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Abstract—To maintain popularity on social media over the
long term, many users need to shift to a new topic instead
of sticking to one topic. When selecting a new topic, a user
needs to consider both its popularity on the entire social media
and its popularity among the current followers. The former
affects the expected number of new followers, and the latter
affects the ratio of the current followers the user can retain.
The timing is also important. The user should change to a new
topic before losing the current followers. If the user change the
topic after losing the followers, it is more difficult to obtain new
followers. In this paper, we introduce a new task based on these
observations: recommending appropriate new topics for currently
popular social media users at appropriate timing. As an example
of opportunities in the research on this task, we also propose
a method of predicting the popularity a given user would gain
after shifting to a given new topic. Our method predicts it based
on the similarity between the user’s current topic and the given
new topic. In our experiment with data collected from Twitter,
our method improves the prediction accuracy compared with the
baseline method.

Index Terms—social network, Twitter, topic shift, topic selec-
tion, popularity prediction, retweet prediction

I. INTRODUCTION

On today’s social media, such as Twitter, there are many
individuals who gain popularity by disseminating information
on specific topics, such as video games and movie series. In
order for such individuals to maintain long-term popularity,
they need to periodically switch to new topics, instead of
sticking to the same topic, e.g., a specific video game. It
is because: (1) most topics become less popular over time,
and (2) the more number of fans they have acquired, the less
number of potential fans remain.

When such users change their topics, they want to choose a
topic that is likely to gain high popularity, but simply selecting
a topic that is currently popular on the social media is not
necessarily the best strategy for users who currently have many
followers. If the topic is popular on the entire social media,
the user can expect many new followers, but if the topic is not
popular among the current followers, the user will lose many
of them, and need to gain a completely new set of followers
from scratch. On the contrary, if the topic is popular among
the current followers, the user can retain many of them, but if
it is not very popular on the entire social media, it is difficult
to obtain new followers.
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Fig. 1. Change of a user’s popularity over time when switching to new topics
at the ideal timings (green line) and when switching too late (red line).

Of course, if there is a topic that is popular on the entire
social media and also popular among the current followers, the
user can simply select it, but such a topic does not always exist,
and users often have the trade-off between these two factors. In
such cases, if we can provide with some good recommendation
system, it would be very helpful for the users.

When to change to a new topic is also an important and
difficult decision. On social media, rich-get-richer effect exists.
It is difficult for a newcomer to obtain many followers, but
once a user has obtained some popularity, it becomes easier
to obtain more followers. Therefore, once a user has become
popular by posting information on some topic, it is basically a
good strategy to keep focusing on that topic. However, many
topics become less popular over time. When the current topic
has become less popular, the user starts to lose the current
followers. The user should change to a new topic before losing
many followers. Once the user has lost most followers, it
becomes very difficult to obtain many followers again. If the
user changes to a new topic before losing the current followers,
the user have more chances to have the posts on the new
topic viewed by many followers. If some followers forward
the posts, the user also has chances to obtain new followers.

Figure 1 illustrates the case where a user changes to new
topics at the ideal timings (green line), and the case where
changes to new topics are too late (red line). The x-axis is time
and the y-axis is popularity, e.g., the number of followers. The
user first starts to post on some topic and obtains popularity.
The rate of the popularity growth first increases, but when the
topic has become less popular, the growth stops. In the green
line, the user soon changes to a new topic at to. Because of the
change of the topic, the user loses some of the followers (the



green down arrow to the left), but still has many followers, and
starts to obtain popularity in the new topic. When the second
topic has also become less popular, the user soon changes to
the third topic at ¢s.

By contrast, in the red line, the user changes to the second
topic at ¢}, after the first topic has become even less popular
and the user has lost many followers. The user then loses
some more followers because of the topic change (the red
down arrow to the left). The user then obtains new followers
in the second topic, but the growth is slower than that of the
green line because the user has to start from a small number
of followers. In addition, the user has shorter time until when
the second topic becomes less popular because the user started
later. Because of these two reasons, the second peak of the red
line is far below the second peak of the green line at 3. A
similar process is repeated for the third topic.

How to smoothly change to a new topic is yet another
problem. A user does not need to completely stop posting
on the old topic and fully switch to the new topic. A user
should rather posts on the old and new topics in parallel for
some period so that the user has more chances to have posts
on the new topic viewed by the current followers. If the user
posts many posts on the new topic before losing the current
followers, the user has more chances, but if the user posts
only on the new topic, the user will lose the current followers
faster.

In summary, new topic recommendation for social media
users who are currently popular in some topic is an interesting
research topic including (at least) the following research
problems.

1) The selection of the best new topic. We should consider
both the popularity on the entire social media, and
the popularity among the current followers. The former
affects the expected number of new followers, and the
latter affects how many of the current followers can be
retained.

2) The selection of the best timing for topic changes. If it is
too late, the user will lose many of the current followers
and it becomes difficult to obtain popularity again.

3) The best strategy for smoothly shifting to the new topic.
The goal is to maximize chances to have posts on the
new topic viewed by the current followers.

Possible approaches to these research problems includes but

not limited to those listed below.

o Comparison of topics that have been popular on the entire

social media and among the current followers.

o Comparison of topics that were popular in the past and

the candidate new topics.

o Analysis of temporal changes of popularity of the current

and newly introduced topics.

o Comparison of current followers in favor of the newly

introduced topic and those who are not.

II. OPPORTUNITIES: NEW TOPIC POPULARITY PREDICTION

As an example of the opportunities in the research on the
topic explained above, we show a simple method for predicting

the popularity the given user would gain if the user switches
to the given new topic. We assume X (Twitter) as the target
social media, and measure the popularity by the number of
favorites (likes) and retweets. Therefore, our goal is to develop
a method for predicting the number of favorites and retweets
the user’s tweet on the new topic would gain.

When the current followers have already exposed to the new
topic sufficiently, it is not difficult to measure its popularity
among them. However, when a topic is relatively new, it is not
evident how to predict its popularity among the current fol-
lowers. Our method is based on the following two hypotheses:

o The more popular a user were on the old topics, the more

popular will be the user on the new topic.

o The more similar the old and new topics are, the more

popular will be the user on the new topic.

The first hypothesis is based on two observations. First,
users whose tweets on the old topics were popular must be
good at writing interesting tweets, and therefore their tweets
on the new topic have the potential to become popular. Second,
when a user with many followers starts to tweet on a new topic,
the user’s tweets are viewed by many followers, and the user
has greater chances of having them interested in the new topic.
In addition, if some followers retweet some tweets, the user
have chances to attract new followers.

The reason of the second hypothesis is as follows. When we
focus on a user who has gained popularity by tweeting on a
specific topic, most followers follow the user because they are
interested in the topic. Therefore, if the new topic is similar
to the old topic, the current followers are more likely to be
interested in it.

After tweeting on a new topic for the first time, the user may
tweet on the old and the new topics in some ratio as explained
before. We, therefore, divide the process of topic change into
two phases: a phase where a user tweets on a new topic for
the first time, and a phase where the user continues to tweet
both on the old and the new topics for a while. In this paper,
we focus on the former. Our method predicts the popularity
gained by the tweets on the new topic during the short period
immediately after the user has tweeted on the new topic for
the first time.

In order to evaluate the proposed method, we conducted
experiments using data collected from Twitter. We collected
users who recently shifted to new topics, and predicted the
popularity (the number of favorites and retweets) of their
tweets on the new topics by using our method and a baseline
method. We then evaluated the prediction accuracy by com-
paring the prediction results with the popularity the tweets had
gained in reality.

We run our experiment on two data sets, and on both data
sets, our method outperformed the baseline method when users
have sufficient popularity. On the other hand, our method is
sometimes outperformed by the baseline for users without
many favorites and retweets. This is an expected result. When
a user is not very popular, the followers are mostly personal
friends. As a result, the popularity gained by the tweets on the
new topic does not depend much on the topic. However, our



main target is users who currently have some popularity and
want to change the topic in order to maintain it. Our method
outperforms the baseline method for such users.

III. RELATED WORK

There have been much research on topic recommendation
for “consumers” on social media, i.e., users who are looking
for interesting topics to receive information. However, to the
best of our knowledge, there have been no academic research
on topic recommendation for “influencers”, i.e., users who post
information on a specific topic and have obtained popularity.

Several studies have proposed methods for detecting trend-
ing topics on Twitter [1]-[3]. When a user changes to a new
topic, the user should consider both its popularity on the entire
social media and its popularity among the current followers as
explained before. These methods can be used for estimating
the former.

Personalized topic recommendation has also been exten-
sively studied [4], [5]. For example, Cataldi et al. [4] proposed
a method for personalized topic recommendation for a specific
user or community. Their method generates keywords that can
search for topics that are most relevant to the given users
by analyzing the content of the users’ own tweets. Cataldi
et al. [5] extended this approach by analyzing the topology
of the Twitter user graph. These methods, however, can only
detect topics that are emerging within the given community,
and cannot predict the popularity of a topic that is completely
new within the given target users. Our purpose is to predict
the popularity of a topic that exists somewhere else in Twitter
but has not been introduced into the target community.

There have also been studies on predicting the popularity of
a single tweet [6]-[8]. These methods, however, also assume
tweets on some existing topics, and cannot be applied to the
prediction of the popularity of newly introduced topics.

Several studies have proposed methods to predict the final
number of retweets of a tweet using the number of retweets
observed within a short period after it is tweeted [9]-[11].
These methods predict the popularity of a tweet only after it
has been tweeted, and cannot be used to choose a new topic
before tweeting on it. Can et al. [12] showed a method to
predict the total number of retweets without using post-tweet
data. It uses image features in addition to the ordinary features
such as the number of followers. However, their method can
achieve high accuracy only for tweets with images.

There have been a few studies on the prediction of other
types of users’ responses to a new topic on Twitter. Ren and
Ye [13] proposed a method to predict a user’s opinions on new
topics by using the user’s follow/follower structure and the
similarity of the topic with the old topics tweeted by the user.
Their method is similar to ours in that they use topic similarity
to predict users’ responses to a new topic, but they focus on
users’ opinions, not the popularity. Wu et al. [14] developed a
system for visualizing the flow of opinion propagation, which
can also be used to predict the information diffusion pattern
for a new topic. However, their system does not predict the
popularity of a new topic.

IV. PROPOSED METHOD FOR POPULARITY PREDICTION

In this section, we describe the details of the method we
explained in Section II. We first explain how we collect the
data used by the method, and introduce some notations.

A. Data Collection Step

We collected data on users who have recently shifted to a
new topic through the following steps. Let V; (1 < j < m)
denote m new topics. (Selection of N; used in our experiment
will be explained in Section V.)

1). We collect tweets on each N; by using the main hashtag
used by Twitter users for representing N;.

2). We obtain Uj, a set of users who have tweeted at least
one of the tweets collected above for NV;.

3). For each user in U;, we collect their recent tweets
starting from the most recent ones. Let 1} denote the
set of all tweets collected from all users in Uj.

4). From T}, we extract T jN , a set of tweets related to the
new topic N, by using the corresponding hashtag. Note
that we extract TJN only for NV;, and we do not extract

% (k # j) from Tj. The remaining tweets T O =
T \TN are regarded as tweets on some of the old toplcs
by users in U;. We use the subscript * because we later
divide T*O,j into Tloj7 .. .,Tg ; corresponding to n old
topics.

5). We repeat the steps above for all j = 1,...,m, and let

= U, TY;. The obtained T, is the set of tweets
on the old toplcs by all users in any of Uy, ..., U,,.

We then exclude the following two types of data.

o Because we target users shifting from old topics to a new
topic, we exclude users for whom we could extract no old
topic. That is, if the oldest u’s tweet in T is also in TjN s
we exclude u from the dataset.

o We also exclude tweets posted by a user u later than
the w’s first tweet on IN; and not in TjN . We predict
the popularity of tweets on the new topic by using the
popularity of the u’s earlier tweets. Therefore, tweets
satisfying this condition are neither the prediction target
nor used for the prediction.

Next, we extract old topics of all users in [J ;U; by
clustering the tweets in TO We first calculate TF-IDF vectors
of the tweets. We calculate w(t, d), TF-IDF value for a term
t in a tweet d, by the formula below:

B 72|
w(t,d) =

tft,d - (log +1)

nt
where tf, ; is the number of occurrences of ¢ in d, and n,
is the number of tweets in T*O* including ¢. We then cluster
TO into n clusters by applying k-means algorithm to the TF-
IDF vectors defined above. We regard the obtained clusters
T1 o Tno* as representing n old topics Oy, ...,0, for all
users. Let T, = T, N T2,. TY, is the set of tweets on the
old topic O; tweeted by a user who later tweeted on the new

topic V;.



TABLE I
SUMMARY OF FEATURES

#follower

#friend
followerFriendRatio
#status

Structure-Based (log scale)

(log scale)

Tweet-Based #hashtag

#URL

#mention

tweetLength

expected favorite count E( f)

expected retweet count E(r)

(log scale)
(log scale)

B. Topic Similarity
We next define Sim,; j, an asymmetric similarity of an old
topic O; and a new topic IV;, as follows:

Ui.NU;
Simy ; — Ui Uil = i
%

where Uj . is the set of users who tweeted tweets in Tgk. Uj is
the set of users who tweeted on V; as defined before. Sim,; ;
is the proportion of the users who tweeted on IN; among the
users who tweeted on O;. We use Sim; ; to approximate the
probability that a current follower of a user in U; is also
interested in the new topic N;. It is based on the assumption
that a user who tweeted on a topic is interested in that topic.

In our definition, even if two topics are not conceptually
similar, we regard them as similar if the user sets interested
in them are similar. In addition, if the new topic N; becomes
popular, the similarity between N; and the old topics tend
to increase. These properties are suitable for us. Also note
that our similarity is time-dependent because we use the
information on recent tweet data.

C. Linear Regression

We use standard linear regression for predicting the number
of favorites and retweets gained by a given user’s tweet on a
given new topic. We use the following two types of features
for the regression (see Table I).

Structure-Based Features: The features #follower and
#friend are the number of followers and friends (i.e., fol-
lowees), respectively. We transform their values into the log
scale because they follow power law distributions. The feature
followerFriendRatio is the ratio of the number of followers to
the number of friends, and #status is the total number of tweets
posted by the user before the first tweet on the new topic.
Tweet-Based Features: The features #hashtag, #URL, #men-
tion, and tweetLength are the mean of the number of hashtags,
URLs, mentions, and characters, respectively, in the user’s
tweets on the new topic. The expected favorite count E(f;)
is a feature we propose and is calculated by:

20 =S A5 i 1) G= 1)
J —' |TO’ ] ] J=L4...
=1 *,7

where f; ; is the mean of the number of favorites to the tweets
in Ti%. E(f;) is the weighted average of the product of f; ;

and Sim; ; over the n old topics, where the weights are the
proportion of each old topic O; in T*OJ-. We use the product of
fi,; and Sim; ; because we hypothesized that the popularity
of tweets on the new topic is proportional to each of these two
factors. We define the expected retweet count E(r;) similarly:

~TE .
E(r;) = Z( |Té ! SSim g -rig) (J=1,...,m)

i=1 |17 #d
where r; ; is the mean number of retweets of the tweets in Ti?j.
Because f; ; and r; ; also follow power law distributions, we
transform E(f;) and E(r;) into the log scale. Note that tweet-
based features are related to tweets on the new topic, but their
values are known before we post them.

The target variables are f; and 7;, which are the mean

number of favorites and retweets for tweets on the new topic
Nj;. These values are also transformed into the log scale.

V. EXPERIMENTS

We conducted experiments using two datasets collected
from Twitter. In the first dataset, 11 video games released after
November 2019 were used as the new topics. We collected
10,176 users who tweeted on any of these games, and collected
1,000 tweets (or less when the user has less than 1,000 tweets)
of each user. In the second dataset, 15 animated TV programs
broadcast after January 2020 were used as the new topics. We
collected 9,028 users who tweeted on them, and collected up
to 1,000 tweets of each user. The number of old topics, n, was
set to 20. We generate TF-IDF vectors of tweets by using top
1,500 frequent nouns.

The baseline is linear regression where E(f;) and E(r;)
are replaced with the mean number of favorites and retweets
of the user’s past tweets. We evaluate the prediction accuracy
by RMSE.

Figure 2 shows the results with the first dataset. We predict
f; and rj;, the mean number of favorites and retweets for
tweets on each user’s new topic IN;. The vertical axis of the
graph represents RMSE, and the horizontal axis, LowerLimit,
is the lower limit of the f; values of the users we include
in the evaluation. For example, LowerLimit = 5 means we
exclude the users whose f; was less than 5 when estimating the
regression parameters and evaluating the prediction accuracy.
The blue and orange lines show RMSE of the prediction by
the baseline method and the proposed method, respectively.

For both f; and r;, the proposed method is superior to the
baseline except when the LowerLimit is very small. When it is
very small, many users without many followers are included in
the evaluation. The followers of such users are mostly personal
friends, and the number of favorites and retweets by them does
not depend on the similarity between the old and new topics.
As a result, our method does not outperform the baseline.

Figures 3 shows the result for the second dataset. In both
graphs, the proposed method outperforms the baseline when
LowerLimit is sufficiently large, although the margin is small
for f; on this dataset compared with the other three cases.

Our target is the users who have some popularity and want
to change topics to maintain it. On both datasets, our method
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Fig. 2. RMSE of f; (left) and r; (right) prediction for video games.

outperformed the baseline method for users who had more
than 5 to 10 favorites or retweets for one tweet on average.

VI. CONCLUSIONS

In this paper, we introduce a new task of recommending the
next topics to users who has gained popularity on social media
by posting information on some specific topics. It includes the
following interesting research problems: selection of the best
next topic balancing the popularity on the entire social media
and the popularity among the current followers, selection of
the best timing to switch to new topics, and the best strategy
for smoothly switching to new topics.

As an example of the opportunities in the research on that
task, we also proposed a method of predicting the popularity
gained by a user after the user switches to a new topic. It
predicts the number of favorites and retweets that a tweet on
the new topic will gain. Our method uses the topic similarity
between the old topic and the new topic. We compared the
accuracy of this method with a baseline method which is
simply based on the users’ popularity on the old topics. The
result of our experiment with two datasets collected from
Twitter shows that our method outperforms the baseline when
applied to sufficiently popular users. This result suggests that
our two hypotheses explained in Section I are valid for users
who have sufficient popularity.
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