subsets and then by testing for difference in mean return for a subset of data based on count of manually
labeled positive and negative worlds. Despite the fact that for some of the industries the main result is
not statistically significant, we retain the overall results on abnormal excess returns.

For further research, the Chinese stock market has unique characteristics that make it an interesting
subject of study. For example, government influence on the market dynamics by means of corporate
control and governance of, for example, critical economic sectors. Given this balanced dual participation
of private and state in the market economy, we expect that there is a large degree of heterogeneity in the
stock price dynamics, especially as a response to news.

Our work contributes to the empirical literature on the Chinese stock market and sentiment analysis.
We find great potential in applying state-of-the-art deep learning models to Chinese text reports. To our
knowledge, there is no extensive prior research applying Chinese language models to financial texts and

using this for stock evaluation. Our paper fills this gap.
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Table 1: An Example of Analyst Report

Variable

Value

Title
Abstract

Abstract
(translated

EN)

Stock Code

Release

20185F & A| F 3§ k27%, Bk /£ 3250 B # S o

2 8120185 Ak 4y ] b 3§ k27.4%, 18Q4F M E & X W F BALF ¥ oA 5] 2018F % I, )2 &
HA6.6/LL, FlHIE K274%, W AEFRKEZ092T . 2 FHE KA, 2018Q1-44 % £ H )2
FHEA34. 2.6 1551000, L8 FHEIRLTHE £ Z2018F T FF 24k RARA I
B (2018Q1-47F L AR A2 5] 410.6, 10.4, 12.8F213.51C70), 8 JLF 2 8] B & A % & Al ik ik &
£2011-2012F K F . 2w f@safe i L 5 A A TE, B AT 5S4 KI5 F & TR
i, BHANNRELGHrhA 2R . MAZTERE], BALSFERBETRT -
PRI KRA, NAMSAEFRITQ0TE, METRAES R —F, REZTH L
BK . M2019-2021F 2 S| EPSH %1 41.297T « 1.347041.395L, B ATPBA£0.84% (/7 1L F
HPBA1.21E, dmal i £ F¥PBY2.34%), o8] B Al AL, AN PBREEK R
2104242, A T2018F KA A K=, WAL SEMNEA13.27T, HiFEH it
%

The company achieved a year-over-year growth of 27.4% in its performance in 2018. How-
ever, it suffered losses in Q4 2018 mainly due to asset impairment. The net profit attributable
to the parent company reached 660 million yuan in 2018, representing an increase of 27.4%
year on year, with an earnings per share of 0.92 yuan. Quarterly, the net profit attributable
to the parent company for Q1-Q4 2018 was 340 million yuan, 260 million yuan, 150 million
yuan and -100 million yuan, respectively. The decline in quarterly performance was mainly
due to the rapid increase in costs since the second half of 2018. In the medium to long term,
the company has a coal production capacity under construction of nearly 4.2 million tons,
equivalent to half of its current production capacity, indicating significant growth potential.
The estimated earnings per share for the company in 2019-2021 are 1.29 yuan, 1.34 yuan,
and 1.39 yuan, respectively. Currently, the price-to-book ratio (PB) is only about 0.8 times
(compared to the industry average PB of about 1.2 times, and the company’s historical
average PB of about 2.3 times). Based on the net asset value per share at the end of 2018,
the estimated fair value of the company is 13.2 yuan, and an ”outperformance” rating is
maintained.

600508.SH

2019-03-18

Note: The table contains a sample entry from our analyst report dataset with a translation in English

provided as reference. The text data has been preprocessed by removing non-text symbols and

standardized risk warnings. The relevant variables in this data set are the title, abstract, stock code,

and date of publication of the report.
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Table 2: Data Entries

Variable

Description

Report Title
Report Abstract
Stock Code
Release

Price Information

Stock Volume
Retind

Ret

Avolume

Range

SSE Market Return
SZSE Market Return
SCI500 Market Return

VIX
Num'
Num90

Textual title, typically between 10-30 words

Main content of the research report

Stock exchange code for stock i

The day ¢ the article is published

Open price, close, max price, and min price relative to stock ¢ and day to stock
iint—1,tand t+1

Trading Volume relative to stock i and relative to time period (¢ — 60, t)
Returns of the industry index to which the stock i belongs at time ¢t — 1, ¢, and
t+1

Continuously compounded return relative to stock i and calculated from closing
prices for days ¢t — 1 and ¢

Change in trading volume for the stock ¢ relative to time ¢ — 1 and ¢

Daily estimate of volatility for stock ¢ at time ¢ — 1 and ¢ and estimated from
open price, close price, maximum price, and minimum price.

Returns of the Shanghai composite market index at time ¢ — 1

Returns of the Shenzen composite market index at time ¢ — 1

Returns of the CSI500 (Shanghai top 500 high-capitalization market index) at
time ¢t — 1

Implied market volatility index of the CBOT traded options, relative to ¢t — 1
Number of times recommended between ¢t — 7 and ¢ — 1

Number of times recommended between ¢ — 90 and ¢ — 1

Note: This table categorizes all the variables used in our analysis. The table contains four sections.

The first section describes the fields extracted from analyst reports texts. The second field describes

the complementing data relative to each stock. The third field describes performance metrics relative

to stocks, and the fourth field describes market information and control variables such as return from

stock indices, VIX index, and stock recommendation counts over specified periods.
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Table 3: Regression Results

Variable Regression of Range Regression of Ret®” Regression of Avolume
constant 0.022%+* -0.018 0.109%***
(7.482) (-0.193) (8.347)
Pos;_y 0.065%** 0.064%* 0.177%5
(17.915) (5.487) (10.935)
Neg, , 0.044%+* -0.065%+* 0.036*
(11.537) (-5.248) (2.138)
Range;_1 0.291%** 0.844*** -0.464***
(48.369) (4.358) (-17.337)
AVolume;_1 0.002 0.064 0.539%**
(1.692) (1.505) (91.008)
Retg® -0.004*** -0.108%** -0.016%+*
(-8.291) (-6.481) (-6.997)
SZSFEi 1 0.006* -0.015 0.007
(2.23) (-0.16) (0.589)
SSE;_1 -0.002 0.149* 0.005
(-1.365) (2.547) (0.575)
CSI5004_4 0.002 -0.039 0.009
(1.557) (-1.003) (1.769)
VIXi4 0.0007*** 0.0136%** -0.0012**
(7.549) (4.648) (-3.009)
Numi_go,1—1 0.0033*** 0.028 -0.0033
(3.615) (0.958) (-0.834)
Numy_74-1 -0.0037 -0.113 0.0025
(-1.885) (-1.811) (0.29)

Note: Range is a measure of daily return variance, it has been re-scaled by multiplying by 100. Ret®®
is the daily industrial excess return, measured in decimal value rather than percentage. Avolume is
the ratio between the daily volume of trade and its daily moving average and is measured in decimal
value rather than percentage change. Nums_go+—1 and Nums_7 1 are the counts of the number of
citations of the stocks and it measured as hundreads of units (rescaled a unit by dividing by 100)

In parentheses the t-statistics for the test of significance of the coefficients

* p-value < 0.05, ** p-value < 0.01, *** p < 0.001
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Table 4: Industry Distribution of Stocks in the Test Set

Industry Sample Size Num. Unique Stocks
Material 1765 311
Telecom 1422 251
Real Estate 218 26
Public utilities 372 41
Media 174 26
Apparel 842 98
Automobile 422 59
Business Service 302 46
Food, staples, retail 1200 104
Consumer Service 173 17
Healthcare 316 41
Bank 365 36
Transport 270 45
BioTech 676 108
Capital Goods 1446 283
Other 1134 168

Note: This table shows the industry distribution of stocks in our test set. Stocks without multiple

classifications and minor sector categories are classified as ”Other”.
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Table 5: Regression on Industry Subsets

Regression of Range

Regression of Ret®”

Regression of Avolume

Industry Pos,_, Neg, Posy_1 Neg, Posy_1 Neg,
Material 0.033* 0.007 0.283 -0.924 0.006 -0.033
(1.947) (0.3804) (0.454) (-1.375) (0.093) (-0.4503)
Telecom 0.022 0.007 1.145%** -0.183 0.064 -0.0197
(1.147) (0.382) (1.995) (-0.313) (1.016) (-0.308)
Real Estate 0.018 0.009 2.289* -1.669 -0.009 -0.107
(0.529)  (0.221) (1.729)  (-1.044)  (-0.058)  (-0.582)
Public Utilities -0.005 0.015 0.167 0.014 0.028 0.015
(-0.216)  (0.769) (0.192) (0.017) (0.248) (0.142)
Media 0.046 0.094** -2.822 -0.644 -0.174 0.161
(1.034) (2.032) (-1.555) (-0.343) (-0.923) (0.828)
Apparel 0.0702*%**  0.036 1.775%* 0.591 0.136 -0.004
(2.749)  (1.367) (2.124)  (0.692) (1.374) (-0.036)
Automobile 0.107*%**  0.098** 2.292%* 0.994 0.185 0.087
(3.003) (2.313) (1.962) (0.718) (1.553) (0.617)
Business Service 0.011 0.031 1.899 1.224 0.036 -0.097
(0.258) (0.755) (1.263) (0.809) (0.211) (-0.569)
Food, staples, retail  0.017 0.017 0.714 -0.470 0.161** 0.139*
(0.802) (0.807) (1.088) (-0.729) (2.089) (1.835)
Consumer Service 0.032 -0.041 1.454 1.733 0.045 0.017
(0.533) (-0.583) (0.726) (0.733) (0.237) (0.073)
Healthcare 0.192%* 0.182%* -0.871 -2.185 0.254 0.037
(2.175)  (2.016) (-0.413)  (-1.011)  (0.996) (0.141)
Bank 0.017%%*  0.021***  0.048 0.248 0.073 -0.007
(3.095) (3.125) (0.127) (0.516) (0.823) (-0.0603)
Transport -0.059* -0.049 -1.068 -2.278% -0.176 -0.004
(-1.908)  (-1.442)  (-0.889)  (-1.757)  (-1.462)  (-0.034)
BioTech -0.027 -0.005 -0.769 -1.8403 0.032 0.048
(-0.679) (-0.122) (-0.554) (-1.352) (0.216) (0.329)
Capital Goods 0.027 0.033 0.468 -0.025 0.029 -0.017
(1.404) (1.556) (0.721) (-0.036) (0.391) (-0.209)

Note: Range is a measure of the daily return variance, it has been rescaled by multiplying by

100. Ret®” is the daily industrial excess return, it is measured in decimal value rather than

percentage. Avolume is the ratio between the daily volume of trading and its daily moving

average and is measured in decimal value rather than percentage change.

The t statistics are given in parentheses.

* p-value < 0.1, ** p-value< 0.05, *** p-value 23.01.



Table 6: Sample of Word Labeling

Example Words English Translation
Positive — HAFE, PRHEHEK 0%, SSEHIAL, Increase holdings, rapid growth, breakthrough, lead-
iR, w2k, HE, Bif ing position, win the bid, dragon head, hopeful, be
optimistic

Neutral —FK, ZF0, KHA, I, =S, K Overall, step by step, long-term, adjustment, pros-

g, 8P perity, recover, steadily
Negative %1, Ng, N, &1, W(E, il Epidemic, decline, downside, careful, impairment,
&, DHEN, HF loss, uncertainty, compete

Table 7: Test for the Difference in Means

Positive Group Negative Group Mean Difference
Mean Standard Mean Standard t-Stat
Deviation Deviation

Ret§® 0.767 4.222 0.112 4.128 11.931%**

Reti® 0.454 3.639 0.058 3.447 8.561%**

Ret¢? 0.344 3.546 0.189 3.427 3.382%%*
Rethayaverage  0-522 2.294 0.119 2.228 13.539%**
Avolume 0.131 0.564 0.147 0.553 -2.123*

Range 0.119 0.131 0.105 0.123 8.490%**

Note: Ret¢?, is the daily industrial excess return after/before the release date, it is measured in
decimal value rather than percentage. Ret5h ., ayerage 18 the average industrial excess return of 3
days around the release date.

* p-value < 0.1, ** p-value< 0.05, *** p-value < 0.01.
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