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Information diffusion in social media has attracted the wide attention of

scholars from diverse disciplines. In real life, many offline events can cause

online diffusion of relevant information, and the relation between the

characteristics of information diffusion and offline events, as well as the

diffusion differences corresponding to different phases of offline events have

been studied. However, the effects of offline events on information diffusion are

not well explored. In this paper, we study the influence of a popular and multi-

phase talent show with elimination mechanism on relevant information

diffusion. We find that elimination mechanism has significant influence on

the features of information diffusion, and elimination results have a negative

effect on followers’ emotional tendency. Elimination results also significantly

affect the topics discussed by users. Besides elimination results have a negative

effect on participants’ popularity, but do not affect the followers’ loyalty to

program participants. This study not only reveals the effects of offline events on

online information diffusion, but also provides approaches for studying the

online diffusion of similar offline events.
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1 Introduction

The emergence and development of online social networks and social media have not

only changed the way people make friends, but also change the way of information

acquisition and diffusion. Users are not only receivers of information, but also producers

and disseminators of it. In recent years, information diffusion has attracted the attention

of scholars from different fields, and significant progress has been made in empirical,

modeling and prediction research [1–4].

In fact, the information posted by users on social media is often closely related to

events occurring in the offline real world. Some events have far-reaching impact, and

some last for a long time, thus attracting the attention of numerous users and triggering

extensive discussions. In certain events, especially political ones, offline events and online

discussions can influence each other, creating online-offline interactions. The correlation
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between offline events and corresponding online discussions

provides a new scenario for information diffusion research.

Some researchers study the influence of TV series on related

information diffusion. Since TV series usually update once every

week, the related discussion is periodic impulsive. Fu et al

proposed an impulsive susceptible-infected-removed (SIR)-like

model to reproduce the periodic impulsive feature [5]. The

influence of offline sports events on online user behavior has

also been explored. Chung et al examined #BoycottNFL, an

online connective action created to discontinue support of the

National Football League, and found that associated offline

trigger events affect the diversity of actors participating in

connective action and fostering interactions between actors

and online communities of diverse backgrounds [6].

The influence of offline vicious events on users’ online

behavior has been extensively studied. For instance, Burnap

et al studied the terrorist event in Woolwich, London in

2013 and built models to predict information flow size and

survival using data from Twitter. They found that the number

of offline press reports relating to the event published on the day

the tweet is posted is a significant predictor of size [7]. Zhou

mined the users’ behaviors in four emergency events from

microblogs to reveal their behavior preferences, and found

that users’ behaviors in emergencies are related to their own

interests and economic status [8]. Some studies explored the

communication dynamics in social networks/media during or

after natural disasters. For example, Kim and Hastak explored

patterns created by the aggregated interactions of users on

Facebook during responses in the 2016 Louisiana flood [9],

and Pourebrahim et al investigated the communication

dynamics on Twitter during Hurricane Sandy in 2012 [10].

The studies can help emergency agencies develop better

operation strategies for a disaster mitigation/relief plan.

The COVID-19 pandemic is the most influential public

health event in recent years which has caused profound social

and economic impacts. Shen et al analyzed posts related to

COVID-19 on Weibo, a popular Twitter-like social media site

in China, to predict COVID-19 case counts in mainland China

[11]. During COVID-19, unreliable information or fake news

spread on the Internet. Using Twitter messages, Gallotti et al

assessed the risks of the spread of information of questionable

quality during the early stages of COVID-19 epidemics [12].

Vaccines are an important means to contain the large-scale

spread of COVID-19. Hu et al investigated public opinion

and perception on COVID-19 vaccines in the United States

with Twitter data and found the rising confidence and

anticipation of the public towards vaccines [13]. The COVID-

19 not only affects people’s physical health, but also their mental

health. Through the analysis on Twitter, it was found that

Australians’ mental health signals, quantified by sentiment

scores, have a shift from pessimistic (early pandemic) to

optimistic (middle pandemic). However, the signals

progressively recess towards a more pessimistic outlook (later

pandemic) [14]. Using social media data from Twitter and

Weibo, Wang et al found that COVID-19 outbreaks cause

steep declines in expressed sentiment globally [15]. They also

found moderate to no effects of lockdown policies on expressed

sentiment.

Political events have also attracted the attention of scholars

because of their extensive and profound influence on people’s

life. High-impact public protests [16–28] or election campaigns

[29–32] and related online discussions often interact, such as the

Arab Spring [23, 27], the Spanish indignados movement [17, 18,

21, 24], the Occupy Wall Street movement [21, 22, 24] and the

2016 United States Presidential Election [32]. During the Arab

Spring movement, social media activity in Twitter correlates with

subsequent large-scale decentralized coordination of protests

[23]. For the Spanish indignados movement, social media are

the main tools for informing and mobilizing [19], and there are

four types of users (influentials, hidden influential, broadcasters,

and common users) in Twitter and they play different roles in the

growth of the protest [18]. During the Occupy Wall Street

movement, Twitter users generated a loosely connected hub-

and-spoke network, suggesting that information is likely to be

organized by several central users in the network and that these

users bridge small communities [22]. Only a very small minority

of tweets refer to protest organization and coordination issues

[21]. During the 2016 United States Presidential Election,

individuals are more active in interacting with similar-minded

Twitter users (“echo chambers” effect), and the aggressive use of

Twitter bots, coupled with the fragmentation of social media and

the role of sentiment, could enhance political polarization.

Recently the causal impact of offline or online events on

information diffusion in social media has also been studied. Yu

et al examined the effect of the online 16 Days Campaign on the

changes in public discussions of the MeToo in Twitter by

applying the state-space model, and found that there are

significantly more discussions in MeToo after the launch of

the campaign [33]. Leveraging difference-in-difference (DID)

method, Balawi et al investigated the impact of the United

Airlines crisis on three dimensions of customer relationship

management efforts on social media, and found that the

brand crisis increases informativeness efforts but reduces

timeliness and attentiveness efforts [34]. Falavarjani et al

studied the causal relation between real world activities and

emotional expressions of users in social media based on a

quasi-experimental design, and found that users’ offline

activities impact their online affective expressions, both of

emotions and moods [35].

The researches on the correlation between offline events and

online discussions rely on event details and social media data,

and vital conclusions have been obtained. However, the effects

[36, 37] of offline events on online discussions as well as the

underlying mechanisms still have not been well explored. Besides

in real life, some offline events can last for a long time and show

significant multiple stages over time. Few studies have explored
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the impact of such events on online discussions, of which results

will deepen our understanding of how offline events affect social

media. In this paper, take an influential and multistage

entertainment program for example, we will study the effects

of offline events on related information diffusion in social media

by collecting publicly available data, and try to fill the

research gaps.

2 Data set

The public pays much attention to entertainment programs

in their leisure time. Compared with the social news and political

events, the influence of entertainment programs is long-term and

moderate [38]. The TV talent show “Produce 101” (first aired on

21 April 2018, and last aired on 23 June 2018) is one of the most

influential entertainment programs in the Chinese mainland in

recent years. The 101 contestants participated in the training and

assessment of singing and dancing. According to the results of

multiple rounds of voting and elimination, the final winners were

determined.

Specifically, in the first elimination round, 101 contestants

competed based on the audience’s votes in the official voting

channel, with 55 contestants advancing and the rest eliminated.

In the second round, 36 were promoted and 19 eliminated. In the

third round, 22 were promoted and 14 eliminated. In the fourth

round, i.e. the final round, the top 11 votes won.

The talent show was presented in the form of live TV. In

addition to watching the program, the audience also published

relevant posts on social media, which makes it a typical event

combining online and offline. We collected publicly available

posts with the topic of “Produce 101” from Sina Weibo, Chinese

largest online microblogging platform, including the original

posts and reposts. The time span of the data set is from

1 April 2018 to 30 June 2018 and it includes the information

of microblog release time, content, poster’s encrypted ID

number, gender, and city. After data cleaning, there are

33,522,289 original posts and 56,267,334 reposts in the data set.

We choose this program for research for two reasons. First,

this program has a large popularity, a wide range of audience, and

is representative. Second, the program has a relatively long time

span, with four rounds of elimination, making it possible to study

the information diffusion in different phases of the program.

3 Program progress

As shown in Figure 1, we divide the data set according to the

four rounds of elimination. The phase before the first elimination

can be that for media promotion. In the early stage of the

program preparation and broadcast, the publicity of the

official account is crucial to ensure the authority and

credibility of the program information. In addition, some

audiences learned about the program from various channels

in the early stage and spontaneously became the

propagandists of the program. Official account and

spontaneous users published and spread program information

online, built initial nodes of information diffusion network, and

introduced and connected more users by virtue of their own

social networks and open platforms.

The phase between the first and second elimination can be

the guidance stage of opinion leaders. Opinion leaders played an

important role in the diffusion process. By releasing relevant

highlights in the program and by virtue of their social capital and

position advantages in social networks, they could reach more

users at a faster speed and in a wider range, and finally expand the

audience.

The phase between the second and third elimination can be

the stage of contestants’ self-growth. With the broadcast of the

program, the audience increased, ordinary users gradually

became fans, contestants accumulated their own fan groups,

and the increase of audience also made the information

FIGURE 1
Different phases of information diffusion.
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diffusion scale expand again. At this phase, the increase of users

could not be all from the influence of the program, but more from

the attractiveness of the contestants.

The phase between the third and fourth elimination can be

the stabilization stage for the contestants’ fans. In the previous

stages, the fans kept increasing, and in this stage, the fan groups

could tend to be stable. Some users gradually lost interest in the

program and no longer paid attention to it, while the remaining

ones could be more loyal.

The phase after the program can be the recession one. The

popularity of talent shows decreased with its end. For the

audience, the novelty of and the enthusiasm for the program

is limited. Without the real-time discussion, the related posts in

social media could gradually decrease.

4 Characterizing information
diffusion

Elimination mechanism is commonly used in competitive

programs, which means that the discussion of users on Weibo

may change with elimination results, and the indicators of posts

related to contestants with different results after eliminations can

also change. In preliminary research we have found that for the

two groups of promoted and eliminated contestants, there exists

interaction between information on them, and different

interactions can occur at different stages. From the three

perspectives of posts, users and contestants, we study the

influence of elimination mechanism on the indicators

involved in each perspective.

4.1 Posts

According to the repost relation in microblogs, each original

post and its reposts can form an information diffusion tree,

which represents the diffusion path of the original post and can

be viewed as directed networks where the nodes without in-

degree are root nodes or seed nodes, the nodes without out-

degree are leaf nodes or passive nodes, and the nodes with both

in-degree and out-degree are viral nodes.

In the paper, at the post level, we utilize four basic indicators

to measure the diffusion capacity of original microblogs from

different perspectives [39]. Let the numbers of seed nodes, viral

nodes and passive nodes be Ns, Nv, and Np respectively, and the

total number of nodes is N = Ns + Nv + Np which represents the

diffusion scale and reflects the overall influence. The branches of

diffusion trees refer to the forwarding chains, with one branch

starting from the root node and ending with a leaf node.

According to this definition, the number of branches Nb is

equal to leaf node number Np. Let the length of each branch

be di (i = 1, 2, . . . ,Nb), and themaximum lengthD =max
i

di from

the leaf nodes to the root node in a tree, a measure of vertical

diffusion, represents the diffusion depth. Nodes with the same

distance to the root node are called nodes with the same level.

The number of nodes wi (i = 1, 2, . . . , D) at each level is the level

width, and the maximum level widthW = max
i

wi represents the

diffusion width reflecting horizontal influence. In a diffusion tree,

the time difference between the last reposting time of the original

post in the data set and the release time of the post represents the

active time of the post (measured in hours). We obtain the four

indicators of each diffusion tree.

4.2 Users

At the user level, microblogs posted by users usually have

specific emotions and belong to specific topics. Thus, we use two

indicators, emotional tendency and topic category, to describe

the content of microblogs.

The emotional tendency of microblogs refers to the degree of

positive or negative emotion expressed in posts, which is usually

measured by a single value. The positive values indicate positive

emotion, while negative values negative emotion, and the

absolute values indicate the degree of tendency. In this study,

we utilize an authoritative simplified Chinese affective lexicon

ontology to obtain emotional tendency of microblogs [40, 41].

The lexicon divides emotions into seven categories (happy,

good, surprise, anger, sad, fear, and disgust) and

21 subcategories, which are labeled with polarity, part of

speech, and emotional intensity for each emotional

vocabulary. The emotional intensity label has levels 1, 3, 5, 7,

and 9. Level 1 has the lowest intensity, and level 9 indicates the

highest intensity. To better assess the emotions of microblogs,

we comprehensively consider the combination and order of

emotional words, adverbs of degree and negative words. The

detailed calculation methods are shown in the Supplementary

Material. The accuracy of emotion analysis for the lexicon

ontology is 0.79, and its effectiveness has been demonstrated

in many studies [42, 43] and it has been extensively applied in

the emotion analysis of short texts [44, 45].

We obtain the emotional tendency of microblogs and find

that the mean tendency value of all original posts is 1.85, the

mean value of original posts with positive emotion is 3.27, and

the mean value of original posts with negative emotion is -1.79.

Overall the sentiment of microblogs in the data set is positive.

We use Biterm Topic Model (BTM) [46], a topic

classification model suitable for short texts, to evaluate the

topic of each original microblog. BTM integrates word co-

occurrence information into latent Dirichlet allocation (LDA)

to solve the problem of inferring topics from large-scale short

texts. For the classification performance of Chinese short texts,

the accuracy of BTM is close to 0.7. BTM has many advantages

over some previous topic classification methods, and recently has

been widely used in (Chinese) short text topic classification

[47, 48].
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We first set the number of topics to 50, and except the topics

that cannot be specifically identified, we manually classify the

others into six ones by topic merging according to the

characteristics of entertainment programs. The posts with

endorsement topic are on followers’ behaviors. Contestants’

fans or other users could increase the popularity of their

supporters through microblogs, and increase ranking by

soliciting votes, inviting clicks and other behaviors. The posts

with stage performance topic are on the stage performance of

contestants in the program. The posts with praise and

encouragement topic are to praise the participants to achieve

the purpose of publicity. The posts with contestant activities topic

are on the activities of the participants outside the program. The

posts with program publicity topic are on the publicity released

by program producer to improve the popularity of the program.

The posts with program criticism topic are on users’ negative

evaluation of the program, including doubts about or objections

to program editing, competition fairness, elimination results, etc.

4.3 Contestants

We defined two indicators to characterize contestants,

i.e., the mean number of mentions < cntd,s> of contestant s on

some day d and the losing rate outRatiod+1,s of contestant s’s

active fans on the next day d+1.

Specifically, if a user posts original microblogs that only

mention a certain contestant on some day, the user is

considered to be the active follower of that contestant on that

day. For each contestant we obtain the number of daily active

followers daud,s and the number of next day active followers

daud+1,s. According to the posts published by each user every day,

we obtain the number of times cntd,s,u that user u mentions

contestant s on day d (similarly, only the microblogs that

mention only one contestant will be considered). Then, the

mean number of daily mentions < cntd,s> of each contestant

can be obtained from the ratio of the total number of daily

mentions of each contestant to the number of daily active

followers of each contestant, i.e., 〈cntd,s〉 � ∑ucntd,s,u/daud,s,

which reflects the loyalty of contestants’ followers.

We define the retention number rd+1,s of followers of

contestant s on the next day d+1 as the number of users who

post microblogs that only mention that contestant on day d and

d+1, namely the intersection of the active followers of day d and

d+1. For each contestant, we define the number of followers who

lose activity on day d+1 as the number of users who post

microblogs that only mention that contestant on day d but

not on day d+1, i.e. the difference outd+1,s � daud,s − rd+1,s
between the number of active followers on day d and the

number of retained followers on day d+1. Finally, we define

the losing rate outRatiod+1,s of each contestant’s active followers

on day d+1 as the ratio of the number of followers who lose

activity on day d+1 to the number of active followers on day d, i.e.

outRatiod+1,s � outd+1,s/daud,s � (daud,s − rd+1,s)/daud,s which

reflects contestants’ popularity.

5 Effect estimation

5.1 Methods

In competitive programs, different participants will face

different results after elimination. Some participants will be

eliminated and lose the qualification to continue to

participate in the following program, while others will be

promoted and continue to participate in the program. Since

the offline process is closely related to the online discussion,

we will discuss the influence of elimination mechanism on

the information diffusion related to the two types of

contestants.

There are two dimensions for the elimination competitions,

one is before and after eliminations, and the other is the

promoted and eliminated contestants. If elimination matches

are considered as an intervention, the significance of treatment

effect after intervention can determine the existence of causality.

We use the DID method to estimate the treatment effect of

elimination matches.

According to the counterfactual reasoning, a group of

samples similar to the treatment group is selected as the

control group to obtain the results without treatment, and the

difference between them is the treatment effect of the event. In

the paper, the observation value of the treatment group is the

diffusion performance of the relevant microblogs of the

eliminated contestants in an elimination match, while the

observation value of the control group is that of the promoted

contestants in the same elimination match.

In the DIDmethod, for the treatment and control groups, the

first difference is the difference between them before elimination

and the difference between them after elimination. The mean

difference between the treatment group and the control group

before elimination is

E(yit|Treati � 1, Periodt � 0) − E(yit|Treati � 0, Periodt � 0),
and the mean difference after elimination is

E(yit|Treati � 1, Periodt � 1) − E(yit|Treati � 0, Periodt � 1).
Treati is the dummy variable of treatment: one represents

elimination, and 0 no elimination. Periodt is the dummy

variable for the occurrence of events: 0 means before the

occurrence of events, i.e., before eliminations, and one means

after the occurrence of events, i.e., after eliminations. Yit

represents the observed value of the explained variable. For

the treatment and control groups, the second difference is the

difference between the difference between the two groups after

the eliminations and the difference before the eliminations, i.e.

the treatment effect of the elimination events. The average

treatment effect on the treated (ATT) for an elimination

match is E(yit|Treati � 1,Periodt � 1)−E(yit|Treati � 0,
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Periodt � 1)−E(yit|Treati � 1,Periodt � 0)+E(yit|Treati � 0,
Periodt � 0) .

The DID method estimates the treatment effect by

constructing a regression model with interaction terms, and

the basic model is shown in Eq. 1:

Yit � β0 + β1Treati + β2Periodt + β3Treati · Periodt + eit (1)

Let Periodt � 0, Treati � 0, and the observed value of the

control group before the event is Ŷit � β0; let Periodt � 0,

Treati � 1, and the observed value of the treatment group

before the event is Ŷit � β0 + β1; let Periodt � 1, Treati � 0,

and the observed value of the control group after the event is

Ŷit � β0 + β2; let Periodt � 1, Treati � 1, and the observed

value of the treatment group after the event is

Ŷit � β0 + β1 + β2 + β3. The difference between the two

groups before the event can be expressed by β1, and the

difference between the two groups after the event can be

expressed by β1+β3, thus the treatment effect of the event is

β3, i.e. causality can be determined by the coefficient of the

interaction term.

5.2 Data partitioning

As shown in Figure 2, there are four elimination matches for

the talent show, and the dates are May 13, June 2, June 16, and

June 23. The four elimination matches divide the entire data set

into five parts, and the treatment effect of each elimination match

is discussed separately. The DID method is usually used in policy

research, and the time span of the data studied is often very long.

Considering some periodic fluctuations, data are usually studied

in periods of a year or a month. There are often multiple periods

of data before the implementation of policies. However, the time

span of the entertainment program studied is less than 2 months,

and the duration of each phase is shorter, even only a week. Thus,

in the paper, only the two phases before and after the elimination

match are considered in each analysis. For example, for the first

elimination match, only the microblogs in p1 and p2 phases are

considered, where p1 is the phase before the elimination match,

i.e., Period1 � 0, and p2 is the phase after the elimination match,

i.e., Period1 � 1.

To ensure the reasonability of the DID regression model,

we put forward two assumptions. The first is stable unit

treatment value assumption (SUTVA). It is difficult to

rigorously test this hypothesis, and we adopt the

interpretation method used by Weiler et al. to give reasons

that SUTVA can be true in our study [49]. SUTVA consists of

three aspects. 1) Individual independence assumption.

According to the rules of the program, all contestants

participate as individuals, not as multi-person teams, thus

the results of the program will only affect individuals and

their related posts, i.e., the elimination result of a contestant

only affects the contestant’s related posts, and there is no

interaction between contestants. 2) The assumption of single

treatment. There are only two results of elimination and

promotion. The eliminated contestants, regardless of their

specific ranking in the eliminated group, will leave the stage.

The promoted contestants, regardless of their specific

ranking in the promoted group, will compete on the stage

until the next elimination. In other words, the treatment

effect of elimination matches on eliminated contestants is the

same, and the difference of contestants’ rankings has no

additional effect on the characteristics of online

information diffusion associated with them. 3) The

assumption of no interference in posts. The program

studied has a wide range of audience. Users only discussed

the status of the contestants they followed in their posts, and

there may be no correlation between posts published by

different users, i.e., different microblogs do not affect each

other.

The second is parallel trend assumption, i.e., other factors

have the same influence on the information diffusion

FIGURE 2
Different periods of the program.
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characteristics of microblogs associated with eliminated and

promoted contestants. That is, in the absence of elimination,

the trend of the mean characteristics of the treatment group

and the control group is parallel over time. As explained

above, in the paper, we set one period before and after the

elimination match in each analysis, and the DID method for

one period of data may not be able to carry out the parallel

trend test. However, this assumption can be satisfied with

propensity score matching (PSM) which will be discussed in

section 6.1.

6 Results

Previous studies have revealed the correlation between

the performance of information diffusion and information

topics [50], emotions expressed in texts [51], and user

attributes [52]. In fact, in some cases, user attributes are

not related to diffusion performance [27]. This study focuses

on online interactions in an entertainment program context,

and traditional cues such as user gender, or location

can become irrelevant to information diffusion on

contestants.

Recently textual data have been applied to causal

inference studies, such as the influence of collective

sentiment expressed in social media on stock market or

cryptocurrency prices [53] or the causal effects of brevity

of tweets on their success by controlled experiments [54].

Text characteristics can also be dependent variables. For

example, Egami et al. studied how awareness about an

individual’s criminal history affects attitudes toward

immigration using a survey experiment [55]. Besides texts

can be confounders in causal analyses and Roberts et al. used

text analysis to control for this type of confounding [56]. In

this section we use microblog features as dependent variables

or confounders to study the effect from elimination

mechanism on information diffusion.

It is noteworthy that the entertainment program studied

was presented in the form of live TV. Some users can watch

the program on TV and then published relevant posts on

social media. There are also some users who were informed of

the program’s progress through other channels rather than

TV, and it is hard to obtain channel information from post

texts. In this paper, offline means the program was presented

on TV, we focus on the influence of elimination mechanism

on the information diffusion, and may not focus on the

channels through which users got information about the

program. Besides since the user ID numbers in the data set

have been encrypted, some of their important attributes,

including centrality indices characterizing user influence,

are unavailable, and we have applied the PSM method to

try to address the endogeneity issue caused by user influence

and inertia.

6.1 Posts

We estimate the treatment effect of elimination on the

structural features of information diffusion trees in different

phases by taking each elimination match as a time point. The

original microblog content corresponding to each diffusion tree

is analyzed, the microblogs related to eliminated contestants in

each time period are taken as the treatment group, and the ones

related to promoted contestants are taken as the control

group. Eq. 1 can be further written as

Yit � β0 + β1Treati + β2Periodt + β3Treati · Periodt + γXit

+ β4Days + eit (2)

where Yit is the characteristics of information diffusion trees,

such as diffusion scale (ln (size)), depth, width (ln (width)) and

active time, and Days is the fixed effect refined to every day. We

use also Chinese affective lexicon ontology to obtain the fine-

grained emotions of each microblog which include happy, good,

surprise, anger, sad, fear, and disgust, and the detailed calculation

methods are also presented in the Supplementary Material.

Control variable Xit contains content features of microblogs,

such as emotional tendency, fine-grained emotions and topics.

Selection bias and the endogeneity problem among

microblogs on the eliminated contestants may exist. The

microblogs on eliminated and promoted contestants can differ

substantially, meaning that they may not be directly comparable.

Besides there are three confounding variables, i.e. post emotional

tendency, fine-grained emotions and discussion topics. To study

the influence of the results of elimination matches on the

characteristics of information diffusion, we use PSM to match

the control variables which is performed before the DID

regression.

PSM converts multidimensional confounders according to

the corresponding function (for example, logistic regression) to a

one-dimensional propensity score pscore, which means the

probability of the sample being treated, i.e.

pscore(Xi � x) � P(Treati � 1 |Xi � x), where pscore includes

confounders. This method fits a probability to each sample in

control group, and samples in treatment group find the one that

is closest to their own in the control group. Specifically, PSM

selects only those microblogs on promoted contestants who

closely resemble microblogs on the eliminated ones. The

objective of this approach can be thought of as “finding an

artificial twin” that closely resembles a sample in treatment

group. PSM solves the problem of sample matching between

the treatment and the control group and can mitigate the

endogeneity problem by controlling confounders [57]. After

matching, the distribution of observable features of both

groups is balanced, i.e. E(Xi|Treati � 1, pscore(Xi)) �
E(Xi|Treati � 0, pscore(Xi)).

PSM can guarantee the homogeneity between control group

and treatment group and the establishment of the assumption of
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TABLE 1 DID regression results for diffusion tree characteristics for four elimination matches.

Diffusion depth Active time Diffusion width Diffusion scale

Promoted
(1)

Eliminated
(2)

Difference
(2)–(1)

Promoted
(1)

Eliminated
(2)

Difference
(2)–(1)

Promoted
(1)

Eliminated
(2)

Difference
(2)–(1)

Promoted
(1)

Eliminated
(2)

Difference
(2)–(1)

First

Before 1.539 1.608 0.069** 402.880 292.226 -110.654*** 1.154 1.249 0.096* 1.192 1.307 0.115**

After 1.908 1.757 -0.151*** 427.109 404.184 -22.925 1.944 1.550 -0.394*** 1.988 1.597 -0.392***

DID
(β3)

-0.220*** 87.729*** -0.489*** -0.506***

N 3,050 3,050 3,050 3,050 3,050 3,050 3,050 3,050

Second

Before 1.595 1.507 -0.088 125.995 123.731 -2.264 1.575 1.437 -0.138* 1.620 1.477 -0.143*

After 1.714 1.542 -0.172** 137.613 137.581 -0.031 1.971 1.511 -0.460*** 2.025 1.588 -0.437***

DID
(β3)

-0.084 2.232 -0.322*** -0.294**

N 1,868 1,868 1,868 1,868 1,868 1,868 1,868 1,868

Third

Before 1.623 1.616 -0.007 89.133 80.809 -8.324** 1.586 1.669 0.082 1.640 1.731 0.091*

After 1.658 1.670 0.011 88.268 96.573 8.305 1.536 1.795 0.258** 1.603 1.873 0.270***

DID
(β3)

0.019 16.629** 0.176 0.179

N 2,832 2,832 2,832 2,832 2,832 2,832 2,832 2,832

Fourth

Before 1.521 1.448 -0.073*** 36.494 51.098 14.603*** 1.334 1.265 -0.069* 1.388 1.309 -0.079*

After 1.621 1.665 0.044 86.201 92.312 6.110*** 1.298 1.397 0.099** 1.389 1.487 0.098**

DID
(β3)

0.117*** -8.493*** 0.168*** 0.177***

N 4,910 4,910 4,910 4,910 4,910 4,910 4,910 4,910

Significance: ***p< 0.01, **p< 0.05, *p< 0.1.
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long-term trend consistency to a certain extent. Then the

matched samples are used for DID to ensure the applicability

of DID method.

Table 1 shows the results of the DID regression model (please

see Supplementary Material for summary statistics and

distributions of variables, correlation matrices and VIF tests

for independent variables, PSM results, and complete

regression results). The difference column before elimination

is the estimation for β1, the difference column after elimination is

the estimation for β1+β3, and finally the difference column

corresponding to DID is the estimation for β3. Figure 3 shows

the values of β3 with significance level indicated. We find that the

first and fourth elimination matches have a significant effect on

diffusion depth, the first, third and fourth elimination ones have a

significant effect on active time, and the first, second and fourth

elimination ones have a significant effect on diffusion width and

scale.

The first and last eliminationmatches have a significant effect

on the metrics of information diffusion trees. In the first

elimination match, the audience does not have a deep

understanding of the contestants, the eliminated contestants

do not have enough time to show themselves and gain high

popularity, and they leave the stage in a hurry. The microblogs

related to the eliminated contestants may also gradually become

silent, and the attention of ordinary audiences will be shifted to

the promoted contestants. Elimination results have a negative

effect on diffusion depth, width and scale of posts on eliminated

contestants (β3 = -0.220 for depth, β3 = -0.489 for width, and β3 =

-0.506 for scale). Even in the second elimination match,

elimination results still have a negative effect on diffusion

width and scale. On the contrary, the elimination results have

a positive effect on the active time of posts on eliminated

contestants (β3 = 87.729). One possible reason is that the

promoted contestants are still active on the stage, and the

original microblogs related to them emerge every day. Users

tend to forward the latest related microblogs, and the forwarding

frequency of past posts can reduce, thus the active time of the

original microblogs is short. While the eliminated contestants

lose the opportunity to perform on stage, the number of new

posts related to the contestants can decrease, and some users

choose to forward the past posts related to them, which may

increase the mean active time of the posts.

At different stages of the program, the elimination matches

result in different treatment effects, which may be related to the

external factors associated with contestants in offline events. In

the final elimination, both the eliminated and the final winners

have accumulated a large number of followers over the course of

the program. The treatment effect of elimination on diffusion

depth, width and scale of the microblogs on eliminated

contestants is positive (β3 = 0.117 for depth, β3 = 0.168 for

width, and β3 = 0.177 for scale). The possible reason is that the

eliminated contestants leave the stage earlier, have access to

industry resources faster than the winning contestants, and

are known to users outside the program. After the final

round, users can forward more new posts on eliminated

contestants than the old ones, the active time of posts

decreases, and finally the final match has a negative effect on

it (β3 = -8.493).

6.2 Users

Elimination matches not only have a significant impact on

the diffusion tree characteristics of the original microblogs, but

have a certain impact on the emotional tendency of users to

contestants and the topics they talk about on contestants. We

study the effect of elimination matches at the user level. Since

information diffusion features cannot affect content features, it is

unnecessary to match them when constructing the regression

models. First, we explore the influence of elimination matches on

users’ emotional tendency, and Eq. 3 gives the DID regression

model:

Yit � β0 + β1Treati + β2Periodt + β3Treati · Periodt + γTopicit

+ β4Days + eit

(3)
where Topicit is the topic classification of microblogs which is the

control variable and is represented by a dummy variable. In this

context PSM is used to match topic categories.

Table 2 shows the impact of elimination matches on users’

emotional tendency (please see Supplementary Material for more

information on variables, PSM results and complete regression

results), and Figure 4 shows the values of β3 with significance

level indicated. In the first two matches, elimination results have

no significant effect on users’ emotional tendency, but in the

latter two, elimination results have significant negative effect on

FIGURE 3
The β3 values with significance level for DID regressions for
diffusion tree characteristics.
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emotional tendency. The possible reason is that in the early stage,

users do not have a deep understanding of the contestants and

take a wait-and-see attitude. They might just be ordinary

audience of the program, rather than fans of the contestants.

Therefore, there could be less of a gap in expectations and less

emotional volatility when the elimination results were

announced. As can be seen from the p-value, there is almost

no difference between the treatment group and the control group

in the first elimination match, no matter before or after the

competition, and the treatment effect of the elimination match is

almost zero. In the second elimination match, some users began

to support their favorite contestants, and the emotional tendency

to eliminated contestants increases (p < 0.05), but the difference

before and after the match is not significant.

The topics discussed by users in social media are also closely

related to the program, and the elimination results may also affect

the topics discussed by users. Eq. 4 shows the DID logistic

regression model for the effect:

ln[p(Yit � 1)/(1 − p(Yit � 1)]
� β0 + β1Treati + β2Periodt + β3Treati · Periodt

+ γSentimentit + β4Days + eit (4)

where Yit is the topic category which is a binary classification

variable and is represented by a dummy variable. As control

variables, Sentimentit includes emotional tendency and fine-

grained sentiment. PSM is also used to match the control

variables.

Table 3 gives the regression results, with the values in each

column representing estimates of the differences for each

topic (please see Supplementary Material for more

TABLE 2 DID regression results for sentiment tendency for four elimination matches.

Promoted (1) Eliminated (2) Difference (2)–(1) p>|t| N

First

Before 1.477 1.468 -0.009 0.925 3,785

After 2.133 2.119 -0.014 0.918 2,315

DID -0.005 0.977

N 3,050 3,050

Second

Before 0.744 0.812 0.068 0.580 2079

After 0.596 0.874 0.278** 0.046 1,657

DID 0.209 0.265

N 1,868 1,868

Third

Before 0.315 0.484 0.169* 0.059 4,772

After 1.127 -0.398 -1.525*** 0.000 892

DID -1.693*** 0.000

N 2,832 2,832

Fourth

Before 0.457 0.778 0.321*** 0.000 5,496

After 1.137 0.633 -0.504*** 0.000 4,324

DID -0.825*** 0.000

N 4,910 4,910

Significance: ***p< 0.01, **p< 0.05, *p< 0.1.

FIGURE 4
The β3 values with significance level for DID regressions for
sentiment tendency.
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information on variables, PSM results and complete

regression results), and Figure 5 shows the values of β3
with significance level indicated. We find that the early

elimination results have a significant impact on the topics

of endorsement and stage performance. The elimination

results of the middle stage have significant influence on the

topics of endorsement, stage performance, praise and

encouragement and contestant activities, and the late stage

has significant influence on all topics.

From the perspective of post topics, the discussion on

the endorsement topic decreases significantly after several

eliminations. The results of the elimination matches are

closely related to the audience’s vote, and Weibo is one of

the important platforms to support and attract users to vote.

After the elimination matches, the result has been decided,

and thus the discussion on eliminated contestants on the

topic of calling for vote and support decreases. However, the

discussion on the topic of stage performance increases

significantly after the elimination matches. The stage

performance in the elimination competition attracts

much attention. After the elimination, users could discuss

the performance of each contestant in combination with the

result of the competition. By contrast, users may pay more

attention to the performance of the eliminated contestants

to analyze the reasons for elimination. The program

criticism and propaganda topics are related to the

program itself, and there is no significant relationship

with most elimination results. In the last elimination

match, the posts published by users on program criticism

and propaganda topics for eliminated contestants decrease

significantly.

TABLE 3 DID regression results for post topics for four elimination matches.

Endorsement Stage performance Program criticism Program publicity Praise and
encouragement

Contestant
activities

First

Before 0.026* 0.011 0.011 -0.013 -0.014 -0.014

After -0.053*** 0.065*** 0.013 -0.025* -0.020 -0.001

DID -0.079*** 0.053** 0.002 -0.012 -0.006 0.012

N 6,100 6,100 6,100 6,100 6,100 6,100

Second

Before -0.019 0.025 0.006 0.017 0.033* -0.053***

After -0.048** 0.005 -0.010 0.008 -0.049** 0.077***

DID -0.028 -0.020 -0.016 -0.009 -0.082*** 0.130***

N 3,736 3,736 3,736 3,736 3,736 3,736

Third

Before 0.036*** -0.032** 0.000 -0.002 0.024* -0.024**

After -0.098*** 0.070** 0.000 -0.005 -0.061** 0.060***

DID -0.134*** 0.102*** -0.000 -0.002 -0.085*** 0.084***

N 5,664 5,664 5,664 5,664 5,664 5,664

Fourth

Before 0.065*** -0.060*** 0.009** 0.002 0.036*** -0.043***

After -0.018 0.054*** -0.017*** -0.038*** -0.008 0.013

DID -0.084*** 0.113*** -0.026*** -0.041*** -0.044** 0.056***

N 9,820 9,820 9,820 9,820 9,820 9,820

Significance: ***p< 0.01, **p< 0.05, *p< 0.1.

FIGURE 5
The β3 values with significance level for DID regressions for
post topics.
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About the eliminated contestants, posts on praise and

encouragement topic in the last three elimination matches

drop significantly. The possible reasons are, on the one hand,

because some contestants are eliminated, users can have negative

emotions and the posts on praise and encouragement topic

reduce. On the other hand, after each elimination, the

competition between the contestants weakens, reducing the

discussion on praise and encouragement topic to some extent.

Users’ discussion on the topic of contestant activities increases

significantly in the last three elimination rounds. After each

elimination, the eliminated contestants quit the program and

could carry out personal activities without following the relevant

regulations of the program. As a result, the discussion on

contestants’ activities increases.

6.3 Contestants

The impact of elimination matches on information diffusion

in social media is not only reflected at the levels of posts and

users, but also at the level of contestants. Elimination matches

may change the behavior pattern of contestants’ followers when

they posted microblogs related to the contestants. Based on the

original microblogs, we obtain the losing rate outRatiod+1,s of

each contestant’s active followers on day d+1 and the mean

number of daily mentions < cntd,s> of each contestant, and

Eq. 5 gives the DID regression model:

TABLE 4 DID regression results for user behavioral characteristics for four elimination matches.

outRatiod+1,s (popularity) <cntd,s> (loyalty)

Promoted (1) Eliminated (2) Difference (2)–(1) Promoted (1) Eliminated (2) Difference (2)–(1)

First

Before 0.569 0.563 -0.006 1.416 1.458 0.042

After 0.443 0.485 0.042*** -0.037 0.016 0.053

DID 0.048*** 0.011

N 2,965 1,768 2,965 1,768

Second

Before 0.634 0.590 -0.044*** 1.912 1.878 -0.034

After 0.499 0.575 0.076*** 1.754 1.786 0.032

DID 0.120*** 0.066

N 2,341 1,416 2,341 1,416

Third

Before 0.706 0.717 0.011 1.897 1.938 0.041

After 0.662 0.798 0.135*** 1.836 1.882 0.046

DID 0.124*** 0.005

N 1,575 1,016 1,575 1,016

Fourth

Before 0.715 0.741 0.026*** 1.922 1.854 -0.068*

After 0.695 0.826 0.130*** 2.349 2.108 -0.241*

DID 0.104*** -0.173

N 864 821 864 821

Significance: ***p< 0.01, **p< 0.05, *p< 0.1.

FIGURE 6
The β3 values with significance level for DID regressions for
user behavioral characteristics.
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Yit � β0 + β1Treati + β2Periodt + β3Treati · Periodt + β4Days + eit

(5)
where Yit is outRatiod+1,s or < cntd,s>. At the contestant level, the
behavioral characteristics of users are concerned with individual

contestant rather than individual post, thus the information

diffusion characteristics and content characteristics cannot be

quantified, and the PSM is not used.

Table 4 shows the regression results (please see

Supplementary Material for more information on variables

and complete regression results), and Figure 6 shows the

values of β3 with significance level indicated. We find that for

all four elimination matches, the results of elimination have a

significant positive impact on the eliminated contestants’

outRatiod+1,s, i.e., weakening their popularity, but have no

significant impact on their < cntd,s>, that is, they do not affect

the loyalty of contestants’ followers.

Elimination matches increase the outRatiod+1,s of the

eliminated contestants. According to regression results, the

influence of the first elimination (β3 = 0.048) is lower than

those of the subsequent eliminations, and the contestants’

follower group may form in the second elimination. In the

first elimination, contestants could have less followers and the

change of the losing rate is small. In the fourth elimination

competition, although < cntd,s> of eliminated contestants is

significantly lower than that of promoted contestants after

elimination, this trend has appeared before the competition,

and finally, the elimination match has no significant effect

on < cntd,s> of eliminated contestants.

7 Heterogeneity analysis and
robustness test

Users of different characteristics may have different

reactions to the program studied. Given that demographic

information on users is often unavailable on Weibo platform

due to specific profile settings or not filling in information, we

perform the heterogeneity analysis to examine the variation of

effects for users of different genders (the missing rate of gender

attribute is low) and obtain the DID regression results (due to

space limitation, we present the results in Supplementary

Material).

We find that for the effect of elimination results on diffusion

tree characteristics, overall the DID regression results for

female users are qualitatively consistent with those in

Table 1. For male users, elimination results never have a

positive effect on diffusion depth, width and scale, which

means that elimination results have a negative effect or no

significant effect on the metrics of posts by male users on

eliminated contestants.

For the effect of elimination results on sentiment

tendency, we find that the DID regression results are

qualitatively consistent with those in Table 2 both for

female and male users. In the last two elimination matches,

elimination results have a negative effect on followers’

emotional tendency. For the effect of elimination results on

post topics, we find that overall the DID regression results for

female users are also qualitatively consistent with those in

Table 3. For male users, most regression results are

insignificant, which means that elimination results have no

significant effect on the topics of posts by male users on

eliminated contestants. However, the signs of significant

results are consistent with those in Table 3.

We also perform robustness test by supplementing

variables. Specifically, we added two control variables on

user characteristics to the regression equations, i.e., users’

gender and region (province level) where they are located.

The DID regression results are also presented in the

Supplementary Material, and we find that the conclusions

in the paper still hold which indicates the robustness of the

conclusions.

8 Conclusion

In this paper, we study the effect of an influential and multi-

phase entertainment program on related information diffusion

and explore the underlying mechanisms. We find that

elimination mechanism significantly influences the features of

information diffusion trees, and elimination results negatively

affect followers’ emotional tendency. Elimination results also

negatively affect the topics on endorsement and praise and

encouragement discussed by users, and positively affect the

topics on stage performance and contestant activities. Besides

elimination results negatively affect participants’ popularity, but

do not affect the followers’ loyalty to participants. The methods

of this study are generalizable to some extent. Except

entertainment events with multiple rounds of elimination, the

approach in this paper could apply to research on information

diffusion of offline events in different domains, for instance,

sports events with multiple rounds of elimination or multi-phase

political events.

There are several limitations for the paper. We divide the

contestants into the promoted and eliminated groups to

estimate the treatment effect of elimination match. In fact,

even for contestants in the same group, elimination matches

may have different effects. Besides, the conclusions of this

paper may lack universality. Considering the different

participants, audiences, and contexts of events, different

conclusions may emerge, and we need to study more

events or scenarios in detail and comparatively. Further

there can be mutual influence between online discussion

and offline events, which can cause the problem of reverse

causality. Reverse causality can cause endogeneity problems

which are mainly caused by the four reasons: omitted

variables, sample selection bias/self-selection bias, reverse
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causality, and measurement error, and the problems can be

dealt with in a number of ways, such as instrumental variable

(IV), Heckman model, fixed effects model, DID, regression

discontinuity, and PSM. In the paper we utilize PSM to

address the issue. However, PSM only controls the

influence of measurable confounders, does not

fundamentally solve the endogeneity problem caused by

selection bias or omitted variables, and also can not solve

the problem of reverse causality. Generally, IV method can

address the four endogeneity problems, and for the reverse

causality IV method is an option. All of these give potential

directions for future further research.
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