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Abstract: This study employs correlation coefficients and the factor-
augmented vector autoregressive (FAVAR) model to investigate the
relationship between the stock market and investors’ sentiment measured
by big data. The investors’ sentiment index is constructed from a pool of
relative keyword series provided by the Baidu Index. We target two
composite stock indices, namely the Hang Seng Index and the Shanghai
Composite Index. We first compute the Pearson product-moment
correlation coefficient to find the degree of correlation between keywords
and composite stock price indices. Then, we apply the FAVAR model to
obtain the impulse response of stock price to the investors’ sentiment
index. Finally, we examine the leading effects of keywords on stock prices
using lagged correlation coefficients. We obtain two main findings. First,
a strong correlation exists between investors’ sentiment and composite

stock price: Second, before and after the launch of the Shanghai-Hong



Kong Stock Connect, the keywords affecting the fluctuation of the Hang

Seng Index are different.



1 Introduction

With the advancement of technology, the Internet has become a very
important source of information for investors. Over the past decade,
investors have increasingly relied on online media for information. They
conveniently make trading decisions by analyzing data obtained from the
Internet (Brynjolfsson et al., 2013). Researchers have explored the impact of
media on the real economy and other aspects. Luong et al. (2019) assess the
impact of media on trade. Liu et al. (2017) discuss the impact of the Bo Xilai
political scandal on policy uncertainty. In addition to receiving information
provided by the media, investors also seek out information for themselves.
Internet search engines, such as Baidu, Weibo, and Google, have already
developed specific statistical methods to report search frequency on a daily
or weekly basis. For instance, Google Trends provides search index services
around the world. However, the most popular search engine in China is Baidu,
which amassed approximately 0.87 billion users in 2017, reported by Soho
Finance. According to Alexa, a web analytics firm, Baidu is the largest search
engine used by Chinese people and the fourth largest website in the world.
Another crucial search index is from Weibo, the application software of
Alibaba Group, the largest communication and entertainment platform in
China. This website provides useful instruments for conducting economic
research. In recent years, many researchers have focused on the importance

of the Internet search index to the market. Da et al. (2011) discuss the effects
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of search volume on the stock market. They develop a new method to
measure investor attention using search data in Google, which can be used
to estimate the performance of IPO stocks. Preis et al. (2013) analyze how
trading behavior can be captured using Google Trends. Wu and Brynjolfsson
(2015) examine how Google Trends can be used to forecast housing prices
and sales. They find that predictions are accurate when search frequency is
included in their model. They employ search frequency to successfully
explain three features of IPO stocks. Vosen and Schmidt (2011) contrast
survey-based indicators and Google Trends in terms of private consumption
prediction. Choi and Varian (2012) supply instructions for predicting
different industrial sales by employing Google Trends. Xu (2014) forecasts
stock price using Google Trends and Yahoo Finance. Challet and Ayed (2014)
discuss whether Google Trends is superior to past price returns regarding the
predictability of future price returns. Liu et al. (2011) adopt the lead-lag
relationship approach to synthesize search indices and conduct the Granger
causality test. Their results indicate that the data of search indices have
remarkable predictive effectiveness for the annualized yield of the Shanghai
Composite Index. For the analysis in the second step, they only use keywords
which have leading correlation with stock prices. In this study, we filter
keywords using normal and lead-lag relationship methods. Differentiating
between the early and the late actions of two time series in the first two parts

of discussion concerning the effects on the two stock price indices is



unnecessary, as the factor-augmented VAR (FAVAR) model adopted assumes
the variables to be endogenous. This study divides the keyword series into
two groups according to the strength of correlation between the keywords
and composite stock price. If the Pearson coefficient between the keyword
series and composite stock price exceeds 0.4, we consider the keywords to
have a strong correlation with composite stock price; otherwise the keywords
is considered to show a weak correlation. Furthermore, this study performs
principle component analysis (PCA) instead of opting for a correlation
synthesis method to extract factors from the keyword series to show
investors’ sentiment. We download data from the Shanghai Composite Index

and Hang Seng Index through Yahoo Finance.

2 Data

Most literature constructs search indices by employing big data from
Google Trends. Considering that Google terminated its search engine
services in China in 2014, Google Trends may not be the best tool for
obtaining the most comprehensive information about Chinese investors’
search attention. This study relies on search frequency data from Baidu Index,
as most Chinese investors are likely to search related keywords on Baidu.
Identifying basic keywords relevant to the stock market is the first task in
data collection. Liu et al. (2011) classify the keywords into three types: (1)

investors’ action index, which represents the keywords people search for if



they intend to open a stock market account; (2) investors’ market quotation
index, the keywords investors pay attention to if they have already opened a
stock market account and intend to trade in financial markets; and (3) the
economic situation index, the keywords signifying the economic
performance or the government policy and international situation that
investors prioritize. Following the study by Liu et al. (2011), our research
also classifies keywords into different types to facilitate analysis, namely,
investors’ sentiment in the preliminary stage, which encompasses the
keywords investors search for if they are about to enter the stock market;
investors’ sentiment on trading strategy, which indicates the actions investors
take if they prepare to buy and sell stocks in the financial markets; investors’
attention to the economy and policy, which denotes the economic situation
and the government decisions that investors focus on; and investors’
sentiment on other factors, such as company actions and strategies. After
classifying the keywords, we select certain related keywords from financial
news, reports, and applications on the basis of these four types as basic
keywords. In general, these basic keywords often appear in financial media.
Submitting basic keywords to the Baidu Index can generate several related
words from one basic keyword, thus providing other keywords people also
search for after they browse the keywords we inputted. Making use of the
recommendation system of the website, we can accumulate a collection of

related keywords from a relatively small set of basic keywords. After



applying this method and inputting the keywords successively, we have
collected 331 keywords relevant to financial markets, including the name of
the market index and the viewpoint of market participants. Figure 1 shows
the search frequency of the term “stock market trend” (Chinese version). The
resulting curve appears to resemble the trend observed in the Shanghai
Composite Index. We collect the daily time series of the 331 keywords
starting as early as 2011 from Baidu and retrieve data of the Shanghai
Composite Index as well as the Hang Seng Index from Yahoo Finance. Table
1 presents part of the extracted keywords from the Baidu Index. The
keywords gathered are in Chinese. For the purpose of clarity, we have

translated them into English.
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Figure 1: Single keyword index and the Shanghai Composite Index



Keywords translated into English

Chinese version (original version)

1 Chinese news SRR
2 Stock &
3 Dividend 71H
4 Stock introduction A A]
5 Prediction L
6 Caijing.com Iof 228 X%
7 Stock configuration REALE
8 Rise (=
9 Open security account UEZFH P
10 Buy stock L E
11 Wealth =
12 Financial management P
13 Asset A
14 Security LRt ZR
15 Demand oK
16 Investment B
17 Exchange rate ARMICE
18 Financial market ERiTT
19 Asset management g
20 How to open an account anfel A 7
21 CPI CPI
22 Stock code CAWTE
23 Stock index &z
24 K lines K #
25 Stock Stock
26 Equity trading A
27 Brokerage {4
28 Crude oil J5R
29 Economy L
30 Bull market e ]
31 Buying long 2%
331 Shanghai-Hong Kong Stock Connect ks3]

Table 1: Part of the selected keywords (with English translation)



3 Methodology

The FAVAR model, proposed by Bernanke et al. (2005), is employed in
this study. This model allows the extraction of relatively unobservable
variables from a large pool of keyword data series and is proposed to include
unobserved factors in autoregressive analysis. Compared with conventional
vector autoregressive (VAR) models, the FAVAR model has richer
information and can better explain certain macroeconomic phenomena. The

FAVAR model is set out as follows:

Yoy _ Yt-1
[Ft] = o(L) [FH] F Vg oereeee e, (1)
Xt = Ath + Ayyt + L TS (2)

where y, are variables that can be directly observed. F; are unobserved
variables that must be extracted from the related series. Here, F; include
variables about investors’ sentiment in the preliminary stage and the trading
stage, together with their sentiment on the economy and policy and on other
factors, such as the financial situation. X; is a vector comprising a pool of
keywords and real economic data sets, which can be obtained from the Baidu
Index and CEIC Data. Matrices A/ and AY are factor loadings of
dimensions conformable to X;, y, and F., whereas e, are error terms

assumed to have zero means.

Several studies have discussed macroeconomic problems by adopting



the FAVAR model. Some researchers examine the impact of monetary policy
on the economy using macroeconomic variables with FAVAR models (He et
al., 2013; Fernald et al., 2014). We utilize a FAVAR model to investigate the

effects of the search index.

Principal Component Analysis (PCA)

PCA is a transformation method for converting a set of related data into
a series of linearly uncorrelated factors. PCA is generally used in prediction
and exploratory data analysis models. Our work deals with a huge number
of interrelated keywords, and incorporating all keyword series in our models
i1s impractical. PCA can be employed to extract the main features of all
keyword series, which include the definitions of keywords, to construct the
model. This study selects the number of factors on the basis of the results of

variance explained, as illustrated in Figures 2, 3, and 5.

Lead-Lag relationship method

Liu et al. (2011) discuss the lead-lag relationship method in their study.
They obtain factors by synthesizing keywords instead of using PCA. They
first calculate the lagged correlation coefficient as the weight to synthesize

the composite factor employed in their model:
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where y, is the selected composite stock price . ¥} represents the lagged
correlation coefficient of keyword i at a specific lag [. [* is defined as the
value of | of the keyword when the absolute value of Y} is the largest,
which means keyword i has the strongest correlation with y;, when its lag
equals [. Then, they divide the keywords into three groups based on the
feature of [*. If [* is positive, the keyword has a leading relationship with
the composite stock price. If [* is negative, the keyword and the composite
stock price have a lagging relationship. If [* equals zero, the keyword does
not have a clear leading/lagging relationship with the composite stock price.
Liu et al. (2011) select the keywords that have leading correlation with the
composite stock price to synthesize the composite factor for their research.
Considering that the FAVAR model allows for autocorrelation, our study
utilizes all strongly correlated keywords instead of those pertaining to the
first two parts for discussing the Shanghai Composite Index and the Hang
Seng Index. In the last part of the study, where we forecast the stock price of
a specific company, we select the leading correlated keywords in order to

achieve better prediction performance, as seen in Liu et al. (2011).

We assume that composite stock price is driven by investors’ sentiment



and financial/economic variables, such as exchange rates, short-term interest
rates, and gold price. Investors’ sentiments as latent factors must be distilled
from the large pool of keyword series of the Baidu Index. This study also
extracts common factors from a collection of real financial variables instead
of feeding original data into the model. We have gathered 331 keywords as
aforementioned. We do not analyze the effects of individual keywords on the
stock market. Instead, we use a synthetic index representing investors’
attention and sentiment, which can be obtained from the aggregate keyword
time series. Here, we assume that the sentiment factor is a latent variable,
which cannot be directly observed but can be inferred from a conglomeration
of keywords. This study performs PCA to extract factors from keyword
series. Liu et al. (2011) examine the lagging relationship between stock
returns and the rate of change of keywords. They subsequently use keywords
with a leading effect on stock return to create the index they need. In the
section analyzing the keywords’ effects on stock indices, we calculate the
correlation (without lags) between the composite stock price index and the
single keyword index, assuming that all variables are endogenous.
Subsequently, we divide the keyword series into two parts: keywords having
a strong correlation with composite stock price and those that are weakly
correlated to composite stock price. If the Pearson coefficient between the
keyword series and composite stock price is larger than 0.4, the keywords

are considered to have a strong correlation with composite stock price;



otherwise, the keywords have a weak correlation. We discard the keywords
with Pearson correlation coefficients of less than 0.4, thus retaining
keyword series with high correlation with stock price. Unlike the research
by Liu et al. (2011), which uses the synthesis method, our study employs
PCA to extract factors. We compile four indices based on the definitions of
the remaining keywords before performing PCA to improve the extraction
and explanation of factors: (1) investors’ sentiment in the preliminary stage,
including how to open a securities account and how to speculate in shares;
(2) investors’ sentiment in the trading stage, including market quotations,
dividends, and the amount of increase; (3) investors’ attention to policy
and the economy, including financial news and international situation; and
(4) investors’ attention to other factors, including keywords about companies’
actions and performance in financial markets. These four indices are not
independent from each other, as investors may search for all of them to

formulate an improved trading strategy.



Keywords (original version) Keywords (translation in English)

1 1115 market

2 Wi earnings

3 Al A-share

4 BITH bank shares

5 HREE Sina Finance

6 =%k short position

T & long position

8 Rl financial market

9 KREEH market trends
10 2 dark horse

Table 2: Keywords for investors’ sentiment index in the trading stage

Keywords (original version) Keywords (translation in English)

1 HfiAL] introduction to the stock market
2 WEFFEHS open stock account

3 K&EELE how to analvze K lines

4 EFE buy stock

5 WL knowledge on financial market

6 nfaAF how to open a financial account
7 BREEN check stock value

8 MERHEIR check stock code

0 RREHEE stock recommendations

0 HMREF/ open stock account ...

Table 3: Keywords for investors’ sentiment index in the preliminary

stage



Keywords (original version) Keywords (translation in English)

1 HEHE Chinese news
2 FEZE Chinese economy
3  HERESR international situation
4 ARMLE exchange rate of RMB
5 ZurEdE cconomic data
6 K development
7 Bl tax revenue
8 HEBIHRE inflation rate
9 CPI CPI
10

JEIH crude oil

Table 4: Keywords for investors' sentiment index on the economy and

policy

Keywords (original version) Keywords (translation in English)

1 RITHE bank loan
2 NSETH risk management
3 EEME information disclosure
4 JRPsER risk evaluation
5 fgi L back-door listing
6 EHF credit card
7 PSR risk exposure
8 AR bad debts
9 HENH] fund company
10 4 acquisition and reorganization

Table 5: Keywords for investors’ sentiment index on other factors



Total

p=>04 p > 0.5 p = 0.6 p =07

Gl ]li A1 (Chinese news) I FE (Chinese news) 71 (channel) 71 (channel)

HE (stock) He 5 (stock) By 111k (efunds) 4 E T (eastmongey.com)
£ (channel) F£1 (channel) FIL (hexun.com) Tk 22 (finance.sina.com)

Wit A0 T(introduction to the stock market)
4% [ (caijing.com)

il 5 (limit up)

55 1715 (efunds)

k4571 1 (open stock account)

R4 (restricted stock circulation)
A7 14 (caixin.com)

HHE

KP4 E 2 77 (how to analyze K line)
Jik (Harvest Fund)

THEZE (buy stock)

AU (hexun.com)

{1 (price)

1 4% (capital)

7176 9 (eastmoney.com)

#2¥% (investment)

iz (profit)

E U (enstock.com)

HT 7 673K (bank loan)

alft

180

I (limit up)

577 15 (efunds)

HEZR I P (open stock account)

fif AL (restricted stock circulation)
FE (trading in stock market)
k#1452 A (how to analyze K line)
S (buy stock)

FHA M (hexun.com)

{11l (price/performance)

K773 [ (eastmoney.com)

{1 (investment)

Y5z (profit )

o [ 11F %5 [ (enstock.com)

{7 5P (bank loan)

#{f (net value)

PRGN (stock software)

LT (stock of banking)

hiti(h share)

HHRIMZE (finance.sina.com)

JEE R (risk management)

118

{118 (price/ performance)

7 T 6 [ (castmoney.com)

T 51E (bank loan)

FLR B0 (stock software)

Lfi%(h share)

BRI 2% (finance.sina.com)

HE5 (fund)

A 11 (capital market)

JEETY (stock market performance)

anfear

HEEE 3719 (stock news)

HE S RS (stock code)

454 (index)

[A LM 10jgka.com.cn)

kfkd]
LT (stock market price)

TER (xueqgin.com)

[ 51 (stock market)

445 [ (economic news)

SIS ) (stoek code inguiry)

67

RS (stock code)

[ {E 1  10jgka.com.cn )

k&1 (K line)

L (xueqiu.com)

[ 5511 1 (stock market)

fi 11 (stock code inguiry)
stock

[ 57 B (stock trading)

FER (equity)

4 B (trading volume)

Rt {it (share)

FLE (private placement)

ifi 5 %4 (P/E ratio)

i { (compound)

14 (K line)

ft 2 k% (What is the K line)

FHLEL SR FE 147 (best mobile phone stock software)
1% (hand turnover rate)

i E S HU (Hong Kong Stock Connect Trading Rules)
542 BAHE] (Hong Kong stock trading hours)

23

Table 6: Keywords that have a strong correlation with the Shanghai Composite Index



Investors’ sentiment in trading
T (stock)

55 (channel )

[z ifi Al |{introduction to the stock market)

EA#RTF I (open stack account)

#EfE (trade in stock market)
K14 E 277 (how to analyze K line)
ERE (buy stock)

all(a share)

FERER I (stock software)

A E (gw.com.cn/)

BIfITT P (how to open a stock account) account

[R5 (Stock code)

Table 7: Four types of keywords that have a strong correlation with the composite index

Investors’ sentiment in preliminary stage

R (stock)
I3 (eaijing.com)

{15 (limit up)

by ,.-",J'_i'ﬁ(nfunds)

ERELNE (restricted stock cireulation)
I8 10 (eaixin.com)

BB (trade in stock market)

FTE (Harvest Fund)

EE (buy stock)

FIA 9 (hexun.com)

T (price/ performance)

#7714 14 (eastmoney.com)

Investors’ sentiment on ecomomy and policy
H /5 (Chinese News) o :

i BT BB (inllation rate)

il % (exchange rate)

-','].Cﬂ(f:rurlr- oil)

fE (energy)

FALH (de-leveraging)

290 (dollar)

{1 22 (China Tnsnrance Regulatory Commission)
L2 (Banking Regulatory Commission)

4217 (Central bank)

FEE I (macro-economy )

{8454 (Hang Seng Index)

Investors’ sentiment on other factors
A (capital) —
ST FEE (bank loan)

S F2 ] (risk management)

/8 i-‘iﬁ(informﬁtion disclosure)

JAEE Vi (risk assessment)

HE4 (fund)

A 457 (fund company)

T (option)

Ll 2 B hi# (listed company information disclosure method)
VEPE TV (asset management)
:ﬁ:ﬁé{swnp}

{-‘|"f]’?'{forcign investment )




The results of explained variance from the PCA are reported in Figure
2. We extract five factors in total from the four keyword series based on the
results in Figure 2, explaining 60%—80% of the information. We also extract
two factors from real economic and financial series as control variables by
employing PCA. In addition, we calculate the Pearson correlation coefficient
between factors and stock price, and the results indicate a high correlation

ranging from 0.6 to 0.8.
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Figure 2: Explained variance of PCA




Before estimating using the FAVAR model, we transform our data as

follows:

where P; is the log-differenced composite price, and I; is the index we
extracted from the keyword series through PCA. We transform factors by
first-order differencing instead of log-differencing because of the negative

value in [; after conducting PCA. The FAVAR model is as follows:

] (L) [E ﬂ ......................... (6)

Xe =AF 4+ AY 4 e oo, (7)

where Y; contains the rate of change of the Shanghai Composite Index. F;
includes the change of investors’ sentiment factors and other control factors
after first-order differencing. The assumption is that composite stock price
and search frequency are endogenous because they can influence each other
under a shock to any one of them. X; is a vector comprising a collection of
keywords and real economic data sets, which can be obtained from the Baidu
Index and CEIC Data. Matrices A and AY are the factor loadings of

dimensions conformable to X;, Y;, and F;, whereas e, are error terms



assumed to have zero means.

4 Results

Tables 10—12 present parts of the results of the FAVAR model. Table 10
shows the estimation performance when investors’ sentiment in the
preliminary stage is the dependent variable. Here, X1 denotes the factor of
investors’ sentiment in the preliminary stage. Return represents the rate of
change of the Shanghai Composite Index. The return of stock price has a
noteworthy effect on investors’ decisions of whether to open a stock market
account. The estimated coefficient of return is positive. When the stock
market is booming, many investors become interested in opening accounts
in the stock market. Consequently, investors’ search frequency for keywords
related to opening stock accounts increases. Table 11 presents the regression
results where investors’ sentiment in the trading stage is the dependent
variable and can be influenced by stock price, the economic situation, and
companies’ actions and performance. Table 11 shows the significant effects
of return, X4, X5, and X7 on X2, where X2 represents investors’ sentiment
in the trading stage. X3 and X4 signify investors’ attention on the economy
and government policy, respectively. X5 represents investors’ attention to
other factors, including company actions and performance. X6 and X7 are
the factors extracted from control variables describing the financial and

economic situations. We cannot simply interpret that a positive shock to



investors’ sentiment in the trading stage can cause a positive change in return.
Negative/positive news not only increases search frequency but also exerts
different impacts on stock return. We do not separate the keywords according
to negative or positive effects. Whether the correlation between search
frequency and stock return is positive or negative depends on the period and
the keywords selected, thus warranting further discussion in the future. Table
12 presents the results where return becomes the dependent variable. The
effects of the variables on stock price returns are less significant than the
other two regressions. One explanation is that, given the daily data, a shock
to investors’ search frequency in one day is inconsequential in influencing
composite stock price in the broader financial market. For example, the
increase in X1 indicates that many investors plan to enter the financial
market, but the actual increase in stock market accounts is probably more
trifling than that of X1. The value added to the stock market by this factor is
also small. Moreover, we find that investors’ sentiment in the trading stage
has a significant impact on the return of the stock market. This finding is in
line with our expectations. In addition, the performance of X4 reveals that
investors pay much attention to the economic situation and policy on

implementing trading strategies in the stock market.

AIC(n) HQ(n) SC(n) FPE(n)
1 10 D 2 10




Table 8: Selection method

AIC(n) HQ(un) SC(n) FPE(n)

= Lo DN

O © o~y Ut

-2.5568  -5.4749 -5.3351 0.0039
-0.8102  -5.6556  -5.3915 0.0030
-5.9649  -5.7375 -5.3492 0.0026
-6.0910  -5.7908  -5.2783 0.0023
-6.1959  -5.8230 -5.1862 0.0020
-6.2162  -5.7705  -5.0095 0.0020
-6.2215  -5.7031 -4.8178 0.0020
-6.2329  -5.6417 -4.6322 0.0020
-6.2415  -5.5775  -4.4438 0.0019
-6.2629  -5.5262 -4.2682 0.0019

Table 9: Information criteria



Estimate Std. Error t value  Pr(>|t])

return.l1 0.0630 0.0161  3.9095 0.0001***
X1.11 -0.1167 0.0361 -3.2357 0.0012**
X2.11 0.0376 0.0264  1.4244 0.1545
X3.11 -0.0817 0.0399 -2.0498 0.0405*
X4.11 -0.0725 0.0454  -1.5958 0.1107
X5.11 -0.1270 0.0284 -4.4673  0.0000***
X6.11 -0.0187 0.0379 -0.4924 0.6225
X711 -0.0989 0.0338 -2.9254  0.0035**
return.12 0.0134 0.0162  0.8276 0.4080
X1.12 -0.1663 0.0364 -4.5699  0.0000***
X2.12 0.0332 0.0262  1.2663 0.2056
X3.12 -0.0794 0.0398 -1.9947 0.0462*
X4.12 -0.0264 0.0449  -0.5867 0.5575
X5.12 -0.0369 0.0285 -1.2954 0.1953
X6.12 -0.0287 0.0380 -0.7565 0.4495
X712 -0.0770 0.0338  -2.2805 0.0227*
const 0.0037 0.0201  0.1821 0.8555

Table 10: Regression: X1 — return



Estimate Std. Error t value  Pr(>|t])

return.ll 0.1000 0.0284 3.5155  0.0004***
X1.11 -0.0206 0.0636  -0.3230 0.7467
X2.11 -0.0867 0.0465 -1.8638 0.0625.
X3.11 -0.1314 0.0703 -1.8685 0.0619.
X4.11 -0.2152 0.0802 -2.6837  0.0073**
X5.11 -0.2872 0.0502 -5.7260  0.0000%***
X6.11 -0.0402 0.0669 -0.6016 0.5475
X711 -0.1923 0.0597 -3.2228  0.0013**
return.l2 0.0934 0.0285  3.2750 0.0011**
X1.12 -0.0261 0.0642 -0.4069 0.6841
X2.12 -0.0806 0.0463 -1.7429 0.0815.
X3.12 -0.0975 0.0702 -1.3874 0.1655
X4.12 -0.1952 0.0793 -2.4622 0.0139*
X5.12 -0.1246 0.0502 -2.4810 0.0132*
X6.12 -0.0703 0.0670 -1.0486 0.2945
X7.12 -0.1431 0.0596 -2.4008 0.0165*
const 0.0068 0.0354  0.1908 0.8487

Table 11: Regression: X2 — return

The impulse response results in Figure 3 reveal the relationship between
stock returns and sentiment indices of sampled investors. Index1 and Index2
in Figure 3 represent investors’ sentiment in the preliminary and the trading
stages, respectively. Index3-1 and Index3-2 show the two factors extracted
from investors’ attention to the economy and policy. Finally, Index4
represents the factor extracted from investors’ attention to other factors.
Given a shock to a search index, the stock returns suddenly fluctuate in the

following few days, and vice versa. As previously discussed, we cannot



simply interpret that a positive shock to investors’ sentiment can cause a
positive/negative change in stock return. Both negative news and economic
improvements can increase search frequency but have different impacts on

stock returns.

Estimate Std. Error t value Pr(>]t|)

return.l1 0.0497 0.0261  1.9002 0.0576
X1.11 0.0436 0.0585  0.7450 0.4564
X2.11 -0.0437 0.0428 -1.0204 0.3077
X3.11 -0.0640 0.0647 -0.9901 0.3223
X4.11 0.0029 0.0737  0.0395 0.9685
X5.11 0.0387 0.0461  0.8390 0.4016
X6.11 0.0087 0.0615  0.1411 0.8878
X711 -0.0593 0.0549 -1.0803 0.2801

return.l2 -0.0236 0.0262 -0.8988 0.3689
X1.12 -0.0471 0.0591  -0.7969 0.4256
X2.12 0.1216 0.0425  2.8574 0.0043**
X3.12 -0.0024 0.0646 -0.0371 0.9704
X4.12 0.1565 0.0729  2.1464  0.0320*
X5.12 -0.0706 0.0462 -1.5297 0.1263
X6.12 0.0184 0.0616  0.2990 0.7650
X7.12 -0.0646 0.0548 -1.1796 0.2383
const 0.0065 0.0326  0.1986 0.8426

Table 12: Regression: Return — X1 + X2 +...
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Figure 3: Impulse response of returns on the Shanghai Composite

Index and factors

S The relationship between the Hang Seng Index and Search Indices

Apart from the Shanghai Composite Index, this study also explores the
effects of the same keyword series on the Hong Kong financial market. The
Hang Seng Index represents the Hong Kong stock market in this research.
As opposed to the discussion on the Shanghai Composite Index and search
keywords, we divide the sample period into two. In April 2014, the Chinese
government first announced the launch of the Shanghai-Hong Kong Stock
Connect to promote trading between Shanghai and Hong Kong financial
markets. We select the date of announcement, 9 April 2014, as the critical

day separating the two periods. The first period is from 2011 to 9 April 2014,



and the second period is from 10 April 2014 to 2018. This study finds that
the keyword series having a strong relationship with the Hang Seng Index
can differ across the two periods. The main difference is evidently correlated
with the Shanghai-Hong Kong Stock Connect. Additional keywords
associated with the Shanghai-Hong Kong Stock Connect affect the changes
in the Hang Seng Index after the announcement of the inception of the
Shanghai-Hong Kong Stock Connect. Furthermore, we can observe the
regularity of this phenomenon and propose an explanation for it. Tables 13—
15 show the Pearson correlation coefficients between keywords and the
Hang Seng Index in different periods. Three findings are obtained. First, the
number of keywords having a strong correlation with the Hang Seng Index
is smaller than that with the Shanghai Composite Index because our keyword
series 1s manually selected, implying that there are some subjective elements
in data selection. The keywords are recommended by the Baidu Index, the
most popular search engine among Chinese users. Most keywords are
selected on the basis of their association with Chinese companies. Although
many Chinese companies participate in the Hong Kong financial market,
Chinese investors tend not to trade the stocks of certain foreign companies
due to relative unfamiliarity; such foreign companies may not have a
discernible relationship with the selected keywords. Second, we observe
different keyword types influencing the Hang Seng Index during different

periods. Tables 13—15 distinguish between different types of keywords in the



two periods according to correlation coefficients. Investors’ sentiment on
trading and the economy are the general factors influencing the Hang Seng
Index. Tables 13—15 indicate that keywords related to the Shanghai-Hong
Kong Stock Connect are strongly correlated with the Hang Seng Index in the
second period. Third, if we compare the related keyword coefficients for the
Shanghai Composite Index and the Hang Seng Index, investors’ investment
in the A-share market is more tightly linked to the developments of
Southbound trading (Hong Kong Stock Connect), whereas investment in the
Hong Kong financial market is more closely associated with those of
Northbound trading (Shanghai Stock Connect). The Southbound and
Northbound trading discussed here are parts of the mechanism of the

Shanghai-Hong Kong Stock Connect scheme.



p>0.4

Before 20140409

After 20140409

1 [E 223 (Chinese economy)
E5]ian ﬁxi@(lnternatlonal situation)
FHL(US stock market)
AT Z (RMB exchange rate)
EERAL TR (global stock market index)
L ERAL 171 (global stock market situation)
4 BRI 1 (global stock market)
{4547 (Hang Seng Index)
JEHHTTEEU(Dow Jones Index)
7 W 22 5F (macro-economy)
THAFEEUE 4 (what is Hang Seng Index)
#MI (foreign exchange)
213t (economy)
7 H1 (household appliances)
L5, (trade)
'wt'_.ﬁ 1% 77 (electric equipment)
£ 197 |V (media industry)
[2#% (main line)
Tm (trader)
B EElﬂi(dark horse stock)
JAURS WL (risk exposure)
T’n £ (index)

HEAEHH 52 1 1 (open stock index futures account

145 (combination)

'T' [€]#£{7f (Chinese economy)
#2177 (economy )
_ﬁéﬁ}iﬁ 71171 (global stock market situation)
BRI (global stock market)
[ (crude oil)
5142 J8 (precious metal)
4 % ‘uj{ (foreign investment)
ZEE U (stock code)
i 51189 (stock market)
T (retall)
EE 5 (stock trading)
7 H1(household appliances)
k%% (K line)
§% U 52 (Tencent stock)
-1 2717 (bull market, bear market)
e 524 {H (Stock valuation)
H& A/t (stock price)
4 %54 7% (financial statements)
JF S I T 4217 (Shanghai-Hong Kong Stock Connect Capital Flow)
7 S ifH| (Hong Kong stock trading hours)
A 171 (Hong Kong stock market situation)
FHEZZ B [ (Hong Kong Stock Exchange)
{I"HiH (Shanghai Stock Connect)
U FE 42 7] (Shanghai Stock Connect Capital Flow)

Table 13: Estimation of the relationship between the Hang Seng Index and the search indices using the

Pearson correlation method



p > 0.5 Before 20140409 After 20140409

HH €22 15 (Chinese economy) HH [E]2275F (Chinese economy)

H/ \(c ombination) A 22 5 (stock code)

F, (household appliances) 5 7 (stock market)

2235 (economy) 22 (economy )

Hﬁ(US stock market) J5H (crude oil)
%L (trader) 15 U1 5 (Tencent stock)

BRI T $E%8 (¢lobal stock market index) A4 AETT (bull market, bear market)
BRI TT171H (global stock market situation) 2ERAL T (global stock market)
LBk T (global stock market) I 1/t (stock price)

THA 5% (Hang Seng Index) 7 55555 (financial statements)
EEHT R4 (Dow Jones Index) FEE BT 2 I M) (Shanghai-Hong Kong Stock Connect Capital Flow)

P %iE (Shanghai Stock Connect)
VP A B 4237 M) (Shanghai Stock Connect Capital Flow)

Table 14: Estimation of the relationship between the Hang Seng Index and the search indices using the
Pearson correlation method



p > 0.6 Before 20140409 After 20140409

FRL(US stock market) ‘MJ l"’:‘{ it (Chinese economy)
“H 4 (combination) EHi ) (stock market)
Li}iﬂfkﬁ‘}’ﬁ'{i(gic;i;:‘nl stock market index) :lkﬁ 7 (global stock market)
_j__L}( AT (global stock market situation) Hﬁ fii (stock price)
PERA% ITJ global stock market) PR T A (Shanghai-Hong Kong Stock Connect Capital Flow)

Table 15: Estimation of the relationship between the Hang Seng Index and the search indices using the Pearson
correlation method



Prop Variance Explained

Prop Variance Explained

02 04 06 08 10

0.0

02 04 06 08B 10

0.0

Qo

o
o 000000000000

T T I
5 10 15

Principal Component of Index1

T T T T T T T
10 15 20 25 30 35 40

Principal Component of Index3

Prop Variance Explained

Prop Variance Explained

02 04 06 08 10

00

02 04 06 08 10

0.0

(o]

o]

o
o
_ 0000000000000000000000

T T T T T
0 5 10 156 20 25

Principal Compaonent of Index2

0‘-""'0«.__‘“__
O—-—_c....__o

T T T T | T
1 2 3 - 5 6

Principal Component of Index4



Prop Wariance Explained

Index1 to return

04 0.8

0.0

-0.005

-0.020

OS— g
- C=—0 =g —0—0—0—0

| | | | | |
s 4 6 8 10 12

Principal Component of Control Variable

Figure 4: Explained variance by PCA

0.02
I

IndexZ to return
0.00
|

-0.02




_ _ _ _
Lo LO'0-

ulniad 0 Z-cxapu|

_ _ _ _
L00 LO0-

ulnyal 0] L-gxapu|

il

15

£

15

period

period

_ _ _ _
PO 20 o

L Xapu| 0] Unjal

I I I I I
0L00 0000 OLOO-

uimal o] pxapu|

il

15

£

15

period

period



e e |
[ I . 1 ]
5 . 5
T o L L
S o =
ED o
E S c .
o s
i o ~ |
o ]
T T T T 1 T T T T 1
0 5 15 25 0 5 15 25
period period
g
o g_ ) -
e / X
g £
"o L = 2
- [] C
S - 3 %
T -
T T T T 1 <~ T T T T T T
0 5 15 25 0 5 15 25
period period

Figure 5: Impulse response results of returns on the Hang Seng Index

and factors

Following the existing literature, this research also analyzes the impulse
response of the Hang Seng Index to various factors. A noticeable relationship

between investors’ sentiment and the Hong Kong financial market is



observed; however, as above-mentioned, we cannot simply interpret that a
positive shock to investors’ sentiment can cause a positive or negative

change in returns.

6 Further Discussion: Prediction of a Single Stock

The impact of the search indices on the stock market has been
confirmed in previous sections. Drawing on the results obtained, this study
constructs a predictive model on the firm level by incorporating the search
indices. We select the stock of Tencent (0700.HK), a popular stock that
attracts the attention of many investors, as the object of our research. In
recent years, Tencent has seen a substantial increase in stock price due to the
growth and development of the company. This study intends to predict
Tencent’s stock performance by developing a predictive model and using
rolling forecasting methods. Several regression models are available for
selection. Li and Yang (2013) predict investment risk and return by using a
linear regression model. Here, we use FAVAR models to forecast stock price.
We collect relative keyword series from Google Trends instead of the Baidu
Index because the stock in question (0700.HK) is listed in Hong Kong and
has an international mix of investors. Google Trends may be more
representative and could include further information for explaining investors’
sentiment. We select 52 keywords in total, as presented in Table 16. We also

choose price-to-earnings (PE) ratios, the Hang Seng Index, earnings per



share (EPS), revenue, net income and other related variables as control
variables. We extract factors from these control variables representing the
company’s achievements and operations by using the same method depicted
earlier in the study. Our data set contains weekly data starting from June 2013.
We also obtain factors related to Tencent by employing correlation
coefficients and PCA. To improve the prediction, we adopt two correlation
methods to calculate correlation coefficients, namely, the Pearson correlation
and the lead-lag correlation methods. After computing the correlation, we
apply PCA to extract the factors. The critical value of correlation is 0.4. Table
17 shows the results of lead-lag correlation methods; 43 keywords are
observed to be strongly leading-correlated with 0700.HK. PCA assesses the
explanatory performance of factors, with results presented in Figures 6. The
prediction results of different methods are displayed in Figures 7 and 8. We
compare the performance of prediction from these two methods by using the
mean absolute error (MAE) and mean absolute percentage error (MAPE).
The results are presented in Table 18. Lead-lag correlation methods may
perform slightly better than the Pearson correlation method, given that both
error statistics of the former are smaller than the corresponding values of the

Pearson correlation method.
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Total

p =04 lag >=0

[T (Tencent stock price)
H 1 1% 5% (Tencent stock)
0700.HK

QQ

wechat

1715 (PlayerUnknown’s Battlegrounds)
{5 1 {17 ( Tencent mobile phone games)
tencent

tencent pubg

pubg

fortnite

epic games stock

tencent stock price today

b stock

baba stock price

tencent games pubg

pubg mobile

amazon stock price

teehy stock price

who owns epic games

arcna of valor

hang seng index

who owns fortnite

djia today

43

p =05 dag >=10

15U (Tencent stock price)
0700.HK

QQ

wechat

7 4% (PlayerUnknown’s Battlegrounds)
fil {5 = {1 (WeChat Pay)
tencent

pubg

fortnite

epic games stock

tencent stock price today
th stock

baba stock price

pubg mobile

amazon stock price

teehy stock price

who owns cpic games
arena of valor

hang seng index

who owns fortnite

djia today

tencent epic games
tencent share price
tencent us stock

p = 0.6 lag >= 0.6

[T {fr (Tencent stock price)
0700.HK

17 3% (PlayerUnknown’s Battlegrounds)
615 1T (WeChat pay)

f51 ¥ (Tencent phone game)
tencent

fortnite

epic games stock

tencent stock price today

baba stock price

amazon stock price

teehy stock price

arena of valor

hang seng index

who owns fortnite

djia today

tencent epic games

tencent share price

tencent us stock

{5 7t 117 ( Tencent phone game)
BB (A

dow jones index

25

Table 17: Strongly correlated and leading keywords obtained by lead-lag correlation methods

(Tencent(in Traditional Chinese)
[T AL (% {F) (Tencent stock price(in Traditional Chinese)
fHATEEL (E{F) (Hang Seng Index(in Traditional Chinese))
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Figure 6: Explained variance of PCA using lead-lag correlation methods

MAE1 MAE2 MAPE1 MAPE2
1 1.6199 1.5635 0.0038 0.0037

Table 18: Prediction performance of two correlation methods
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Figure 7: Stock price forecast using the lead-lag correlation method
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Figure 8: Stock price forecast using the Pearson correlation method

7 Conclusion



This paper analyzes the effects of search indices on the Chinese stock
market. We initially utilize the Pearson correlation coefficient to find the
correlation between search indices and the A-share market. The results reveal
a strong correlation between the Shanghai Composite Index and the keyword
series. We classify the keywords into four types where each type represents
a different aspect of investors’ sentiment. Different factors are extracted from
these keyword series and represent different types of investors’ sentiment.
The regression results of the FAVAR model indicate that investors’ sentiment
and the Shanghai Composite Index have significant effects on each other.
Changes in investors’ sentiment cause fluctuations of stock price; a shock to
composite stock returns as well causes a notable fluctuation in investors’
sentiment. The result that investors’ sentiment in the trading stage has
significant effects on the return of stock price suggests that the information
investors obtain from the Internet may influence their trading strategies. In
addition, the economy and government policy are the general factors that
grasp investors’ attention and influence their investment decisions. We can
observe from the results that investors’ attention to the economy and policy
significantly affects the return of the Shanghai Composite Index. Changes in
stock returns also have significant influence on the four aforementioned

types of investors’ sentiment.

The impulse responses demonstrate that stock returns can exhibit

fluctuations as a result of shocks to factors, and vice versa. Generally, such



fluctuations continue for a few days and then cease. As we do not categorize
the keywords as positive or negative ones, we cannot simply interpret that a
positive shock to investors’ sentiment can cause a positive or negative
change in stock return. Both negative news and economic improvements can
increase search frequency but have different impacts on stock returns. The
effects of variables on stock price returns appear to be less prominent than
those signified by other regressions. One explanation is that, with daily data,
a shock to investors’ search frequency in one day does not play a material
role in affecting the composite stock price of the financial market because of

the large size of the market.

In the second part, the keywords which have a strong relationship with
the Hang Seng Index within the two distinct periods can be dissimilar. The
main difference is evidently due to the Shanghai-Hong Kong Stock Connect.
Tables 13—15 present the Pearson correlation coefficients for the relationship
between the Hang Seng Index and the keywords in different periods, from
which we obtain three findings. First, the number of keywords that are
strongly correlated with the Hang Seng Index is smaller than that with the
Shanghai Composite Index because our keyword series are chosen manually,
thereby introducing subjectivity into data selection. Most keywords are
recommended by the Baidu Index, which means that they are selected on the
basis of their significance to Chinese investors. While many Chinese

companies participate in the Hong Kong financial market, certain foreign



companies’ stocks also appear, but these may not be closely related to our
selected keywords. Second, we observe different keyword types influencing
the Hang Seng Index during different periods, as shown in Tables 13-15.
Investors’ sentiment on trading and the economy are the general influential
factors affecting the Hang Seng Index. Tables 13—15 confirm that keywords
relevant to the Shanghai-Hong Kong Stock Connect are obviously correlated

with the Hang Seng Index in the second period.

We can thus conclude that investors pay much attention to the impact
of the Shanghai-Hong Kong Stock Connect on the Hong Kong financial
market. Third, if we compare the coefficients of related keywords for the
Shanghai Composite Index and the Hang Seng Index, we can infer that
investors’ in the A-share market focus on the action concerning the
Southbound trading, whereas those in the Hong Kong financial market pay
attention to that of the Northbound trading. This interesting phenomenon can

be reserved for future discussion.

To illustrate the predictive power of investors’ sentiment, this paper
constructs a FAVAR model which incorporates investors’ sentiment factors
to predict the stock prices of Tencent. For comparison, we employ lead-lag
and Pearson correlation coefficients to construct the model. The results of
the two approaches, as displayed in Figures 7 and 8, are not significantly

different.
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