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Abstract:

What is posted and what emotions accompany it in political communication on
Twitter? This paper contributes to research on the polarization and representativeness
of online public opinion by shedding light on this point. We collected a
comprehensive set of posts mentioning the ruling Liberal Democratic Party (LDP)
during the 2021 national election in Japan. Using supervised machine learning
(BERT), we classified the collected posts into anti-LDDP, neutral, and pro-LDP. The
results showed that more than half of the posts were anti-LDP. This was significantly
different from the actual election results. However, the level of retweet was higher for
pro-LDP tweets than for the other classifications. We conducted a sentiment analysis
of the posts using JIWC. The results revealed that anti-LDP posts were accompanied
by more negative sentiment than the other classifications. These results indicate that
public opinion on Twitter is polarized and may not necessarily reflect actual public
opinion.
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1. Introduction

Twitter (now referred to as X, but called Tiwitter at the time of the study, hence we will
use “Twitter” consistently in this paper) is actively used by candidates and citizens in
election campaigns (See Jungherr, 2016 for a systematic review) . In Japan, the ban on

online election campaigning was lifted in 2013. Since then, social media-based election

*  Kanda University of International Studies, Department of International Communication,
Lecturer
% %  Kyoto University of Advanced Science, Faculty of Humanities Department of Psychology,

Junior Associate Professor

115



Fa—N) - 232 —a Uif%E 513 5 (2024 4F)

campaigns have flourished (Uenohara, 2014; Yoshimi, 2017) . There are 45 million active
Twitter users in Japan per month, making it a very influential platform that anyone can
use for free, and it is a desirable medium for disseminating political communications.

Today, social media plays an increasingly important role in political communication.
Many people consume information about politics via social media (Matsa & Shearer,
2018) and participate in politics influenced by social media (Oser & Boulianne, 2020).
Journalists refer to information on social media to set news agenda (Parmelee, 2014) .
Moreover, election candidates use social media for campaigns (Jungherr, 2016) . In Japan
in 2020, a total of 4.7 million posts with the hashtag “# protest the proposed amendment
to the Prosecutor’s Office Act” surfaced in only three days. However, it has been reported
that Twitter has become a source of fake news and slander (Allcott and Gentzkow, 2017;
Tanaka and Yamaguchi, 2016). In response to such a situation, Twitter Inc. issued a
statement in 2021 that read, “You may not use Tiitter's services for the purpose of
manipulating or interfering in elections or other civic processes” and emphasized that “The
public conversation occurring on Twitter is never more important than during elections
and other civic events.”

As described above, Twitter is an ambivalent medium that can be a platform for active
political communication and at the same time, it can be used to publish unhealthy
political communication. The negative effects of Twitter in the field of political

communication are the polarization of society and its bias.

2. Social media and polarization

The logic of social media-induced polarization is as follows. Unlike traditional mass
media, where information has a list-like nature, in social media, it is normal to be exposed
to information selectively. Thus, people select only information that fits their beliefs and
are surrounded by similar information (homophily). Users who are surrounded by similar
information end up in an echo chamber. As a result, thoughts and opinions become
polarized and radicalized.

Since this logic was first proposed by Sunstein (2001), a number of empirical studies
have followed; Conover (2012) collected approximately 45,000 accounts and 250,000
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tweets during the 2010 congressional midterm elections and analyzed them. The retweet
network was analyzed and found to be fragmented between conservatives and liberals, with
limited connectivity. A similar event occurred during the 2016 U.S. presidential election
between Trump and Clinton supporters (Thompson, 2016). However, other studies
suggest that people are exposed to information containing opinions that differ from their
own to a certain extent and that selective exposure does not occur on social media
(Facebook: Beam et al, 2018; Levy, 2021, Twitter: Barberd, 2015; Tanaka and Hamaya,
2019), and some have found that only a minority of people with extreme political
orientations fall into echo chambers (Eady et al, 2019).0n the other hand, some
empirical research suggest that exposure to differing opinions on social media can make
people self-protective and reinforce the political attitudes they originally held (Bail, 2021).
Furthermore, a study comparing polarization across platforms found no polarization on
Facebook and WhatsApp, while polarization was observed on Twitter (Yarchi et al, 2021).

Recent research has divided the analysis on polarization into ideological and emotional
level polarization (see Kubin and Sikorski, 2021 for a systematic review) . The former
measures an individual's ideology by asking questions about approval or disapproval of
several specific policies. The latter is commonly measured using a feeling thermometer.

Kubin and Sikorski (2021), who conducted a systematic literature review, concluded
that social media generally polarizes people on an ideological or emotional level. However,
in a study by Levy (2021), who conducted an experiment by manipulating Facebook
news feeds in the U.S., it was concluded that Facebook does not contribute to polarization
at the ideological level, rather, it contributes to depolarization at the emotional level. In
Japan, Tanaka and Hamaya (2019) conducted a survey study and analysis of 100,000
people using difference in difference. The study found that neither Facebook, Twitter, nor
blogs contribute to polarization.

As described above, the results are inconsistent with regard to whether social media
divides society. There are many possible reasons for this. These include differences between
the survey study and the experimental study, differences in the wording of the questions
in the survey study, differences in the platforms used in the study, and differences in the

conditions of the experiment.
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3. Social media and critical discourse

Regarding social media and elections, there is a growing body of research on whether
social media posts predict election outcomes (see Chauhan et al, 2021 for a systematic
review) . Studies in the Western world have shown that social media posts generally predict
election results (Burnap et al, 2016 for the U.K,; Wang and Gan, 2017 for France;
Tsakalidis et al, 2015 for Netherlands, Greece and Germany; Heredia et al, 2018 for the
United States) . In Asia, research results have also shown that social media data can predict
election outcomes (Jaidka et al, 2018 for Pakistan and India; Barclay et al, 2015 for India;
Budiharto and Meiliana, 2018). These studies are conducted by means of volumetric,
sentiment, and network analysis using big data from Twitter. In Japan, however, a study
was submitted showing that opinions spread via Twitter do not match the actual election
results (Toriumi, 2020). Toriumi (2020) collected tweets related to the Tokyo
gubernatorial election in 2020 and analyzed the retweet network. Despite the fact that the
election result was a resounding victory for Governor Koike, tweets critical of her were in
the majority on Twitter, forming a large cluster. Conversely, no tweets supporting Koike
were found among the high-share tweets. The results of this study indicate a significant
discrepancy between the discourse on Twitter and the election results.

Some studies suggest that Twitter discourse in Japan leans toward liberals (Tanihara,
2022). Tanihara (2022) analyzed Twitter discourse in Japan during the outbreak of
COVID-19 in Japan. The results revealed that information was actively disseminated by
the politically liberal segment of the population, with many comments critical of the
government's countermeasures. According to Toriumi (2020), the anti-Koike segment was
active in Twitter discourse. This is consistent with Tanihara’s (2022) findings, since
Governor Koike has a conservative political viewpoint. In Japan, a conservative party
(Liberal Democratic Party (LDP)) has been in power since 2012, so this result is
inevitable if critical discourse tends to gather on Twitter.

The literature that studies information on social media in general suggests that social
media is more likely to attract critical discourse. Fan et al. (2014) investigated how Weibo
users are emotionally connected to each other. The analysis revealed that when connections

are close, the emotional correlate of “anger” in particular is significantly larger than that of

118



Japan's Twitter Sphere does not Reflect Public Opinions

other emotions. In other words, people on Weibo tend to be connected based on the
emotion of “anger.” Wollebzk et al. (2019) also conducted a survey study in Norway to
investigate the relationship between anger about the country’s economic and social
situation and the degree of participation in political discussions on social media. The
results revealed that those with higher anger scores were more likely to participate in
political discussions on social media. Lottridge and Bentley (2018) conducted an online
survey of 1,000 people using 262 screenshots of news articles to explore their motivations
for sharing news. The results showed that political news was the most shared (48%), and
77% of the news was viewed negatively by those who shared it. Based on these studies, it
can be assumed that negative opinions that spark anger are more likely to be spread on

social media.

4. Research gap

There are two questions in the previous works: “(1) Does social media divide society?”
“(2) Can social media reflect public opinion during elections?” As we reviewed, the results
of these issues are not consistent across survey methods and survey regions. It would be
beneficial to reconsider them using new patterns. This study, however, makes a theoretical
contribution to the above issues by conducting a more basic survey.

Specifically, we will identify what is posted and what emotions accompany them in the
Twitter sphere at election time. This is because post volume and post sentiment have been
shown to be potential predictors of election results in related studies. (Heredia et al,
2018). By clarifying these points, we can make a theoretical contribution to point (1)
above by identifying the nature of discourse on Twitter as a precondition for the
polarization. For issue (2), we can make a theoretical contribution by identifying the bias
of the Twitter sphere during elections.

Specifically, we focus on tweets that mention the governing party. The time period for
which we collected posts was the day before the day of the 2021 national election. We
selected the day before the date of the election because this is the time when election-
related tweets were most concentrated. The reasons for focusing only on tweets that

mention the governing party are as follows. Studies conducted in Western and Asian
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countries that hold general elections under big two parties collect and analyze tweets that
refer to both conservative and liberal parties, but this approach cannot be adopted in
Japan. Because the LDP, a conservative party, has been in power since its formation in
1955, with the exception of four years from 1993 to 1994 and 2009 to 2012. The LDP
was also expected to win in the most recent election. Therefore, collecting tweets about
attitudes toward the LDP captures the essence of political communication during the
election. One possible approach would be to collect tweets referring to the opposition
parties and compare them to tweets referring to the LDP. However, since there are many
opposition parties in Japan and their political beliefs significandy vary, it would be difficult
to interpret the results of the analysis, so this approach was abandoned. In addition, since
it is not equivalent to refer to the largest ruling party currently in power and to refer to the
opposing parties, which are minority parties, it is not appropriate to compare the two. In
other words, the tweets that mentioned the opposition party seemed to be accompanied
by relatively strong feelings and did not fit the method of simply comparing numbers. It
is not unusual to study political communication by focusing only on tweets about a
particular group or person. For example, Kobayashi and Ichifuji (2015) attempted to
identify the impact of political communication on voters during the 2013 national election
in Japan by focusing on the tweets of the election candidate with the most followers.
Tweets that mentioned the LDP are classified as anti-LDD, neutral, or pro-LDP using a
supervised machine learning method (BERT). First, we show descriptive statistics to
clarify how much of any of these posts are present. We also compare the number of
retweets (RTs) for each classification. Given the findings of Tanihara (2022) and
Toriumi (2020) in Japan and the findings of Fan et al (2014) and Lottridge & Bentley
(2018) on tweet diffusion, we expect that in Japan, critical comments about the LDP are
more likely to spread on Twitter. This is because if negative sentiment motivates posts, then
those who are dissatisfied with the current political situation in Japan will be negative
toward the LDP. Although there are ways to separate the tweets of the general public from
those of election candidates, in this analysis, we do not distinguish between the two
because our focus is to reproduce the timeline of Twitter users as accurately as possible!.

Based on the above, we set the following hypotheses (Study 1).
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H1 Tweets critical of the LDP are more likely to be posted than tweets that are not.

H2 Tieets critical of the LDP are more likely to spread than those that are not.

Next, we analyze the sentiment of each tweet. We use a sentiment dictionary to identify
the sentiment of each tweet. Specifically, we use the JIWC dictionary, a Japanese language
emotion dictionary created by the social computing lab at Nara Institute of Science and
Technology (Shibata et al, 2017). The JTWC dictionary is a dictionary that divides
frequently occurring Japanese expressions into seven emotional categories: “sadness,”
“anxiety,” “anger,” “disgust,” “trust,” “surprise,” and “joy.” In this paper, we focus
specifically on negative sentiment. In light of related studies (Tanihara, 2022; Toriumi,
2020; Fan et al, 2014; Lottridge and Bentley, 2018), tweets classified as anti-LDP should

be accompanied by negative emotions. Thus, the following hypothesis is set (Study 2).
H3 Tiveets classified as anti-LDP are accompanied by negative sentiment.
5. Studyl

5.1. Methodology
In Study 1, we classify the collected tweets into anti-LDP, neutral, and pro-LDP using
a supervised machine learning method to clarify the distribution of discourse in the Twitter
sphere. We also compare the number of RTs of the tweets classified into each of these
categories to reveal differences in the ease of diffusion based on political attitudes.
Specifically, we processed the data in the following way: We used the Twitter API to
comprehensively collect tweets mentioning “LDP” The target time point was October 30,

2021, the day before the opening day of the House of Representatives election (335,820

1) Some may argue that tweets from election candidates should be excluded from the analysis
because of the high number of retweets, which may be outliers in terms of statistical analysis
(however, in this study, we used a nonparametric test, so the results are not affected by the mean.) .
However, doing so would exclude tweets that are frequently retweeted and easily seen by users,

which would undermine the purpose of this study.
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tweets) . Election campaigns are prohibited by law before the day of public announcement
and on the voting day. Therefore, the day before polling day was the day when the most
election-related posts were tweeted. The first objective of this study is to classify this data
into anti-LDP, neutral, and pro-LDP. To do so we employed supervised machine learning
methods. We employed a natural language processing model called BERT.

Bidirectional Encoder Representations from Transformers (BERT) is a natural language
processing model using deep learning (Devlin et al, 2019) . BERT has higher prediction
accuracy and has been used for text classification. For example, a model specific to tweets
related to the COVID-19 can classify tweets in terms of attitudes toward the corona
vaccine (positive, negative, or neutral) (Miiller et al, 2020) .

BERT and other natural language processing models are based on the distributional
hypothesis, which holds that the meaning of a word is based on its relationship to its
surrounding words. According to this hypothesis, many natural language processing
models learn the meanings of words and sentences and represent them as vectors. BERT
is based on a model called Transformer, which enables a more flexible learning of word
relations. The main idea of Transformer is that it employs only the Attention mechanism
in learning the relationships between words. Specifically, attention is a mechanism that can
consider the relationships among all words that appear in a given sentence regardless of
word order. It overcomes the problem of conventional models, which only consider
context in a unidirectional manner, and calculates on which other words to focus when
understanding the meaning of a word in a sentence in a bidirectional manner.

In this paper, BERT is used to classify whether the collected tweets are anti-LDP,
neutral, or pro-LDP. The topic model is well-known for machine learning-based document
classification. Topic model extracts the multiple topics that make up a given set of texts
and allows classification in terms of which topics embody each text (Blei et al, 2003).
However, it has been noted that this is not a suitable learning model when the texts to be
learned are short, such as tweets (Curiskis et al, 2019) . Conversely, BERT has proven to
be effective in classifying tweets, with a model created specifically for COVID-19-related
tweets (Miller et al, 2020).

BERT learning is created through two stages, namely, pre-training and fine tuning. Pre-
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training consists of two tasks, namely, Masked Language Modeling and Next Sentence
Prediction. This study uses a pre-trained Japanese language model developed by the Inui
Lab at Tohoku University (hteps:/github.com/cl-tohoku/bert-japanese/blob/main/
README.md). This model was learned from the August 2020 Japanese Wikipedia
article on general trends of word usage in Japanese. Several pre-trained models of Japanese
in BERT are available. However, we select this model, because scholars have reported high
levels of accuracy of its finetuned version in classifying Japanese tweets, which is suitable
for the study objectives (Ikegami et al. 2021; Hatanaka & Toriumi, 2022).

Fine tuning is the learning of features of a particular type of sentence to be analyzed, in
addition to the pre-trained understanding of a given language in general. For the
classification task that this paper performs, sentences with classification labels are further
trained into a pre-trained model. For example, the target is a collection of tweets that have
been assigned the labels and, neutral and pro for each of the tweets. By having BERT learn
not only the sequence of words in the sentences, but also the relationship between them
and the labels, it will be able to guess the corresponding labels given a sequence of words.
Note that while pre-training requires a large corpus and research resources, fine tuning can
be done by training a relatively small number of texts.

The authors manually coded the training data for fine tuning. We randomly selected
1,500 tweets for analysis; a university faculty member specializing in sociology and the
author classified each tweet as anti-LDD, neutral, or pro-LDP. Cronbach'’s alpha coefficient
between the two was 0.838, which was sufficiently reliable. Fine tuning was performed
using this training data. A total of 70% of the training data was used for training, and the
remaining 30% was used for testing. The purpose of this step was to measure accuracy by
having the trained model predict the labels of the 30% of the data and matching them
with the manually coded ones. Accuracy was tested and found to be 0.9933, which was
deemed sufficient for the purpose of identifying trends in big data as a whole. The study
then used the fine-tuned model to classify the data by estimating under which labels the
remaining tweets belong. The program and parameters for running the analysis by BERT
are based on the commentary and published code by Omi et al. (2021) (hetps://github.

com/stockmarkteam/bert-book) .
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5.2. Result

Table 1 presents the results of the classification using BERT: 52.4% were anti-LDP,
28.6% were neutral, and 18.9% were pro-LDP. As expected, anti-discourse is
predominant, which accounted for more than half of the total. Thus, the result support

HI1.

Table 1 Number of tweets per political attitude

tweets tweets
(excluding (including ratio (%o)
RTs) RTs)
anti-LDP 33,226 176,097 52.4%
neutral 20,310 96,138 28.6%
pro-LDP 6,040 63,585 18.9%

5.3. Comparison of the number of RTs in each category

We elucidate the relationship between political attitudes and information diffusion by
comparing the number of RTs per category. First, we compared the average number of
RTs. Contrary to expectations, pro-LDP exhibited the highest average number of diffusion
(i.e., 9.5 times) . Anti-LDP is 4.3 times, and neutral is 3.7 times. However, what is the
degree of representativeness of the average number of RTs? Out of the 59,576 original
tweets analyzed, 41,337 had zero RTs, which indicate a skewed distribution. In addition,
a few tweets received an extremely large number of RTs. Therefore, considering the
distribution of RTs as normal is difficult. The Kolmogorov—Smirnov test revealed that the

null hypothesis of a normal distribution was rejected at the p < 0.001 level.
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Table 2 Comparison of retweet counts

RT SE
anti-LDP 4.3000 0.3573
neutral 3.7335 0.4529
pro-LDP 9.5273 0.6758

Therefore, the study performed a nonparametric test to compare the levels per
classification of RT counts. We first performed the Kruskal-Wallis test, because we
compared three groups. The result indicated that the null hypothesis that the three groups
have equal rank sums was rejected at the p < 0.001 level. In addition, the Steel-Dwass test
was conducted as a post hoc test. Table 2 presents the results along with the effect sizes.
Although a statistically significant difference is noted between the two groups, the effect
size among the anti-neutral groups is extremely small, such that it cannot provide a
substantial implication. In contrast, small effect sizes were detected between pro-neutral
and pro-anti. This means that tweets classified as pro are more likely to be diffused than
those classified as nonpro. Therefore, the results reject H2. Effect size p was calculated

using the following formula (Mizumoto & Takeuchi, 2011).
Z
Yy =—7=
VN

where Z is the standardized z-value in the nonparametric test, and N is the sample size.

Table 3 Nonparametric test results (RT)
Effect Size p-value

anti-neutral 0.06 0.001
anti-pro -0.19 0.001
neutral-pro -0.27 0.001
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6. Study?2

6.1. Methodology

Study 2 is an analysis of the emotions associated with tweets. Related studies have
repeatedly pointed out that negative emotions are easily diffused. We will examine whether
this is the case in Japan.

With regard to sentiment analysis, we conducted a dictionary-based analysis. We used
the JIWC dictionary (Shibata et al, 2017, hteps://github.com/sociocom/JIWC-
Dictionary) . The LIWC (Pennebaker et al, 2015) is the de facto standard for emotion
dictionaries in the social sciences. JIWC is a Japanese emotional dictionary created by the
social computing lab at Nara Institute of Science and Technology, following in the
footsteps of LIWC. The JIWC dictionary is created from the episode bank. The episode
bank consists of “sadness,” “anxiety,” “anger,” “disgust,” “trust,” and “surprise.” The project
asked people to write about their feelings and their corresponding episodes, and collected
approximately 4,000 sentences for each emotion. The relationship between each emotion
and the words used to express it was analyzed to show the connection between a word and
various emotions. For example, the word “treatment” corresponds to “anxiety” and “trust,”
respectively.

The analysis in this paper was conducted in the following steps. First, a morphological
analysis of each tweet was performed. The parts of speech extracted were “noun,” “verb,”
“adjective,” and “adjectival verb.” MeCab was used as the morphological analyzer. Second,
for the list of morphologically analyzed words, we counted words that fit the sentiment
words registered in the JIWC. Thus, the sentiment value of each tweet was listed. The list
shown in Table 4 was created for the number of tweets. Third, the four negative emotions
of “sadness,” “anxiety,” “anger,” “disgust” were considered as negative emotions, and these
values for each tweet were added and averaged to create the negative value for that tweet.
The statistical analyses and natural language processing analyses in this paper were

conducted using Stata 16.1 and Python 3.8.3.
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Table 4 Examples of emotional value assignment

text lbel  retweet  Sadness  Anxiety  Anger  Disgust  Trust  Suprise  Joy

RYNYBAREDES € VELD b, NTELREBANFEL VR, FERBENTHEI
Aty

0 0 0 1 0 0 0 0 0

REBALYTRIAET DU SR CEFARKE Y FTLE I —ARS LT LEVADL

BEEDERE # LT > CEANHKEORAOLS, hubdis RIBALRAAKIZT L 0 0 1 4 2 5 0 2 1
THVHRRE [BE] - ENBRAANERLOICRET L TRRMRTETL £ LTRHFR
ZORFTHAOBIBbALRSOBRTECLEL &5 SRIDEOMAMIT 16 6 25
BERSESHIEE T - 9HALED REFFE (T 5 #HBEFE#Vahoo = 2 — REZAKD 0 24 0 2 1 3 0 0 1
DWEHE RS #4EH d BRE O TR hitps://t.colkBRbRSgzK.

6.2. Result

The focus of this paper is on whether tweets classified as anti-LDP are accompanied by
negative sentiment. The average negative value for each classification is shown in Table 5.
Indeed, anti-LDP tweets appear to have a higher negative value than the other
classifications. However, as with the number of RTs, doubt arises as to whether the
negative values are normally distributed. Therefore, we conducted the Kolmogorov—
Smirnov test, and the null hypothesis that the distribution is normal was rejected at the p

< 0.001 level.

Table 5 Comparison of negative value

nc;:tif:aﬁuc SE
anti-LDP 1.043 0.004
neutral 0.819 0.005
pro-LDP 0.799 0.009

Therefore, a nonparametric test was performed to compare the levels of negative values
in each category. Since we compared three groups, we first performed the Kruskal—Wallis
test. As a result, the null hypothesis that all three groups have equal rank sums was rejected
at the p < 0.001 level. In addition, the Steel-Dwass test was conducted as a post hoc test.

The results are shown in Table 6, along with the effect sizes. According to the results of the
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Steel-Dwass test, the null hypothesis that there is no difference between neutral and pro
cannot be rejected. On the other hand, although the effect sizes were small, there was a

statistically significant difference between anti-neutral and anti-pro. Thus, H3 is supported.

Table 6 Nonparametric test results (emotion)

Effect Size p-value

anti-neutral 0.15 0.001
anti-pro 0.12 0.001
neutral-pro - 0.317
7. General discussion

Based on the above, we give comprehensive discussions. Study 1 reveals that anti-LDP
tweets account for more than half of all tweets and that pro-LDP tweets are more diffused
than other tweets. While the former is as hypothesized, the latter is an unexpected result.

This indicates that anti-LDP can be a stronger motivation for posting tweets, but pro-
LDP can be a stronger motivation for RTs. Although few empirical studies have analyzed
posts and RTs separately, Tanihara (2022) provides a few hints; Tanihara (2022) provides
a few hints by analyzing the difference in the nature of posts and RTs as follows:

The psychological cost of retweeting is considered relatively lower than that of
tweeting because retweeting is a reaction to original tweets. Unlike tweeting, which
requires the creation of original text, retweeting can be done in one click. Therefore,
the decision-making process to retweet is considered to be less burdensome than the

decision to tweet (p. 78).

What does it mean that anti-LDDP is active only in posts with higher psychological costs?
To understand this, we must understand the position of LDP in Japan. First, the actual
election results were a resounding victory for the LDP (Table 7). Second, the LDP has

been in power for most of Japan’s constitutional history. Thus, every election is conducted
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with the expectation that the LDP will win. Therefore, this is not an election in which
voters choose between a conservative or liberal party, as in the United States or the United
Kingdom. In such a situation, anti-LDP is inevitably more active. This is because if
negative sentiment is the motivation for tweeting, then those who are dissatisfied with the
current political situation in Japan will be negative toward the LDP. Given the related
research on the accounts of election candidates, in which those who lag in their prior
predictions are more active on Twitter (Rossini et al., 2018), this study suggests that the

accounts of ordinary citizens display a similar trend.

Table 7 Result of the election
Number of
parliamentary seats
Liberal Democratic Party (LDP) 261
Ruling party
New Komeito (NK) 32
The Constitutional Democratic Party of Japan 06
(CDP)
Japan Restoration Party (JRP) 41
iti .
Opposition The Democratic Party for the People (DPP) 11
party
Japanese Communist Party (JCP) 10
Others 14

On the other hand, what does it mean when the level of RTs is higher for pro-LDP?
Based on Tanihara's (2022) analysis of the difference between posts and RTs, this study
infers that RTs represent a loose endorsement that does not require one to post by oneself.
This point is interesting when considered in conjunction with the fact that LDP
supporters are in the majority in actual public opinion. Table 2 shows that pro-LDP posts

are very small at 18.9%, less than neutral. However, there is a high number of diffusions.
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When examined in light of related studies, it is possible to understand that the majority is
not motivated post anything. In other words, since the LDP is expected to win the
election even if they do not contribute anything, they refrain from contributing anything
that is psychologically burdensome. However, compared to neutral voters, they have a
more positive political attitude, which can be understood as a loose endorsement in the
form of RTs.

Next, we interpret the relationship with sentiment. The results show that ant-LDP
posts are accompanied by more negative emotions than neutral and pro-LDP posts.
Although related studies suggest that anti-LDP posts with negative sentiment are more
likely to be diffused than other posts, the results of nonparametric tests suggest that pro-
LDP posts have a larger number of RTs. In other words, it can be inferred that the
diffusion effect of emotion is smaller than that of political attitude. For reference, we tried
to find the correlation coefficient between negative sentiment values and RT counts, but
the coefficient, while statistically significant, was too small and the effect on RTs was not
supported in the present analysis (r=0.0177, p< 0.001).

However, it is significant that the nonparametric test revealed in a scientific manner that
anti-LDP tweets are accompanied by negative sentiment. While we did not find evidence
that negative sentiment motivated RTs, it did motivate posts. Based on the aforementioned
difference in the nature of posting and RT, negative emotions motivate posting behavior,
which is a stronger statement of intention, rather than RT; which is a loose endorsement.
This is also interesting when considered in the context of Japan’s unique situation of a
long-term LDP administration. Since the LDP was expected to win the election, the anti-
LDP hoped to create an anti-LDP atmosphere on Twitter to change people’s voting
behavior. In other words, they had a stronger motivation to post their opinions than those
who were neutral and pro-LDP. This motivation is thought to be expressed as negative
emotions.

Emotionally charged tweets are likely to influence people. During the 2013 national
election, a field experiment was conducted on the impact of the exposure of the Twitter
accounts of prominent politicians on voters (Kobayashi & Ichifuji, 2015). The results

showed that exposure to Twitter did not affect voters’ political knowledge or voting
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behavior, but it did affect their emotions. Twitter has a 140-character limit. It is difficult
to influence approval or disapproval of an issue that requires knowledge to make a decision
in a short text. However, it is possible to appeal to emotions even with short sentences.
Thus, the fact that over half of the tweets mentioning the LDP are anti-LDP and are
accompanied by negative emotions means that the Twitter sphere can induce people to
dislike the LDP. Despite this, the actual election result was a resounding victory for the
LDP. Here, we can see the separation between public opinion in the Twitter sphere and
actual public opinion. As far as the discourse on the LDP is concerned, the opinion of
Twitter users and offline public opinion are separated in Japan.

What contribution can the above discussion make to previous research? First, what
contribution can this study make to the question, “Does social media divide society?” If
those who are anti-LDP make more posts and those who are pro-LDP retweet more, then
the information we see on Twitter is either ant-LDP or pro-LDP, and the discourse on
Twitter appears to be divided into two. This is why many people respond that the Internet
is a scary place and why those who use social media are more likely to believe that the
world is polarized (Gollwitzer, 2018 for USA; Yamaguchi, 2015 for ]apan). While
continued research is needed to determine whether social media divides society; it is, at
least, clear from this study that social media discourse is divided. These conclusions are
consistent with related research demonstrating that holding extreme views predicts social
media postings in Japan, the U.S., and South Korea (Yamaguchi, 2022). In the U.S,,
politically moderate individuals tend not to post on social media (Bail, 2021). This is
because they try to avoid being attacked by those with strong political attitudes.

Second, what contribution can this study make to the question, “Can social media
reflect public opinion during elections?” The actual election results showed a resounding
victory for the LDDP, as shown in Table 7. In other words, tweets that mention the LDP
did not predict the outcome of the election. This can be considered to represent a
characteristic of Internet public opinion. Traditional public opinion polls are conducted by
researchers or governments that distribute questionnaires at random. People answer
questions because they are asked. This is passive. On the other hand, online public opinion

is an active form of transmission. Therefore, it is theoretically possible that it is
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accompanied by relatively strong feelings. In fact, anti-LDP tweets are accompanied by
more negative feelings than other tweets. And this leads to the act of tweeting. However,
it is not representative of the actual election results.

Furthermore, this study has methodological contributions. Most previous studies on
elections and social media use lexicon-based techniques and few use deep learning
techniques (Chauhan et al, 2021) . This study is one of the few attemps to reveal aspects
of political communication on Twitter using state-of-the-art technology called BERT.
Many studies on election forecasting by social media have tried to discover how to make
forecasts more accurate. However, it is a new discovery that in some cases, such as the
Japanese case revealed in this study, there is a discrepancy between Twitter public opinion
and actual public opinion in the first place. In addition, several studies on social media and
political communication focus on the U.S., and there is a need for research in other
countries (Kubin and Sikors, 2021). Japan is in a unique situation where the LDP has
been the ruling party for a long time. Examining this situation in conjunction with
research on political communication in the U.S. and the U.K. will reveal both

commonalities and differences across cultures and situations.

8. Conclusion

In this paper, we used state-of-the-art computational social science methods to analyze
the pre-clection discourse in the Twitter sphere. This work reveals the distributions of
people’s opinions toward the ruling LDP. While the anti-LDP tweets were in the majority,
the pro-LDP tweets had the highest level of RTs. Furthermore, anti-LDP posts were found
to be accompanied by negative sentiment.

It has been suggested that political communication in the Japan’s Twitter sphere may be
a place where dissatisfaction is reinforced (Tanihara, 2022). The results of this study
support this idea. Even pre-election predictions predicted an LDP victory, and indeed the
LDP easily won. In the Twitter sphere, it is possible that those dissatisfied with the long-
running LDP government may form clusters. This could have resulted in a large number
of anti-LDP posts and accompanying negative sentiment in the Twitter sphere.

On the other hand, this paper has its limitations. As previously noted, the paper focuses
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only on tweets that mention the LDR. However, there are a number of minority parties in
Japan that are very active online (NHK Party, Reiwa Shinsengumi) . By clarifying the
characteristics of the social media discourse surrounding them, the overall picture of
political communication during elections will become clearer. Such a study would reveal
the characteristics of bias in the Japan's Twitter sphere. That is, if there is a liberal bias,
there will be more pro-tweets than anti-tweets when it comes to parties with liberal
policies. If there is a negative bias, then there will be more anti-tweets for all parties,
regardless of their policies.

As mentioned above, the political situation in Japan is unique. Unlike the U.S. or the
U.K,, Japan does not have two major political parties, and there is no situation where one
has to choose between liberal and conservative. Under these circumstances, political
communication in the Twitter sphere may be evolving in its own unique way. This paper
is novel in that it reveals that the discourse in the Twitter sphere, although limited in its

attitude toward the LDD, it showed the opposite aspect of the actual election results.
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