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Forecasting fund-related textual
emotion trends on Weibo: A
time series study

Sha Luo*

Teachers College, Columbia University, New York, NY, United States

Introduction: This paper reports a time series analysis of day-to-day

emotional text related to fund investments onWeibo (Sina Corporation, Beijing,

China).

Methods: The present study employed web-crawler and text mining

techniques through Python to obtain data from January 1, 2021 to December

31, 2021.

Results: Using an auto-regressive integrated moving average model and

vector auto-regressive model, the results indicated that fund performance was

a significant predictor of fear, anger, and surprise expressions on Weibo. A

relationship among emotions within a certain single fund was not found, but

textual emotions could be predicted by ARIMA models within emotions.

Discussion: The findings provide insight for media emotion analysis

combining linguistic and temporal dimensions in both the communication and

psychology disciplines.
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1. Introduction

Watching the stock index turning green or red can be accompanied by significant

psychological changes among shareholders. When to sell short, to buy at the bottom, or

to leverage are essential decisions for shareholders to make that must be made wisely.

In the finance behavioral discipline, researchers look at emotion and its physiological

representations along with financial decision-making. In previous studies, a relationship

between years of trading experience, heart rate variation, and trading performance

was reported (Kandasamy et al., 2016). Similar results were found in other studies

on investment banking activities and the financial decision-making process (Quartz,

2009; Martin and Delgado, 2011; Fenton-O’Creevy et al., 2012). In addition, in

social psychology, numerous studies have investigated the process of emotion change

interacting with financial and media activities. Some studies found emotion to be highly

associated with investment and digital media use (Bradley et al., 1996; Shiv et al., 2005).

Social networking sites (SNSs) are platforms the public may use to communicate

emotional text. Linguistic features on SNS were found to have correlational patterns

over time in previous media and linguistic studies, and the temporal aspect could be

a crucial dimension of quantitative modelin (Koplenig, 2017; Tay, 2022). To extend

research variety, this study considers messages involving investment-related emotional

expression on Weibo (Sina Corporation, Beijing, China), which is one of the most

commonly used platforms among Chinese SNS users, to investigate emotion forecasting

models. Statistical models were used to study linguistic characteristics on social media
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for temporal pattern on SNS platforms (Tay, 2018, 2021). Since

not much research has focused on statistic computation of social

media emotion through quantitative linguistic method, the

current study established a three-step filter model to collect real-

time scraped SNS data. Emotional messages were categorized

into six types, including fear, disgust, surprise, anger, happiness,

and sadness, according to Basic Emotion Theory (Ekman, 1992).

We then used a time series analysis to understand how emotion

and fund performance in the past could be used to predict future

fund-related emotional expression on Weibo.

1.1. Emotional as a result of
socio-cultural practice

In recent laboratory experiments, emotion was considered

to be a passive response following the perception of stimulus

(Garrido and Schubert, 2011; Kramer et al., 2014; Luo, 2022).

This study took the approach of psychology constructivism,

considering emotion as a felt affective experience that

occurred after engaging in fund-related activities. Psychology

constructivists believe that, through relevant manipulation, the

appraisal–emotion association could be assessed by statistical

imputation (Zammuner, 1998; Kirkland and Cunningham,

2012). Additionally, a different family of emotion studies have

defined emotions as a natural-kind and sharing universal

properties (Ross, 2006; Izard, 2007). For instance, the well-

known Basic Emotion Theory proposed six kinds of basic

emotions, including joy, sadness, anger, fear, disgust, and

surprise (Ekman, 1992). Later, scholars re-arranged six

prototypical emotions into eight kinds, adding trust and

anticipation with positive and negative bases (Plutchik, 1980)

and even hierarchical structures across cultures (Shaver et al.,

1992, 2001). Other scholars have constructed their own models

and up to 22 distinct emotion prototypes (Clore and Ortony,

2013). The emotions in this study are categorized into six types

according to Basic Emotion Theory.

The historical debate between natural-kind and

psychological constructivist families has continued since

researchers first dove into emotion studies from different

disciplines. Some recent theoretical studies argue that these

two families of emotion could coexist (Panksepp, 2007). In this

paper, emotion refers to the result of socio-cultural practice

(Jain, 1994; Boiger and Mesquita, 2012; Ahmed, 2013).

1.2. Emotional word in the context of
China

Despite that different families of emotion studies have

interchangeably led the research trend, emotions are pervasive

among humans across languages. Mandarin is the official

language used on Weibo. Because emotional expression on

Weibo is defined as a socio-cultural experience, socio-cultural

differences between China and Western cultures were essential

to address in this investigation. Early literature tended to

argue that expressions of emotions are universal (Boucher

and Carlson, 1980; Ekman and Keltner, 1997), while more

recent studies found that they vary among cultures, especially

between Eastern and Western ones (Jack et al., 2012). Most

literature agrees that basic emotion categories are prevalent

universally, but public discourse is government-led in the

context of China. Reactionary opinions against governmental

authority are not allowed on any platforms, including Weibo. In

addition, Chinese cultures are reportedly different fromWestern

ones in dimensions such as individualism vs. collectivism and

masculinity vs. femininity (Hofstede, 2001, 2003). Highly related

to cultural values, emotional textual messages of lower intensity

are embraced more often in China than Western cultures (Lim,

2016), and emotional expression patterns also differ across

languages (Ng et al., 2019). As such, there arises a problem

to be solved in textual emotion analysis studies through a

cross-cultural lens due to a lack of consistency in the emotion

lexicon built upon language systems. To date, researchers have

developed cultural-specific emotion lexicons regarding odor

and food in languages such as French, English, Chinese, and

Portuguese (Chrea et al., 2009; King and Meiselman, 2010;

Ferdenzi et al., 2013).

This study combined the two following emotion lexicons

developed in English and Mandarin, which categorized

emotions into six types (fear, disgust, surprise, anger, happiness,

and sadness) according to Basic Emotion Theory. First, the

Latest Universal Scale (Ferdenzi et al., 2013), having both

English and Mandarin versions, contains the most common

emotion terms across multiple geographic regions. Second, the

Affective Lexicon Ontology in Mandarin has been the most

comprehensive lexicon for some time (Xu et al., 2008). However,

both emotion lexicons were published around a decade ago,

before social media platforms became as widely used as they are

in 2021. For thorough data collection, additional online emotion

expression vocabulary was included in text mining (TM), which

was the method of data collection used in this study.

1.3. Time series analysis and TM on
emotion words

A time series analysis of emotional expression onWeibo was

not found, although this platform has been widely applied to

users to post emotion text and gather fund-related information

(Chan et al., 2012). Existing time series analyses of emotion

include mothers’ negative emotions (Lorber and Smith Slep,

2005), Korean swimmers’ Twitter posts (Bollen et al., 2011),

digitalized melodies (Vaughn, 1990) and YouTuber channel

linguistic features (Tay, 2021). Time series models were widely

used for analytic and forecasting purposes in finance-related
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fields such as daily stock market across countries (Singh and

Borah, 2014; Singh, 2021). However, we did not find a time series

study of emotion words related to financial service products nor

one in the context of Weibo in the literature.

Traditionally, sociopsychological studies of media

communication have adopted research methods, such as

surveys, experiments, and observations (Dill, 2013). With the

emergence of SNSs, the SNS platforms immediately became viral

communication methods that overtook traditional forms. The

online environment was considered a fresh and essential field

for socio-emotional and developmental–emotional analyses

(Stein et al., 2008). By May 2018, Weibo reported over 400

million active users monthly (Shan et al., 2021). Weibo is one

of the major SNS platforms for financial service consumers

to express emotions, other than GuBa (Eastmoney, Shenzhen,

China, a stock forum similar to Reddit), and WeChat (Tencent,

Shenzhen, China), which are awaiting investigation as well.

The drastic change in SNSs two decades ago attracted

researchers to develop new technologies for digital data

collection (Sundar and Limperos, 2013). New computational

methods, such as TM, have gained attention and validation

among researchers since information digitalization has become

the new trend (Tang and Guo, 2015). Under the umbrella term

of TM, there exist various methods, including natural language

processing, information retrieval, and lexical statistics (Chartier

and Meunier, 2011). A substantial amount of linguistic emotion

studies has adopted TM methods to investigate customer

reviews (Li et al., 2020), user behavior (Waterloo et al., 2018),

and post-pandemic mentality (Dubey, 2020) on SNSs.

To collect data with fund-relevant emotion words onWeibo,

this study embedded both semi-supervised and supervised

learning methods in a Python written program to scrape

Weibo posts. Both methods were found to be effective in data

classification and regression (Zhu andGoldberg, 2009; Koshorek

et al., 2018).

2. Materials and methods

In 2021, the amount of public equity funds in China

has reached 9,000 and exceed scale of 25 trillion RMB as

the fourth largest national fund market. A total of 14,125

Weibo observations were collected from January 1, 2021, to

December 31, 2021 across four quarters. Details of sample size

determination, all data exclusions, all manipulations, and all

measures in the study are reported in the following portion

of the text. The dataset can be made available after contacting

the author.

2.1. Sample

Only funds launched before October 2018 were considered

in this study so as to avoid emotional bias due to pre-launch

FIGURE 1

Framework of the study.

marketing, promotions, and the bleak performance of the whole

fund market in the first quarter. To reduce industry and theme

biases, this study sought out funds with various combinations.

Three funds with medical, blue-chip, and consumption (liquor)

themes, respectively, were selected, which were the Lombarda

China Healthcare Mix Fund, E Fund Blue Chip Select Mix Fund,

and China Merchants Liquor Index Fund.

2.2. Data collection

The present study adopted a semi-supervised web crawler

technology to obtain data, then used a fully supervised TM

method to extract topic-focused data. LocoySpider version 10.2

(Lewei, Hefei, China) was employed to obtain data with the

following steps, as seen in Figure 1:

1. Web search domain. We used https://weibo.com/ as the

seed set for URLs.

2. Simulation account login. We used a newly created Weibo

account and typed in its username and password.

3. Filtering logic. The first filter was a keywords list, which

consisted of combinations of companies, themes, and fund

types in selected funds. Each combination needed to be

semantically meaningful phrases; for instance, keywords

for the China Merchants Liquor Index Fund included

China Merchant (招 商), Liquor (白 酒), Index Fund

(指数基金), and Fund (基金). Because Weibo has an

amount limitation on each data-mining effort made from

an external source like LocoySpider, the program was set to

run repeatedly every hour.

4. Duplicate and upload data. LocoySpider replicated data

meeting filtering logic and uploaded data, content, and

URLs to dataset A.

The collected posts were only for data analysis of this

research study and available in public domain to all Weibo

users. All personally identifiable information were removed
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from dataset as well as in result reporting. The researchers did

not have any interaction and connection with Weibo users, nor

disclose personal messages between users. Therefore, no ethic

approval was not required.

2.3. Data cleaning

Next, the TM method was applied for data cleaning. New

data collected every hour in dataset A were assigned to a filter

logic developed in the Python program because the same article

could be published repeatedly by multiple sources on Weibo.

For the purpose of deleting redundant data, we compared the

repetition rate among the textual content of new hourly data and

every URL in dataset A. After 2 months of testing, the filtering

repetition rate was determined to be 92%. This means that, if

the text contents of multiple URLs were ≥92% identical, only

the earliest post would be kept, and later posts would be filtered

out. Reposting was excluded from redundant observations, as

the action amplified the same emotion as the original post (Yi

et al., 2022). The filtered data then entered cleaned dataset B. The

framework of this study is visualized in Figure 1. The Python

scripts are available after contacting the author.

The web crawler and TMmethods were tested fromOctober

1, 2020, to December 1, 2020. Noticeably, English and Chinese

have different grammar systems where negation words are either

separate or not from emotional words. For example, “un-happy”

in English would be presented as two separate words in Chinese

(“not happy”). To avoid the ambiguity of negation words, a

research assistant went through links included in the dataset

in dataset B. The backend interface presented the assigned

identification number of each link and the publication date

and time, link, and title. The research assistant could perform

a false delete, which temporarily removed data that included

negation words near emotion words and changed the semantic

meaning of the sentence. Then, the researcher could review

the articles again. After 2 months of training, the inter-rater

reliability reached 80%, and the research assistant was able to

interpret the content through the researcher’s lens.

2.4. Measurement

We employed two types of measurement of fund-relevant

Weibo emotion and fund performance as shown below.

2.4.1. Daily emotion word frequency

After testing, the most frequently used 34 words were listed

in the Weibo emotion word matrix. Because the Affective

Lexicon Ontology in Mandarin (Xu et al., 2008) has not been

updated in the 14 years since its publication, we decided to add

two more trending emotion words used by a large population

of shareholders on Weibo. A total of 36 words were categorized

into six basic emotions (fear, surprise, disgust, anger, sadness,

and happiness), with six words per basic emotion. Cleaned data

in dataset B were accessed with the MySequel programming

language. We noticed that some words in the keyword lists were

not used throughout the year. Therefore, we decided to exclude

the least frequently used two words of every basic emotion

for data analysis, leaving four words with daily frequency

counts for each. For example, words under fear are “怕(fear),”

“吓 人(frightening),” and “恐(afraid),” those under surprise

are “讶(surprise),” “惊(startled),” and “奇(strange).” Frequency

measurements among emotions and funds were independent,

meaning that a post containing two emotions or funds would

be counted twice.

2.4.2. Fund net worth

The daily unit net worth equals the funds’ net market value

minus the total liability, divided by the total amount of shares of

the day. The daily cumulative net worth refers to the daily unit

net worth plus an accumulative bonus available for shareholders.

Both were obtained from EastMoney.com, which is a website

containing funds information verified by the China Securities

Regulatory Commission. Because the stock market opens on

weekdays only, unit and cumulative net worth data were not

available on weekends or legal holidays. To ensure the missing

data pattern was completely at random, weekends and legal

holiday observations (n = 122) were omitted from the data

frame prior to further analysis.

2.5. Data analysis

The analytic emphasis of this paper focuses on Weibo

emotions. We examined cleaned data from three perspectives:

inter-emotion, inner-emotion, and net worth–emotion

relationships. Two methods were employed, including graphical

comparison and statistical model computation. Specifically,

inter-emotion analysis aimed to discover the potential

relationship between fear, surprise, disgust, anger, sadness, and

happiness on Weibo within a single fund, while inner-emotion

analysis looked at each emotion within and across funds in an

identical time frame. Finally, the net worth–emotion analysis

investigated the association between fund performance and

Weibo emotion within a fund. The hypotheses of this paper are

as follows:

- H1: All six emotions word frequency are predictable itself

within a fund.

- H2: All six emotions word frequency are predictable by

each other within a fund.

- H3: All six emotions word frequency are impacted by fund

performance net worth within a fund.
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Starting with a graphical comparison, the initial analysis

looked at the trend of variables in the same time window.

Three time series figures of the Lombarda China Healthcare

Mix Fund, E Fund Blue Chip Select Mix Fund, and China

Merchants Liquor Index Fund, respectively, were plotted for

visual comparison. Then, an auto-regressive integrated moving

average (ARIMA) model was employed for time series model

analysis of inner-emotions patterns. To satisfy assumptions for

ARIMA modeling, we tested the stationarity of time series

data with the augmented and applied differencing methods to

remove the seasonality of non-stationary data. At the same

time, the degree of differencing parameter (d) was calculated.

Next, the auto-correlation function (ACF) and partial auto-

correlation function (PACF) were examined to identify a

range for lag order (p) and order of moving average (q)

parameters in ARIMA (p, d, q) models. The time series in

which ACF presented a gradually decreasing or geometric

pattern, with PACF presenting a sudden cutoff after significant

spikes, was tested for a possible auto-regressive (p, d, 0) model.

Conversely, time series with the opposite characteristics were

tested for the possible moving average (0, d, q) model, while

those in which ACF and PACF both presented geometric or

gradually decreasing patterns were tested for the auto-regressive

moving average (ARMA) model. The model result tables were

interpreted as follows:

ŷt = µ + φ1 yt−1 + . . . + φp yt−p − θ1et−1 − . . . − θqet−q

where ŷt is the variable being explained at time t, ϕ is

the coefficient of each parameter p, and θ is the coefficient

of each parameter q. Because this paper focuses on a

time series trend instead of constant, µ as intercept is not

presented in the Results section. The Akaike information

criterion was used to examine which model best fit the

time series, and the Ljung–Box test reporting Q-statistics

examined residual auto-correlation. Statistical significance was

set at a level of 0.05 as a disciplinary common practice.

Plot of ARIMA models were also superimposed on original

time series plot to illustrate predictive accuracy through

comparing predicted and observed values. After that, vector

auto-regressive (VAR) models of six emotion variables within

each fund were computed in the R programming software

(R Foundation for Statistical Computing, Vienna, Austria).

VAR modeling is also helpful for structural analysis among

times series variables. For testing residuals’ auto-correlation,

the Portmanteau test was used to examine all VAR models.

The same procedure was repeated with the addition of

a single fund performance variable to the VAR model at

a time.

3. Results

3.1. Relationship of each emotion among
its time intervals

All measurements went through the augmented Dickey–

Fuller test for achieving stationarity as seen in Table 1. Although

emotion variables were all stationary, unit and cumulative net

worth were non-stationarity, with p> 0.05; thus, the significance

level of the hypothesis of stationarity was acceptable.

All unit and cumulative net worth time series took the

first difference and reported p < 0.01 as stationary (d = 1).

No further differencing was computed to avoid unnecessary

serial correlation and complexity due to over-differencing. The

maximum p and q numbers of ARIMA models were decided

to be 2 (0 ≤ p ≤ 2, 0 ≤ d ≤ 1, 0 ≤ q ≤ 2) due to the spikes

patterns of the three funds in 18 sets of ACF and PACF graphs.

A combination of possible ARIMA(p, d, q) models based on

ACT and PACF graphs were tested for all emotions. Fear of the

three funds was tested for ARIMA(0,1,2) and ARIMA(1,1,0),

and surprise associated with the three funds was tested for

ARIMA(1,0,0) and ARIMA(2,1,0). Disgust, anger, sadness, and

happiness associated with the three funds were tested for

ARIMA(1,0,0) and ARIMA(1,1,0), as reported in Tables 2–4. A

priority of model diagnostics was that residuals of the fitted

ARIMA model had no auto-correlation. Models with residual

auto-correlation were considered to lack overall randomness

among a group of lags. Therefore, ARIMA(1,1,0) turned out to

be the best forecasting model for fear, disgust, anger, sadness,

and happiness of the three funds, while ARIMA(2,1,0) was

the best model for surprise, supporting H1 with statistical

significance. Predicted values of these models were close to

observed values, taking Lombarda China Healthcare Mix Fund

fear and surprise as examples in Figures 2, 3.

3.2. Relationship among the six emotions
within funds

Some patterns of emotional presence in the Lombarda China

Healthcare Mix Fund, E Fund Blue Chip Select Mix Fund, and

ChinaMerchants Liquor Index Fund were found throughout the

year, as seen in Figures 4–6.

In the Lombarda China Healthcare Mix Fund, surprise and

sadness concurrently somewhat peaked between March 9–10,

2021, followed by continuing fear until March 26, 2021. A spike

of strong sadness showed on June 6, 2021. Fear, surprise, disgust,

and anger spikes overlapped on August 20, 2021, while fear

and anger repeated overlapping patterns on August 21, 2021. A

visually apparent spike of happiness appeared on September 5,

2021. Later, starting with fear, surprise, and anger on November
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TABLE 1 Results of augmented Dickey–Fuller test.

Dickey–Fuller p-Value

Lombarda China Healthcare Mix Fund

Fear −5.54 0.01a

Surprise −5.44 0.01a

Disgust −5.44 0.01a

Anger −5.67 0.01a

Sadness −5.89 0.01a

Happiness −6.28 0.01a

Unit net worth −1.78 0.67

(Unit net worth)’ −6.42 0.01a

Cumulative net worth −1.84 0.64

(Cumulative net worth)’ −6.49 0.01a

E Fund Blue Chip Select Mix Fund

Fear −5.25 0.01a

Surprise −6.49 0.01a

Disgust −5.43 0.01a

Anger −5.33 0.01a

Sadness −6.19 0.01a

Happiness −6.17 0.01a

Unit net worth −2.71 0.28

(Unit net worth)’ −6.03 0.01a

Cumulative net worth −2.71 0.28

(Cumulative net worth)’ −6.03 0.01a

China Merchants Liquor Index Fund

Fear −3.65 0.03

Surprise −6.23 0.01a

Disgust −4.72 0.01a

Anger −5.70 0.01a

Sadness −5.69 0.01a

Happiness −4.91 0.01a

Unit net worth −2.65 0.30

(Unit NETWOrth)’ −5.65 0.01a

Cumulative net worth −2.61 0.32

(Cumulative net worth)’ −5.74 0.01a

ap-value smaller than listed.

2, 2021, disgust joined the emotion group on November 3, 2021,

and fear lasted until November 6, 2021. A second happiness

spike appeared on November 21, 2021. Finally, getting close to

the end of the year, some fear, surprise, and anger simultaneously

presented on December 1, 2021.

In the E Fund Blue Chip Select Mix Fund, emotion trends

were smooth until June 6, 2021, where a sadness spike appeared.

Two months later, a combination of fear, anger, and sadness

peaked on August 20, 2021. Strong happiness showed on

November 21, 2021, with a lower peak of fear, anger, and sadness

appearing on December 1, 2021.

In the China Merchants Liquor Index Fund, a small surprise

spike showed on January 4, 2021, followed by some sadness

on the next day. Simultaneous surprise and happiness spikes

appeared on February 22, 2021. Slight levels of fear, along with

anger, sadness, and happiness, fluctuated on March 8, 2021.

Some disgust peaked on April 22, 2021, followed by some

surprise peaking the next day, then slight fear on the day after.

Similarly, some surprise resurfaced on June 22, 2021, while

fear showed on the next day. A combination of fear, disgust,

and anger presented on August 20, 2021, changing to surprise

2 days later, then to happiness. Strong happiness was noticed

on November 4 and 21, 2021. Starting with slight surprise on

December 28, 2021, strong fear with some disgust and anger

joined the next day. On December 30, 2021, slight fear and

surprise with some sadness was present, which cooled down to

less fear on December 31, 2021.

Several correlations among emotions were found through

VAR models, as seen in Table 5. To remove serial correlation, all

emotion time series took the first difference. The Portmanteau

test result of differenced time series turned out to accept the

hypothesis that there was no longer serial correlation at a

statistically significant level. However, the coefficient estimates

were small in general. Specifically, in the Lombarda China

Healthcare Mix Fund, surprise and sadness showed some degree

of statistically significant positive correlation in the VAR(1)

model (B = 0.14), where sadness served as a predictor. In

addition, sadness (B = −0.41), fear (B = −0.04), and surprise

(B = 0.17) presented significant correlations with anger. Other

equations in VAR(1) did not report correlations at a statistically

significant level. Happiness in the China Merchants Liquor

Index Fund turned out to be a predictor of fear (B = 0.31) and

surprise (B = 0.2). Furthermore, disgust could be a predictor of

surprise (B= 0.53), and anger and fear positively correlated with

each other. Additionally, some correlations among emotions

in the E Fund Blue Chip Select Mix Fund were statistically

significant, albeit with a small coefficient. Because a small

coefficient indicates that the relationship is subtle, we considered

the correlation among these emotions to be rather weak.

Therefore, the results failed to validate H2 of this study.

3.3. Relationship between emotions and
fund performance

As little correlation was found, the six basic emotions could

not be considered as control variables for one another in the
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TABLE 2 ARIMA modeling results of the Lombarda China Healthcare Mix Fund.

ARIMA
parameter

MA(1) MA(2) AR(1) AR(2) AIC Ljung–
Box Q

Fear (0,1,2) −0.77 (0.06)∗∗∗ −0.19 (0.06)∗∗ 1,145.39 9.32

(1,1,0) −0.39 (0.06)∗∗∗ 1,219.24 51.01∗∗∗

Surprise (1,0,0) 0.21 (0.06)∗∗ 938.85 10.99

(2,1,0) −0.43 (0.06)∗∗∗ −0.31 (0.06)∗∗∗ 982.23 26.29∗∗∗

Disgust (1,0,0) −0.03 (0.06) 489.17 4.72

(1,1,0) −0.52 (0.06)∗∗∗ 585.48 43.04∗∗∗

Anger (1,0,0) 0.00 (0.06) 934.31 12.65

(1,1,0) −0.49 (0.06)∗∗∗ 1,029.13 62.93∗∗∗

Sadness (1,0,0) 0.02 (0.06) 411.50 0.80

(1,1,0) −0.48 (0.06)∗∗∗ 508.73 33.63∗∗∗

Happiness (1,0,0) 0.02 (0.06) 751.31 9.14

(1,1,0) −0.48 (0.06)∗∗∗ 847.88 47.02∗∗∗

∗∗p < 0.01.
∗∗∗p < 0.001.

TABLE 3 ARIMA modeling results of the E Fund Blue Chip Select Mix Fund.

ARIMA
parameter

MA(1) MA(2) AR(1) AR(2) AIC Ljung–
Box Q

Fear (0,1,2) −0.84 (0.07)∗∗∗ −0.11 (0.07) 1,139.69 6.12

(1,1,0) −0.42 (0.06)∗∗∗ 1,221.82 43.80∗∗∗

Surprise (1,0,0) 0.17 (0.06) 1,028.88 11.46

(2,1,0) −0.47 (0.06)∗∗∗ −0.31 (0.06)∗∗∗ 1,096.61 42.20∗∗∗

Disgust (1,0,0) 0.02 (0.06) 512.49 6.79

(1,1,0) −0.48 (0.06)∗∗∗ 609.64 41.90∗∗∗

Anger (1,0,0) −0.019 (0.06) 901.01 20.64∗∗∗

(1,1,0) −0.49 (0.06)∗∗∗ 1,001.38 78.95∗∗∗

Sadness (1,0,0) −0.02 (0.06) 513.35 0.92

(1,1,0) −0.50 (0.06)∗∗∗ 613.30 34.17∗∗∗

Happiness (1,0,0) −0.01 (0.06) 762.17 3.58

(1,1,0) −0.49 (0.06)∗∗∗ 861.50 39.01∗∗∗

∗∗∗p < 0.001.

VAR model with the addition of funds unit and cumulative net

worth. Each emotion time series was computed separately in

VAR(1) with the net worth time series of a fund. As seen in

Table 6, a statistically significant relationship between fear and

unit net worth (B = −0.39) was found in the Lombarda China

Healthcare Mix Fund, while fear and cumulative net worth

presented an even stronger correlation (B = −5.23). Both unit

net worth (B = −3.21) and cumulative net worth (B = −3.25)

showed a significant correlation with surprise, while anger has

the strongest correlational relationship with unit net worth (B=

−5.58). The VAR(1) models of the Lombarda China Healthcare

Mix Fund were examined by Portmanteau test and accepted

the test hypothesis that there were no serial correlations of the

residuals, as well as the E Fund Blue Chip Select Mix Fund,

as seen in Table 7. However, none of the coefficients of the E

Fund VAR models were statistically significant. In Table 8, the

China Merchants Liquor Index Fund modeling results reveal a

significant correlation between fear and unit net worth, but this
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TABLE 4 ARIMA modeling results of the China Merchants Liquor Index Fund.

ARIMA
parameter

MA(1) MA(2) AR(1) AR(2) AIC Ljung–
Box Q

Fear (0,1,2) −0.89 (0.06)∗∗∗ −0.08 (0.07) 1,081.26 0.84

(1,1,0) −0.46 (0.06)∗∗∗ 1,161.61 33.69∗∗∗

Surprise (1,0,0) 0.17 (0.07)∗ 929.68 1.45

(2,1,0) −0.49 (0.06)∗∗∗ −0.30 (0.06)∗∗∗ 989.31 16.55∗

Disgust (1,0,0) −0.02 (0.06) 466.80 5.61

(1,1,0) −0.50 (0.06)∗∗∗ 567.93 41.87∗∗∗

Anger (1,0,0) −0.02 (0.06) 292.70 0.37

(1,1,0) −0.50 (0.06)∗∗∗ 392.59 34.17∗∗∗

Sadness (1,0,0) −0.02 (0.06) 818.32 0.24

(1,1,0) −0.58 (0.06)∗∗∗ 903.00 32.81∗∗∗

Happiness (1,0,0) 0.28 (0.06)∗∗∗ 921.81 16.39∗

(1,1,0) −0.28 (0.06)∗∗∗ 1,003.60 54.78∗∗∗

∗p < 0.05.
∗∗∗p < 0.001.

FIGURE 2

Observed vs. predicted (Lombarda fear).

FIGURE 3

Observed vs. predicted (Lombarda surprise).
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FIGURE 4

Lombarda China Healthcare Mix Fund.

FIGURE 5

E Fund Blue Chip Select Mix Fund.

FIGURE 6

Merchants Liquor Index Fund.
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TABLE 5 Vector auto-regressive model (p = 1) of emotions.

DV IV Lombarda China E Fund Blue Chip China Merchants

Estimate (SE) Estimate (SE) Estimate (SE)

Fear Surprise −0.02 (0.10) −0.07 (0.08) 0.08 (0.08)

Disgust −0.35 (0.21) −0.02 (0.22) −0.06 (0.22)

Sadness 0.11 (0.09) 0.11 (0.12) 0.01 (0.33)

Anger 0.17 (0.25) 0.18 (0.21) −0.14 (0.10)

Happiness 0.21 (0.12) 0.09 (0.13) 0.31 (0.08)∗∗∗

Surprise Fear 0.03 (0.04) −8.66e−02 (6.06e−02) −0.04 (0.05)

Disgust −0.12 (0.13) 3.20e−01 (1.64e−01) 0.53 (0.15)∗∗∗

Sadness 0.14 (0.06)∗ 1.98e−01 (9.26e−02)∗ −0.13 (0.22)

Anger −0.22 (0.16) −1.97e−02 (1.55e−01) −0.03 (0.07)

Happiness −0.01 (0.08) 4.21e−01 (9.60e−02)∗∗∗ 0.2 (0.06)∗∗∗

Disgust Fear 9.43e−03 (1.86e−02) 5.17e−02 (2.24e−02)∗ −0.02 (0.02)

Surprise 1.00e−02 (2.59e−02) −2.822e−02 (2.21e−02) −0.02 (0.02)

Sadness −1.71e−03 (2.55e−02) −5.51e−02 (3.42e−02) 0.03 (0.10)

Anger 8.05e−04 (6.82e−02) −7.84e−03 (5.73e−02) −0.03 (0.03)

Happiness −1.85e−02 (3.39e−02) −1.29e−02 (3.54e−02) 0.06 (0.03)∗

Sadness Fear 0.02 (0.05) −2.77e−03 (5.04e−02) −0.02 (0.01)

Surprise −0.08 (0.07) −5.56e−02 (4.99e−02) 0.00 (0.02)

Disgust −0.08 (0.14) 4.74e−02 (1.37e−01) 0.02 (0.05)

Anger 0.03 (0.17) −4.99e−01 (7.70e−02)∗∗∗ −0.02 (0.02)

Happiness −0.07 (0.08) 4.09e−02 (7.98e−02) 0.00 (0.02)

Anger Fear −0.04 (0.01)∗∗ −3.23e−04 (2.28e−02) 0.15 (0.04)∗∗∗

Surprise 0.17 (0.02)∗∗∗ −5.88e−03 (2.26e−02) 0.03 (0.05)

Disgust 0.02 (0.04) 1.54e−04 (6.21e−02) 0.10 (0.13)

Sadness −0.41 (0.05)∗∗∗ −1.55e−02 (3.49e−02) −0.04 (0.18)

Happiness 0.03 (0.03) 1.23e−02 (3.62e−02) 0.00 (0.05)

Happiness Fear −0.05 (0.03) 3.51e−02 (3.69e−02) −0.08 (0.05)

Surprise 0.05 (0.04) −7.71e−02 (3.64e−02) ∗ −0.09 (0.06)

Disgust 0.08 (0.10) 8.30e−02 (1.00e−01) −0.09 (0.16)

Sadness −0.00 (0.04) −6.69e−02 (5.63e−02) 0.28 (0.24)

Anger 0.04 (0.12) −2.69e−01 (9.45e−02)∗∗ −0.06 (0.07)

Portmanteau p-value 1.11E-15 <2.20E−16 8.69E−14

∗p < 0.05.
∗∗p < 0.01.
∗∗∗p < 0.001.

model did not pass the Portmanteau test. Disgust was found to

be correlated with both unit and cumulative net worth (B =

−3.45), fulfilling the white noise requirement. In general, H3 of

this study was accepted.

4. Discussion

The results of the ARIMA models of fear, surprise, disgust,

anger, sadness, and happiness indicated the best-fit forecast
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TABLE 6 Vector auto-regressive model (p = 1) between emotions and fund performance of the Lombarda China Healthcare Mix Fund.

IV DV Estimate (SE) Portmanteau p-value

Unit net worth Fear −0.39 (0.06)∗ ∗ ∗ 1.89E−03

Surprise −3.21 (1.52)∗ 6.59E−03

Disgust −0.54 (0.65) 1.92E−03

Sadness −0.71 (0.55) 4.00E−02

Anger −5.58 (1.57)∗ ∗ ∗ 5.83E−06

Happiness 0.42 (1.11) 8.32E−04

Cumulative net worth Fear −5.23 (2.38)∗ 2.11E−03

Surprise −3.25 (1.53)∗ 6.61E−03

Disgust −0.55 (0.65) 4.99E−03

Sadness −0.72 (0.55) 4.00E−02

Anger −5.65 (1.58) 1.56E−06

Happiness 0.42 (1.12) 9.92E−04

∗p < 0.05.
∗∗∗p < 0.001.

models for the Lombarda China Healthcare Mix Fund, E Fund

Blue Chip Select Mix Fund, and China Merchants Liquor Index

Fund. Model commonality was found across the three funds,

where ARIMA(1,1,0) could be used as a reference for forecasting

fear, disgust, anger, sadness, and happiness textual expressions

on Weibo and ARIMA(2,1,0) could be used to forecast surprise

of Weibo users, respectively. Through the results, we found

that Weibo emotions could be predicted by emotions in the

previous time point. Because the constants of models were not

reported in the Results section, we recommended referencing

the ARIMA parameter coefficients for univariate time series

trends on emotion. The result of the inter-emotion analysis

of each fund revealed a relatively weak or non-significant

relationship among fear, surprise, disgust, anger, sadness, and

happiness. Although visual trends presented a co-occurrence

of multiple emotions during the same time interval, this paper

failed to support the idea that a certain textual emotion

relevant to a particular fund on Weibo could be a predictor

of another. However, a predictive relationship was found in

the structural analysis of emotion and fund performance time

series. Through VAR models, fear, surprise, and anger on

Weibo could be explained by fund performance and reported

negative correlations.

An emotional pattern could be generated from our findings;

specifically, as the fund net worth becomes lower, there could

be a predictable spike in the textual expressions of fear, surprise,

and anger on Weibo. This result was also supported by research

on emotion and behavior stating that behavioral responses could

be forecasted by emotion (Weisbuch and Adams Jr, 2012).

Because spelling mistakes of textual emotion analysis were not

included in the emotion frequency count, such could be a

TABLE 7 Vector auto-regressive model (p = 1) between emotions and

fund performance of the E Fund Blue Chip Select Mix Fund.

IV DV Estimate
(SE)

Portmanteau
p value

Unit net worth Fear −12.09 (3.78) 2.79E−05

Surprise −1.68 (3.13) 1.41E−05

Disgust −1.36 (1.09) 1.45E−05

Sadness −3.39e−02

(1.10e+00)

5.42E−04

Anger −8.60 (2.39) 1.99E−10

Happiness −3.39 (1.82) 8.04E−05

Cumulative

net worth

Fear −12.09 (3.78) 2.79E−05

Surprise −1.68 (3.13) 1.41E−05

Disgust −1.36 (1.09) 1.45E−05

Sadness −3.40e−02

(1.100e+00)

5.42E−04

Anger −8.60 (2.39) 1.99E−10

Happiness −3.39 (1.82) 8.04E−05

limitation of neglecting potential Weibo posts, which decreased

the sample size of this study. Image mining, including of photos

and emojis, was another challenge in this study; for instance, a

sarcastic image could sometimes be a form of negation, which

was not included in the data collection. We encourage future

research on the digital negation of SNSs to improve this research.
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TABLE 8 Vector auto-regressive model (p = 1) between emotions and

fund performance of the China Merchants Liquor Index Fund.

IV DV Estimate
(SE)

Portmanteau
p-value

Unit net worth Fear −12.46

(4.75)∗∗

9.26E−01

Surprise −2.90 (3.63) 7.82E−02

Disgust −3.45 (1.47)∗ 9.28E−03

Sadness 4.13 (2.91) 2.47E−02

Anger −4.41 (1.00) 5.12E−02

Happiness 1.40 (3.75) 7.54E−04

Cumulative

net worth

Fear −12.02 (4.75) 9.27E−01

Surprise −2.25 (3.64) 7.41E−02

Disgust −3.45 (1.47)∗ 9.07E−03

Sadness 4.12 (2.91) 2.40E−02

Anger −4.40 (1.00) 4.33E−02

Happiness 1.39 (3.75) 6.66E−04

∗p < 0.05.
∗∗p < 0.01.

5. Conclusion

We believe that this study contributes to a new perspective

of linguistic investigation considering temporal aspect with an

emphasis on SNSs and innovate statistic models of textual

emotions. The results of this study also presented a practical

forecasting trend equation of emotions for organizations with

a need for Weibo emotion monitoring relevant to funds in

China, such as media risk management teams. In addition, this

study presented insight into computational linguistic methods

in digital emotion studies. As future research, we will consider

further validation of modeling of other funds we collected in the

same timeframe and apply existing linguistic coding models to

dataset. Lastly, we look forward to emotional studies in other

fields and languages.
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