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ABSTRACT. In this paper, we adopt the MF-DCCA (Multifractal Detrended Cross-Correlation
Analysis) method to study the nonlinear correlation between the returns of financial stock mar-
kets and investors’ sentiment index (SI). The return series of Shanghai Securities Composite
Index (SSEC) of China, Shenzhen Securities Component Index (SZI) of China, Nikkei 225
Index (N225) of Japan, and Standard & Poor’s 500 Index (S&P500) of the United States are
adopted. Firstly, we preliminarily analyze the correlation between SSEC and SI through the
Pearson correlation coefficient. In addition, by MF-DCCA, we observe a power-law corre-
lation between investors’ sentiment index and SSEC stock market returns, with a significant
multifractal correlation. Besides, SI series and SSEC return series have positive persistence.
We compare the differences in multifractal cross-correlation between SI and stock return se-
quences in different markets. We found that the values of SZI-SI in terms of cross-correlation
persistence and cross-correlation strength are relatively close to those of SSEC-SI, while the
Hxy(2), ∆Hxy , and ∆αxy of N225-SI and S&P500 are much smaller than those of SSEC-
SI and SZI-SI. This reason is related to the fact that the investors’ sentiment index originated
from the Shanghai Composite Index Tieba. The SI is obtained through natural language pro-
cessing method. Finally, we study the rolling of Hxy(2) and ∆αxy . Results indicate that the
macroeconomic environment may cause fluctuations in two sequences of Hxy(2) and ∆αxy .
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1. INTRODUCTION

Financial markets, especially stock markets are often influenced by numerous factors, among
which economic factors [1] and non-economic fatcors [2] are two main stream of factors. In the
domain of non-economic factors, Investor Sentiment Measures (ISM) [3] are one of the most
unneglectable elements. Investor trading behavior, frequently driven by irrational decision-
making, tends to result in excessive market transactions which not only fail to yield reasonable
returns but often lead to substantial losses [4]. The intrinsic human emotions of greed and
fear introduce instability into market dynamics. As investors are prone to emotional influences
during decision-making processes, there is a tendency for irrational deviations to occur. Emo-
tional dynamics are increasingly acknowledged as systemic risk factors with the potential to
misalign the market from its rational operational trajectory, thus amplifying market risk and
volatility [5]. This over-trading phenomenon is of significant concern, not just for the individ-
ual investor’s capital but also for the overall stability of the stock market.

Investor Sentiment Measures are measures that cannot be straightforwardly quatitatively
described. In real world, ISM are often referred as qualitative data, since ISM are reflected
by statements, reviews or comments from the customers and investors [3, 6]. To quantitative
and analyze the sentiments hidden behind texts and words, experts have brought forward sev-
eral constructive methods, like lexical analysis, bag-of-words model and Natural Language
Processing (NLP). Hippisley [7] systematically introduced lexical analysis and set forth its
drawbacks. Zhang et al. [8] established a statistical framework under bag-of-words model that
forgoes heuristic clustering for visual word generation, offering competitive empirical perfor-
mance and two new algorithms that maintain efficacy in object categorization without relying
on clustering. However, our paper selected NLP model over lexical analysis or bag-of-words
model to extract sentiments behind words due to main two reasons: one [9], NLP could under-
stand the role of the words paly in sentences; two [10], NLP pays more attention on word order
and contextual relationships. For NLP model, Sun et al. [11] reviewed recent paradigm shifts
in NLP, where reformulating tasks has improved model performance and shown potential for
unifying various NLP tasks within single-model frameworks. Li et al. [12] categorized data
augmentation (DA) methods into paraphrasing, noising, and sampling, analyzes their applica-
tion in enhancing training data diversity for NLP tasks. Ruder et al. [13] presented an overview
of transfer learning methods in NLP, detailing how models pre-trained on diverse data improve
state-of-the-art performance across tasks and the nature of their learned representations. Müller
et al. [14] introduced COVID-Twitter-BERT (CT-BERT), a model trained on COVID-19 Twit-
ter data, evaluated for NLP tasks like classification and question-answering, and benchmarked
against BERT-LARGE.

To enhance the precision of stock price forecasts and empower investors and investment
institutions to mitigate risks while augmenting returns, our work study the cross-relationship
between stock markets and investor sentiment measures. With the sentiments data we acquired
from NLP algoritn and the stock data from the Shanghai Securities Composite Index (SSEC),
we satisfy all conditions to employ a Multifratcal Detrended Cross-Correlation Analysis (MF-
DCCA) [15] upon the two sets of data (stock markets and ISM). Numerous past works have
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shown the feasbility and efficiency of MF-DCCA method. Hurst [16] was the first author
who propposed method that characterized the properties of nonlinear time series. More and
more works have been inspired to apply fractal correlation properties since then, among which
Multifractal Detrended Fluctuation Analysis (MF-DFA) gradually shows its outstanding per-
formance in financial market [17, 18, 19], dealing with complex nonlinear datasets. A number
of varieties of MF-DFA also thrived through deligent works by scholars. Carbone et al. [20]
presented Multifractal Detrended Moving Average (MF-DMA) algorithm investigating Ger-
man financial series. Wang et al. [21] creatively brought out multifractal detrending weighted
average algorithm of historical volatility (MF-DHV) for one-dimensional multifractal measure.
Podobnik et al. [22] proposed Multifractal DCCA (MF-DCCA) method, exploring the cross-
relationship between two nonlinear and nonstationary time series. In the domain of finanical
markets, MF-DCCA is frequently applied in conducting cross-relationship analysis by scholars
[23, 24, 25, 26, 27]. In this paper, we study the cross-relationship of ISM and stock markets
under the scope of MF-DCCA model.

Past works have shown there exist some conncetion between ISM and stock markets. Baker
et al. [28] developed a “top down” macroeconomic approach to investor sentiment, treating
its origin as exogenous and demonstrating its measurable, significant effects on stock prices,
especially for stocks that are hard to arbitrage or value, based on behavioral finance principles.
Bandopadhyaya et al. [29] created an Equity Market Sentiment Index from public data, show-
ing its efficacy in capturing quick market shifts due to news events and explaining a substantial
part of the variability in a stock market index, underscoring sentiment’s role in asset pricing
dynamics. In our paper, we propose a more efficient and accurate model utilizing NLP and MF-
DCCA algorithm aiming at unveiling the cross-relationship between ISM and stock markets,
in hope of providing positive suggestions to investors and create healthy stock markets.

The layout of this article is shown as follows. In Section 2.3, the main method used in
this article is provided. In Section 3, the experimental results are presented. Conclusions are
delivered in Section 4.

2. METHODOLOGY

2.1. MF-DFA. Multifractal Detrended Fluctuation Analysis (MF-DFA) [30, 31] is a method
used to analyze multiple fractal properties in time series. It is mainly used to reveal the fractal
structure in time series at different time scales, especially in complex data with nonlinear and
non-Gaussian characteristics. The steps of MF-DFA are as follows.

Step 1: The time series data to be analyzed are preprocessed and then the preprocessed time
series are cumulatively summed to obtain the cumulative series P (i).

Step 2: Divide into Non-Overlapping Windows. We split the sequence P (i) into As non-
overlapping windows, each of equal length, where the number of windows is determined by
the total length N of the sequence and the scale s used for dividing the windows. Specifically,
As ≡ int(Ns ) calculates the number of windows based on the integer division of N by s. To
ensure comprehensive processing of all data, the same division procedure is performed from
the end of the sequence, resulting in a total of 2As windows in total.
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Step 3: Fitting sequence. Perform least squares fitting for each window by utilizing ymv (i) to
represent the m-th order polynomial for the v-th window. Subsequently, compute the residuals
between the original sequence P (i) and the fitted polynomial ymv (i). This process yields the
fluctuation function for each window with the following formula:

F 2(s, v) =
1

s

s∑
i=1

{P [N − (v −Ns)s+ i]− ymv (i)}2 ,

where v, v = As + 1, As + 2, ..., 2As.
Averaging over the 2As windows gives the q-th order fluctuation function. The fractal order

q can take any real value.

Fq(s) =


{

1
2As

∑2As
v=1[F

2(s, v)]
q
2

} 1
q
, if q ̸= 0,

exp
{

1
4Ns

∑2As
v=1 ln[F

2(s, v)]
}
, if q = 0.

Step 4: Obtaining the q-order Fluctuation Function. For each window, the magnitudes of
the residuals are weighted and averaged based on different values of q, resulting in the q-order
fluctuation function Fq(s).

Step 5: Calculating the Fractal Dimension. As the window scale s increases, Fq(s) follows
a power-law relationship Fq(s) ∝ sH(q). Here, H(q) is the generalized Hurst exponent, which
reflects the fractal characteristics of the sequence at different scales.

2.2. DCCA. Detrended Cross-Correlation Analysis (DCCA) [32] is a method used to analyze
the long-term correlation between two non-stationary time series. It is mainly used to study the
correlation characteristics of two time series at different scales. The steps of DCCA are:

Step 1: X(i) and Y (i) represent two different original sequences, x̄ and ȳ denote the aver-
age of all values in the X(i) and Y (i) sequences, respectively. The sequences profile can be
expressed as:

X(i) =

i∑
k=1

(xk − x̄), i = 1, 2, . . . , T,

Y (i) =
i∑

k=1

(yj − ȳ), i = 1, 2, . . . , T.

Step 2: The X and Y lengths are divided into s non-overlapping parts, a total of Ns = N/s,
and N may not be a multiple of the time scale s, so the residual case will arise. In order to
account for this residual sequence, the same process is repeated starting at the other end of each
sequence, so that 2Ns segments are obtained.

Step 3: By the least squares fit of each sequence, the local trend for each of the 2Ns segments
is calculated, subsequently represented by X̃ and Ỹ . Then calculate the difference between the
original time series and the fitting polynomial.
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Here, v represents the v-th window, with values ranging from 1 to 2Ns.A When v =
1, 2, . . . , Ns,

f2
DCCA(s, v) =

1

s

s∑
i=1

(X[(v−1)s+i] − X̃v(i))(Y[(v−1)s+i] − Ỹv(i)).

When v = Ns, Ns + 1, . . . , 2Ns,

f2
DCCA(s, v) =

1

s

s∑
i=1

(X[N−(v−Ns)s+i] − X̃v(i))(Y[N−(v−Ns)s+i] − Ỹv(i)).

Step 4: Averaging all segments gives the wave function:

FDCCA(s) = { 1

2Ns

2Ns∑
v=1

f2
DCCA(s, v)}

1
2 .

Step 5: The scaling behavior of the volatility function is determined by analyzing the loga-
rithmic plot of FDCCA(s) versus s: FDCCA(s) ∝ sλ. Different values of the scaling exponent
λ indicate different degrees of correlation between the two time series X(i) and Y (i).

2.3. MF-DCCA. MF-DFA methods are limited to characterizing the multifractal nature of a
single time series and lack the ability to quantify the correlation between two non-stationary
time series. Considering these aspects, Zhou proposed the MF-DCCA method [33] based
on the MFDFA method and DCCA, which combines the advantages of the MF-DFA and the
DCCA methods. Firstly, the MF-DFA method is applied to analyze the multiple fractal char-
acteristics of complex time series to reveal their fractal features in different time scales. Then,
the DCCA method is applied to analyze the long-term dependencies in the sequences and es-
tablish the complex interactions among different sequences. Finally, the results of MF-DFA
and DCCA methods are combined to optimize the accuracy and comprehension of analyzing
complex time series, so as to overcome the limitations of traditional methods in interpreting
multifractal characteristics and long-term dependencies. The specific calculation process is
shown as follows.

Step 1. Consider two time series {ϕi, i = 1, 2, . . . , T} and {φi, i = 1, 2, . . . , T}. Then
construct the cumulative summation sequence with the mean removed.

Ai =
i∑

j=1

(ϕj − ϕ̄), i = 1, 2, . . . , T,

Bi =

i∑
j=1

(φj − φ̄), i = 1, 2, . . . , T.

where ϕj denotes the jth number in a sequence, where j = 1, 2, ..., i. And ϕ̄ equals 1
T

∑T
i=1 ϕi

and φ̄ equals 1
T

∑T
i=1 φi. In other words, ϕ̄ and φ̄ are the mean of the time series {ϕi} and

{φi}, respectively.
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Step 2. Divide the time series {ϕi} into Ts non-overlapping segments with the fixed size s,
where Ts = [T/s] is the number of the segment of {ϕi}. In order to minimize information loss
during the segmentation process, the same operation is repeated once more from the end of the
sequence. Therefore, we can obtain 2Ts segments. Meanwhile, the same procedure is applied
to sequence {φi}.

Step 3. In this step, the polynomial fitting can be obtained through the least square method,
which is adopted to fit s points in each segment µ (µ = 1, 2, . . . , Ts, Ts+1, . . . , 2Ts).

Mµ(m) = a1m
k + a2m

k−1 + · · ·+ akm+ ak+1, m = 1, 2, . . . , s,

Nµ(m) = b1m
k + b2m

k−1 + · · ·+ bkm+ bk+1, m = 1, 2, . . . , s.

where (a1, a2, ..., ak, ak+1) and (b1, b2, ..., bk, bk+1) are the coefficients of polynomial, they
are all constants.

Step 4. Calculate the detrended wave function for each subdomain. When µ = 1, 2, . . . , Ts,

F2(s, µ) =
1

s

s∑
m=1

|A[(µ−1)s+m] −Mµ(m)||B[(µ−1)s+m] −Nµ(m)|.

When µ = Ts+1, Ts+2, . . . , 2Ts,

F2(s, µ) =
1

s

s∑
m=1

|A[T−(µ−Ts)s+m] −Mµ(m)||B[T−(µ−Ts)s+m] −Nµ(m)|.

Step 5. The q order wave function Fq(s) is calculated as follows.

Fq(s) =


{

1
2Ts

∑2Ts
µ=1[F2(s, µ)]q/2

}1/q
, if q ̸= 0,

exp
{

1
Ts

∑Ts
µ=1 ln[F2(s, µ)]

}
, if q = 0

Fq(s) represents a function dependent on segment s and fractal order q. As s increases,
the series exhibits a long-range power-law correlation. In addition, hϕφ(q) can be obtained
by Fq(s) ∝ shϕφ(q), which is called the generalized Hurst exponent. When q = 2, hϕφ(2)
is defined as the standard Hurst exponent. When hϕφ(2) equals 0.5, the sequences {ϕi} and
{φi} are not mutually correlated and they have no mutual influence on each other. When
hϕφ(2) belongs to [0.5,1], the two series have long range correlation. When hϕφ(2) < 0.5, the
correlations are antipersistent. In addition, the degree of multifractality of the sequences can
be described by ∆hϕφ(q), which can be obtained by hϕφmax(q)− hϕφmin

(q). The stronger the
multifractal characteristics of the sequences are, the greater ∆hϕφ(q) is [34].

As well, the scaling exponent τϕφ(q) can be used to characterize multifractal features. The
specific calculation of τϕφ(q) is shown as below.

τϕφ(q) = qhϕφ(q)− 1.

Meanwhile, the deepest essence of multifractal features of the series is the diversity of sin-
gularity exponent αϕφ(q). The singularity exponent αϕφ(q) and multifractal spectrum fϕφ(α),
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which is used to exhibit the fractal dimension of αϕφ can be obtained by the following formula.

αϕφ = hϕφ(q) + qh′ϕφ(q),

fϕφ = q[αϕφ − hϕφ(q)] + 1.

Here, ∆αϕφ = αϕφmax − αϕφmin
, which reflects the degree of non-uniformity of probability

measure distribution and the complexity of the process on the whole fractal structure.

3. NUMERICAL EXPERIMENTS

The layout of this section is as follows. In Section 3.1, we collect the series of daily investor
sentiment index with the data series of the Shanghai Securities Composite Index (SSEC) for
the same period as well as compare them and test the correlation between them by calculat-
ing the Pearson correlation coefficient. And in Section 3.2 we analyze the multifractal cross-
correlation between sentiment index and stock return series using the MF-DCCA method. The
experimental environment is based on Python 3.8 and MATLAB R2020a with a computer with
an Intel(R) Core(TM) i5-4430 CPU 3.00 GHz processor, using the Windows 10 operating sys-
tem.

3.1. Correlation analysis. We first utilize a Python web crawler to obtain comments from
investors in the SSE Composite Index Tieba. Then, we use the natural language processing
tools [35] in Python to convert these comments into the form of word vectors. We choose a
20 dimensional word vector as the feature representation, which extracts 20 features from each
text. Based on the word vectors of these features, we perform the prediction of optimistic and
pessimistic moods. Figure 1 shows examples of word vectors for optimistic comments and
pessimistic comments. The blue solid line in Fig. 1 represents the word vector for optimistic
sentiment and the red solid line represents the word vector for pessimistic sentiment. They
can be used to represent the location and characteristics of particular words in a comment in a
particular vector space.

Baker and Wurgler [36] defined investor sentiment as their optimistic and pessimistic mind-
set towards the stock market as a whole. In addition, we define the sentiment index as follows
in order to quantify the value of investor sentiment in the market on a given day:

SI ′ =
NPositive

NPositive +NNegative
,

where NPositive and NNegative represent the number of positive and negative sentiment pre-
dicted by investor comments on a given day, respectively, and NPositive+NNegative is the total
number of investor comments selected from the SSE Composite Index Tieba. In order to make
the indicator sequence look uniformly distributed, we regularize the sequence, and the specific
adjustment formula is Eq. (3.1):

SI =
SI ′ −Min(SI ′)

Max(SI ′)−Min(SI ′)
, (3.1)
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where Max(SI ′) and Min(SI ′) represent the maximum and minimum values in SI ′, respec-
tively.

FIGURE 1. Word vector of optimistic and pessimistic comments from in-
vestors in the SSE Composite Index Tieba. A color version of the figure is
available in the web version of the article.

Next, we select a time interval from 19, Oct 2017 to 16, Oct 2019 and calculate the daily
investor sentiment index. The resulting time series is shown in Fig. 2 (a). We also select
the data series of SSEC for the same time period, as shown in Fig 2 (b). The data are ob-
tained from website “https://www.investing.com/”. Before investigating the cross-correlations
of MF-DCCA between sentiment index and stock price index, we first use Pearson correlation
coefficient to test the correlations between the two series.

The Pearson correlation coefficient changes from −1 to 1, and when r > 0, it indicates that
the two series are positively correlated; r < 0 indicates that two series are negatively correlated,
and the larger the absolute value of r, the stronger the correlation between the two series. The
calculated r and P-value of the Pearson correlation coefficient between SSE Composite Index
and SI in Table 1 shows there exists a certain correlation between the two sequences.

In addition, we utilize the summation processing step in MF-DCCA for the two sequences,
which involves smoothing the data to eliminate some noise and obtain the two smooth se-
quences shown in Fig. 3. It can be seen that the two time series exhibit strong correlations. We
further calculate the Pearson correlation coefficients of the two sequences, as shown in Table
1. The results further demonstrate the cross-correlation between stock prices and investors’
sentiment.

3.2. Experiment and analysis based on MF-DCCA method. Subsequently, we employ the
MF-DCCA method to study the multifractal characteristics of the cross-correlation between
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(a)

(b)

FIGURE 2. Data of (a) Sentiment index based on comments from investors in
the SSE Composite Index Tieba, and (b) SSE Composite Index.

(a)

(b)

FIGURE 3. Smoothed data of (a) Sentiment index based on comments from
investors in the SSE Composite Index Tieba, and (b) SSE Composite Index.
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TABLE 1. Pearson correlation test.

Metrics Fig. 2(a) & Fig. 2(b) Fig. 3(a) & Fig. 3(b)
ρ 0.4254 0.9214

P-value 9.7247e− 23 2.1762e− 200

the return series of the SSE Composite Index and the SI time series. According to [15], the
segment size s should be selected in an appropriate interval, due to a large s can cause the
Fq(s) becomes statistically unreliable. Here, we set 10 ≤ s ≤ 60 with an increment of 5. In
addition, −30 ≤ q ≤ 30 with an increment of 3, the fitting order is determined by 2. We depict
the double log curves between Fq(s) and s in Fig. 4.

We note that for the series pair Fq(s) increases linearly along with the s, which indicates that
there exists power-law behavior and long-range cross-correlations between the return series of
SSE Composite Index and the SI time series. Besides, we also observe that with the increasing
of q, the slope of the log-log curve decreases, implying that the cross-correlation between the
return series of SSE Composite Index and the SI time series is multifractal.

FIGURE 4. Log-log plots of fluctuation function Fq(s) versus segment scale
s for SSE Composite Index and the SI time series. From the bottom to the top,
q varies from −30 to 30.

In order to more intuitively reflect the degree of multifractal variation between two se-
quences, we further calculate the generalized Hurst exponent between the two sequences, as
shown in Fig. 5. We see that the value of Hxy(q) decreases with the increase of q, further con-
firming the existence of multifractals. Besides, when q = 2, we calculate Hxy(2) = 0.8267,
which is larger than 0.5, showing that the cross-correlation between SSEC return and SI time
series exhibits persistence.
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FIGURE 5. The cross-correlation of generalized Hurst exponent Hxy(q) be-
tween the investor sentiment index derived from the Shanghai Stock Exchange
Index Tieba and the different market index. A color version of thee figure is
available in the web version of the article.

The multifractal strength of cross-correlation ∆Hxy, can be characterized by calculating
the difference between the maximum and minimum values of Hxy. The larger the value of
∆Hxy, the stronger the multifractal intensity of the cross-correlation. In addition, the Renyi
exponent can also describe multifractal features, and we also plot the curve of the Renyi ex-
ponent between SSEC return and SI time series in Fig. 6. A curve with greater curvature
indicates a higher degree of multifractality, which means that fluctuations in the two series
are more strongly correlated. We also utilize the multifractal spectrum to further check the
cross-correlation of multifractality. As depicted in Fig. 7, the blue curve represents the rela-
tion between SSEC return and SI time series, and not exhibited as a point, representing the
multifractality exists. Similarly to the generalized Hurst exponent, the width of multifractal
spectrum can efficiently describe the degree of multifractality.

In order to demonstrate the effectiveness of multifractal correlation between SSEC and SI
time series, we conducted MF-DCCA analysis on the investors’ sentiment index series and
other market indices simultaneously, also for a comparison. Here, Shenzhen Securities Com-
ponent Index (SZI), Nikkei 225 Index (N225), and Standard & Poor’s 500 Index (S&P500) are
considered, and SZI is also a stock index belonging to the Chinese financial market. Before
conducting MF-DCCA analysis, we first organize the data of N225 and S&P500 stock price
sequences to correspond to the time of sentiment index. We calculate the generalized Hurst
exponent, Renyi exponent, and multifractal spectrum of series pairs such as SZI/SI, N225/SI,
S&P 500/SI, respectively. The curves are shown in Figs. 5,6,7.
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FIGURE 6. The cross-correlation of Renyi exponent τxy(q) between the in-
vestor sentiment index derived from the Shanghai Stock Exchange Index Tieba
and different market index. A color version of the figure is available in the web
version of the article.

FIGURE 7. The cross-correlation of multifractal spectrum between the in-
vestor sentiment index derived from the Shanghai Stock Exchange Index Tieba
and the different market index. A color version of the figure is available in the
web version of the article.
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Specifically, we calculate the values of Hxy(2), ∆Hxy, and ∆αxy in Table 2. The infor-
mations reflected by these multifractal feature values are as expected. The higher multifractal
cross-correlation indicates that there is a closer relationship between the multifractal proper-
ties of the two sequences. Specifically, it shows a stronger correlation between fluctuations
and variability in one sequence and fluctuations and variability in another. The results reflect
that the investor sentiment index and all markets index return series exhibit a positive persis-
tence of multifractal cross-correlation, and HSSEC−SI(2) > HSZI−SI(2) > HN225−SI(2) >
HS&P500−SI(2). Due to the fact that the investors’ sentiment index is derived from comments
in the Shanghai Stock Exchange Index Tieba, it also shows the highest performance on SSEC
in reflecting the persistence of cross-correlations. In addition, SZI belongs to the financial se-
curities market of China, thus, Hxy(2) between SZI and SI is also relatively large, only slightly
smaller than HSSEC−SI(2). Besides, the persistence of N225 and S&P500 markets and the
investors’ sentiment index series from the Shanghai Composite Index Tieba is much smaller
than that of the two securities indices in the Chinese market.

At the same time, we calculate the indicator ∆Hxy that reflects the degree of multifractal
cross-correlation between two sequences. The results show that the cross-correlation between
investor sentiment index and SSEC return sequence is the strongest, and the cross-correlation
between SZI and SI is slightly weaker than that of ∆HSSEC−SI . For two financial markets
outside of the Chinese market, their values are similar and far less than the strength of the cross-
correlation between the Chinese financial market and SI. The relevant information can also be
obtained from Fig. 5. To further verify this conclusion, we then obtain the Renyi exponent
τxy(q), an metric that characterizes the strength of multifractal cross-correlation based on the
curvature size of the curve. From Fig. 6, it can be seen that the curvature of the Renyi exponent
curve of SSEC and SI is the highest, followed by SZI-SI, N225-SI, S&P500-SI. ∆αxy of SI and
the different market index are also computed, which can also reflect the strength of multifractal
cross-correlation. The related results are shown in Fig. 7 and Table 2, which further validate
the conclusion we have drawn above.

TABLE 2. Pearson correlation test.

Metrics SSEC-SI SZI-SI N225-SI S&P500-SI
Hxy(2) 0.8267 0.8080 0.7866 0.7679
∆Hxy 0.3886 0.3726 0.2863 0.2742
∆αxy 0.4943 0.4689 0.3417 0.3481

To reveal the trend of cross-correlation between investors’ sentiment index and stock price
return series, we next use MF-DCCA for a rolling time interval analysis. This measure captures
the dynamic evolution features of the cross-correlation relationship between the SSEC and SI.
We set 201 trading days as the time interval. Besides, for the rolling time interval analysis, one
trading day is chosen as the step size.

Based on the initial sample data, we calculate the Hxy(2) and ∆αxy time series from Au-
gust 10, 2018 to October 16, 2019, as shown in Fig. 8. From these data, it can be seen that
the correlation between financial market returns and investors’ sentiment index, as well as the
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(a)

(b)

FIGURE 8. The rolling time interval analysis of the cross-correlation between
SSEC and SI of (a) Hxy(2), and (b) ∆αxy.

persistence of the correlation, fluctuates over time, indicating that the correlation between fi-
nancial market returns and sentiment may be influenced by the macroeconomic environment.
In addition, the values of Hxy(2) are all greater than 0.5, indicating that the cross-correlation
has maintained a positive persistence during these periods.

In addition, we also compute the time series of Hxy(2) and ∆αxy sequence values between
SZI and SI, as shown in Fig. 9. We note a strong consistency of the correlation between
SZI financial market returns and investors’ sentiment index with that of the SSEC-SI behaves,
which applies to both Hxy(2) and ∆αxy.

4. CONCLUSIONS

In this study, we adopted the natural language processing method to convert the personal
comment text in the Shanghai Stock Exchange Index Tieba into word vectors and predicted the
positive or negative attributes of the text. Then, the investor sentiment index was constructed
for as a time series. Firstly, the correlation between the sentiment index and the financial
market was preliminarily confirmed through the Pearson correlation coefficient. Furthermore,
we used MF-DCCA to study the multifractal cross-correlation between sentiment index and
stock return series. The empirical results showed that there is a cross-correlation between
SSEC return series and SI, and it has positive persistence. In addition, in order to display
the degree of cross-correlation between the two time series more clearly, we used three stock
market return sequences such as SZI, N225, and S&P500 for comparison. The calculation
results suggested that except for SZI, which belongs to China, the multifractal cross-correlation
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(a)

(b)

FIGURE 9. The rolling time interval analysis of the cross-correlation between
SZI and SI of (a) Hxy(2), and (b) ∆αxy.

and persistence of the other two financial markets are much smaller than those of SSEC-SI.
SZI-SI is only slightly weaker than SSEC-SI. In addition, we also calculated the Hxy(2) and
∆αxy series over time using the rolling time interval analysis, and the results showed that
the macroeconomic environment may affect the persistence and strength of the multifractal
cross-correlation between the SSEC return series and the SI series. Finally, we also conducted
the rolling time interval analysis of SZI-SI and found that the trends of SSEC-SI and SZI-SI
in the indicators of rolling time interval analysis were basically consistent. Our research can
help investors better adapt to the changing market environment and create long-term value for
investors.
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