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Abstract

In this thesis, I investigate attention dynamics on the Chinese microblogging site Sina
Weibo by studying the popular hashtags on the real-time Hot Search List (HSL). The
objective goal of my thesis is to provide insights into the emergence mechanisms and pop-
ularity dynamics of hashtags on the one hand, and the effects of interventions by the mi-
croblogging service providers on the other hand. Furthermore, I analyze the consequences
of a strong external effect with long lasting impact on the popularity ranking list on the
example of COVID-19. To achieve that, I investigate the evolution dynamics of the repost
network of popular hashtags in the phase of their emergence, the ranking dynamics after
the successful hashtags reach the system-wide level of popularity, and identify anoma-
lous patterns that can be attributed to intentional measures taken by the service provider
deviating from the principles of an objective ranking.

Firstly, I study the network dynamics in the prehistory of successful hashtags before they
become popular. I show that the time of the day when the hashtag is born has an impact
on the time needed to get to the HSL. Analyzing this time I distinguish two extreme cate-
gories which I label: a) “Born in Rome”, which means hashtags are mostly first created by
super-hubs or reach super-hubs at an early stage during their propagation and thus have the
chance to gain immediate wide attention from the broad public, and b) “Sleeping Beauty”,
meaning the hashtags gain little attention at the beginning and reach system-wide popu-
larity after a considerable time lag. The evolution of the repost networks of successful
hashtags before getting to the HSL shows two types of growth patterns: “smooth” and
“stepwise”. The former is usually dominated by a super-hub and the latter results from
consecutive waves of contributions of smaller hubs. The repost networks of unsuccessful
hashtags exhibit a simple pattern of evolution.

Secondly, I study the dynamics of hashtags after they appear on the HSL, including rank
trajectory clustering, duration, and ranking dynamics. I characterize the rank dynamics
by the time spent by hashtags on the list, the time of the day they appear there, the rank
diversity, and by the ranking trajectories. I show how the circadian rhythm affects the pop-
ularity of hashtags, and observe categories of their rank trajectories by a machine learning
classification algorithm. By analyzing patterns of the ranking dynamics I identify anoma-
lies that are likely to result from the platform provider’s intervention into the ranking,
including the anchoring of hashtags to certain ranks on the HSL. I propose a simple model
of ranking that explains the mechanism of this anchoring effect.

Thirdly, I present the effect of COVID-19 on Weibo’s public attention dynamics by study-
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ing the correlations between different content categories of hashtags with real-world COVID
situations in different periods of the pandemic. I show how the specific events, measures
and developments during the epidemic affected the emergence of different kinds of hash-
tags and the ranking on the HSL. I give an analysis of how the hashtag topics changed
during the investigated time span and conclude that there were three periods to distinguish
during the time of observation. In period 1, I see strong topical correlations and clustering
of hashtags; in period 2, the correlations are weakened, without a clustering pattern; in pe-
riod 3, I see an increased clustering but not as strong as in period 1. I further explored the
dynamics of HSL by measuring the ranking dynamics and the lifetimes of hashtags on the
list. This way I could obtain information about the decay of attention, which is important
for decisions about the temporal placement of governmental measures to achieve perma-
nent awareness. Furthermore, I find an abnormally higher rank diversity in the top 15 ranks
on HSL due to the COVID-19 related hashtags, indicating the possibility of intervention
from the platform provider.
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had a memorable time with Rebeka O. Szabó and Milán Janosov during the CSS summer
school in Berlin. I learned from Pablo Lozano during the CCS conference in Lyon. I had
great collaboration with Jan Bachmann during the complex system winter workshop at
Saline Royale in France.

I thank my friends Zhitian, Imane, Ruichuan, Vanessa, Lea, Jasmine, Momo, Ting, Gul-
shan, Romayssa who have broadened my worldview outside of my field to the real society.

V

C
E

U
eT

D
C

ol
le

ct
io

n



I thank my Master’s thesis supervisor Prof. Tamás Prőhle at Eötvös Loránd University
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Chapter 1

Introduction

1.1 Background and problem statement
With the development of technology transformation, social media has become inevitable
source of information in people’s daily life. There are trending contents on social media
everyday, attracting a lot of attention from the public. Netizens can be connected in so-
cial networking sites such as the well-known microblogging sites Twitter and the Chinese
equivalent Sina Weibo.

Users on microblogging sites generate hundreds of millions of posts per day, some of
which contain one or multiple hashtags referring to the topic of the posts. In the flood
of information, hashtags achieve different levels of popularity at a certain time, and the
most popular hashtags in the whole system are depicted in ranking lists to inform users.
Twitter Trends and Sina Weibo Hot Search List (HSL) are the examples of microblogging
ranking lists which show in real time the most popular hashtags that gain wide attention
in the whole microblogging system. These lists serve as indication of public interest and
attention [7, 25] and, at the same time, they trigger collective awareness [8] of the latest
trending topics or events emerging in the world. These trends or hot topics can originate
from natural reaction to real-world events [96] or from manipulation by companies and
organizations [76].

Contents generated from an ordinary user are very likely to be buried in the flooding newly-
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generated online information and never become a trending topic. This raises a natural
question, how do these trending topics become popular? Is there a way to gain some un-
derstanding of successful hashtags by studying the emergence of their popularity from a
network science perspective? After the popular hashtags succeed on the HSL, their popu-
larity fluctuates with time as shown by the dynamics of their scores and rank changes on
the HSL. What patterns can be observed from the ranking dynamcis of the popular hash-
tags on the HSL? Is there a connection between the ranking patterns and the history before
they appear on the HSL? For a hashtag, being popular enough on the HSL can be desir-
able since massive public attention could result in financial gains and many other benefits.
Apart from well-known tools of direct advertisements or propaganda [132, 90, 9, 25, 26],
individuals, companies, and political actors are tempted to make use of hidden manipula-
tion in order to attract public attention. Hashtag popularity can also be undesirable in the
case of a negative influence. Are we able to find evidence of any forms of interventions
towards these popular hashtags? Last but not least, what influence do exogenous factors
and contingencies exert on some properties of the microblogging complex system? Un-
expected situations, shocks, such as the COVID-19 pandemic can dramatically influence
our lives. How does the pandemic influence public attention dynamics on Chinese social
media?

1.2 Significance of the problem
Social networking sites have risen in the information age and have become an insepara-
ble part of our everyday lives. Social media is central in attracting people’s attention and
shaping public perception [36, 43]. Public attention is important in many aspects, includ-
ing education, politics, marketing, and pandemic management [4, 31]. Popular contents
on social media are approximations of public concerns and attention. Therefore, under-
standing the dynamics of popularity on social media platforms is of great interest. Un-
derstanding the emergence of popular topics plays important role in business intelligence,
governance, and trend predictions in the real world [63, 96]. Understanding the public at-
tention dynamics during the pandemic serves an essential role in pandemic management,
contributing to minimizing the effect. As service providers have financial interests and
may be under political pressure, the objectivity of the ranking lists on social media and
the truth of their content can be questionable. Similarly to the fight against fake news, the
fight against manipulation of public attention is in the interest of the society and it also
needs the tools of detecting interventions. Deepening the knowledge of public attention
dynamics on social media promotes instant and effective communications among govern-
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ments, health experts and the public, helping the government to monitor public opinion,
maintain the stability of the society as well as develop and deliver more effective measures
to minimize the societal effects in the case of a pandemic.

1.3 Contributions
In this thesis, I intend to give answers to the previously raised questions by studying Sina
Weibo. In terms of the popularity emergence of the hashtags, I focus on how they become
popular. I firstly unfold the different routes leading successful hashtags to the HSL by
studying the evolution patterns of the whole repost networks as well as their giant com-
ponents during the prehistory, i.e., the time period from the birth of the hashtags till their
first appearance on the HSL. I characterize two extreme types of popularity emergence
mechanisms namely “Born in Rome” and “Sleeping Beauty” depending on the length of
the prehistory. I have found that the birth timing of the hashtags play an important role in
determining whether they will be popular enough to appear on the HSL.

As a next step, I dig deeper into the ranking dynamics of hashtags on the HSL. I describe
the patterns of the ranking dynamics, uncover their relationship with the circadian mode
of Weibo activity, and also establish a link to the prehistory of the hashtags. I identify
anomalous ranking characteristics of the HSL which can be attributed to the interventions
into the ranking by the service provider and propose a model of anchoring to explain
the anomalies. The aim of the identification of regularities in the ranking dynamics was
twofold: First, contribution to the quantitative characterization of the dynamics of public
attention in order to better understand its mechanism, and second, finding signatures of
interventions by the service provider.

Lastly, I try to understand how a major event with long standing effect influences the
hashtag dynamics. I focused on how COVID-19 related hashtags acquired popularity on
Sina Weibo during the first four months of the pandemic and partly dominated it. In this
study, I have provided a novel approach to studying and quantifying the attention dynam-
ics by taking advantage of the real-time HSL on Sina Weibo. Instead of capturing the
public attention using segmented key words from retrieved posts, we adopted the “rank
diversity” [66] measure on Weibo HSL to describe the rank dynamics of real-time popular
hashtags which can serve as an indication of public attention in the Sina Weibo system.
I have been able to track the evolution of public attention in different periods during the
pandemic, follow how the attention of the population shifted from one group of topics
to another and study the changing correlation patterns of different COVID-related topic
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categories with the evolving COVID-19 situation in the world. I obtain information about
the decay of attention by exploring the ranking dynamics and hashtag lifetimes on the list,
which is important for decisions about the temporal placement of governmental measures
to achieve permanent awareness. Furthermore, I discovered abnormally higher rank di-
versity in the top 15 ranks on HSL due to the COVID-19 related hashtags, revealing the
possibility of algorithmic or direct intervention from the platform provider. On the one
hand, such study contributes to the understanding of the dynamics of public attention on
social media and how it reflects the dynamics of the public thoughts and behaviors. On
the other hand, identifying the patterns of online attention dynamics and the relationship
to events and measures during pandemic may contribute to its efficient management.

1.4 Thesis structure
This thesis is structured in the following way:

• Chapter 2: In this chapter, I give an introduction of microblogging sites and their
ranking lists of popular topics. Specifically, I review the emergence of popularity,
popularity competition, interventions on popularity, and the impact of COVID-19
pandemic.

• Chapter 3: In this chapter, I investigate the emergence mechanisms of popular hash-
tags on Sina Weibo by studying their repost network evolution dynamics in the pre-
history before they become popular enough to appear on the HSL.

• Chapter 4: In this chapter, I focus on the dynamics of successful hashtags after
they appear on the Sina Weibo HSL by studying the patterns of their rank trajec-
tories, dynamics of duration and ranking. I pinpoint signatures of anomalies from
the observations and propose a ranking model with anchoring effect to simulate the
interventions on the ranking list by the platform provider.

• Chapter 5: In this chapter, I conduct the study of attention dynamics on the Sina
Weibo HSL during the COVID-19 pandemic by separating different observation
periods and semantic contents of the hashtags on the HSL. I also made a comparison
of the hashtag ranking dynamics before and after the outbreak.

• Chapter 6: In this chapter, I conclude the thesis by summarizing the findings to-
gether, and providing outlooks for future research direction.
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Chapter 2

Literature review

2.1 Microblogging sites and popular contents
One of the consequences of the technological revolution is that a massive amount of data
is provided by humans while interacting with digital devices on daily basis [3]. With
the spreading of smart phones and other mobile devices, there is a growing tendency that
people’s communication gets shifted to the digital domain and they obtain information
about “hot issues” happening across the world [61] through social media.

Microblogging is a modern communication tool by which users generate and share tremen-
dous information on many aspects such as politics, economy, sports and entertainment
[33]. Users of such services can follow others, establishing complex follower-followee
networks, thus creating important social media platforms, where social connections are
carriers of information [94]. The users interact with each other through various kinds of
activities such as post, repost, comment, reply, mention or alike. User-generated posts on
microblogging sites usually contain bits of information, or “memes” [13] that are brief
text updates and/or micromedia such as photos, video or audio clips. A meme will be
reposted if it is appealing to the other users. Reposting behaviors make the posts visible
to the followers of the user who share the posts due to the follower-followee relationship.
Through the process of virality, a large number of users can be reached with a particular
meme, forming trends on microblogging platforms.
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2.1.1 Twitter and trending list
Twitter is one of the world’s most famous microblogging sites which offers worldwide
service, with 217 million monetizable daily active users [106] as of the fourth quarter of
2021. Messages on microblogs may be identified using keywords called hashtag 1. Users
on Twitter sometimes tweet and retweet tweets containing a hashtag (# symbol) before
a relevant keyword or phrase, for example #covid-19. Hashtags help categorization of
tweets and increases visibility in Twitter search [101].

A “trend” on Twitter is a subject of interest that is being discussed at a greater rate than
the others in this system. Some trends contain hashtags. By Twitter’s definition, trending
topics are immediately popular, rather than those have been popular for a while or on a
daily basis [104]. The exact algorithm that extracts trending topics is unknown. A trending
topic on Twitter consists of the topic itself as well as a stream of tweets which include that
topic. Twitter trending list shows trending topics which are usually hot topics and latest
events happening around the globe. Studying Twitter trending topics enables researchers
to learn about people’s opinions and sentiments about the current trends [39, 46], and make
predictions for a wide range of outcomes such as the COVID-19 waves [28], crimes [17],
financial market prices [88, 1], elections [85] and so on.

2.1.2 Sina Weibo and Hot Search List (HSL)
Sina Weibo, a Twitter-like microblogging system, is the most popular microblogging site
in mainland China [131], where Twitter and other Western social media are blocked. Sina
Weibo and Twitter are two major online social networking sites in the world, their users
are mostly disjoint, barely overlap geographically, representing the online users of China
and the rest of the world [41]. Sina Weibo has increasingly penetrated into the daily
lives of ordinary Chinese individuals [127] and become one of the most popular media in
information diffusion and communication [33] since it was launched in August 2009 [58].
Sina Weibo is a major vehicle of self expression especially for young Chinese people and
a forum for social movements [44]. Although Sina Weibo is less known worldwide and
has received less academic attention than Twitter, it has surpassed Twitter in terms of user
size, with 248 million daily active users and 573 million monthly active users [97] as of
the third quarter of 2021.

1A hashtag is a type of label or metadata tag used on social network and microblogging services and
have been used to mark individual messages as relevant to a particular topic or “channel” [135].
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As the counterpart of Twitter in China, Sina Weibo shares many similarities in size, struc-
ture, and influence with Twitter. Both networking platforms show directed user relation-
ship, allow unlimited inbound followers and attract hundreds of millions of users. Sina
Weibo works similarly to Twitter as users may follow others and have followers, they can
post texts and pictures, add hashtags to them, react to others’ posts, and repost them, ei-
ther from personal computers or mobile devices. Weibo replaced the 140-character limit
for users’ posts to 2000 characters [20] since Februrary 2016. There are also differences
with the two platforms. Instead of using one hashtag at the beginning like Twitter, topics
on Weibo are confined in double hashtags one at the beginning and one at the end of the
topic description, for example, #Pneumonia of unknown cause detected in Wuhan#. In
this thesis, we use hashtag as the synonym of topic, we refer a hashtag on Sina Weibo as
the content contained within the double #s.

HSL history and popularity criteria

The popularity of hashtags on Sina Weibo emerges as users participate in the search for
them, in the discussion on them and in their spreading. Like Twitter, Sina Weibo also
creates a ranking list of popular hashtags to inform users. Sina Weibo HSL is a section
that displays the 50 most popular hashtags in real-time [127]. The range of topics covered
by hashtags which occur on the HSL is very diverse, to name a few, social events, TV
programs, celebrities, entertainment, health and politics. Accordingly, Sina Weibo HSL
nowadays has become a popular tool for the Chinese netizen to look for information,
follow hot topics, news events and celebrity gossip.

Sina Weibo HSL has gone through several changes. Back in 2014, a real-time list of
hottest searches was launched on the client with an updating frequency of once every
ten minutes [110], allowing users to see the latest hot information anytime, anywhere.
In 2017, the updating frequency of the hashtags together with their ranks accelerated to
every minute [110]. Until 2021 there used to be one or two advertisement rank positions
included in the top 50 ranks2.

2There used to be commercial hashtags that are paid for the positions on the HSL, which often occupy
the third or/and fifth ranks and marked with “Recommendation (P)”. Since 2021, Weibo went through
another reform that the commercial hashtags are randomly placed between ranks 3 and 4 or/and ranks 6 and
7, without a rank number associated in front of the advertisements, resulting in maximum 52 hashtags on
the HSL, excluding the imposed positive energy recommendation position (hot search top) above all ranks
which is often promotion for positive contents. Sina Weibo has also separated a new list specifically for
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As the name of the ranking list indicates, the Hot Search List is based to a large extent
on the search activities related to the hashtags. The search volume for a hashtag indicates
its popularity and on Sina Weibo this quantity is the main underlying for the HSL. The
search volume index of a hashtag is a comprehensive measure [84] which takes into ac-
count multiple dimensions such as the number of searches in Sina Weibo and the quality
of the user accounts involved in the search, for the aim of preventing manipulated fake
popularity [84]. However, the concrete algorithm of determining the ranking of the hash-
tags on the HSL has been unknown and that Weibo has been target of criticism for making
financial gains. This can be understood as the HSL serves as an advertising tool to boost
popularity, getting to the HSL not only informs users about popularity but also amplifies
it a lot, which, in turn, may have severe financial consequences. As a response to the
criticism, on 23 August 2021, Sina Weibo released what it called the rule of capturing the
“hotness” H of a hashtag at a certain time [2]. The corresponding formula is as follows:

H = (SH +DH +RH)⇥ IH , (2.1)

where SH is search hotness, referring to the search volume, including manual input search
and click-and-jump search, discussion hotness DH is for the amount of discussion, includ-
ing original posting and re-posting, reading hotness RH represents the volume of readings
in the spreading process of the hashtag, and interaction hotness IH refers to the interaction
rate of hot search results page.

While Sina Weibo emphasizes the objectiveness and fairness of HSL, it admits at the same
time to “promote positive content” and that “official media reports shall prevail” in case of
major negative social events [2] and the intervention in other cases (redundancy, serious
inaccurate information as identified by government departments of content inducing severe
conflicts).

2.2 Attention dynamics on microblogging sites
In our times of information deluge, the dynamics of public attention is of eminent im-
portance from many aspects, including education, politics, marketing and governance.
In the new media, the flow of information has dramatically accelerated, leading often to

entertainment and celebrity related hashtags, though in the normal HSL there are still entertainment related
hashtags. The data in this study excludes those commercial hashtags.
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rapidly changing public attention. At the same time these media provide unprecedented
possibilities to study attention dynamics [117, 80] as they produce Big Data open for in-
vestigation. The microblogging service Twitter [102] is particularly suited to provide the
basis for quantitative studies on the dynamics of public attention as the content of the mes-
sages is available [103]. Accordingly, Twitter data have been used to identify classes of
dynamic collective attention [53], investigate party-related activity and to predict election
outcomes [32]. Furthermore, Twitter data have served as the basis of modelling atten-
tion dynamics during pre-election time [49] or studying the relationship between public
attention and social emotions [71].

2.2.1 Emergence of popularity
Popularity may be of different kinds: immediate popularity upon release, and ever-increasing
popularity in succeeding periods [87]. One emergent phenomenon in a microblogging
complex system is the emergence of popularity of a topic. When it comes to the definition
of popularity on social media, researchers had various metrics by regarding popularity of
an online content as the frequency of daily occurrence [130], the number of reposts/views
at a time [10, 63], the cascade size [38], topic pervasiveness in a community [11], or
straightforwardly the displayed list of popular items whose popularity metric is defined by
corresponding social media platform providers.

Researchers on Twitter information diffusion have observed variation in the spread of
online information across topics [79], shown the effects of the content [100], semantic
characterization [54] and the co-occurrence of hashtags [73] on popularity. Approaches
have been introduced to predict the popularity peaks of the new hashtags on Twitter from
the perspectives of machine learning [64], and taking the context of Twitter social net-
work [123]. Previous study on Twitter trending topics has shown retweets by other users
are more important than the number of followers in determining trends [8]. Some stud-
ies modeled user behaviors to capture the emergence of Twitter trending topics based on
characteristics of the retweet graphs [96]. A recent study on Twitter trending topics has in-
vestigated real-time Twitter Trends detection along with the ranking of the top terms [48].

2.2.2 Popularity competition
The ranking of trending contents on social media changes over time, following the rise and
fall of public attention: Old trends vanish and new trends emerge. The rank of a hashtag
on the list increases or decreases, reflecting the relative popularity of the topic to other

9

C
E

U
eT

D
C

ol
le

ct
io

n



topics at a certain instant of time. The amount of time a hashtag stays on the list indicates
the degree of its ability to attract consistent public attention.

Research studies on Twitter trending list have analyzed the dynamics of trending topics
through comprehensive statistical analysis from the aspects of lexical composition, trend-
ing time, trend re-occurrence [7], etc. There have been different factors identified, which
contribute to the success of a topic, like novelty of the piece of information and the res-
onance level of the messages spread as well as the influence of certain members of the
propagating network [78]. The evolution of Twitter trends is characterized by phases of
burst, peak and fade [8] and the patterns of temporal evolution of popularity of hashtags
have been ordered into six different categories [122].

Research on Sina Weibo popularity appeared soon after its launch. Researchers study-
ing popularity in Sina Weibo have presented evolution analysis of trending topics [125],
long-term variation of popularity [130], prediction of hot topics based on content quality
and structural characteristics of early adopters [10], as well as bursty human activity pat-
terns [118]. The attention of the researchers have turned gradually to the HSL. In essence,
the HSL is a real-time hot topic detecting system, which provides a (supposedly) objective
ranking on the hotness of the topics [127]. Within each topic, a vast number of messages
keep evolving and mutating as the topic flows through the network. In this scenario, a
topic is an incarnation of a meme, while the messages spreading along different threads
are operational proxies to track its dynamics. Weibo system is generally considered an
ideal laboratory for investigating information contagion, especially for Chinese content.
Research on Weibo hot topics has focused on topic dynamics from the perspective of time,
geography, demographics, emotion, retweeting, and correlation [35], on similarities and
differences to Twitter [126, 124], emergence mechanisms [26], patterns of popularity evo-
lution [51], prediction [134, 60, 136], social emotions and diffusion patterns [34] as well
as impact of censorship [16].

The ranking dynamics on Weibo HSL enables us to investigate the dynamics of popular
attention in such details which is not available on other platforms. We will focus on the
temporal evolution of this ranking in order to study the attention dynamics. Recently,
ranking dynamics has been studied widely from sports [12, 21, 66] to scientists, journals
or companies [12]. There are stable rankings (word frequencies) with little or no changes
in the ranks [67] and there are volatile ones with vivid dynamics (mentions of Twitter
hashtags) [12]. Clearly, Weibo HSL belongs to the latter with rich dynamic properties.
This ranking provides a proxy for the attention preferences of Weibo users enabling the
quantification of the dynamics thereof, which reflects the changes in the attention due to
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events and measures.

2.2.3 Interventions on popularity
Trending topics on Twitter can be manipulated by concerted efforts by fans of celebrities or
cultural phenomena. The economic and political relevance of popularity of items on online
media is an incentive to the service providers to intervene into the trending lists. A linear
influence model [121] was introduced to capture the network effect on endogenous diffu-
sion of hashtags on Twitter trending list and demonstrate evidences of manipulation [132]
on the observed dynamics. Certain trending topics on Twitter may be opportunistically
targeted with desirable qualities by spammers [90]. Recent studies on Twitter trends have
found likely presence of coordinated campaigns in AstroTurf version to influence and ma-
nipulate public opinion during the COVID crisis in Mexico [74].

In the case of Weibo, the exposure of hashtags on the HSL has a great promotional ef-
fect thus many are keen to be on the HSL or disappear from it in the case of a negative
influence [89], resulting in strong competition and manipulation attempts. Studies reveal
that hashtags from different topical categories differ in time length of prehistory (from
birth till first appearance on the HSL) and the types of accounts involved in the propaga-
tion [26]. Celebrity and entertainment related hashtags are often associated with marketing
accounts [133] which can be influenced by social capital [26]. Studies have also identified
online censorship [16, 109] control practices and the possibility of algorithmic interven-
tion [25, 27] on Sina Weibo. Recent findings indicate possibility of algorithmic interven-
tion [25] from the platform provider towards COVID-related hashtags on the HSL during
the COVID-19 pandemic. Research indicated that human editorial decisions were involved
in the curation of Weibo trending topics with the aim of increasing user engagement [56]
and that Weibo actively facilitates the production and spread of online contention to at-
tract more users through a range of recommendation mechanisms built into the platform,
including the trending topic list and channels such as Sina-owned official accounts [56].

2.2.4 Impact of COVID-19 on public attention
Public attention becomes a focal issue in times of crises like pandemics. As early as
2010, four years after it was launched, Twitter was shown to be an adequate, real-time
content, sentiment, and public attention trend-tracking tool [18] and was used to study
rapidly-evolving public sentiment with respect to the epidemic H1N1 [86]. The analysis
of tweets enabled to quantify the difference between attention and fear and their distance-
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dependence in the case of the Ebola epidemic [107]. For the present pandemic COVID-19,
Twitter studies on public attention have occurred, focusing on the perception of policies
by the public [128, 62], fighting COVID-19 misinformation [72], and the psychological
impacts associated with social media exposure during the pandemic [37, 30].

The first COVID-19 epicenter was in China where the service of Twitter is blocked,
whereas its local substitute Sina Weibo, is very popular [50]. Therefore, it is natural to
use data from Weibo for similar purposes as was introduced earlier for Twitter in other
countries. Scientists have already recognized that this microblogging service provides im-
portant insight into the function of the Chinese society [98, 69]. Recently, some studies
have appeared dealing with the public attention towards COVID-19 on Sina Weibo. The at-
tention of Chinese netizens to COVID-19 was measured by analyzing keyword frequency
in retrieved COVID-related posts from randomly sampled Weibo users [120] or hashtags
on Sina Weibo Hot Search List (HSL) [119], and was studied for identifying the sentiment
and emotion trends of public attention [119, 57].

Social media search indices have shown correlations with the epidemic curve [83, 5, 45,
75, 55] and have been used for prediction of the transmission of infectious diseases,
such as cholera [19], Ebola [59], influenza [5] and Middle East Respiratory Syndrome
(MERS) [83]. For the recent COVID-19, online search trends such as Google Trends and
Baidu Index have shown strong correlations with real-world cases and deaths [45, 75, 55]
and were used to predict the number of new suspected or confirmed cases [75, 55]. In these
studies, the searched keywords on social media are mainly the symptoms and the names
of the disease. Nevertheless, there are various aspects of the pandemic that influence the
society, including the measures and regulations given by the government, the scientific
knowledge provided by healthcare experts, aspects related to frontline doctors and nurses,
the donation behaviors between countries, the remote working new norm and so on.

Collective attention towards online news decays with time due to the fade of novelty and
attractiveness in the competition with the other news [117]. Recent studies show a peak of
collective attention towards COVID-19 in late January 2020 and a subsequent collapse, in
terms of the dynamic behavior of words used on Twitter [6, 29].
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Chapter 3

Emergence of hashtag popularity on
Sina Weibo

3.1 Introduction
To understand the emergence of hashtag popularity in online social networking complex
systems, we study the largest Chinese microblogging site Sina Weibo, which has a Hot
Search List (HSL) showing in real time the ranking of the 50 most popular hashtags based
on search activity. We investigate the prehistory of successful hashtags from 17 July 2020
to 17 September 2020 by mapping out the related interaction network preceding the se-
lection to HSL. We have found that the circadian activity pattern has an impact on the
time needed to get to the HSL. When analyzing this time we distinguish two extreme cat-
egories: a) “Born in Rome”, which means hashtags are mostly first created by super-hubs
or reach super-hubs at an early stage during their propagation and thus gain immediate
wide attention from the broad public, and b) “Sleeping Beauty”, meaning the hashtags
gain little attention at the beginning and reach system-wide popularity after a considerable
time lag. The evolution of the repost networks of successful hashtags before getting to the
HSL show two types of growth patterns: “smooth” and “stepwise”. The former is usually
dominated by a super-hub and the latter results from consecutive waves of contributions
of smaller hubs. The repost networks of unsuccessful hashtags exhibit a simple evolution
pattern.
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Why and how does some online information become popular is an important question.
While many studies have been focusing on the “why” part, putting efforts in identification
of factors that lead to information popularity, less attention has been paid to what the pat-
terns of the temporal network dynamics look like in the history of these contents before
they achieve a high level of popularity measured in our case by getting to the HSL. Differ-
ent routes to popularity have been observed for memes. Studies on information diffusion
have found pervasive existence of two consecutive spikes of popularity in the diffusion of
different information from different media during the whole lifetime of a meme’s propa-
gation [129]. Studies on tweet’s popularity have shown tipping points [63] may emerge
through the lifecycle. What makes the history of those popular hashtags specific? What
mechanisms can be deduced from the network dynamics in the early stage? In our study,
we focus particularly on the popularity emergence period, which is the prehistory before a
hashtag becomes popular enough to appear on the HSL.

Our goal is to unfold the different routes of hashtags leading them to the HSL by studying
the repost networks as well as their giant components during the time period from the first
creation of the hashtags to their first appearance on the HSL. We investigate the influencing
factors of the time needed for a successful hashtag to get to the HSL and identify the time
of the day when the hashtag was born and the effect of huge hubs. The evolution of the
repost network show either smooth or stepwise character which are also related to the
above factors.

3.2 Materials and methods

3.2.1 Data description
We wrote a web scraper to crawl Sina Weibo HSL from 17 July 2020 to 17 September
2020, with a frequency of every 5 minutes. We extracted 10144 hashtags that have ap-
peared on the HSL during this time period and traced back the original user-generated
posts containing these hashtags during the time interval from birth till first appearance
on the HSL. There are unavoidable problems related to the data. First, the crawling
of the data was occasionally interrupted leading to loss of data. The estimated related
data corruption is approximately 5%. Censorship is another source of information loss,
one example is about the pop star Wu Yifan whose account was closed and all posts
related to him were no longer available on Weibo ever since he was arrested by police
due to several crimes [115]. Another source of data loss is due to a possibility pro-
vided by Sina Weibo, enabling users to choose privacy option, which hides their activ-
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ities and makes it impossible to trace back the chain of reposts along that branch. The
datasets supporting the conclusions of this study are available in the GitHub repository,
https://github.com/cuihaosabrina/Emergence Popularity Sina Weibo.

3.2.2 Network construction
In this section, we introduce how we construct our hashtag repost networks and the prop-
erties we study. The repost network (called retweet graph in the context of Twitter) is a
standard tool to study the spreading of content on microblogging sites [96]. The tempo-
ral directed repost network consists of users as nodes and reposts as links between them,
pointing in our definition towards the user who reposts. The repost networks of a hashtag
contain all the origin nodes that posted this hashtag as well as the related reposts of the
hashtag. Since all reposts have timestamps, the evolution of the repost network can be fol-
lowed and can be traced back to the origins of the hashtag. The timestamp of the first post
containing a hashtag is its birth time. We focus on the whole repost network and its largest
connected component (LCC), which consists of the largest number of connected nodes
in the whole hashtag repost network. When studying the component size, we disregard
the directedness of the links. As the repost network evolves, the LCC identified at some
stage of the evolution may be replaced by another more recently formed giant component
at a later stage. In fact, this change happens often just before the hashtag almost reaches
the HSL. We study the dynamics of the LCC in the repost network structure just before
a hashtag reaches the HSL since it captures the most influential nodes and links during
the process of the hashtag popularity emergence. For different hashtags, the growth rates
of the whole network as well as the final LCC at different stages during prehistory period
may have different growth characteristics as shown in Fig. 3.1. We compare, analyze, and
categorize these patterns.

Figure 3.1: Shape examples of stepwise and smooth patterns of repost network cumulative
link growth trajectories.
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3.2.3 Classification of link growth trajectories

Figure 3.2: Example workflow of peak detection in repost network cumulative link growth
trajectory F (t). F (t) is a discrete function, where t 2 Z, 0  t  T , T is the total number
of minutes in the prehistory. Step A: ef = f

0(t) � f̄ , where f
0(t) is the first forward

difference, t 2 N, 1  t  T , and f̄ is the average value of f
0(t). Step B: take the

convolution ( ef ⇤ g)(t) where g(t) is a step function. Step C: detect peaks by comparing
with neighboring values in the convolved series.

We characterize the different repost network dynamics by studying growth patterns of the
cumulative number of links F (t) at a minute resolution. F (t) is a discrete function, where
t 2 Z, 0  t  T , T is the total number of minutes in the prehistory. We use a classifier to
distinguish between stepwise and smooth growth, which is based on the detection of local
peaks in the derivative of the function F (t). Since F (t) is discrete, we obtain f

0(t), t 2 N,
1  t  T by taking the first forward difference of F (t). Then we take the convolution
of ef = f

0(t) � f̄ and g(t), where f̄ is the average value of f 0(t), and g(t) is defined as
follows

g(t) =

(
1 t 2 N, 1  t  T

�1 t 2 N, T + 1  t  2T

In practice, we calculte the convolution ( ef ⇤ g)(t) using the convolve method in the
numpy [42] Python module, with the mode parameter equals ‘valid’. We find all local
maxima by comparing with neighboring values in the convolved series ( ef ⇤g)(t) using the
peak detection function find peaks in the scipy.signal [108] Python module. The principle
of the classifier is demonstrated in Fig. 3.2. If there are more than two peaks identified and
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any of the time intervals between two consecutive peaks is greater than one hour, then we
classify F (t) as stepwise, otherwise smooth. The same classification procedure applies to
the LCC. As for the repost network increment time series in Fig. 3.7E and Fig. 3.7F, the
resize was done by using TimeSeriesResampler from tslearn [93] Python package, with
the method of spline interpolation [113].

3.3 Results
We call those hashtags successful, which make it to the HSL. The prehistory of a successful
hashtag prior to entering the HSL starts from the birth of the earliest post containing this
hashtag and ends at the moment this hashtag first appears on the HSL. Does the birth time
of a hashtag influence the time length of its prehistory? What are the patterns of the repost
network dynamics and their relation with the time length of the prehistory? To answer
these questions, we summarize the observed statistical patterns of the successful hashtags
that have appeared on the HSL in the observation period.

3.3.1 Role of birth time
According to its size, China should have five geographic time zones [114] but it follows
one single standard time, the Chinese (or Beijing) Standard Time. In principle, this could
lead to the screening of any circadian pattern. However, Weibo users are densely dis-
tributed in the eastern and central regions of China [15] whose geographical time zones
are similar and the population accounts for 65.8 percent of the national population [116].
The company Weibo Corporation has its headquarters in Beijing. In fact, we have detected
clear circadian patterns.

The cumulative number of hashtags that have ever appeared on the HSL grows approxi-
mately linearly, as shown in Fig. 3.3. Zooming into the figure as seen in the inset in Fig.
3.3, a periodic pattern becomes visible indicating that practically no new hashtags appear
on the HSL in certain time intervals during nights. The beginning and ending boundaries
of the idle periods are sharp rather than gradual, leading to the suspicion of human control
of the HSL and the controllers’ working times follow a circadian pattern. This is in con-
trast to the claim of Sina Weibo [2] that the selection of hashtags to the HSL follows an
automated procedure just based on a formula (see Eq. 2.1).

People creating the hashtags on Weibo are largely influenced by their circadian rhythm
thus the number of launched hashtags shows according variations. Following the Weibo
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Figure 3.3: Growth of cumulative number of hashtags that have ever appeared on the Sina
Weibo Hot Search List (HSL) with time, from 17 July 2020 to 17 September 2020. The
inset enlarges the first two days and shows a clear circadian pattern as illustrated by the
yellow lines. During the night time between midnight to approximately 7 am, practically
no new hashtags appear on the HSL. The night time intervals are the horizontal parts in
the figure, with an average size of 7.18 hours, and a standard deviation of 0.85 hours.
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Figure 3.4: Statistics of 10144 hashtags that have appeared on Sina Weibo Hot Search
List (HSL) from 17 July 2020 to 17 September 2020. (A) Distribution of Weibo users’
daily posts volume according to Weibo User Development Report [14]. (B) Relationship
between birth time of the day of the hashtags and the hours from birth to first appearance
on the HSL, which we call the “HSL time” and denote as tHSL. The vertical difference
between two lines of the same color is 24 hours, the difference of a red line and a green
line on y axis is 7.18 hours. All lines are parallel. (C) Parameterized probability density
functions of the HSL time by different time intervals of birth time of the day, using kernel
density estimation (KDE) [111], with the parameter bw = “scott” [82]. (D) Histogram
of the HSL time. Section 1� represents the category “Born in Rome” and section 2�
represents “Sleeping Beauty”.
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User Development Report [14], we show in Fig. 3.4A that the number of new user-
generated posts gradually increases from around 5 am, reaching the first peak around noon
followed by a small decrease from 1 pm – 2 pm, then a steady increase from 3 pm till the
peak in the evening hours 10 pm – 11 pm, and then a final decay afterwards until 5 am.
Figure 3.4B shows a scatter plot of hashtags’ birth times of the day and the time length
of the prehistories, which starts from the hashtag birth time until first appearance on the
HSL, the “HSL time” denoted by tHSL. Figure 3.4B shows the prehistory spanning for 4
days, separated by white stripes with vertical widths of 7.18 hours, which is the average
of the night time periods in Fig. 3.3 when practically no new hashtags enter the HSL. A
point within Day i section means that the corresponding hashtag enters the HSL after i
days of its birth, i.e., Day 0 means it gets to the HSL within the same day as it was born.
From the overall statistics in Fig. 3.4B, we could see that for the hashtags whose birth
time of the day is in the morning, the time it takes to enter the HSL ranges from very
immediate till around 10 hours in most cases. Hashtags born from midnight to 6 am enter
only exceptionally the HSL; this stripe is practically empty, indicating an idle mode with
some manually introduced special cases. Figure 3.4C describes the distribution of tHSL of
the hashtags in Fig. 3.4B parametrized on time intervals. For hashtags whose birth time of
the day is after 9 pm, they will either get to the HSL in the same day within three hours, or
they will show up after at least around seven hours. As the tHSL gets longer, the hashtags
that enter the HSL become fewer. Figure 3.4D shows the distribution of tHSL, with a rapid
decrease till 7 hours, followed by a slower and longer decrease afterwards.

3.3.2 Roads to success
Successful hashtags, which make it to the HSL, may have very different prehistories. We
have seen that the time of the birth of the hashtag matters as it affects the time needed
to get to the HSL. In general, we observed that there are hashtags, which get very fast
to the HSL and others, which need rather long time. The hashtags belonging to the first
group need very short time to get to the HSL - we call this group “Born in Rome”. On the
other hand, there is a group of hashtags which surpass a dormant period before discovered
by a broader audience and get finally to the HSL - these are called “Sleeping Beauty”.
Furthermore, we are investigating the repost network during the prehistory, and explore
the differences in its evolution and topology.
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“Born in Rome”

As the proverb goes, “All roads lead to Rome”, so that those already born in Rome are
more likely to succeed. The name suggests that these hashtags achieve success on the HSL
easily as they usually immediately gain a huge attention wave or several attention waves
shortly one after the other, reaching the HSL within a few hours. The attention wave-
drivers are usually super-hubs or a crowd of smaller hubs. A super-hub is an influential
node whose number of followers is huge and the positioning of the account is authoritative
to the type of content it posts. To name a few such super-hubs, “CCTV News”(“.∆∞
˚”, 126M followers), “People’s Daily” (“∫⌘Â•”, 145M followers), “Headline News”
(“4a∞˚”, 100M followers). Successful hashtags concerning accidents, crimes, natural
disasters and other societal issues (called here “social”) are usually associated with the
above mentioned super-hubs. For hashtags related to stars and entertainment, it is more
often to see the contributions of series of smaller hubs to their success. Video examples of
repost network evolution in the prehistory are available in the Supplementary Information.
For this type of emergence mechanism of popularity, the time for a successful hashtag to
enter the HSL is usually short. As Fig. 3.3 and Fig. 3.4B suggests, the closer the hashtags
are born to midnight, the less likely they tend to appear on the HSL immediately, instead,
they tend to show up after at least seven hours, making their prehistory longer. To factor
out the influence of night hours, we consider hashtags whose time needed from birth till
HSL within 7 hours to be in the category “Born in Rome”. As shown in Fig. 3.4D, at
7 hours we see the start of a shoulder which marks change in the shape of the count of
hashtags versus waiting time. We have also seen some hashtags with very few (re)posts
prior to the HSL, for example, #US orders 100 million doses of coronavirus vaccine from
UK and France# (#é˝ŒÒ’¢-1øB∞†´◊#), which could result from human
intervention regarding international news.

“Sleeping Beauty”

We call another type of successful hashtags “Sleeping Beauty”, when the emergence mech-
anism results in relatively long time needed from birth till HSL. Hashtags in this category
usually experience a low activity dormant period before being picked up by crucial in-
fluencing nodes. They might need several attention waves, and that the inter-wave time
intervals can be long before a final trigger of significant popularity pushing them to the
HSL. As marked in Fig. 3.4D, at around 31 hours the count of hashtags drops to a very
low-level plateau. We use 31 hours (one day plus seven hours inactive night period) as
the boundary for “Sleeping Beauty”, indicating that the delay is substantial and not due to
the night break. When it comes to the hashtag content, as shown in Fig. 3.5, “Sleeping
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Beauty” exhibits a higher proportion of the Stars and lower proportion of Social and Inter-
national categories than “Born in Rome”. See classification details in the Supplementary
Information.

For the “Sleeping Beauty” category, as tHSL increases, it is more likely to experience the
“rebirth” of the same hashtag, so that the hashtags generated at a later time might not refer
to the same event at the birth of the hashtag, though the hashtag itself remains unchanged.
The examples are shown in the Supplementary Information. In order to avoid such cases,
we restricted the “Sleeping Beauty” category to those with tHSL < 5 days, resulting in
altogether 571 hashtags in this category and crawled all their reposts. In addition, we
produced an equal-sized random sample from the “Born in Rome” category. We crawled
the number of followers of all users who participated in the posting behavior, with 69k
users in total.

Relation with repost network dynamics

Figure 3.5: Distribution of hashtags from “Sleeping Beauty” category and the same size
random sample from “Born in Rome” category by hashtag content and the shape of their
link growth patterns, whether stepwise or smooth, of the whole repost network as well as
the final giant component.

The hashtag repost network grows in time as we define it as the cumulative (or aggregate)
network of the reposts of online users. Different repost networks vary in growth speeds
and topological structures. We have studied the repost network dynamics of hashtags
in the “Born in Rome” and “Sleeping Beauty” categories. Fig. 3.5 shows the ratio of
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Figure 3.6: Role of super-hubs for hashtags in “Born in Rome” and “Sleeping Beauty”
categories. (A) Ratio of hashtags whose repost networks in the prehistory contain at least
one super-hub (top 20 largest hubs excluding celebrities). (B) Ratio of super-hubs among
all hubs (nodes with top 10k largest degrees) in the prehistory.

different link growth pattern dynamics of the total network and the final giant component
in the two categories (for examples see Fig. 3.1). As shown in Fig. 3.5, for the total
repost network growth, the majority of “Sleeping beauty” have stepwise shape, meaning
the necessity of several attention waves to gain the popularity to enter the HSL. As for the
“Born in Rome” category, the majority hashtags have smooth shape in the repost network
link growth, meaning that the power of the hub(s) at their early stage is enough to push the
hashtags to reach system-wide popularity. The ratio of hashtags influenced by super-hubs
(top 20 largest hubs excluding celebrities, see SI) in the prehistory is a function of time
measured from the birth. As shown in Fig. 3.6A, this ratio starts at a higher value for
“Born in Rome” category and increases rapidly, while for “Sleeping Beauty” category, it
remains at a relatively low level during the whole prehistory period. As shown in Fig.
3.6B, super-hubs play a more important role in the categories of International and Social,
while for the Star category, smaller hubs are dominant. The proportions of stepwise shape
in the giant components of both categories are fewer than those of the total graph. This
is reasonable since the formation starting time of the final giant component could be later
than that of the whole repost network.
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Failure and success

Figure 3.7: Comparison of repost network growth patterns of failed hashtags born in the
super-hub “CCTV News” (“.∆∞˚” ) as well as successful hashtags from the categories
“Born in Rome” and “Sleeping Beauty”. Note the different time scales in the figures. (A)
An example of a failed hashtag born in the super-hub “CCTV News”, #Doing more than
10000 operations, the old doctor bid farewell to the operating table# (#Z10000⇢K/
�;�‹+K/#). (B) An example of a hashtag from the category “Born in Rome”,
#Sisters Who Make Waves (a variety show) grouping of the third public performance#
(#XŒ4jÑ–– l⌃ƒ#). (C) An example of a hashtag from the category “Sleeping
Beauty”, ,#Vanke apologizes# (#⌥—ÙI#). (D) Average repost network growth pattern
of 100 randomly selected failed hashtags from the super-hub “CCTV News” in late August
2020, lasting for three days (4320 minutes) from birth time. (E) Average repost network
growth pattern of all “Born in Rome” sample hashtags, time length resized to 4320 for all
hashtags. (F) Average repost network growth pattern of all “Sleeping Beauty” hashtags,
time length resized to 4320 for all hashtags.

Hubs or super-hubs are needed for a hashtag to reach popularity, however, not all hash-
tags born in super-hubs are successful as many, in fact, the majority of them fail to land
on the HSL. How does the growth pattern of the repost network of unsuccessful hashtags
differ from those of successful ones? We took the super-hub #CCTV News# as an ex-
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ample and studied the repost network evolution of 100 randomly selected hashtags in late
August 2020. One example is shown in Fig. 3.7A, the hashtag first attracted considerable
attention, and then the attention decreased in a fluctuating manner and the temporary gains
were not enough to compete with other hashtags for a position on the HSL. The aver-
aged repost network growth pattern of the unsuccessful hashtags born in #CCTV News#
is shown in Fig. 3.7D, in minute resolution. The network increment per minute shows a
fast (exponential) decay and then a slower one as time goes on. In Fig. 3.7B and Fig. 3.7C,
we show examples of hashtags from “Born in Rome” and “Sleeping Beauty” categories
respectively. One or several attention waves are launched before the hashtags reach HSL,
and the number of new links generally shows an increasing trend. Figure 3.7E and Fig.
3.7F show the averaged repost network growth patterns of “Born in Rome” and “Sleeping
Beauty” hashtags respectively, with the time length resized to three days. The fast decay in
the early time behavior of the averaged “Sleeping Beauty” curve is very similar to that of
the unsuccessful ones, as shown in Fig 3.7D. The higher initial value for the unsuccessful
hashtags is due to the fact that we selected the unsuccessful hashtags from those starting
at the super-hub “CCTV News” which assured considerable early attention, while for the
“Sleeping Beauty” hashtags we took all cases, irrespective of the popularity of the node
where the hashtags were born. In contrast to the unsuccessful hashtags, “Sleeping Beau-
ties” experience at a later stage a push in the attention dynamics due to getting picked up
by a large hub which finally help them to get to the HSL.

3.4 Discussion
In this paper, we examined the emergence of hashtag popularity on the Chinese microblog-
ging site Sina Weibo by analyzing prehistory of the repost network evolution of hashtags
that finally get to the HSL. We have focused on the HSL time tHSL and studied differences
in the repost network dynamics of the whole network as well as of the final giant compo-
nent for successful hashtags. Our studies have identified two extreme types of popularity
emergence mechanisms for successful hashtags: That of the “Born in Rome” and of the
“Sleeping Beauty”, and pointed out the role of different hubs in the process. Compared
with “Sleeping Beauty” hashtags, those in “Born in Rome” category tend to reach super-
hubs at an early stage of their spreading process, facilitating their success to the HSL.
For “Sleeping Beauty” hashtags, instead of reaching super-hubs at an early stage, they
are likely to gain several attention waves from smaller hubs, resulting often in a stepwise
growth pattern of the repost network.

Previous studies on the emergence of popularity of entities in online text streams observed
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two patterns: a “bursty” one where content blasts into activity in public discourse with-
out a precedent, and a “delayed” pattern which experiences a period of inactivity before
resurfacing [40]. These patterns are similar to the “Born in Rome” and “Sleeping Beauty”
discussed in this paper. As Fig. 3.5 shows, two thirds of sleeping beauty hashtags exhibit a
stepwise shape of repost network growth, meaning that there are at least two peaks before
reaching the HSL and there is considerable time delay between the peaks. In the case of
two-peaks, the hashtag first experiences a hibernation period with low activity after birth,
then a peak, then another hibernation, then a final peak and gets finally to the HSL. Our
findings about sleeping beauties is in general in accordance with previous studies [129],
though we consider only the prehistory phase of information diffusion. We also notice
that in Fig. 3.5 around one third of sleeping beauty hashtags have smooth shape, meaning
they only experience one long hibernation period before a peak that propel them to the
HSL. For the final giant component growth pattern, the majority of hashtags have smooth
shape, they experience one hibernation period before a final peak to reach HSL, implying
the time period closer to the appearance on HSL is more important in determining the
temporal popularity that makes the hashtags enter the HSL. For sleeping beauties, strate-
gically locating or intervening the tipping point(s) could contribute to marketing efficiency
and future popularity prediction [129], or to destroy the formation of trends in the case of
misinformation.

When it comes to the content categories of the hashtags, we observe differences between
Star and Social/International. For both “Born in Rome” and “Sleeping Beauty” hashtags,
International and Social hashtags tend to have higher ratios of super-hubs than the Star
hashtags. For the Star hashtags, non-super-hubs play a more important role in their popu-
larity. In fact, it is often the case that the repost network evolution of hashtags related, e.g.,
to celebrities results from “collective efforts” and their popularity accounts for concerted
influence of several smaller hubs which are usually marketing accounts. This emphasizes
the importance of social capital in making hashtags related to stars popular enough to enter
the HSL.

Though super-hubs are important in triggering hashtag popularity, by far not all hashtags
created by the most prominent super-hubs make it to the HSL. The timing of the first cre-
ation of a hashtag is an important factor to its popularity evolution, since it influences the
system-wide user attention level as well as the pool of the competing hashtags. From the
statistics shown in Fig. 3.4A, the volume of user posts from midnight to 6 am is at most
a factor of 2 lower than during a similar period in the rest of the day, while the proportion
of successful hashtags in the same time period is significantly less as Fig. 3.4B suggests,
indicating the disadvantage of hashtags born in that time period in achieving success. Sina
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Weibo Hot Search List is of commercial value with an advertising effect on the hashtags
by substantially increasing their visibility to the whole public. Understanding the mech-
anism of the emergence of hashtag popularity and the importance of timing, on the one
hand, could contribute to marketing and maximizing the spreading efficiency by playing
with these factors. On the other hand, it provides Weibo users with better knowledge to
differentiate about the possible social capital influence in promoting certain contents, such
as Star hashtags.

It is of great social value and importance to have hashtags on HSL that raise real public
awareness and concern. Of course, even hashtags from super-hubs could fail to get to
the list, let alone those from regular users with only a few followers. For hashtags in the
latter category, it is hard to be successful. In fact, hashtags posted by normal users need
to be (re)posted by influential ones to be promoted enough, leading to the necessity that
influential nodes should get aware of their social responsibilities to participate in such sit-
uations where the voice of unprivileged people are unheard by the whole audience. More
importantly, the prime responsibility is carried by the platform provider. It is challenging
but important to use a fair algorithm to take into account of the opinion of the “invisible
majority” (in terms of number of followers) and capture real hot topics that gain true atten-
tion from the public. In reality, there are signs that - in spite of the claims by Sina Weibo
- the selection of the hashtags to the list is not entirely automated. One clear signature of
this is the night break during which practically no new hashtags appear on HSL, however,
time to time some do.

Although this study focuses on the emergence mechanism of the hashtag popularity spe-
cific to Weibo, we mention that our approach may shed some lights on more than just for
this online microblogging complex system. Generally, for any successful cultural prod-
uct, such as a song, a TV series, a best-seller book, etc., there is also a prehistory prior to
the success when attention of the broad society is reached. During that prehistory, people
interact with each other in relation to this product, for example, recommend, comment
and consume. Such processes are in the focus of the study of innovations [77]. What
interaction mechanisms lead to the success of a cultural product? Does the birth timing
of this cultural product influence the time length it takes to achieve success? What are
the differences in the popularity mechanisms between products from “Born in Rome” and
“Sleeping Beauty” types if there are any? What are the components when forming the
attention waves if there are several? Of course, the time scale for such products is very
different from that of the hashtags, but the online digital “footprints” of the related social
interactions could be very helpful in uncovering the important details of the processes.
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3.5 Supplementary information

3.5.1 SI1 Evolution of repost networks before getting to the HSL
Here we give examples of hashtag repost networks and show in the movies how the repost
networks of different categories of hashtags evolve before they get to the HSL [23].

Figure 3.8: Examples of hashtag repost networks. Left: “Born in Rome”, right: “Sleeping
Beauty”.

3.5.2 SI2 Hashtag categorization
We have classified the hashtags into the following categories based on human judgement:
Social, Stars, International, and Others. The Social category consists of hashtags that are
related to social accidents, crimes, natural disasters, and other events that are related to
social life. The Stars category consists of movie/sports stars, singers, idols, celebrities as
well as the TV programs/movies and events that they participate in. The International cat-
egory consists of hashtags whose content is related to news outside of China. The Others
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category consists of the rest of the hashtags that fall into none of the above categories.
Table 3.1 contains example hashtags and their translation.

3.5.3 SI3 Hashtag rebirth
As the prehistory length tHSL increases, it is more likely to experience the hashtag “re-
birth”, that the hashtag posted after a few days might not refer to the same event as the
birth of the hashtag, though the hashtag itself remains unchanged. We show some exam-
ples here.

Figure 3.9: Examples of hashtag “rebirth”. (A) #Yang Mi dances Priceless Sister# (#hB
Û‡˜K–#) (B) #Typhoon Maysak No. 9# (#9˜ŒééK#) (C) #3 new infected
cases confirmed in Dalian# (#'fi∞û3ãn #)

As shown in Fig. 3.9A, the hashtag #Yang Mi dances Priceless Sister# (#hBÛ‡˜K
–#) first appeared on the HSL on 2020 August 7 at 17:57. It was born on 2020 July 31
15:24, with the content about the trailer of a TV show that the celebrity Yang Mi would
dance Priceless Sister in the next episode, no reposts. The second post containing this
hashtag was posted on 2020 August 7 at 12:09 when the TV show actually started. The
hashtag at the birth and the hashtag created on August 7 refer to different sources. The
success of the hashtag on the HSL was the result of the TV show on August 7 instead of
the trailer one week ago.

As shown in Fig. 3.9B, the hashtag #Typhoon Maysak No. 9# (#9˜ŒééK#) first
appeared on the HSL on 2020 August 29 at 09:54. It was born on August 21 at 09:25,
with the content about the possibility that Typhoon Maysak might be coming soon. From
2020 August 21 15:42 on, no new (re)posts until 2020 August 28 when the Typhoon really
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formed. The posts containing the same hashtag at the later time refers to the real Typhoon
rather than the warning at the beginning.

As shown in Fig. 3.9C, the hashtag #3 new infected cases confirmed in Dalian# (#'fi∞
û3ãn #) first appeared on the HSL on 2020 August 2 at 08:17. It was born on 2020
July 23 at 14:43. Though the hashtag remains the same, the content at the birth refers to
the new infected cases at that time and the hashtag on 2020 August 2 refers to the new
infected cases on August 1.

As the prehistory gets longer, it is more common to see the “rebirth” of the same hashtags
referring to a different event from birth. In order to avoid such influences, when studying
the properties of hashtags in the “Sleeping Beauty” category, we choose those hashtags
whose tHSL < 5 days.

3.5.4 SI4 Division of the categories “Rome” and “Beauty”
We choose hashtags whose tHSL < 7 hours to be in the category of “Born in Rome”, and
31 hours < tHSL < 5 days to be in the category of “Sleeping Beauty”, with the following
reasons: (1) As shown in Fig. 3.3, and Fig. 3.4B, there is a period of around 7 hours during
the night when almost no new hashtags appear on the HSL. If a hashtag was born close to
midnight, then it is very likely that it will experience the 7-hour break and automatically
not be in the category of “Born in Rome”. Similarly, for “Sleeping Beauty”, we use 24+7
= 31 as the boundary, indicating that the delay is substantial and not due to the night break.

(2) The limiting points 7 and 31 hours are shown in Fig. 3.4D, and mark changes in the
shape of the count of hashtags vs waiting time. At 7 hours we see the start of a shoulder
and at around 31 hours the count drops to a very low-level plateau. (3) The analyzed results
in Fig. 3.5 using 7-31 and 8-30 are similar indicating that the somewhat arbitrary choice
of the limits do not influence qualitatively the results, compare Fig. 3.5 with Fig. 3.10.
The proportion of stepwise pattern in the Rome category is slightly higher than the 7-31
division, while the Beauty category remains the same. The division of content categories
are also similar.

As for the intermediate category between Rome and Beauty, we took a random sample
with size 400 from this category and the proportion of stepwise shape is 0.53, which is
between the Born in Rome category and the Sleeping Beauty category, as expected.
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Figure 3.10: Distribution of hashtags in each categories using 8 hours and 31 hours as
division choices of “Born in Rome” and “Sleeping Beauty”.

3.5.5 SI5 Distribution of sizes of nodes originating HSL hashtags
As shown in Fig. 3.11, the number of followers of the origin nodes involved in our dataset
is ranked in decreasing order. The following table shows the top 20 largest nodes excluding
celebrities, which we consider to be the super-hubs.

Figure 3.11: Distribution of number of followers of origin nodes. X axis linear scale, y
axis logarithmic scale.
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Table 3.2: Top 20 largest nodes (excluding celebrities) on Sina Weibo
Rank Username Number of followers

1 Ö›>: (Super Talk Community) 222M
2 ∫⌘Â• (People’s Daily) 148M
3 .∆∞˚ (CCTV News) 129M
4 ∞N> (Xinhua News Agency) 108M
5 4a∞˚ (Headline News) 102M
6 ∞NQ (Xinhuanet) 95.6M
7 ∫⌘Q (People’s Net) 82.4M
8 ∞j∞˚ (Sina News) 77.5M
9 -˝∞˚Q (China News Net) 75.4M

10 -˝Â• (China Daily) 64.9M
11 -˝∞˚h⌦ (China News Weekly) 60.6M
12 Æ�⌘íLú (Weibo Funny List) 55.9M
13 ∞j∞˚¢7Ô (Sina News Client) 52.3M
14 Ø⇤DØ (Global Information) 48.9M
15 œÂœN∞˚ (Daily Economic News) 48M
16 ∞¨• (Beijing News) 45.8M
17 NBA 42.8M
18 ∞j1P (Sina Entertainment) 41.9M
19 ÆZ±⇧è) (Weibo Wallet Benefits) 40.5M
20 ∞˚h• (Morning News) 38.8M
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Chapter 4

Popularity competition and
identification of interventions on Sina
Weibo

4.1 Introduction
Microblogging sites are important vehicles for the users to obtain information and shape
public opinion thus they are arenas of continuous competition for popularity. Most popular
topics are usually indicated on ranking lists. In this chapter, we investigate the public
attention dynamics through the Hot Search List (HSL) of the Chinese microblog Sina
Weibo, where trending hashtags are ranked based on a multi-dimensional search volume
index. We characterize the rank dynamics by the time spent by hashtags on the list, the time
of the day they appear there, the rank diversity, and by the ranking trajectories. We show
how the circadian rhythm affects the popularity of hashtags, and observe categories of their
rank trajectories by a machine learning classification algorithm. By analyzing patterns of
the ranking dynamics we identify anomalies that are likely to result from the platform
provider’s intervention into the ranking, including the anchoring of hashtags to certain
ranks on the HSL. We propose a simple model of ranking that explains the mechanism of
this anchoring effect.
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4.2 Materials and methods

4.2.1 Data description
Sina Weibo HSL contains the names of the hashtags, their ranks and the search volume
hotness which is the base of the ranking (see Eq. (2.1)). We crawled the data from Sina
Weibo HSL, with a frequency of �t = 5 minutes from 22 May 2020 to 29 September
2020. Since the commercial advertisements randomly occupied the HSL at the third and
the sixth ranks, in order to get a constant length of non-advertisement hashtags on the
HSL at each timestamp, we removed all the advertisement hashtags which are labeled
with “Recommendation (P)”, re-ranked the original HSL and took the top L = 48 hash-
tags for each timestamp, with L being the length of the list. Weibo was punished by the
cyberspace authority of China to suspend the update of HSL for one week in June 2020
due to its interference with online communication [89], which causes a gap in the data (see
Fig. 4.1). We then did our major analysis based on the data after the punishment. We took
all the hashtags that have appeared on the HSL in a two month period from 17 July to 17
September 2020, and crawled all the posts containing these hashtags in their prehistory
from birth till first appearance on the HSL. The datasets used in this research are available
in a GitHub repository [24].

4.2.2 Ranking dynamics
Measures

A popular hashtag i enters the HSL at time ti at rank ri(ti) (1  ri  L) and disappears
from it at time Ti. The rank of this hashtag changes with time producing a trajectory
ri(t) until it disappears from the HSL. In order to capture the ranking characteristics of
hashtags at different ranks, we use the measure rank diversity [66, 47]. Rank diversity
D(k) measures the number of different hashtags at rank 1  k  L during a given period
of time tmin  t  tmax:

D(k) =
X

t

X

i

�(k, ri(t))�i,k(t), (4.1)

where �(·, ·) is the Kronecker delta and �i(t) is the indicator, which is 1 if hashtag i has
not been at rank k until time t and 0 otherwise.

Rank diversity has been studied extensively. It is known that this quantity is characterized
by profiles: For high ranks, their diversity have small values, while the behavior for lower
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ranks depends on whether the system is closed (only the rank changes but the items do not)
or open (when items arrive on and leave from the list). In closed systems the dynamics at
low ranks is also suppressed leading to low values of D and a maximum at intermediate
ranks, while in open systems rank diversity grows monotonously, as it has been repeatedly
observed in empirical data and demonstrated by simple diffusive models [66, 47, 65]. An
open system can be considered as a part of a very large closed system.

The duration di of a popular hashtag on the HSL measures the time over which it is able
to attract consistent public attention:

di = Ti � ti. (4.2)

The highest rank r
min
i

of a hashtag measures its maximum relative ability to attract public
attention during its whole lifetime on the HSL:

r
min
i

= min
t2[ti,Ti]

ri(t). (4.3)

Categorization of rank trajectories

The rank trajectory ri(t) is uniquely defined for 8 hashtag i. Some hashtags have short
lifetime on the HSL, others can attract popularity for a longer period of time; some go
rapidly to high ranks, others never reach that level. Are there similarities between different
shapes of the trajectories and can they be ordered into categories? Here we use machine
learning techniques to find characteristic patterns in these rank trajectories. In order to deal
with rank time series of different lengths, we use Dynamic Time Warping (DTW) [68] as
a similarity measure between two time series. DTW computes the best possible alignment
between two time series. Then we use k-means clustering to find clusters of characteristic
shapes. The computation was done using python tslearn package [93].

4.3 Results

4.3.1 Circadian patterns
Human actions are largely influenced by the circadian rhythm and so are online activities.
Figure 4.1A shows the increment of the number of hashtags per �t = 5 minutes interval
clearly demonstrating the cyclic structure during the observation period from 22 May 2020
to 29 September 2020, except for a short interruption in June 2020. Similarly in Fig. 4.1B,
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the median search volume index of hashtags on the HSL at a timestamp rises and decays
in a periodic fashion. The missing of data for one-week in June 2020 is observed in both
Fig. 4.1A and Fig. 4.1B, which results from the suspension of HSL by the cyberspace
authority of China due to Weibo’s interference with online communication [89].

Figure 4.1: Circadian patterns of the Sina Weibo Hot Search List (HSL). (A) Increment
of number of new hashtags per �t = 5 minutes on the HSL during the observation period
from 22 May 2020 to 29 September 2020. (B) Time series of the median of search volume
index of all hashtags on the HSL at a timestamp, advertisement rank positions excluded.
H̃ represents the median value hotness H of hashtags on Sina Weibo HSL at a timestamp.
In both (A) and (B) the one-week gap due to the suspension of HSL by the cyberspace
authority of China is visible.

4.3.2 Rank trajectory clustering
A successful hashtag i stays on the HSL between the time instants ti, when it appears on
the list, until Ti, when it finally disappears from it defining the duration di = Ti � ti.
Some hashtags stay on the list for very short time (di < 10 minutes), while some others
stay for many hours. The rank of a hashtag i follows a trajectory ri(t). Some hashtags’
trajectories go first up and then down, some go up and down and up again, there are also
cases that hashtag’s trajectory goes up and then it disappears. Also, the speed change of
the trajectories is variable, resulting in a multitude of shapes of rank trajectories.

The duration distribution of hashtags in the observation period is shown in Fig. 4.2A.
We observe a sharp peak for hashtags with short duration and two less pronounced peaks,
where the latter are characterized by similar patterns of the ranking trajectories. The ver-
tical red line at the local minimum of 1 hour separates the duration distribution into two
sections, section 1 and 2, respectively. The individual rows in Fig. 4.2 correspond to the
clustering of the rank trajectories on each of the separated sections: Section 1 (B,C,D)
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and Section 2 (E,F,G). Even for hashtags with short duration on the HSL (Section 1) it
is worth categorizing the rank trajectories. In most cases the rank does not change much
during the lifetime di (see Figs. 4.2B and C) and remains low, however, as shown in Fig.
4.2D, some ranks of the hashtags exhibit a clear directional motion: they go to lower rank
numbers, i.e., to higher ranks and disappear from there. For the more expected rank tra-
jectories shown from Fig. 4.2E to Fig. 4.2G, we also see some recognizable differences.
Rank trajectories in Fig. 4.2E first go up and quickly go down after hitting the top, without
staying at a certain rank for a long time. Rank trajectories in Fig. 4.2F first go up, stay
stable around the highest ranks with little fluctuation for a long time and then go down.
Rank trajectories in Fig. 4.2G first go up, with more fluctuations but never surpass the
previous peak, then stay stable for a long time and finally go down. In the next Section
we will show how the rank trajectory shapes are related to the time of the day the hashtags
first appear on the HSL.

4.3.3 Anomaly detection
The dynamics of popularity as captured in the HSL should be sensitive to the actual trends
and reflect the users’ overall activity patterns. The individual rank trajectories show fluc-
tuations but after averaging one would expect smooth behaviors. However, when studying
the characteristics of the hashtags’ rank dynamics on HSL, like the rank diversity or du-
ration distribution we bumped into strange behaviors which we interpret as indications of
interventions by the service provider.

4.3.4 Duration
Figure 4.3A is the di vs ti(mod 24h) scatter plot, i.e., it shows the durations of the hash-
tags vs the times of the day when they first appeared on the HSL, with each point repre-
senting a hashtag. Hashtags tend to appear on the HSL starting from around 7 a.m. till
midnight. We can see clear shapes of lower-left and upper-right triangles, separated by a
stripe in the middle with a low number of points inside. The lower boundary of the upper-
right triangle is very sharp, while the upper boundary of the lower-left triangle is less so.
There are data points within the stripe, but the density is much less compared with the
data points inside the triangles and also if we compare it to the users’ overall activity pat-
tern (see SI). The vertical distance between the triangle boundary lines is approximately
7 hours. The existence of these triangles suggests that the hashtags, which enter the HSL
after 15 p.m. tend to either disappear from the HSL on the same day or stay on the HSL
during the night and disappear after 7 a.m. the next day. This is presumably related to
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Figure 4.2: Clustering patterns of hashtag rank trajectories on the Sina Weibo HSL. (A)
Distribution of hashtag duration on the HSL, divided into two sections based on local
minima at 1 hour. Results of k-means clustering with 3 clusters in each section for time
series data are shown, metric is dtw (dynamic time warping) distance, y-axis is normalized
to the mean and the standard deviation and the x-axis by di. (B), (C), (D) correspond to
duration interval from 0 to 1 hour (Section 1). (E), (F), (G) correspond to duration interval
larger than 1 hour (Section 2). Red curves depict clustering centers in each category.
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Sina Weibo working mode, already pointed out in previous studies [26], namely that Sina
Weibo practically stops working between midnight and 7 a.m. If the ranking was auto-
mated following the formula Eq. 2.1, the changes from day to night should not be that
sharp and the circadian pattern should follow more or less that of the people’s activity.

Figure 4.3: Relationship between hashtags’ duration on the HSL and the time ti. (A)
Scatter plot of hashtags’ duration on the HSL and the time of the day they first appear on
the HSL. Each point is a hashtag, colored by the category it is clustered in Fig. 4.2. (B)
Distribution of hashtags’ duration on the HSL according to different time intervals during
the day of first appearance on HSL.

Figure 4.3B shows the duration distribution of the hashtags as a decomposition of Fig.
4.2A by binned starting values of the times of the day. For each time interval, the observed
distribution is trimodal. As the start time of the day ti(mod 24h) goes on, the density of
hashtags in the third mode is increasing. In Fig. 4.3A we see a low-density area at around
1 hour duration between the blue and the yellow dots, which corresponds to the minimum
between sections 1 and 2 in Fig. 4.2A. Accordingly, in the duration distribution plot shown
in Fig. 4.3B, a peak is observed for hashtags with duration shorter than 1 hour. Within this
stripe there is an accumulation of pink dots corresponding to trajectories of category D,
with a unique shape, namely starting at low rank and ending at a high one within a short
period of time. The fact that the hashtags disappear from the HSL during their rising trend
toward higher ranks might be related to platform interventions. In most other cases the
more expected shape is observed, namely starting and ending from low rank and having in
between some higher rank.

How are the shapes of the rank trajectories related to the time of the day the hashtags first
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appear on the HSL? Recall the Weibo working mode, if a hashtag’s stay on the HSL is
influenced by the night break, then it will automatically have a little-fluctuation period of
at least seven hours, resulting in a rank trajectory shape similar to Fig. 4.2F or the last part
of Fig. 4.2G, which we color in red and green respectively in Fig. 4.3A. Hashtags in Fig.
4.2F are born closer to midnight and further away from the hypotenuse of the upper-right
triangle in Fig. 4.3A. This is reasonable since hashtags entering HSL close to midnight
are likely exposed to the stay on the HSL during the night break. Hashtags with shape
in Fig. 4.2G, however, are close to the hypotenuse boundary of the upper-right triangle
in Fig. 4.3A. One possible explanation is that although these hashtags’ attention level is
already in decreasing trend, their stay on the HSL are prolonged by the night break, so
that when the next day begins, they are replaced by new hashtags and leave the list. The
majority of hashtags with shape shown in Fig. 4.2E are of shorter duration, located in the
dense area of the lower-left triangle colored in blue in Fig. 4.3A. The separation of the red
and blue areas in Fig. 4.3A lower-left triangle tells that hashtags which quickly go down
after reaching their highest ranks on the HSL lack the ability to consistently attract public
attention to maintain their positions on the list. In contrast, hashtags maintain relatively
stable ranks (Fig. 4.2F) stay longer times on the HSL, as Fig. 4.3A lower-left red area
suggests.

4.3.5 Ranking
As mentioned in Section 4.2, spontaneously evolving ranking dynamics have typical rank
diversity patterns [66, 47, 65]. After sufficiently averaging the rank diversity, the curve
shape is smoothened and depends on whether the system is open or closed, as shown in
SI.

Figure 4.4A shows the distribution of the enter-ranks ri(ti) and leave-ranks ri(Ti) on the
HSL. The majority of hashtags do not land on the HSL from the very bottom of the ranking
list, instead they tend to enter at ranks 44 - 46 while they tend to leave from the bottom
ranks. Figure 4.4B shows the scatter plot of the highest rank of the hashtags and their
duration on the HSL. The duration exhibits a bimodal pattern with a sudden jump at rank
16, and then it decreases. Figure 4.4C shows the relationship between the hashtags’ enter-
ranks on the HSL and their corresponding duration on the HSL. The popularity of a hashtag
is reflected in its rank position and the duration it stays on the HSL. Hashtags at higher
ranks are more stable and stay for longer hours on the HSL as shown by the rank diversity
in Fig. 4.6A, thus it is strange for hashtags entering HSL at a high rank only stays for short
duration.
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Figure 4.4: Ranking dynamics characterization of hashtags on the Sina Weibo HSL from
17 July 2020 to 17 Sep 2020. (A) Distribution of ri(ti) and ri(Ti). (B) Scatter plot of rmin

i

and di. (C) Scatter plot of ri(ti) and di.

Figure 4.6A shows the rank diversity of the hashtags on the HSL broken down to daytime
and nighttime. The difference between the behavior during the night and day is apparent:
The former is more likely to the closed systems’ characteristics with reduced activity while
the latter is closer to the open systems’ features although the trend around rank 44 turns
down, probably due to the fact that the hashtags’ enter-ranks ri(ti) is shifted to the left as
shown in Fig. 4.4A. There are apparent anomalies in these figures at certain ranks where
rank diversity values are dropping systematically as compared to what is expected from
the assumption of a smooth curve for these quantities. We think that the anomalies are due
to interventions by the service provider, which anchors some of the hashtags on the HSL
at specific ranking positions (see Section 4.3.7 Anchor effect).

4.3.6 Ranking dynamics in relation to prehistory
Before the hashtags gain enough popularity and land on the HSL, they go through different
propagation routes during their prehistory. The time length of the prehistories tHSL differ
for different hashtags [26]. Some hashtags get to the HSL in very short time after birth,
while others take longer. Figure 4.5 shows the relationship between tHSL of the hashtags,
the ranks they enter the HSL ri(ti), and the duration di of their stay on the HSL. As shown
in Fig. 4.5A, in accordance with Fig. 4.4A, the majority of hashtags enter the HSL at
a low rank peaking around 45. Some hashtags enter the HSL at higher ranks, however,
as the prehistory gets longer, the chance the hashtag enters the HSL from a high rank is
less likely. As for the properties of hashtag duration on the HSL shown in Fig. 4.5B and
Fig. 4.5C, the duration against prehistory length exhibits bimodal distribution. As the
prehistory length increases, the first peak drops and the second peak rises. The bimodality
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similar to results shown in Fig. 4.3, is influenced by the Weibo circadian working mode.

Figure 4.5: Prehistory length tHSL, enter-ranks ri(ti), and duration di of hashtags on the
Sina Weibo HSL. (A) The relationship between the hashtags’ prehistory time length and
the ranks they first enter on the HSL. (B) The relationship between the hashtags’ prehistory
time length and the duration they stay on the HSL. (C) Parameterized probability density
function of the hashtag duration on the HSL by prehistory time length, using kernel density
estimation (KDE) [95], with the parameter bw = “scott” [82].

4.3.7 Anchor effect
In this section, we propose a ranking model with anchoring to simulate the dynamics of
the hashtag ranking anomalies on the HSL.

Let us take a system of N elements (for the hashtags), each element has a random initial
score of values within (0, 1), and rank these elements from top to bottom based on the
scores. Let ri and si denote the rank and the score of the i-th element, respectively. The
scores change in time and that causes the rank movement of the elements. We will choose a
simple dynamics: An element is randomly selected, 1 is added to its score and the ranking
is changed if necessary. The idea of the anchor is the following: Set an anchor at position
A. For hashtags whose r < A, it is difficult to go down the ranking list; for hashtags
whose r > A, it is difficult to go up (note that high rank means low r value). The anchor
represents a barrier characterized by an increment �. Let '(ri) = i denote the selection of
the element at a given rank at an instant of time.

The procedure of ranking at each step is shown below. Randomly pick one element j and
s
new
j

= sj + 1. There are three possibilities:
(a) rj < A. Update the top A� 1 ranks, no change of the anchor element.

43

C
E

U
eT

D
C

ol
le

ct
io

n



(b) rj = A. If k = '(A � 1) and s
new
j

> sk + �, update the top A rank. Otherwise, no
change of ranks.
(c) rj > A. If ` = '(A) and s

new
j

> s` + �, old anchor rank drops to A+1, update the top
A+ 1 ranks. Otherwise, update ranks lower than A, no change of the anchor element.

We simulate a system with 500 elements and take the top L = 48 ranks to approximate an
open system.

The rank diversity of a non-intervened system has parabola-shape (see Supplementary
Information). The intervention produces a deep valley at the anchor position, very similar
to those observed in the measured curves in Fig. 4.6, which shows the comparison between
the real data and our model with anchoring. Figure 4.6A shows the average rank diversity
of the observation period, separately for day and night. The measures during the day from
7 a.m to 24 p.m has larger value than during the night from 24 p.m to 7 a.m. and the night
behavior is closer to that of a closed system, according to the suppressed activity during
that period. At certain positions (ranks 16, 28, and 33) there are large drops in the values
of the function, indicating intervention by “anchoring” hashtags at these specific ranks.
The simple model of anchoring reproduces qualitatively the effect.

Figure 4.6: Rank dynamics comparison between empirical data and a ranking model with
anchoring.

With this model we support the assumption that the observed anomalies in the ranking
functions are due to intervention.
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4.4 Discussion
Public attention is precious and it is nowadays largely dependent on online social media,
therefore it is of great interest to understand the dynamics governing popularity on such
platforms. Considerable effort has been devoted to this task on Twitter [32, 7, 8, 117]
and some results are also known on Sina Weibo [35, 126, 26]. In order to attract attention,
people, companies, and political actors are tempted to make use of hidden manipulations
besides well known tools of direct advertisements or propaganda [132, 90, 9, 25, 26]. Thus
popularity can emerge spontaneously via collective attention from online users who are
genuinely interested in a topic and form trends, quantified and captured by the algorithm
of the platform, or trends emerge from intervention by the platform provider motivated
by financial or other interests. (It should be noted that “collective attention” may also be
influenced, e.g., by spamming [90] or coordinated campaigns [126, 74].)

In this chapter, we studied the attention dynamics of trending hashtags on the Sina Weibo
Hot Search List by using various measures of ranking dynamics, like entering and leaving
ranks as well as duration of hashtags on HSL, rank diversity, and categories of rank trajec-
tories. The aim of the identification of regularities in the ranking dynamics was twofold:
First, contribution to the quantitative characterization of the dynamics of public attention
in order to better understand its mechanism, and second, finding signatures of interven-
tions by the service provider.

The duration of the hashtags on the HSL in relation to the time of the day they enter the list
shows trimodality (Fig. 4.3). This is related to the fact that the appearance of hashtags on
the HSL have circadian patterns (Fig. 4.1A). On the one hand, the pattern is caused by the
circadian rhythm of the users whose activities depend on the time of the day (see SI), on
the other hand it is imposed by the apparent working mode of Sina Weibo, which reduces
the night-time flow of new hashtags to the HSL almost to zero level. The night break is
reflected in the very low number of points in the stripe separating the two triangles in Fig.
4.3A and in the particularly sharp upper boundary of this stripe. This seven hour gap has
been shown to influence the prehistory of the successful hashtags [26] by contributing to
the difference between shorter and longer prehistories and it creates a link between the
behavior of the hashtags on the HSL and their prehistory (Fig. 4.5).

The observation of the extreme daily pattern is already an example that we are able to
identify interventions by the service provider through anomalous behavior of the ranking
dynamics. Obviously, the ranking is not automated following a plain formula like Eq. 2.1
but depends on human control. Even more importantly, we show an anchoring effect at
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some rank positions on the HSL, where rank diversity is suppressed as compared to the
expected smooth behavior of this quantity. Using a simple ranking model we show how
anchoring at some rank positions changes rank diversity. A further observation indicating
intervention is that some hashtags on the HSL appear at high ranks and disappear in short
time (Fig. 4.4C). Similarly, there are many hashtags that just stay on the HSL for short
time which is shown in the first peak in Fig. 4.3B. The fact that the peak is separated from
the rest of the distribution is also likely to be related to intervention.

Sina Weibo is the microblogging site with world-wide the largest number of active users,
who are overwhelmingly Chinese speakers. While we believe that alone the size of Sina
Weibo justifies focused study, we know that most of our results are idiosyncratic. How-
ever, this is true only in a narrow sense as our results provide general lessons. We demon-
strated that studying the ranking dynamics in popularity lists is worth for several reasons.
First, we uncovered relationships between ranking dynamics and the circadian pattern of
user activity, also establishing a link to the prehistory of items getting to the ranking list.
Moreover, we identified different trajectory categories on the list, which characterize dif-
ferent dynamic patterns of popularity. Finally, and most importantly, we showed, how
pinpointing anomalies in ranking statistics can be used to identify interventions by the
service provider. As service providers have financial interests and may be under politi-
cal pressure, the objectivity of the ranking lists and their truth content can be questioned.
Similarly to the fight against fake news, the fight against manipulation of public attention
is in the interest of the society and it also needs the tools of detecting interventions.
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4.5 Supplementary information

4.5.1 SI1 Daily posts volume on Weibo

Figure 4.7: Distribution of Weibo users’ daily posts volume according to Weibo User
Development Report [14].

4.5.2 SI2 Examples of rank trajectories

Figure 4.8: Examples of rank trajectories in Fig. 4.2D. (A) #Qutoutiao rectification# (#£
4at9#) (B) (#Temperatures set to hit record lows in many cities this week#) #,h
⇢Œ⇥)⌃�∞N# (C) #How to describe yourself having no money in one sentence#
(#ÇU�Â›bπÍÒ°±#)
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4.5.3 SI3 Rank diversity in a model closed system

Figure 4.9: Parabola shaped normalized rank diversity in a model closed system of size
500. The top L = 48 can be considered as an open system.
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Chapter 5

Attention dynamics on Sina Weibo
during the COVID-19 pandemic

5.1 Introduction
Understanding attention dynamics on social media during pandemics could help govern-
ments minimize the effects. In this chapter, we focus on how COVID-19 has influenced
the attention dynamics on the biggest Chinese microblogging website Sina Weibo during
the first four months of the pandemic. We study the real-time Hot Search List (HSL),
which provides the ranking of the most popular 50 hashtags based on the amount of Sina
Weibo searches. We show how the specific events, measures and developments during
the epidemic affected the emergence of different kinds of hashtags and the ranking on
the HSL. We also pose the so far less studied question about the temporal correlation pat-
terns between different COVID-related topic categories with the changing world situations
of COVID-19. A significant increase of COVID-19 related hashtags started to occur on
HSL around January 20, 2020, when the transmission of the disease between humans was
announced. Then very rapidly a situation was reached where COVID-related hashtags oc-
cupied 30-70% of the HSL, however, with changing content. We give an analysis of how
the hashtag topics changed during the investigated time span and conclude that there are
three periods separated by February 12 and March 12. In period 1, we see strong topical
correlations and clustering of hashtags; in period 2, the correlations are weakened, without
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clustering pattern; in period 3, we see a potential of clustering while not as strong as in
period 1. We further explore the dynamics of HSL by measuring the ranking dynamics and
the lifetimes of hashtags on the list. This way we can obtain information about the decay
of attention, which is important for decisions about the temporal placement of govern-
mental measures to achieve permanent awareness. Furthermore, our observations indicate
abnormally higher rank diversity in the top 15 ranks on HSL due to the COVID-19 related
hashtags, revealing the possibility of algorithmic intervention from the platform provider.

The HSL of Sina Weibo during the period of COVID-19 provides rich data about public
attention and its dynamics in China. Based on that data, we have been able to track the evo-
lution of public attention in different periods during the pandemic, follow how the attention
of the population shifted from one group of topics to another and study the changing cor-
relation patterns of different COVID-related topic categories with the evolving COVID-19
situation in the world. During our studies we have discovered signatures of the possible
algorithmic control on this social media platform. Understanding the dynamics of public
attention on social media promotes instant and effective communications among govern-
ments, health experts and the public, helping the government to monitor public opinion,
maintain the stability of the society as well as develop and deliver more effective measures
to minimize the effects of the pandemic.

5.2 Materials and methods

5.2.1 Data description
We took data from Weibo HSL to study attention dynamics as it captures vibrant real-
time change of public attention. Due to the random existence of one or two commercial
advertisements at the third and the sixth ranks, in order to get a constant length of non-
advertisement hashtags on the HSL at each timestamp, we removed all the hashtags labeled
with “P”, re-ranked the original HSL and took the top 48 hashtags for each timestamp.
All the HSL we mentioned later in this chapter mean the re-ranked HSL with 48 ranks.
We directly downloaded the data from the HSL with a frequency of every 5 minutes from
December 16, 2019 to April 17, 2020. There are in total 26022 hashtags and 9120 of them
are related to the aspects of COVID-19. To relate social media contents with real-life pan-
demic situation in Mainland China, we collected the daily number of infections, deaths,
and recoveries from the official website of National Health Commission of China [70]. In
the following subsection we explain how we identified the different categories of hash-
tags. The datasets supporting the conclusions of this chapter are available in a GitHub
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repository [22].

5.2.2 Topical classification and correlations
Fig. 5.1 shows the number of daily infections, deaths and recoveries in Mainland China.
The number of daily infections and deaths have a sharp peak on February 12 due to the
adoption of new diagnostic criteria [92]. The decreasing trend of daily infections since
the peak turned to increasing after March 13, as a result of the rising number of imported
coronavirus cases from abroad [81]. We will argue that there are three periods to be dis-
tinguished after the outburst of COVID-19 around January 19, separated by the maximum
and local minimum of the daily number of infections on February 12 and March 12, re-
spectively.

Figure 5.1: COVID-19 daily infection, death and recovery in Mainland China. The inset
enlarges the tail of the infection curve. Three periods after the outbreak on January 19 are
separated by the highlighted peak and local minimum.

To study the public attention towards COVID-related information, we first extracted hash-
tags which encompass all aspects of COVID-19 and classified them based on geographic
regions and the exposure order under the pandemic into three categories: Mainland China,
East Asia outside of Mainland China and Other Countries outside of East Asia. With a
focus on COVID-hashtags related to Mainland China, we manually classified them based
on semantic meanings into the following seven disjoint sub-categories. The Bad News
category comprises hashtags on confirmed infections and deaths in different regions of
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Mainland China as well as shortages of essential supplies. The Good News category
consists of news on cases of recovery, sufficiency of supplies, and decrease in daily in-
fections or deaths. The Regulations category consists of authority announcements of na-
tional, regional, institutional laws, rules and regulations associated with public behaviors
and concerns during the pandemic. The Life Influence category contains hashtags that
reflect the pandemic influence on the aspects of citizen lives. The Front Lines category
includes hashtags related to the lives of front line workers (mainly doctors and nurses) and
their interactions with patients in hospitals. The Science category incorporates scientific
understandings of the virus properties, vaccine development, and ways for public protec-
tion given by authoritative doctors. The Supports category takes into account hashtags on
worldwide donations and emotional supports. For ambiguous cases which contain infor-
mation of more than one category, our classifications were based on the focus of the main
subject. Due to the syntactic-semantic complexity of Chinese language, the classifications
were made by two independent annotators. Final consensus was reached in case of dis-
agreement. The Mainland China sub-categories are summarized in Table 5.1 together with
examples. The full list of COVID-related hashtags is available in the dataset, which we
have made public [22].

To further understand how the Mainland China related COVID-hashtags are correlated
with each other and with the daily number of infections/deaths/recoveries in the three
separated time periods, we measured the Pearson’s correlations between the seven series
of daily number of new hashtags in each of the sub-categories defined above, together with
the three series of daily number of infections/deaths/recoveries. The correlation of these
ten time series are calculated using the percentage change between the current and the
prior element instead of the actual value in order to reduce the effect of the trend which
can cause spurious correlations. For time series category X = {Xti : ti 2 T, i = 1, 2, ...n}
and category Y = {Yti : ti 2 T, i = 1, 2, ...n}, where T is the time index set, the Pearson’s
correlation is calculated using the percentage change series X̃ = {Xti+1�Xti

Xti
, ti 2 T, i =

1, 2, ...n} and Ỹ = {Yti+1�Yti

Yti
, ti 2 T, i = 1, 2, ...n}.

5.2.3 Attention dynamics
One natural measure of social media attention towards a topic category is the quantity
of the related hashtags. The growing pattern of the cumulative number of hashtags on
the HSL with time reflects the dynamics of the public attention. We separately measured
the growth of the cumulative number of all hashtags and all COVID-related hashtags that
ever appeared on the HSL in our observation period. To understand how much COVID-
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Table 5.1: Mainland China COVID-hashtag details. A summary of the example hashtags
in each sub-category of Mainland China category and the number of hashtags in different
time periods.

Category Examples Period 1 Period 2 Period 3

Bad News

#h˝/°n ∞†∫é66492ã#
(#National cumulative confirmed COVID-19

cases reach 66492#)
#—ô_Z∆'´≈q48w—≈194∫#

(#Heilongjiang in total 48 clustered epidemic
194 infected cases#)

#fI⇢∂;biD' #
(#Wuhan many hospitals supplies in shortage#)

451 193 272

Good News

#k^q;b/°ª�£⇧4C#
(#Huoshenshan Hospital has cured over a thousand patients#)

#7�:∞ n ≈ã⇧ˆ#
(#7 provinces current infected cases down to zero#)

#´≈bø˙∞3*ÔÅÿ�#
(#Epidemic situation shows 3 positive changes#)

145 257 121

Regulations

#⌦w0¡�4„i�ó€Ÿ#
(#Shanghai metro station not allowed to

enter without wearing a mask#)
#´≈qÕ%ÕÑ0:Ôû—�;e©#

(#Additional living allowances can be issued in areas
severely affected by the epidemic#)

#^´≈%Õ˝∂€¨⇧E∂¬fl14)#
(#Home observation for 14 days for visitors to enter Beijing

from non-severe epidemic countries#)

318 325 633

Life Influence

#fI⇥⌘_È1w˝L#
(#Wuhan citizens sing national anthem at the River Beach#)

#´≈�Ùπ�V⌥W#
(#Guide to ordering takeout during the epidemic#)

#�c¶⌘*⇢è_398ø#
(#Civil aviation industry suffered a loss

of 39.8 billion in the first quarter#)

310 371 649

Front Lines

#üWqI◆∂fiøfIICU‚�#
(#Zhong Nanshan and other experts connected

to the Wuhan ICU team#)
#§Î·K|$79Å∞†£⇧#

(#Nurse shakes hands and calls 79-year-old COVID-19 patient#)
#π1;b6ª,�y£⇧∞:#

(#Site of Fangcang shelter hospital taking the first batch of patients#)

251 329 347

Science

#⌅tÑµ∫§nM◆�∞†≈“#
(#People of all ages are generally susceptible to coronavirus#)

#„iÑcn�(π’#
(#The correct use of masks#)

#ÇU:⌃�íA�å∞†∫é#
(#How to distinguish between flu and COVID-19#)

180 170 123

Supports

#v›Q⌘Í—/ÙfI100(,‹#
(#Wenchuan villagers spontaneously

support Wuhan 100 tons of vegetables#)
#'fl˘N–�12(%�iD#

(#EU sends 12 tons of urgently needed supplies to China#)
#fIŸÙI;ó�hXÑ�"·#
(#Thank you letter from Wuhan to all
members of the medical aid team#)

151 144 116
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information occupies the HSL at each timestamp, we constructed the historical ratio tra-
jectory of the COVID-related hashtags on the HSL since the first COVID-hashtag #fI
—∞��ü‡∫é# (#Pneumonia of unknown cause detected in Wuhan#) appeared on
December 31, 2019.

Lifetime duration

The lifetime duration of a hashtag on the HSL indicates the ability of obtaining persistent
attention from the public. We quantified the duration (continuous existence on the HSL)
of a hashtag with ⌧:

⌧ = ⌧1 � ⌧0,

where ⌧0 is the timestamp of the first and ⌧1 is the timestamp of the last appearance of a
hashtag on the HSL.

We compared the duration of the hashtags across various categories and different time
scopes. We compared the duration of the hashtags before the outbreak on January 19, all
COVID-related hashtags, and non-COVID hashtags after the outbreak. To ensure complete
life cycles of the hashtags, we took all hashtags whose first arrivals on the HSL are between
December 19, 2019 and January 18, 2020 as the sample for hashtags before the pandemic,
which includes 6161 in total. Similarly, we took all COVID-hashtags whose first arrivals
are no later than April 14, with a total number of 8808. For the non-COVID hashtags
after the outbreak, we took a random sample of all non-COVID hashtags with the same
size as the COVID sample. Hashtags that reappeared after disappearing from the HSL
were excluded from our calculation. To understand the overall attention variation towards
COVID-hashtags with time, we investigated the daily value of their cumulative average
duration. We denote Dj as the cumulative average of duration from December 31, 2019
(day 0) until day j. Dj is calculated as follows:

Dj =
1

|S(j)|

jX

i=0

X

↵2S(j)

d
↵

i
(5.1)

where d
↵

i
is the duration of hashtag ↵ whose first appearance was on day i. S(j) is the set

of all the hashtags whose first appearance is in the interval [0, j].
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Ranking

The changes in the ranking patterns of the hashtags at different time periods reflect the
general public attention dynamics. Rank diversity d(k) [66] is defined as the number of
distinct elements in a complex system that occupy the rank k at some point during a given
length of time. Rank diversity is known to give characteristic profiles for different types of
systems; e.g., in open systems (where only the top part of the competing items is ranked)
behaves differently from closed systems (where all the items are ranked) [66, 67]. In this
chapter, we use rank diversity to measure the number of different hashtags occupying a
given rank on the HSL over a given length of time, and thus obtain overall information
on the total dynamical trend of the hashtags on the HSL. We normalize the rank diversity
value by the total number of unique hashtags that have appeared on the HSL in a given time
interval. We compared the rank diversity in the 48 ranks on the HSL before the outbreak
and during the different periods after the outbreak, with and without COVID-19 hashtags.

The public attention towards a hashtag can also be indicated by its highest rank during the
lifetime on the HSL. The highest rank of a hashtag reveals its highest ability and achieve-
ment when competing for attention with the other hashtags. We studied the highest rank
distribution of the classified COVID-hashtags and compared the results with the hash-
tags before the outbreak as well as the non-COVID hashtags after the outbreak (SI). To
understand the overall highest rank variation towards COVID-hashtags with time, we in-
vestigated the daily value trajectory of their cumulative average highest rank. We denote
Hj as the cumulative average of highest rank from December 31 (day 0), 2019 until day j.
Hj is calculated as follows:

Hj =
1

|S(j)|

jX

i=0

X

↵2S(j)

h
↵

i
(5.2)

where h↵

i
is the highest rank of hashtag ↵ whose first appearance was on day i. S(j) is the

set of all the hashtags whose first appearance was in the interval [0, j].

5.3 Results

Statistics and categorization of hashtags
The cumulative number of new hashtags on HSL grows approximately linearly (see Fig.
5.2 (A)), indicating a nearly constant attention capacity and need for news of the users.
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Closer inspection tells, however, that the rate of new hashtags decreases between January
10 and February 12 followed by an increased rate until March 28 after which the original
slope of 225 ± 4 new hashtags/day sets in. We attribute this change in the slope to the
effect of COVID-related hashtags.

The first COVID-related hashtag appeared on the HSL on December 31, 2019, followed
by only a few ones in the following week. As the first death case occurred on January
11, second one occurred on HSL on January 16 and more infected cases detected in other
cities in China as well as in the surrounding Asian countries, rumours and scared emotions
about the unknown pneumonia were permeating in the society and the number of daily
COVID-related hashtags started to increase rapidly on January 19. On January 20, Chi-
nese authorities announced to the public that the new coronavirus is transmissible between
humans.

From our point of view the period until January 19 can be considered as pre-COVID.
During that time at most three COVID-related hashtags per day have occurred on the HSL
and the cumulative number of different hashtags on HSL has grown approximately linearly
with an unaltered slope (see Fig. 5.2 (A)). Around January 19 the number of COVID-
related hashtags started growing and, at the same time, the overall growth of the total
number of hashtags slightly decreased, indicating that the new COVID-related hashtags
stay longer on HSL as compared with those before the outbreak. This results in a decrease
of the total number of new hashtags per unit time on HSL. After January 19, a rapid
increase can be observed in the number of COVID-hashtags (see the inset of Fig. 5.2 (A)).
This has, finally, also an effect on the total cumulative number of hashtags resulting in an
increased slope in Fig. 5.2 (A).

Fig. 5.2 (B) shows the cumulative number of geographically categorized COVID-hashtags
with Mainland China, East Asia outside of Mainland China, and Other Countries outside
of East Asia as categories. The Mainland China category starts to rise rapidly from January
19, reaches a peak in the following week, and then gradually drops with a few rebounds.
The second peak and the decline of Mainland China category is intertwined with the tra-
jectory of the Other Countries category in mid-March. The East Asia category remains at
a relatively low level throughout the pandemic.

COVID-19 was first observed in east Asia, with Mainland China being the hardest-stricken
region, followed by places with growing infections such as South Korea, Diamond Princess
cruise ship and Japan. The epicenter of COVID-19 later shifted to Europe and the rest of
the world as the situation mitigated in east Asia. The results depicted in Fig. 5.2 (B) fol-
low these events closely, confirming the role of the real-time HSL on Weibo as a reflection
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Figure 5.2: Overview of COVID-hashtags on Weibo re-ranked Hot Search List (HSL)
throughout the pandemic. (A) Cumulative number of all hashtags and all COVID-hashtags
with time. The inset indicates rapid increase in COVID-related hashtags starting from
January 19 marked by a vertical red line. (B) Daily new COVID-hashtags on Mainland
China, East Asia outside of Mainland China and Other Countries outside of East Asia. (C)
Ratio of COVID-hashtags on the HSL at each timestamp. (D) Distribution of all COVID-
hashtags by categories.
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of the real world. Unsurprisingly, the upward and downward trend periods of Mainland
China and Other Countries coincide with Fig. 5.2 (C), where the ratio of COVID-related
hashtags on the HSL at each timestamp is displayed. The swift third peak on April 4 in
Fig. 5.2 (C) is due to the national Qingming Festival (also known as the Tomb-Sweeping
Day), where the victims who died in the COVID-19 pandemic were mourned. The dy-
namics of the COVID-related hashtags on the HSL demonstrates vibrant generations of
newly created COVID-19 hashtags about the relevant up-to-date events around the world.
Fig. 5.2 (D) shows the distribution of the hashtags in the sub-categories of Mainland China
category along with East Asia and Other Countries. Among the seven sub-categories that
belong to Mainland China, Support, Science, and Good News have relatively fewer hash-
tags, compared with Front lines, Life Influence, Bad News, and Regulations.

5.3.1 Periodization and correlations
Figure 5.3 illustrates the attention dynamics of the sub-categories of Mainland China by
showing the quantity variations in Fig. 5.3 (A) (C) (E), paired with their correlation ma-
trices with daily infections, deaths, and recoveries in Fig. 5.3 (B) (D) (F). As noted above,
we have identified three periods in the investigated time interval: The first period is Jan-
uary 19 – February 11, separated by the huge peak in Fig. 5.1 from the the second one
(February 12 – March 12). The third period (March 13 – April 17) is separated from pe-
riod 2 by the second vertical line where the number of new infections has a local minimum
(Fig. 5.1 inset).

In Table 5.1, we show the number of hashtags related to Mainland China in the differ-
ent categories for the three periods. In Fig. 5.3, we show that the daily emergence of
the categorized COVID-hashtags is dominated in the first two periods by Bad News, with
increasing and decreasing trends in period 1 and period 2, respectively. In period 3, the
categories Regulations, Life Influence, and Front Lines receive more attention as com-
pared to the rest of the categories. Here the consistently high values in Regulations and
Life Influence could result from the worsening world pandemic situation along with the
rise of the imported infected cases in Mainland China, necessitating the establishment of
measures to handle it. The categories of the Mainland China COVID-hashtags move with
the number of infections and deaths in the world.

The patterns of the Pearson’s correlation matrix of the ten time series reflect temporal
structure with the three periods. Fig. 5.3 (B) shows a positive correlation block structure.
There are strong correlations between New Death, Regulations, Science, and Bad News
(upper left block) as well as between Supports, Good news and Front Lines (lower right
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Figure 5.3: Time series of daily new hashtags (smoothened by a Savitzky-Golay fil-
ter [112] with polynomial order 3) from the sub-categories of Mainland China COVID-
hashtags and their correlation matrices with daily new infections, deaths, and recoveries,
in the three periods after the outbreak.
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block) and there is considerable anti-correlation between the two blocks. Fig. 5.3 (D)
(period 2) exhibits much weaker correlations, in fact, very few elements of the matrix reach
values beyond the noise level (see SI). Exceptions are new strong correlations between
New Death and Front Lines, as well as Bad News and Front Lines. In the third period
(Fig. 5.3 (F)) the block structure gets again more pronounced, though not as pronounced
as in the first period. Note that the categories had to be rearranged in order to achieve this
structure. The major change is that Supports/Front Lines and Life influence/Regulations
have exchanged positions. In period 1, the Bad News (mainly infections and deaths) of
domestic cases in Mainland China were flooding, this lead to the urgent establishment of
regulations, which caused life influences. In period 3, the domestic situation was under
control, therefore, the Bad News in Mainland China were mainly caused by the worsening
international situation (infections/deaths and Chinese coming back from abroad). Then
the Regulations and corresponding Life Influences towards these issues were not anymore
strongly associated with domestic deaths.

5.3.2 Rank diversity and hashtag dynamics
What is the effect of COVID-19 on the ranking dynamics? Fig. 5.4 shows a comparison
of the rank diversity in the top 48 ranks taking non-COVID and COVID hashtags in differ-
ent periods. Striking differences are observed between the rank diversity plots before and
after the outbreak. As Fig. 5.4 (A) suggests, the rank diversity plot before the outbreak
was approximately linear with moderate fluctuations. A clear gap emerges in the rank
diversity after rank 15 in Fig. 5.4 (B) during the COVID period. We recognize resem-
blances in the rank diversity plots before the outbreak and after the outbreak considering
only non-COVID hashtags, except for the strange drops at ranks 29 and 34 in Fig. 5.4 (C).
Comparing Fig. 5.4 (D) with Fig. 5.4 (B), the gap after rank 15 is larger in the rank diver-
sity plot considering only COVID-related hashtags. The rank diversity plots for hashtags
in period 1 surpass period 2 and period 3 with both non-COVID and COVID hashtags as
depicted in Fig. 5.4 (C) and (D), while the difference is much higher in the latter case.

Fig. 5.4 gives evidence that the COVID-hashtags cause the gap in the rank diversity plot
after the outbreak. Taking the normalized rank diversity plot before the outbreak as a ref-
erence, a higher normalized rank diversity at a certain rank position represents a higher
number of unique occurrences within the observation period, so that the COVID-related
hashtags in the top 15 ranks change faster (with higher frequency) than normal. One pos-
sible explanation is that the COVID-hashtags kept emerging with higher frequency than
before the outbreak and people payed much attention to these new hashtags. Addition-
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Figure 5.4: Rank diversity d(k) of the 48 ranks on the HSL before and after COVID-
19 outbreak. (A) Rank diversity taking all hashtags in our observation period before the
outbreak, approximately linear except for the head and tail parts, with small fluctuations.
(B) Rank diversity taking all hashtags after the outbreak, with strange points colored in
red. A large gap occurs after the top 15th rank. (C) Rank diversity taking all non-COVID
hashtags in the three periods after the outbreak, strong resemblances with (A). (D) Rank
diversity taking all COVID-hashtags in the three periods after the outbreak. The result in
period 1 is higher than period 2 and period 3, revealing a more dynamic change of the
hashtags appeared on the HSL. The gap after rank 15 is more severe compared to (B).
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ally, when the flooding hashtags contained similar information such as the new infections
and deaths in different cities or provinces of China, the public interest towards individual
hashtags could drop quickly, resulting in a higher number of unique hashtags at certain
ranks in unit time on HSL. This effect of higher rank diversity for higher ranks seems to
be amplified by the algorithm leading to the observed gap.

Strange drops of rank diversity at ranks 29 and 34 can also be seen on our plots in Fig.
5.4. As provided in SI, there are hashtags that stay at the ranks 29 and 34 for an un-
usually long time and then disappear from the HSL, indicating algorithmic intervention
from Weibo. As one of the most popular and influential social media in China, Weibo
might shoulder the responsibility during the global public health emergency to keep peo-
ple informed about related news in China and around the globe, by means of changing the
algorithm towards COVID-hashtags to promote crucial news and keep them updating in
the top 15 positions and leave the list at rank 29 or 34. Our methods are sensitive enough to
demonstrate this type of interventions. Therefore our observations reflect a combination
of both spontaneous attention dynamics from the public and the controlled effects from
Sina Weibo.

Rank diversity captures attention dynamics from the point of view of the overall dynamical
rank movements of the hashtags on the HSL. It is interesting to follow the dynamics also
from the aspect of the individual hashtags. The average highest rank of a category of
hashtags on a given day is characteristic to the attention paid to that category. (Note, of
course, that getting to the HSL expresses already considerable attention.) Similarly, the
average duration is another measure of attention. However, in the latter case it should be
mentioned that short duration can be caused by decaying attention to the general topic (in
this case the hashtag is likely to be replaced by another from a different topic) or because
of the heavy stream of new hashtags of the same topic.

How do the average highest rank and average duration accumulate with time? As Fig. 5.5
(A) shows, the cumulative average highest rank, Hj is initially at a top rank, indicating that
the first few hashtags about the unknown pneumonia received a huge amount of attention
from the public. As more COVID-related hashtags occurred, Hj becomes lower, with a
rapid change at the beginning and a slower change later, separated by around January 30.
This is due to the rapidly increasing number of COVID-related hashtags and the limited
number of ranks on HSL. In Fig. 5.5 (B), the first peak of the cumulative average duration,
Dj is on January 8, when the hashtag that eight patients infected by the unknown pneu-
monia recovered from hospital occurred. Then the Dj decreases first and then increases
again, reaching the second peak on January 22, after which the increasing daily new hash-
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tags with short durations started to play a greater role than the few hashtags with long
durations.

Figure 5.5: Attention decay. (A) Cumulative average highest rank of COVID-hashtags
whose first appearance was in the time interval since December 31, 2019. (B) Cu-
mulative average duration (hours). The inset shows a three-parameter exponential fit
(↵ = 4.13h, � = 0.31h/day, � = 5.72h) for the cumulative average duration decay after
January 22, 2020.

The fast decay of Dj in the period between January 22 and February 18 (see the inset in
Fig. 5.5 (B)) was fitted by an exponential function:

f(t) = ↵e
��.t + �, (5.3)

with ↵ = 4.13h, � = 0.31h/day, � = 5.72h. On February 18, hashtags of positive
changes in the COVID situation started to appear on HSL. After that, the Dj exhibits a
slower and longer decay.

5.4 Discussion
In this work, we have studied the public attention dynamics on the real-time Hot Search
List (HSL) of the biggest Chinese microblogging website Sina Weibo under the influence
of the COVID-19 pandemic. On the one hand, such study contributes to the understanding
of the dynamics of public attention on social media and how it reflects the dynamics of
the public thoughts and behaviors. On the other hand, identifying the online attention
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dynamics patterns and their relationship to events and measures during pandemic may
contribute to its efficient management.

In order to follow the dynamics of public attention we have introduced sub-categories of
COVID-19-related hashtags. Our results show diversification of the public attention after
the outbreak on January 19, 2020 as indicated by changing frequencies of such hashtags
in the different sub-categories. Moreover, the pattern of correlations with the real-world
events and measures vary in three identified periods during the investigated time span. We
conclude that at the beginning the dominant driving force of the public attention was the
infection and death situation in Mainland China, with mainly domestic cases, while the
international situation and the imported cases influenced the attention later. Our observa-
tions point toward the complexity of the attention patterns indicating that several compo-
nents should be taken into account if such data are used to the prediction of the epidemic
curve [75, 55].

Furthermore, we have shown that the cumulative average duration follows exponential
decay immediately after the attention peak in the pandemic, but a slower decay for a longer
time. The exponential decay suggests that the speed of governmental response is crucial in
the early pandemic phase. This exponential decay sets a scale for the governments within
which it should take quick actions and publish crucial measures and regulations to control
the pandemic, healthcare experts should deliver scientific knowledge to inform the public
how to protect themselves efficiently. The attention toward COVID-hashtags decayed as
the circumstances in China got better. Nevertheless, the attention was influenced by the
world pandemic situation which kept changing, hence the decay of public attention on the
Chinese social media Weibo has become less clear cut. In any case, targeted and timely
stimulus should be given to keep the attention and awareness of the public throughout the
pandemic to prevent future waves of COVID-19.

In this chapter we have made the first step to relate the ranking dynamics of hot topics on
social media with the public attention dynamics. We have provided a novel approach to
study and quantify the attention dynamics taking advantage of the real-time Hot Search
List (HSL) on Weibo. The rank diversity in the top 15 ranks containing COVID-hashtags
are higher than normal. This could result from the spontaneous preference from the public
towards COVID-related information. More likely, it is due to an algorithmic interven-
tion towards COVID-hashtags from the platform provider. Sina Weibo may intentionally
promote the COVID-related important information to make sure people will get aware of
them. In this sense, such an algorithmic intervention can be useful for the public. The
empirical rank diversity could be a combined influence of both the Weibo algorithm and
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the spontaneous public preference. This observation shows the possibility that rank diver-
sity could be an adequate tool to investigate further the important aspect of algorithmic
intervention in social media data.

Besides exploring the attention dynamics on the Chinese social media Sina Weibo, we also
studied the cumulative growth of all topics and all the COVID-topics on Twitter trending
list in the United States. As is shown in the supplementary information Fig. 5.6A, the
cumulative number of all the Twitter trending topics in the United States was almost per-
fectly linear from January 1, 2020 to April 16, 2020. The time period that the cumulative
number of all COVID-topics on Twitter trending list increases is in accordance with the
rising period of the number of hashtags in the Other Countries category in Fig. 5.2B. The
similarity of results on Sina Weibo HSL and Twitter trending list is a reflection that both
platforms are influenced similarly by the major events worldwide during the COVID-19
pandemic. Though having more daily new topics on Twitter trending list than Weibo HSL,
the number of COVID-topics on Twitter is much fewer. The topics on Twitter are generally
shorter and have broader meaning, for example, #QuarantineLife, while the hashtags on
Weibo are more detailed, for example, #✏:ó1⇢Ü]„dîª# (#Community
window concert to celebrate the lifting of quarantine#), contributing to the rich number of
diverse hashtags on Weibo. It should be emphasized that both for Sina Weibo and Twitter
the lists are produced by unknown algorithms and in the case of Sina Weibo we have been
able to pinpoint direct interventions from the side of the provider into the ranking. How-
ever, the detailedness of Weibo HSL, its fixed length and the fact that HSL is the same
for ordinary users seem to make Weibo HSL more suitable to study attention dynamics
through ranking than Twitter, as Twitter trending lists are without fixed length and can be
personalized.

5.5 Supplementary information

5.5.1 SI1 Twitter trending COVID-topics in the United States
Sina Weibo is the largest microblogging site in China, where Twitter, the worldwide most
popular service of this kind does not operate. It is a natural idea to try to compare our
observations made on Sina Weibo with Twitter attention dynamics. Unfortunately, there is
no comparable statistics on Twitter to the HSL. Instead, Twitter has the service to inform
about most retweeted hashtags during the last 24 hours updated on the minute basis and
broken down to countries [99]. We have chosen to study the US tweets.
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Categorization of tweets has been widely investigated [137, 52], including recent attempts
to analyze the impact of COVID-related topics [91] on Twitter by analyzing the sentiments
to 10 words related to COVID. Twitter even created a “COVID-19 stream” [105] to pro-
mote this type of research. In spite of these, a direct comparison of our results on Sina
Weibo with Twitter is hindered by a number of factors, including the different characters
of the listings, the different roles hashtags play in these services and the differences due to
the scripts. Nevertheless, we tried to capture at least the overall trends (see Fig. 5.6).

Figure 5.6: Overview of the cumulative number of topics during the observation period
on Twitter trending list in the United States from January 1, 2020 to April 16, 2020. (A)
Cumulative growth of all topics. (B) Cumulative growth of COVID-related topics.

Fig. 5.6 (A) shows the cumulative number of all the Twitter trending topics in the United
States is almost perfectly linear. As Fig. 5.6 (B) shows, the COVID-topics on Twitter
trending list first grows very slowly at the beginning phase, and then starts to increase
dramatically from late February 2020. The rate of COVID-related topics is, however,
much smaller in the Twitter list than on that of the Sina Weibo.

5.5.2 SI2 Significance of correlations
To understand how the categories of time series of daily new hashtags move together and
whether there are blocks of categories that co-move, we presented the correlation matri-
ces plot between the ten time series in the three periods after the outbreak. In order to
get information about the significance of the correlations we apply a null model, which is
created by shuffling the times of the individual values, thus smearing out the correlations.
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Due to the finiteness of the time series, there will be non-zero background noise level de-
noted by Z in the null model, defining the background to which measured real correlations
can be compared. Z is calculated by correlating 500 shuffled time series for each of the 10
categories. We observed that all the pairs have similar standard deviations between around
0.16 to 0.2. We take a uniform value Z = 0.2.

In Fig. 5.7 we show correlations where only those Cij correlation matrix elements are
presented for which Z < |Cij|. The figure shows the different Mainland China topical
categories and their thresholded correlations in the three pandemic phases. In Fig. 5.7
(B) most of the correlations are beyond the threshold, while in Fig. 5.7 (D) very few are
beyond the threshold. In Fig. 5.7 (F), though some values at the upper left and lower right
corners are beyond the threshold, they are much weaker than in Fig. 5.7 (B).

5.5.3 SI3 Categorized Sina Weibo hashtags and properties
We showed in Fig. 5.4 that the gap between the top 15 ranks and the rest of the ranks in
the rank diversity plot after the outbreak is caused by the COVID-hashtags. In order to
further understand the properties of COVID-hashtags and how they influenced the HSL
hashtag dynamics, we compared the highest rank and duration distribution of different
COVID-categories with the non-COVID hashtags before and after the outbreak.

Fig. 5.8 shows a detailed comparison of the highest rank and duration of the categorized
Mainland China COVID-hashtags on Weibo Hot Search List (HSL), before and after the
COVID-19 outbreak. As Fig. 5.8 (A) shows, most of the categories have a median of
highest rank close to 15. Science category and Bad News category are generally higher
ranked than other categories. The median highest rank of the non-COVID hashtags after
the outbreak is the same with that of the hashtags before the outbreak (rank 19), while the
median highest rank of the COVID-hashtags is higher than both (rank 16). Fig. 5.8 (B)
shows the lifetime duration of the different categories. The median duration of most of
the categories is less than 3.5 hours. Science category has the highest duration among all
categories. Non-COVID hashtags after the outbreak (3.95 hours) and hashtags before the
outbreak (3.80 hours) have similar duration distributions. The COVID-hashtags generally
have shorter duration (3.21 hours) than non-COVID hashtags.

5.5.4 SI4 Hashtag rank trajectory examples
In this chapter, we have seen strange drops in the rank diversity plot at the ranks 29 and 34
after the outbreak, this implies that the number of unique hashtags occurred at these ranks
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Figure 5.7: Time series of daily new hashtags (unsmoothened) from the sub-categories of
Mainland China COVID-hashtags and their correlation matrices with daily new infections,
deaths, and recoveries, in the three periods after the outbreak. Correlations lower than 0.2
are considered as insignificant and are converted to zero.
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Figure 5.8: Boxplots of the highest rank and duration of the different categories. In both
plots, the purple categories are sub-categories of Mainland China category, which is col-
ored in blue. The blue categories are sub-categories of Total COVID category, which is
colored in orange. The dots in (B) are the outlier hashtags with long duration, e.g, the #´
≈0˛# (#Infection Map#) in the Bad News category and the #fIç—∞E∂n 
≈∫⌃Ó## (#(District Party Secretary) Will be accountable if home-confirmed patients
found again in Wuhan#) in the Regulations category.
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in a given time interval is smaller than usual, so that there should be hashtags staying there
for unusually long time. Here we present examples of normal and abnormal hashtag rank
trajectory plots, and verify there are hashtags that stay at certain ranks such as rank 29 and
34 on the HSL for a strangely long time without any fluctuation.

Fig. 5.9 shows examples of abnormal and normal rank trajectory plots of COVID-related
hashtags on Weibo HSL. In Fig. 5.9 (A), (C), (E), the ranks of the hashtags stay strangely
long time at ranks 29 and 34, and then disappear from the HSL. Fig. 5.9 (B), (D), (F)
show relatively natural fluctuations in the rank trajectory plots. The example hashtags and
their translations are shown in Table 5.2. The abnormal rank plots are likely due to the
algorithmic intervention from Sina Weibo.

Table 5.2: Chinese original and translations of example hashtags in Fig. 5.9.
Example Hashtags Translation

#�⇢�ÂÅ:LÂM—„i# #Enterprises must distribute masks to
employees when they return to work#

#-˝�⇢˙∞'ƒ!⇢'®¿# #China will not see massive inflation#

#T�˝ÿf�|�h⇤q�⌘∞†£⇠# #The UN Secretary-General calls on
the world to declare war on COVID-19#

#fI�Œ# #Wuhan lockdown#

#�˛↵¬∞ã†∂≈“∫é# #A picture to understand
the new coronavirus pneumonia#

#´≈0˛# #Infection map#
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Figure 5.9: Examples of rank trajectory plots of COVID-related hashtags. (A), (C), (E)
Abnormal rank trajectory plots. (B), (D), (F) Normal rank trajectory plots.
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Chapter 6

Conclusions

6.1 Summary
The development of digital technology has changed our lives in many ways, resulting,
among others, in a shift from the struggle for information to the struggle with the infor-
mation deluge. Being exposed to so many effects, the attention of people has therefore
become valuable and there is a never-ending competition for it from the side of market-
ing, politics, and governance. Attention of people at societal level results in popularity,
sometimes lasting very short in the spirit of Andy Warhol, however, having an impact on
sales figures and political elections. Understanding the mechanisms leading to popular-
ity and influencing its evolution is therefore both a scientific challenge and important for
applications. New media provide a promising testing ground for such research.

This thesis studies the attention dynamics on the Chinese microblogging site Sina Weibo
from the aspects of popularity emergence, competition, and the influence of exogenous
factors, in this case the COVID-19 pandemic. By using the Hot Search List of Sina Weibo
and crawling data directly, we focused on questions related to how the hashtags become
popular and the patterns of their ranking dynamics on the HSL. Special attention was paid
to signatures of interventions by the service provider influencing the mechanism of getting
to the HSL and the ranking of displayed hashtags. This thesis brings insight into popularity
dynamics on microblogging sites, and it also gives tools to identify the aforementioned
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interventions.

After providing a condensed literature overview, I described the emergence mechanism
of the popular hashtags on Sina Weibo in chapter 3. I showed the routes leading to the
popularity of the successful hashtags by analyzing the characteristics of the evolution dy-
namics of their repost networks in the prehistory before their appearance on the HSL. I
identified two extreme categories “Born in Rome” and “Sleeping Beauty” based on how
fast the hashtags reach the HSL after birth. I then related the repost network growth pat-
terns to the two categories as well as the role of the hubs. I found that the birth timing of
the hashtags is crucial in influencing whether they will be popular enough to appear on the
HSL. Understanding the emergence mechanism of hashtag popularity and the importance
of timing, on the one hand, could contribute to marketing and maximizing the spreading
efficiency by playing with these factors. On the other hand, it provides Weibo users with
better knowledge to differentiate about the possible social capital influence in promoting
certain contents, such as Star hashtags.

For the dynamics of already popular hashtags, I relate measures of ranking for those suc-
cessful hashtags on the HSL as a proxy of the attention dynamics which is a novel approach
in quantifying attention dynamics on social media. In chapter 4, I focus on the dynamics
of popular hashtags after their appearance on the Sina Weibo HSL by studying the pat-
terns of their rank trajectories, dynamics of duration and ranking. I pinpoint signatures
of anomalies from the observations and propose a ranking model with anchoring effect to
simulate the interventions on the ranking list by the platform provider. Our results indicate
the interventions of the platform provider in the ranking of the hashtags on the HSL. As
service providers have financial interests and may be under political pressure, the objec-
tivity of the ranking lists and the truth of their content can be questioned. Similarly to
the fight against fake news, the fight against the manipulation of public attention is in the
interest of society, and it also needs the tools to detect interventions.

The outbreak of COVID-19 pandemic provided us a chance to study the influence of ex-
ogenous events on the popularity list of Sina Weibo. In chapter 5, by following the time
evolution of the ranking, I could identify three different periods of the beginning phase of
the pandemic and detect how the attention of the people changed during them as well as
how the decay of the attention related to COVID topics changed depending on the period.
I applied a novel approach to study and quantify the attention dynamics taking advantage
of the Weibo HSL and made a comparison of the hashtag ranking dynamics before and
after the outbreak. I discovered anomalies attributed to the COVID-related hashtags on
the HSL measured by rank diversity, which revealed the possibility of interventions by
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the service provider. This observation shows the possibility that rank diversity could be
an adequate tool to investigate further the important aspect of algorithmic intervention in
social media data. Our work shows the importance of taking into account of platform
interventions when doing research using data from social media.

6.2 Limitations and outlook
Discovering regularities of attention dynamics is of great interest for several reasons, as
mentioned above. Online platforms provide an abundance of data for such studies, how-
ever, this data should be handled with care. Important problems like the relationship be-
tween information spreading and success, prehistory of the outburst of popularity and
ranking dynamics could be studied. However, many factors could be involved in the
spreading and popularity of the hashtags. The fact that some hashtags become trends
in such systems can not only be due to natural selection by the internet audience, but
result from algorithmic recommendation, manipulations from the Internet water army,
government-driven campaigns or combinations of joint factors. It is a challenging task
to separate the different effects, whether it is spontaneous, algorithmic or governmental.

The existence of various interventions blurred the regularities of the properties of the mi-
croblogging system, hindering the understanding of the natural processes purely originat-
ing from users. On the other hand, the observation of irregularities make it possible for
us to identify interventions and be more aware of how the system is being manipulated.
One of our results based on the detected anomalies in the ranking process is that on Sina
Weibo the intervention by the service provider is apparently rather strong, despite of the
claims of using an objective formula for the HSL. A very interesting future research topic
could be to study deeper the different kinds of interventions. In order to do so, one would
need longer observation period, more data, and novel approaches including advanced text
analysis and machine learning methods. Also, the extension of the investigation to other
media, like online news sites could be helpful. An ideal goal would be to uncover the
hidden algorithm (or set of rules) used for interventions.

This thesis focuses on the Chinese microblogging site Sina Weibo, and it is important to
see whether the results or a part of them can be generally applied. Clearly, some results
are idiosyncratic to this specific platform. For instance, the night-time break with stopping
hashtags to appear on the HSL seems to be specific to Sina Weibo, closely linked to the
manual control probably used often for interventions. Every platform has its own algo-
rithm and characteristics. Nevertheless, the relationship between the prehistory and the
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success as well as the ranking dynamics could have general aspects. Most importantly, the
approach used in this thesis should have a broad applicability. This includes the tracing of
the repost networks and relating them to the success of the hashtags or the use of detecting
irregularities in the ranking characteristics to identify interventions or other anomalies. It
would be very interesting to conduct a comparative study of diverse media platforms and
identify the overall rules leading to popularity together with the specific characteristics of
the individual platforms.

The approach used here to analyze the popularity dynamics of hashtags can be applied
more generally. The success of cultural products such as popular songs, and best-selling
books also has a prehistory period before they achieve a high level of popularity. During
this time, people interact with each other by commenting, recommending, liking and so on,
and there are also rankings available for the most popular items. The analysis presented
in this thesis could apply to such products, and it would be interesting to see if there
are universalities or similarities with hashtags on microblogging sites in their dynamics.
Such a study could contribute to understanding the difference between endogenous and
exogenous effects in the development of popularity, which is an important question in
marketing.
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