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Abstract: This paper aims to explore the dynamic relationships between the crude oil price (shocks)
and investor sentiment. Specifically, this paper utilizes web crawler to construct Chinese investor
sentiment index. The structural vector autoregression (SVAR) model is then used to decompose the
crude oil price shocks into three types of oil price shocks. Finally, the wavelet coherence analysis
(WTC) is employed to study the dynamic correlation between crude oil price (shocks) and investor
sentiment in the time and frequency domain, and their asymmetric dynamic correlation under
different trends of crude oil price. Using data from February 2013 to June 2021, our empirical results
suggest the heterogeneous dynamic correlations and lead-lag relationships exist between crude oil
price (shocks) and investor sentiment over different time and frequency domains. In addition, there
are asymmetric dynamic correlations and lead–lag relationships between crude oil price (shocks) and
investor sentiment under different trends of crude oil price.

Keywords: crude oil price; investor sentiment; heterogeneous and asymmetric effect; wavelet coher-
ence analysis

1. Introduction

Crude oil prices and investor sentiment is crucial for our economic development.
Crude oil, as a core source of energy, is essential for the global economy. Oil price
fluctuations affect a country’s economic development and social stability through var-
ious channels. For instance, increase in oil prices results in the increase in production
cost of goods and services, leading to further inflation, and affect social stability and
consumer confidence. Existing works mainly explore the impact of crude oil price on
macroeconomic variables, such as gross domestic product [1–4], the consumer price in-
dex [5,6], inflation [7–9], interest rate [10,11], financial cycle [12], stock market [13–18],
investments [19], unemployment [20], economic policy uncertainty [21,22], and so on.
Boubaker and Raza [16] employed a multivariate autoregressive moving average gen-
eralized autoregressive conditional heteroskedasticity corrected Dynamic Conditional
Correlation (VARMA-GARCH-cDCC) model and wavelet multiresolution analysis to in-
vestigate the spillover effects of volatility and shocks between oil prices and the BRICS
stock markets at different time horizons. Their results manifested that oil price and stock
market prices are directly affected by their own news and volatilities and indirectly affected
by the volatilities of other prices and wavelet scale. However, oil price fluctuations also
affect microeconomic activity, such as stock pricing [23], consumption [24–26], investor
concern [27–29], investor sentiment [30–32], and so on. For instance, crude oil prices may
influence investor sentiment through both the real economy and the stock market. Investor
sentiment is a belief about future cash flows and investment risks. On the one hand,
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oil price shock impacts macroeconomic, thus affects investors’ confidence and sentiment
towards their economic activities. On the other hand, fluctuations in the price of crude
oil have an effect on the stock market. The fluctuation of the stock market affects the
decision making of investors and leads to the change of investor sentiment. Therefore, fully
understanding the relationship between crude oil prices and investor sentiment is crucial
for our economic development.

Although a number of studies have focused on the relationship between crude oil
price and investor sentiment, there is no consensus about the nexus between oil price
and investor sentiment. The nexus between oil prices and investor sentiment is complex.
Firstly, crude oil price exerts effects on investor sentiment. On the one hand, crude oil
price exerts positive effects on investor sentiment. Li and Ouyang [33] used the investor
sentiment index based on the China Securities Investor Protection Fund Corporation’s
monthly survey and employed Bayesian inference structural vector autoregression (SVAR)
model to investigate the impact of structural oil price shocks on China’s investor sentiment.
They found that oil supply shocks and consumption demand shocks exert positive influence
on China’s investor sentiment, the effects of which are mainly transmitted by affecting
investor’s confidence in Chinese economic fundamentals and the international economic
environment. Decomposing the real price of crude oil by SVAR model, KILIAN and
PARK [34] explore the impacts of crude oil demand and supply shocks on the real crude oil
price. Their results showed that demand or supply shocks for crude oil contributed to U.S.
real stock returns. On the other hand, crude oil price exerts negative impacts on investor
sentiment. Employing a SVAR model, Ding et al. [35] investigated the contagion effect of
international crude oil price fluctuations on Chinese stock market investor sentiment. Their
results implied that the international crude oil price negatively affect Chinese stock market
investor sentiment and the average contagion delay 8 months. He, Zhou, Xia, Wen, and
Huang [31] constructed individual investor sentiment by using data from the American
Association of Individual Investors. They revealed that oil prices exert negative impacts
and significant long-run and short-run asymmetric effects on individual investor sentiment.

Secondly, investor sentiment plays a role in crude oil price. Based on monthly, weekly,
and daily data from 1986 to 2016, Qadan and Nama [36] used parametric and nonparametric
methods to reveal that investor sentiment has a significant impact on oil prices. Yao, Zhang,
and Ma [27] constructed a proxy for investor attention in crude oil market by aggregating
the Google search volume index (GSVI) and employ SVAR model to investigate the impact
of investor attention on WTI crude oil price. They found that investor attention have a
significant and negative impact on WTI crude oil price between January 2004 and November
2016. Choi et al. [37] used weekly actual position data during 1996–2006 from the COT
report to study whether actual position-based investor sentiment is useful in predicting
price movements in crude oil. They found that investor sentiments have an insignificant
influence on futures price movements in subsequent periods. In addition, some literature
forecast crude oil price based on text and web-based sentiment. For instance, Zhao et al. [38]
proposed a new hybrid oil price forecasting model based on web-based sentiment analysis.
They found that a quasi-linear relationship exists between oil price and web text sentiment.
Li et al. [39] also proposes a novel crude oil price forecasting method based on online
media text mining. Wu et al. [40] believed that the social media information can reflect oil
market factors and exogenous factors, and their study implied that social media information
contributes to forecasting oil price, oil production, and oil consumption.

Thirdly, an interaction between crude oil prices and investor sentiment was proven.
From the perspective of both the time and the frequency domains, Ye, Hu, He, Ouyang, and
Wen [32] employed wavelet coherence analysis to investigate the interaction between crude
oil prices and investor sentiment. Their results indicated that crude oil prices lead investor
sentiment and the co-movement between crude oil prices and investor sentiment change
with time and frequency. Apergis, Cooray, and Rehman [30] employed a quantile regression
method to find a statistically significant association between oil and natural gas prices
and investor sentiment. In addition, He and Zhou [41] analyzed the interaction between
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oil price shocks and investor sentiment by constructing linear and nonlinear causality
approach, time-varying parameter (TVP) VAR model and NARDL model. Their results
indicated that oil-specific demand shock exerts a positive effect on investor sentiment
over time, and has positive and asymmetric effects on investor sentiment in the short-run.
However, oil supply shock or aggregate demand shock have an insignificant impact on
investor sentiment. Furthermore, He, Zhou, Xia, Wen, and Huang [31] employed Hiemstra
and Jones test, the Diks and Panchenko test, and the TVP-SVAR model to investigate
the interaction between crude oil prices and individual investor sentiment. Their results
showed that bidirectional nonlinear Granger causality exists between crude oil prices and
individual investor sentiment, and the interactions between them are time-varying. Under
extreme shocks, Wang et al. [42] explored the causality between the crude oil futures market
and investor sentiment by introducing an extended Granger causality approach in the
time and frequency domains. They found that the crude oil futures market and investor
sentiment show dynamic causality at different frequencies. Additionally, the extreme shock-
related causal linkages from the frequency perspective indicate that short-term causality
performs better than medium- and long-term causality.

To summarize, a branch of literature has focused on the relationship between crude
oil prices and investor sentiment, and has achieved some interesting results. However,
there are several aspects worthy of further study. On the one hand, the heterogeneous
dynamic correlation and its lead–lag relationship between various crude oil price shocks
and investor sentiment in the time and frequency domain yet to be investigated. On the
other hand, the asymmetric dynamic correlation and its lead–lag relationship between
crude oil price and investor sentiment under different trends of crude oil price has not
been explored.

In this paper, we take a fresh look at the dynamic relationship between crude oil prices
and investor sentiment. First, this paper exploits a web crawler to construct a Chinese
investor sentiment index. The structure vector autoregression model is then utilized to
decompose the crude oil price shocks into three oil price shocks, namely crude oil supply
shocks, aggregate demand shocks, and oil-specific demand shocks, respectively. Finally, this
paper employs the wavelet coherence analysis to study the dynamic correlation between
oil price (shocks) and investor sentiment in the time and frequency domain, and further
explore the asymmetric dynamic correlation between them in the time and frequency
domain under different trends of oil price.

Based on these, this paper yields several main conclusions. First, heterogeneous
dynamic correlations and lead–lag relationships exist between crude oil price (shocks)
and investor sentiment over different time and frequency domains. In addition, there
are asymmetric dynamic correlations and lead–lag relationships between crude oil price
(shocks) and investor sentiment under different trends of crude oil price.

The contribution of this paper is to extend the literature on the dynamic relationships
between the crude oil price and investor sentiment. On the one hand, our analysis helps
shed light on the heterogeneous dynamic correlation between crude oil price shocks and
investor sentiment in the time and frequency domain in China. Additionally, the results
imply that dynamic correlation and its lead–lag relationship between various crude oil
price shocks and investor sentiment in the time and frequency domain in China are hetero-
geneous. On the other hand, we complement the literature on the dynamic correlation and
its lead–lag relationship between crude oil price shocks and investor sentiment by taking
a systematic look at asymmetry under different trends of crude oil price. In our monthly
observations from January 2011 to June 2021, we find the asymmetry dynamic correlation
and its lead–lag relationship between crude oil price shocks and investor sentiment under
different trends of crude oil price.

The remainder of this paper is organized as follows. We begin in Section 2, by provid-
ing a conceptual framing for our empirical approach. To do so, we introduce the wavelet
coherence analysis method and the methods used to decompose the crude oil price and
measure investor sentiment. Then, we describe our data. In Section 3, we establish the
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basic results described above, focusing on heterogeneous dynamic correlation between
crude oil prices and investor sentiment. In Section 4, we present our empirical results on
the asymmetric dynamic correlation between crude oil prices and investor sentiment under
different trends of oil price. Section 5 concludes.

2. Methods and Data

In this section, we provide a conceptual framing for our empirical approach and data.
The wavelet coherence analysis method employed to investigate the dynamic correlation
between crude oil price (shocks) and investor sentiment is introduced in Section 2.1. In addi-
tion, measurement of crude oil price shocks and investor sentiment and their corresponding
data source are present in Section 2.2.

2.1. Wavelet Coherence Analysis Method

Existing studies of the method used to investigate the relationship between crude oil
prices and investor sentiment suffer from two limitations. On the one hand, numerous
studies have attempted to examine the correlation between oil prices and investor sentiment
based on Granger tests [31]. Their results reveal a bidirectional nonlinear Granger causality
between crude oil prices and individual investor sentiment. Wang, Ma, Niu, and Liang [42]
introduced an extended Granger causality approach in the time and frequency domains to
explore the causality between the crude oil futures market and investor sentiment under
extreme shocks. On the other hand, the traditional time series method often considers the
time and frequency domains separately, which cannot analyze the relationship between oil
prices and investor sentiment comprehensively. He and Zhou [41] employed a TVP-VAR
model to discover that the oil-specific demand shock exerts positive effect on investor
sentiment over time. These two limitations leave areas for further research in this paper.

Wavelet coherence analysis (WTC) is a powerful tool to analyze the dynamic rela-
tionships between crude oil prices (shocks) and investor sentiment. First, rather than
subdividing the crude oil prices (shocks) and investor sentiment time series into several
sample periods, as in other methods, WTC analysis allows us to analyze the dynamic corre-
lation between crude oil prices (shocks) and investor sentiment during different regimes by
decomposing crude oil prices (shocks) and investor sentiment time series into a localized
frequency. Second, WTC analysis can measure the dynamic co-movement relationships and
lead–lag relationships between crude oil prices (shocks) and investor sentiment at various
frequencies. Thirdly, WTC analysis offers us an opportunity to conduct a comprehensive
three-dimensional analysis between the crude oil prices (shocks) and investor sentiment
by simultaneously considering the time and frequency domains, as well as the strength of
the correlation between them [43,44]. Additionally, other methods often consider the time
and frequency domains separately. Therefore, to comprehensively conduct the dynamic
co-movement relationships between crude oil prices (shocks) and investor sentiment at
various time and frequencies, we employ a wavelet coherence analysis method to identify
the co-movements.

Next, we briefly introduce the wavelet coherence analysis approach. According to
Maraun and Kurths [45], wavelet coherence is defined in terms of smoothing over time
and scale, and the amount of smoothing depends on the choice of wavelet and scale.
For given crude oil price (shocks) time series {opt} and investor sentiment time series
{ist}, the specific form of the continuous wavelet transformation Wop[s, τ] and Wis[s, τ]
corresponding to their wavelet function ψ(t) are as follows:

Wop[s, τ] = 〈op(t), ψτ,s〉 =
∫ ∞

−∞
op(t)

1√
|s|

ψ
(t− τ)

s
dt (1)

Wis[s, τ] = 〈is(t), ψτ,s〉 =
∫ ∞

−∞
is(t)

1√
|s|

ψ
(t− τ)

s
dt (2)
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where the bar shows the complex conjugation, τ is the location parameter to provide the
exact position of the wavelet. s denotes the scale parameter of the wavelet, and it has an
inverse relation to frequency.

To conduct the WTC analysis and wavelet phase difference analysis, we select complex
value analysis wavelets containing both amplitude and phase information. In particular,
the wavelet transform of crude oil price (shocks) Wop(s, τ) can be decomposed into the real
part <

{
Wop(s, τ)

}
and the imaginary part =

{
Wop(s, τ)

}
, or amplitude

∣∣{Wop(s, τ)
}∣∣ and

phase φop(a, b).
Morlet wavelets can capture both the amplitude information and the phase informa-

tion of the wave. Due to the advantages of Morlet wavelets, we exploit WTC analysis under
Morlet’s specification [32]. The Morlet wavelet can be expressed as follows:

Ψ(t) = π−1/4eiω0te−t2/2 (3)

where ω0 is the dimensionless frequency and t denotes time. Furthermore, the correlation
between the crude oil price (shocks) op(t) and investor sentiment is(t) in different time
and frequency domains can be obtained by the cross-wavelet transform:

Wop,is = WopWis (4)

where Wop and Wis are the wavelet transforms of crude oil price (shocks) series op(t)
and investor sentiment series is(t), respectively, and the bar means the complex conju-
gation. The cross-wavelet power can be defined as (XWP)op,is =

∣∣Wop,is
∣∣, which depicts

the local covariance of the crude oil price (shocks) and investor sentiment in the time
and frequency domains. Additionally, the cross-wavelet transform shows the area in the
timescale space with high common power. However, the correlation of the low power
area in the cross-wavelet transform is not significant, and it is difficult to obtain deter-
ministic conclusions [32]. Therefore, it is necessary to introduce the complex wavelet
coherence ρop,is:

ρop,is =
s
(
Wop,is

)[
s(
∣∣Wop,is

∣∣2)s(|Wis|2)
]1/2 (5)

where s is a smoothing operator in time and scale. The wavelet coherence Rop,is is defined
as the absolute value of the complex wavelet coherence ρop,is and can be expressed as

Rop,is =

∣∣s(Wop,is
)∣∣[

s(
∣∣Wop

∣∣2)s(|Wis|2)
]1/2 (6)

Although WTC analysis can reveal the correlation of crude oil price (shocks) and
investor sentiment in the time and frequency domains, it fails to provide information
about the lead–lag relationship between them. Therefore, a phase difference tool was
introduced into our research framework. Similar to the wavelet transform, the complex
wavelet coherence can be expressed in polar form Qop,is =

∣∣Qop,is
∣∣eiφop,is , and the phase

differences φop,is of the time series op(t) and is(t) are as follows:

φop,is = tan−1

(
=
[
s
(
Wop,is

)]
<
[
s
(
Wop,is

)]) (7)

where φop,is ∈ [−π,π]. If φop,is = 0, there is no phase difference between the crude oil
price (shocks) and investor sentiment at a specific frequency. When φop,is ∈ (0,π/2),
crude oil price (shocks) and investor sentiment are positively related and crude oil price
(shocks) leads investor sentiment. When φop,is ∈ (−π/2, 0), crude oil price (shocks), and
investor sentiment are positively related, while investor sentiment leads crude oil price
(shocks). There is a negative co-movement between the crude oil price (shocks) and investor
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sentiment if φop,is = ±π. When φop,is ∈ (π/2, π), crude oil price (shocks) and investor
sentiment are negatively related and investor sentiment leads crude oil price (shocks).
When φop,is ∈ (−π,−π/2), crude oil price (shocks) and investor sentiment are negatively
related, while crude oil price (shocks) leads investor sentiment.

Furthermore, the phase patterns of crude oil price (shocks) and investor sentiment are
clearly presented by the arrows in their wavelet coherency maps. Specifically, the arrows
point right if crude oil price (shocks) and investor sentiment are positively related and
point left if crude oil price (shocks) and investor sentiment are negatively related. Moreover,
the leads or lags relationship of crude oil price (shocks) and investor sentiment can also be
obtained from the arrows. The arrows pointing left and down or right and up imply that
crude oil price (shocks) leads investor sentiment, while the arrows points left and up or
right and down, investor sentiment leads crude oil price (shocks).

Our data cover crude oil price (shocks) and Chinese investor sentiment for the period
from February 2013 to June 2021. Measurement of crude oil price (shocks) and Chinese
investor sentiment and data sources are described in the following subsections.

2.2. Variables Measurement and Data Source

In this subsection, we mainly decompose the crude oil price shocks into three types of
crude oil price shocks and measure Chinese investor sentiment based on web crawler.

2.2.1. Crude Oil Price Shock Decomposition

Throughout the paper, following the seminal work of Kilian [46], we work with a
SVAR model to decompose the crude oil price shock into crude oil supply shocks, aggregate
demand shocks, and oil-specific demand shocks. More specifically, crude oil supply shocks
refer to shocks to the current physical availability of crude oil. Aggregate demand shocks
are defined as the shocks of fluctuations in the global business cycle on current crude oil
demand. Oil-specific demand shocks denote shocks driven by change in the precautionary
demand for crude oil. Our dataset consists of global crude oil production, real economic
activity index combined with real crude oil price span from February 2011 to June 2021.

The SVAR model based on monthly data for zt = (∆prodt, realt, rcopt)
′ is exploited

to decompose the crude oil price shocks. ∆prodt denotes the logarithmic difference in
crude oil production in thousand barrels pumped per day (averaged by month), which
indicates changes in crude oil production. realt is the index of real global economic activity
constructed by Kilian [46], measuring the state of global real economic activity. rcopt refers
to the real crude oil price, which is the nominal oil price deflected by the US consumer
price index. The SVAR model is represented as follows:

A0zt = α + ∑24
i=1 Aizt−i + εt, (8)

where εt represents the serially and mutually uncorrelated vector of structural innovation.
Assuming that A−1

0 is a matrix with recursive structure, so according to et = A−1
0 εt, the

reduced form errors et can be decomposed as Formula (9).

et ≡

 e∆prod
t
ereal

t
ercop

t

 =

 a11 0 0
a21 a22 0
a31 a32 a33


 ε

crude oil supply shocks
t

ε
aggregate demand shocks
t

ε
oil−speci f ic demand shocks
t

, (9)

where εt represents three oil price shocks, ε
crude oil supply shocks
t is the crude oil supply shocks,

ε
aggregate demand shocks
t denotes the aggregate demand shocks, ε

oil−speci f ic demand shocks
t refers to

the oil-specific demand shocks. All three oil price shocks can be obtained.
To decompose the crude oil price shocks, we mainly use data including crude oil prices,

the US consumer price index, crude oil production, and the global economic activities index.
Specifically, we collect the monthly spot price of WTI (Cushing, OK WTI Spot Price FOB)
from U.S. Energy Information Administration as the proxy for nominal crude oil prices.
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The U.S. consumer price index data are used to obtain crude real oil prices from nominal
oil prices, which can be obtained from the U.S. Bureau of Labor Statistics. In addition, the
global crude oil production is in millions of barrels pumped per day (averaged by month)
and the data are available from U.S. Energy Information Administration. According to
the comparison of Funashima [47], which indicated that real shipping costs lead world
industrial production, the Kilian economic index [46] is selected as a proxy of global
economic activities. The Kilian economic index was developed based on the cost of shipping
and the data can be obtained from the Federal Reserve Bank of Dallas (Available online:
https://www.dallasfed.org/research/igrea (accessed on 9 October 2021)). Considering the
availability of data, we used monthly data spanning February 2011 to June 2021.

The cumulative effects of three oil price shocks on real crude oil price obtained from
the SVAR model are presented in Figure 1.

Figure 1. The cumulative effects of crude oil price shocks. From top to bottom, figures plot the
cumulative effects of the oil supply shocks, aggregate demand shocks, and oil-specific demand
shocks on the real WTI oil spot price, respectively. The data span from February 2013 to June 2021.

The cumulative impacts of three oil price shocks on oil prices are heterogeneous.
Figure 1 plots the cumulative impacts of oil supply shocks, aggregate demand shocks, and
oil-specific demand shocks on crude oil prices over the period from February 2013 to June
2021. Clearly evident in the figure is the fact that the trends of cumulative effects of three
crude oil price shocks on real crude oil price are heterogeneous. First, from the first panel of
Figure 1, we can realize that the cumulative impacts of oil supply shocks on crude oil prices
can be divided into three phases. The cumulative effects of oil supply shocks are positive
and minorly increased from February 2013 to March 2015. After that, the cumulative
effects gradually decreased and turn negative until March 2016. Thereafter, the cumulative
effects of oil supply shocks are increased and fluctuated dramatically. The reason may
be that due to the COVID-19 pandemic, the drops in supply results in crude oil prices
volatility [48]. Second, as can be seen from the second panel of Figure 1, the cumulative
effects of aggregate demand shocks on crude oil prices are fluctuant. Before February 2019,
the cumulative effects fluctuated moderately, while the cumulative effects of aggregate
demand shocks fluctuated dramatically after February 2019. Third, as shown in the third
panel of Figure 1, the cumulative effects of oil-specific demand shocks on real crude oil
price can be divided into three phases. Before September 2015, the cumulative effects
are maintained at a comparatively low level. The cumulative effects showed two periods
of decline, from 2015 to 2017, and from 2019 to 2020. Since 2020, the cumulative effects
fluctuate substantially and keep rising. Perhaps not surprisingly, there are heterogeneous
cumulative effects of three various crude oil price shocks on oil prices due to various
meanings of crude oil shocks. To sum up, the cumulative effects of three various crude oil
price shocks on crude oil prices are heterogeneous.

https://www.dallasfed.org/research/igrea
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2.2.2. Investor Sentiment

Existing investor sentiment measurement methods are classified into three categories:
survey method, market variable method, and text analysis method [49]. First, the sur-
vey method collects individuals’ views and attitudes on the current or future economic
conditions and the trend of the financial market through telephone, email and other ques-
tionnaires [50]. Then, investigators aggregated these questionnaire results into an investor
sentiment index. Second, a market variable method based on some subjective and objective
basic indicators, such as trading volume, the dividend premium, the closed-end fund
discount, and so on, are widely used to construct investor sentiment [51,52]. Third, investor
sentiment, based on text data, also arouse wide attention [53], for example Google trends
and Baidu index [54,55].

Inevitably, there are some drawbacks to these methods. Although the survey method
directly measures investor sentiment, its implementation cost is high, the frequency of
constructing sentiment index is low, the time span is short, and is also susceptible to
subjective factors. Considered comprehensively with various market variables, a market
variable method is more objective. However, the indicators relying on market data are likely
to be the combined result of many economic factors, rather than actual investor sentiment.
In addition, key variables may be omitted in the process of selecting basic indicators, which
affect the completeness of the measurement.

Differently from the above traditional investor sentiment indicators, investor sentiment
constructed on textual analysis method and web crawler has significant advantages. First,
compared with large-scale manual survey data, data mining is more rapid and accurate
to obtain online text information, which is more efficient. Secondly, open social platforms
truly restore investors’ thoughts and opinions, freeing information transmission from
constraints, such as time and region, and updating opinions at any time. Therefore, we
attempt to exploit textual analysis method and web crawler to construct investor sentiment
in this paper.

In this paper, the Baidu trend was selected to investigate the trend of Chinese investor
sentiment. At present, the most widely used network search data are Google search data.
However, the most widely used search engine is Baidu in China because of the Internet
restrictions and habits. Therefore, the Baidu search index is more in line with the actual
investor sentiment in China. According to the search volume of Internet users in Baidu,
Baidu Index takes keywords as the statistical object, and it analyzes and calculates the
weighted sum of search frequency of each keyword in Baidu web search. Therefore, using
Baidu index to construct China’s investor sentiment index is appropriate.

Three steps are needed when constructing an investor sentiment index based on
textual analysis method. The first step is selecting Chinese keywords, which can accurately
and comprehensively reflect the Chinese investor sentiment. On the one hand, Chinese
keywords are required to have a high correlation with the stock market. On the other
hand, the keywords need to be kept for a period of time and rich in change to realize
the dynamic monitoring of the stock market. According to these requirements, we select
50 Chinese keywords (including 25 positive sentiment keywords and 25 negative sentiment
keywords) related to investor sentiment in the stock market from a Chinese sentiment
dictionary for finance. The keywords of the Baidu index in translation are presented
in Appendix A Table A1.

The second step is to analyze word frequency of related keywords. In view of Baidu
in China, the search engine market holds the absolute advantage; this paper intends to
use the Baidu index data of each keyword as the index of the number of searches of each
keyword. According to the list of keywords, input each keyword into the Baidu index and
extract the daily time series data of the search volume of each keyword. Because the Baidu
index does not provide the downloading function of search data, this paper obtains the
daily time series data of keywords in batches based on the crawler program.

Finally, we construct an investor sentiment index. The keyword search volumes serve
as the score of investor sentiment. The daily scores are added to get the monthly scores of
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investor sentiment. Then to get the final monthly investor sentiment index, we divide the
monthly total positive sentiment scores by the monthly total negative sentiment scores and
subtract 1. The final monthly investor sentiment index based on text data (IS) at t month
can be expressed as follows.

ISt =
Post

Negt
− 1, (10)

where Post denotes the total positive sentiment at t month, Negt refers to the total negative
sentiment score at t month. ISt greater than 0 indicates that positive sentiment is higher
than negative sentiment at t month, while ISt less than 0 indicates that negative sentiment
is higher than positive sentiment at t month.

The data come from the Baidu index official website, which span from January 2011
to June 2021. The investor sentiment index constructed by text analysis method and web
crawler is presented in Figure 2.

Figure 2. Trends of investor sentiment index. The data span from January 2011 to June 2021.

Investor sentiment fluctuates wildly between January 2011 and June 2021. Figure 2
demonstrate the trends of investor sentiment from January 2011 to June 2021. From the
trends of investor sentiment, we can know that investor sentiment is volatile, which
illustrate that investor sentiment can be an effective response to external shocks. First, most
of investor sentiment index are less than zero, which reveal that the investor sentiment
is negative for most of the period from February 2011 to June 2021. Second, with the
occurrence of special events, investor sentiment fluctuates violently. For instance, from
May 2012 to August 2012, investor sentiment turned sharply negative and then negative
sentiment turned small until March 2013. In addition, the stock market crash in China
began on 15 June 2015, leading to a sharp downturn in investor sentiment in July 2015.
Moreover, in August 2016, the establishment of Xiongan New Area in China and the strong
rise of Chinese manufacturing restored investors’ confidence in the stock market, and
investor sentiment rose. Furthermore, in 2020, the outbreak of COVID-19 cast a shadow
over China’s economy and the world economy. Many uncertainties brought about by this
cast a shadow over the stock market, which led to a sharp decline in investor sentiment.
Additionally, investor sentiment also fluctuates substantially at several periods, such as
April 2013, May 2017, February 2018, February 2019, January 2021, and so on.

3. Heterogeneous Dynamic Correlation between Crude Oil Prices and Investor Sentiment

In this section, we provide the heterogeneous dynamic correlation between crude
oil prices (shocks) and investor sentiment. First, we conduct a WTC analysis and the
phase difference method to test the co-movement and lead-lag relationships between crude
oil prices and investor sentiment over the time and frequency domains simultaneously
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in Section 3.1. Then, in Section 3.2, we further investigate the heterogeneous dynamic
correlation between various crude oil prices shocks and investor sentiment by decomposing
the crude oil prices shocks into crude oil supply shocks, aggregate demand shocks, and
oil-specific demand shocks.

3.1. Crude Oil Prices and Investor Sentiment

The WTC analysis and the phase difference method are employed to conduct the
co-movement and lead–lag relationships between crude oil prices and investor sentiment.
Figure 3 presents the wavelet coherency map of crude oil prices and investor sentiment.

Figure 3. The wavelet coherency map of crude oil prices and investor sentiment. The data span from
February 2013 to June 2021. Time and frequency are represented on the horizontal and the vertical
axis, respectively. The color of a region from blue to yellow implies the coherence correlation between
crude oil prices and investor sentiment become greater. The arrows show the correlation and lead lag
relationship between crude oil prices and investor sentiment.

Crude oil prices are positively correlated with investor sentiment. Figure 3 intuitively
shows the wavelet coherency map of crude oil prices and investor sentiment under various
time and frequency domains. As can be seen from Figure 3, most of arrows pointing right
indicate a positive relationship between crude oil prices and investor sentiment. This
result provides a shred of evidence that with the increase in crude oil prices, investors’
expectations of current and future market conditions also increase. Changes in crude oil
prices will release a signal of the market, which affect investors’ expectations of current
and future market and their sentiment.

The lead–lag relationship between crude oil price and investor sentiment is heteroge-
neous at different frequencies. The direction of the arrow in the Figure 3 also can reveal
the lead–lag relationship between crude oil prices and investor sentiment. When the ar-
row points to the upper left or lower right, indicating that the phase change in investor
sentiment is ahead of crude oil prices. When the arrow points to the lower left or upper
right, manifesting that the phase change in crude oil prices is ahead of investor sentiment.
First, from Figure 3, the arrows at the bottom left mostly point to the upper right, which
reveal that crude oil prices lead investor sentiment in the relatively low frequency during
January 2011 to June 2016. Secondly, the large area in the middle of the Figure 3 indicates
that the dynamic relationship of investor sentiment and crude oil prices is not significant
at the middle frequency. Thirdly, the arrows at the upper of Figure 3 mostly point to the
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lower right, which indicates that investor sentiment lead crude oil prices in the relatively
high frequency. Therefore, the lead–lag relationship between crude oil price and investor
sentiment is heterogeneous at various frequencies.

3.2. Heterogeneous Dynamic Correlation

In this subsection, we attempt to further investigate the heterogeneous dynamic
correlation between various crude oil prices shocks and investor sentiment by decomposing
the crude oil prices shocks into oil supply shocks, aggregate demand shocks, and oil-
specific demand shocks. Figure 4 presents the various wavelet coherency map between
different crude oil prices shocks and investor sentiment. Among Figure 4, Figure 4a
shows the wavelet coherency map of oil supply shocks and investor sentiment, Figure 4b
presents the wavelet coherency map of aggregate demand shocks and investor sentiment,
while Figure 4c exhibits the wavelet coherency map of oil-specific demand shocks and
investor sentiment.

The dynamic correlation between various crude oil prices shocks and investor sen-
timent are heterogeneous. Figure 4 show the three wavelet coherency maps between oil
supply shocks, aggregate demand shocks, and oil-specific demand shocks and investor
sentiment, respectively. The heterogeneity of various crude oil prices shocks and investor
sentiment are mainly reflected in two folds. On the one hand, the correlation between
different oil price shocks and investor sentiment are heterogeneous. Specifically, there is
a positive correlation between oil supply shocks and investor sentiment from Figure 4a.
Most of the arrows pointing right indicate a positive relationship between oil supply shocks
and investor sentiment. Secondly, in Figure 4b, most of arrows point to the left, which
indicates a negative relationship between aggregate demand shocks and investor senti-
ment. Thirdly, a large insignificant area in Figure 4c manifests an insignificant dynamic
correlation between oil-specific demand shocks and investor sentiment. In conclusion, the
dynamic correlation between various crude oil prices shocks and investor sentiment are
heterogeneous.

Figure 4. Cont.



Energies 2022, 15, 687 12 of 22

Figure 4. The various wavelet coherency map between different crude oil prices shocks and investor
sentiment. (a) shows the wavelet coherency map of oil supply shocks and investor sentiment,
(b) presents the wavelet coherency map of aggregate demand shocks and investor sentiment, while
(c) exhibits the wavelet coherency map of oil-specific demand shocks and investor sentiment. The
data span from February 2013 to June 2021. Time and frequency are represented on the horizontal
and the vertical axis, respectively. The color of a region from blue to yellow implies the coherence
correlation between crude oil prices shocks and investor sentiment become greater. The arrows show
the correlation and lead lag relationship between crude oil prices shocks and investor sentiment.



Energies 2022, 15, 687 13 of 22

On the other hand, the lead–lag relationship between different oil price shocks and
investor sentiment at various frequency are heterogeneous. Specifically, from Figure 4a, the
arrows at the bottom left mostly point to the lower right, revealing that investor sentiment
lead oil supply shocks at the low frequency. Second, the arrows in Figure 4b mostly point
to the upper right and lower left, revealing that aggregate demand shocks lead investor
sentiment. Thirdly, the arrows at the middle of the Figure 4c points to the upper right and
lower left, indicating that crude oil prices lead oil-specific demand shocks in the middle
frequency. In sum, the lead–lag relationship between various crude oil price shocks and
investor sentiment are heterogeneous at various frequencies.

4. Asymmetric Dynamic Correlation between Crude Oil Prices and Investor Sentiment
under Different Trends of Oil Price

In this section, we attempt to further explore the asymmetric dynamic correlation
between crude oil prices (shocks) and investor sentiment under different trends of crude
oil price. The period is divided into the up and down period on the basis of trends of crude
oil price. First, we attempt to investigate the asymmetric dynamic correlation between
crude oil prices and investor sentiment under different trends of oil price. Then, we further
investigate the asymmetric dynamic correlation between crude oil price shocks and investor
sentiment under different trends of oil price.

Figure 5 plots the wavelet coherency map between crude oil prices and investor
sentiment under different trends of crude oil. Figure 5a presents the wavelet coherency
map of crude oil prices and investor sentiment when the crude oil price rises, while
Figure 5b exhibits the wavelet coherency map of crude oil prices and investor sentiment
when the crude oil price falls.

Asymmetric dynamic correlation exists between crude oil prices and investor sen-
timent under different trends of crude oil price. Figure 5 intuitively shows the wavelet
coherency map of crude oil prices and investor sentiment under different trends of crude
oil price. From the top of Figure 5a, most of the arrows pointing left imply a negative
relationship between crude oil prices and investor sentiment at high frequency during
periods of rising oil prices. However, at the bottom of Figure 5a there is a small coherence
coefficient, which manifest that no significant dynamic correlation between crude oil prices
and investor sentiment at the relatively low frequency during periods of rising oil prices. In
addition, most of arrows point to the right in Figure 5b, which provides us with evidence
that crude oil prices are positively related to investor sentiment during periods of falling
oil prices. In short, dynamic correlation between crude oil prices and investor sentiment
under different trends of crude oil price is asymmetric.

The lead–lag relationship between crude oil price and investor sentiment under dif-
ferent trends of crude oil price is also asymmetric. First, the arrows in the significant area
at the top of Figure 5a mostly point to lower left, which demonstrate that crude oil prices
lead investor sentiment at the relatively high frequency during periods of rising oil prices.
However, the arrows at the bottom of Figure 5a demonstrate that there is no co-movement
between crude oil prices and investor sentiment at the relatively low frequency during
periods of rising oil prices. Second, most of arrows point to upper right at the bottom of
Figure 5b, which indicate crude oil prices lead investor sentiment at the relatively low
frequency during periods of falling oil prices. Moreover, most of arrows point to upper
left and lower right at the top of Figure 5b, which imply that the phase change in investor
sentiment is ahead of crude oil prices at the relatively high frequency during periods of
falling oil prices. All in all, the lead–lag relationship between crude oil price and investor
sentiment is asymmetric under different trends of crude oil price.

Figure 6 plots the wavelet coherency map between oil supply shocks and investor
sentiment under different trends of crude oil. Figure 6a presents the wavelet coherency
map of oil supply shocks and investor sentiment when the crude oil price rises, while
Figure 6b exhibits the wavelet coherency map of oil supply shocks and investor sentiment
when the crude oil price falls.
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Figure 5. The wavelet coherency map between crude oil prices and investor sentiment under different
trends of crude oil price. (a) exhibits the wavelet coherency map of crude oil prices and investor
sentiment under rising trend in crude oil prices, while (b) presents the wavelet coherency map of
crude oil prices and investor sentiment under down trend in crude oil prices. The color of a region
from blue to yellow in a wavelet coherency map implies the coherence correlation between crude
oil prices and investor sentiment become greater. The arrows show the correlation and lead lag
relationship between crude oil prices and investor sentiment.
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Figure 6. The wavelet coherency map between oil supply shocks and investor sentiment under
different trends of crude oil price. (a) exhibits the wavelet coherency map of oil supply shocks and
investor sentiment under rising trend in crude oil prices, while (b) presents the wavelet coherency
map of oil supply shocks and investor sentiment under down trend in crude oil prices. The color of a
region from blue to yellow implies the coherence correlation between oil supply shocks and investor
sentiment become greater. The arrows show the correlation and lead lag relationship between oil
supply shocks and investor sentiment.

Asymmetric dynamic correlation exists between oil supply shocks and investor senti-
ment under different trends of crude oil price. Figure 6 plots the wavelet coherency map of
oil supply shocks and investor sentiment under different trends of crude oil price. First,
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from Figure 6a, we can see a large blue area, the coherence coefficient between oil supply
shocks and investor sentiment is very small, which indicated that the dynamic relationship
between oil supply shocks and investor sentiment is not significant during periods of rising
oil prices. Second, arrows at the bottom of Figure 6b point to the right, manifesting that
oil supply shocks are positively related to investor sentiment at a relatively low frequency
during periods of falling oil prices. The arrows at the top of Figure 6b point to the left,
indicating that oil supply shocks are negatively related to investor sentiment at a relatively
high frequency during periods of falling oil prices. In conclusion, the dynamic correlation
between oil supply shocks and investor sentiment are asymmetric under different trends of
crude oil price.

The lead–lag relationship between oil supply shocks and investor sentiment under
different trends of crude oil price are also asymmetric. First, the insignificant area in
Figure 6a shows no co-movement between oil supply shocks and investor sentiment during
periods of rising oil prices. Second, most of the arrows point to the upper left and lower
right at the top and bottom of Figure 6b, this demonstrates that the phase change in investor
sentiment is ahead of oil supply shocks during periods of falling oil prices. Given the above,
the lead–lag relationship between oil supply shocks and investor sentiment are asymmetric
under different trends of crude oil price.

Figure 7 plots the wavelet coherency map between aggregate demand shocks and
investor sentiment under different trends of crude oil. Figure 7a presents the wavelet
coherency map of aggregate demand shocks and investor sentiment when the crude oil
price rises, while Figure 7b exhibits the wavelet coherency map of aggregate demand
shocks and investor sentiment when the crude oil price falls.

Asymmetric dynamic correlation exists between aggregate demand shocks and in-
vestor sentiment under different trends of crude oil price. Figure 7 draws the wavelet
coherency map of aggregate demand shocks and investor sentiment under different trends
of crude oil price. First, at the middle of Figure 7a, most of the arrows point to the left and
show the negative correlation between aggregate demand shocks and investor sentiment
during periods of rising oil prices. Second, from Figure 7b, it is easy to see that the coherence
coefficient between aggregate demand shocks and investor sentiment is very small, which
demonstrates the insignificant dynamic relationship between aggregate demand shocks
and investor sentiment during periods of falling oil prices. In brief, dynamic correlation
are asymmetric between aggregate demand shocks and investor sentiment under different
trends of crude oil price.

The lead–lag relationship between aggregate demand shocks and investor sentiment
under different trends of crude oil price are also asymmetric. First, most of the arrows
point to the lower left at the middle of Figure 7a, this indicates that aggregate demand
shocks lead investor sentiment during periods of rising oil prices. Second, the insignificant
area in Figure 7b shows no co-movement between aggregate demand shocks and investor
sentiment during periods of falling oil prices. In short, the lead–lag relationship between
aggregate demand shocks and investor sentiment are asymmetric under different trends of
crude oil price.

Figure 8 plots the wavelet coherency map between oil-specific demand shocks and
investor sentiment under different trends of crude oil. Figure 8a presents the wavelet
coherency map of oil-specific demand shocks and investor sentiment when the crude oil
price rises, while Figure 8b exhibits the wavelet coherency map of oil-specific demand
shocks and investor sentiment when the crude oil price falls.
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Figure 7. The wavelet coherency map between aggregate demand shocks and investor sentiment
under different trends of crude oil price. (a) exhibits the wavelet coherency map of aggregate demand
shocks and investor sentiment under rising trend in crude oil prices, while (b) presents the wavelet
coherency map of aggregate demand shocks and investor sentiment under down trend in crude oil
prices. The color of a region from blue to yellow implies the coherence correlation between aggregate
demand shocks and investor sentiment become greater. The arrows show the correlation and lead–lag
relationship between aggregate demand shocks and investor sentiment.
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Figure 8. The wavelet coherency map between oil-specific demand shocks and investor sentiment
under different trends of crude oil price. (a) exhibits the wavelet coherency map of oil-specific
demand shocks and investor sentiment under rising trend in crude oil prices, while (b) presents the
wavelet coherency map of oil-specific demand shocks and investor sentiment under down trend in
crude oil prices. The color of a region from blue to yellow implies the coherence correlation between
oil-specific demand shocks and investor sentiment become greater. The arrows show the correlation
and lead–lag relationship between oil-specific demand shocks and investor sentiment.
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Asymmetric dynamic correlation exists between oil-specific demand shocks and in-
vestor sentiment under different trends of crude oil price. Figure 8 plots the wavelet
coherency map of oil-specific demand shocks and investor sentiment under different trends
of crude oil price. First, from Figure 8a, the coherence coefficient between oil-specific
demand shocks and investor sentiment is rarely significant. This indicated that dynamic
relationship between oil-specific demand shocks and investor sentiment is almost insignifi-
cant during periods of rising oil prices. Second, most of arrows point to right in Figure 8,
which indicating that oil-specific demand shocks are positively related to investor sentiment
at middle frequency during periods of falling oil prices. In conclusion, dynamic correlation
is asymmetric between oil-specific demand shocks and investor sentiment under different
trends of crude oil price.

The lead–lag relationship between oil-specific demand shocks and investor sentiment
under different trends of crude oil price are also asymmetric. First, weak co-movement
between oil-specific demand shocks and investor sentiment was found from Figure 8a
during periods of rising oil prices. Then, most of arrows point to upper right in Figure 8,
demonstrating oil-specific demand shocks lead investor sentiment at middle frequency
during periods of falling oil prices. To summarize, the lead–lag relationship between
oil-specific demand shocks and investor sentiment are asymmetric under different trends
of crude oil price.

5. Conclusions

This paper attempts to extend the literature on heterogeneous and asymmetric dy-
namic correlation between crude oil price (shocks) and Chinese investor sentiment. On
the one hand, we shed light on the heterogeneous dynamic correlation between crude oil
price shocks and investor sentiment in the time and frequency domain in China and yield
heterogeneous results. On the other hand, we complement the literature on the dynamic
correlation and its lead–lag relationship between crude oil price shocks and investor senti-
ment by taking a systematic look at asymmetry under different trends of crude oil price.
Based on data from February 2013 to June 2021, this paper first utilizes web crawler to
construct Chinese investor sentiment index. The SVAR model is then used to decompose
the crude oil price shocks into crude oil supply shocks, aggregate demand shocks, and
oil-specific demand shocks. Finally, the wavelet coherence analysis is employed to explore
the heterogeneous dynamic correlation between crude oil price (shocks) and investor senti-
ment in the time and frequency domain, and the asymmetric dynamic correlation between
them under different trends of crude oil price. The conclusion can be drawn as follows:

On the one hand, heterogeneous dynamic correlations and lead-lag relationships
exist between crude oil price (shocks) and investor sentiment over different time and
frequency domains. Specifically, first, crude oil price is positively correlate to investor
sentiment and their lead–lag relationships are heterogeneous at different frequency. Second,
the dynamic correlation between various crude oil prices shocks and investor sentiment
are heterogeneous. Oil supply shocks positively correlate with investor sentiment and
aggregate demand shocks negatively correlate with investor sentiment, while dynamic
correlation between oil-specific demand shocks and investor sentiment is insignificant.
Thirdly, the lead–lag relationship between different oil price shocks and investor sentiment
at various frequency are heterogeneous. For instance, investor sentiment lead oil supply
shocks at the low frequency, aggregate demand shocks lead investor sentiment, and crude
oil prices lead oil-specific demand shocks in the middle frequency.

On the other hand, asymmetric dynamic correlations and lead–lag relationships exist
between crude oil price (shocks) and investor sentiment under different trends of crude oil
price. Specifically, first, there is a negative dynamic relationship between crude oil prices
and investor sentiment and crude oil prices lead investor sentiment at high frequency and
insignificant dynamic correlation and no co-movement at the relatively low frequency
during periods of rising oil prices, while crude oil prices are positively related to investor
sentiment during periods of falling oil prices. Crude oil prices lead investor sentiment at the
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relatively low frequency and investor sentiment leads crude oil prices at the relatively high
frequency during periods of falling oil prices. Second, insignificant dynamic relationship
and no co-movement exists between oil supply shocks and investor sentiment during
periods of rising oil prices, while oil supply shocks are positively and negatively related
to investor sentiment at relatively low and high frequency, respectively, and investor
sentiment leads oil supply shocks during periods of falling oil prices. Third, aggregate
demand shocks are negatively correlated to investor sentiment and aggregate demand
shocks lead investor sentiment during periods of rising oil prices, while there is insignificant
dynamic relationship and no co-movement between aggregate demand shocks and investor
sentiment during periods of falling oil prices. Forth, there is almost insignificant dynamic
relationship and weak co-movement between oil-specific demand shocks and investor
sentiment during periods of rising oil prices, while oil-specific demand shocks are positively
related to investor sentiment and the former leads the latter at middle frequency during
periods of falling oil prices.

These conclusions provide a more detailed exhibition of the heterogeneous and asym-
metric dynamic correlation between crude oil price (shocks) and Chinese investor sentiment.
Our study yields some important implications. First, policies that seek to decrease the
risk in the crude oil futures market should consider different shocks of crude oil, given
the heterogeneous and asymmetric dynamic correlation between crude oil price (shocks)
and Chinese investor sentiment. Additionally, investors should fully consider the impact
of crude oil prices and shocks based on the conditions of different crude oil shocks and
different trends of crude oil, and then adjust the portfolio strategy or decision making in
time to reduce investment risk.

However, this paper is not without limitations. For instance, we ignore the hetero-
geneous influence of crude oil price fluctuations on the investment behaviors of Chinese
investors and global investors. A first direction for further research would be to explore the
dynamic co-movement relationship between crude oil prices, as well as oil price shocks and
investor sentiment or investment behaviors in different countries and compare the potential
similarities and differences in the dynamic co-movement relationship. Furthermore, it
could be another valuable area that introducing event study methodology to analyze the
relationship between crude oil price (shocks) and investor sentiment [56].
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Appendix A

The appendix displays the keywords of the Baidu index in translation in Table A1.
Since this paper studies the impact of crude oil price shock on Chinese investor sentiment,
in practice, Chinese keywords are used as keywords to construct Chinese investor sentiment
index. The investor sentiment is divided into positive and negative sentiment. The positive
sentiment includes 25 Chinese keywords, while the negative sentiment also includes
25 Chinese keywords.



Energies 2022, 15, 687 21 of 22

Table A1. Keywords of the Baidu index in translation.

Sentiment Type Keywords

Positive sentiment

skyrocketing, soaring, surging, stock god, good stock, fine stock,
positive, optimist, bull, bull market, up, rise, holding, trading
limit, potential stocks, surge, rebound, rally, harden, Long, make a
lot of money, bullish, record highs, gains

Negative sentiment

crash, withdrawal, cut losses, fall, bearish, plunging, trapped,
volatility, garbage stocks, fill fall, below, stop, step empty, catch,
cash, jump, rush high fall, diving, delist, fall, bear market, banker,
low, short, stock disaster
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