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ABSTRACT

As political engagement is increasingly migrating to social media platforms, understanding the emotional dynamics embedded
in online reactions has become critical to interpreting voter behavior. This study explores how Facebook’s reactions function as
affective signals of voter sentiment and predictive indicators of electoral outcomes, using the 2022 Kathmandu metropolitan
mayoral election. Drawing on emotion theory and affective information behavior, the research analyzes 322 Facebook posts related
to the campaign from three leading candidates: Balen Shah, Keshav Sthapit, and Sirjana Singh, focusing on emoji-based reactions,
shares, and comments. Sentiment scores were computed using a weighted classification of emojis, and predictive potential was
assessed through rank-order analysis and correlation with actual vote shares. The result reveals a positive correlation between pre-
election sentiment indicators and electoral outcomes. Balen Shah, who led in both emotional engagement and final vote count,
demonstrated how affective online support can signal electoral strength. Time-truncation and unweighted scoring further validated
the robustness check. Additionally, text analytics highlight Shah’s resonance with majority voters and his alignment with calls
for systemic change, contrasting with mixed sentiment toward the latter two. This study contributes to the growing literature on
digital political engagement by demonstrating that emoji reactions can serve as reliable proxies for public sentiment in emerging
democracies. The findings suggest practical implications for political strategists, campaign managers, and communication
agencies seeking to understand and respond to digital sentiment in real time.

Keywords: social media platform, sentiment analysis, emoji reaction, election campaign, voter behavior, affective information
behavior
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1. INTRODUCTION

The rise of social media has significantly reshaped the
landscape of political communication, enabling new forms
of engagement between political actors and the public.
Platforms such as Facebook, X (formerly Twitter), and
TikTok have become instrumental in political discourse.
They not only disseminate information but also shape
political campaigns (Nahon & Hemsley, 2013; Tumasjan
et al,, 2010), civic participation (Boulianne, 2020), politi-
cal protest (Theocharis et al., 2015), and voter behavior
through affective digital cues shaping voter attitudes.
Rather than functioning merely as content distribution
systems, these platforms create dynamic affective environ-
ments where users signal support, dissent, or ambivalence
in real-time.

Among social media platforms, Facebook stands out
due to its widespread adoption and rich set of emotional
affordances. It's seven emoji reactions: like, love, care,
ha-ha, wow, sad, and angry (Fig. 1), offer researchers a
granular and interpretable set of affective signals (Tian et
al., 2017). These reactions enable users to communicate
the intensity and character of their emotional stance to-
ward political messages, providing a valuable lens through
which to observe affective information behavior (AIB).
The latest studies integrating emoji reactions with natu-
ral language processing and computer vision techniques
have shown that these multimodal expressions can serve
as reliable proxies for voter sentiment (Khan et al., 2025;
Wisniewski et al., 2020). Compared to traditional surveys,
social media data offers real-time, large-scale insights
into public sentiment, with the potential to decode how
individuals emotionally process and respond to political
content (Muraoka et al., 2021; Saifeddine & Abdellatif
Chakor, 2024).

Despite growing interest in affective digital engage-
ment, much of the existing literature remains concentrat-
ed in Western contexts (Chambers et al., 2015) or larger
democracies, such as India, leaving regions like Nepal rel-
atively underexplored. Nepals increasing digital adoption
offers a compelling context to explore how AIB unfolds
in emerging democracies. Following its transition from a

monarchy to federal republic, Nepal has witnessed rapid
growth in political discourse on digital platforms, par-
ticularly Facebook (Bhattarai, 2023). Recent studies have
documented the use of social media for youth engagement
(Wagle, 2024) and political mobilization (Kharel, 2024),
but few have analyzed how Facebook’s emotional reactions
serve as behavioral indicators of political alignment.

This study seeks to address that gap by reframing Face-
book emoji reactions as affective signals within the broader
framework of AIB. Using the 2022 Kathmandu mayoral
election as a case, we examine how the digital expression
of emotions correlates with real-world electoral outcomes.
This research seeks to: (1) examine affective patterns
expressed through Facebook emoji reactions expressed
toward political candidates; (2) evaluate the predictive
power of sentiment polarity and user engagement to ac-
tual vote shares; (3) explore how nonpartisan emotional
engagement challenges traditional party-based political
alignment; and (4) demonstrate how emoji-based expres-
sions predict electoral outcomes in Nepals evolving politi-
cal landscape.

2. LITERATURE REVIEW

2.1. Social Media Platforms and Digital Political
Engagement

Social media platforms have reshaped political engage-
ment by directly enabling emotionally charged interac-
tions between candidates and voters. Platforms such as
Facebook, X, and TikTok are no longer passive informa-
tion outlets. They function as an active space where politi-
cal sentiment is expressed, shaped, and amplified in real
time (Boulianne, 2020; Persily & Tucker, 2020).

Emotional reactions have emerged as a key metric of
user sentiment on social media platforms. Tian et al. (2017)
showed that Facebook emoji reactions offer interpretable
affective signals, which are often more reliable than text-
based sentiment. Bond et al. (2012) found that emotion-
ally resonant content on Facebook could influence real-
world voter turnout, underscoring the behavioral power
of digital emotion. Several studies link social media senti-
ment to electoral outcomes. Tumasjan et al. (2010) and
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Like Love Care Ha-ha Wow Sad Angry Fig. 1. Facebook’s seven emojis.

73

http://www.jistap.org



JISTAP vou12 102

Haryanto et al. (2019) demonstrated how X and Facebook
sentiment mirrored election results in Germany and Indo-
nesia, respectively. Muraoka et al. (2021) found that love
and anger reactions to party posts correlated with public
support across 79 democracies. These findings suggest
that emoji reactions are more than mere expressions, as
they serve as behavioral signals with predictive potential.

In the context of South Asia, Agarwal and Bansal (2020)
examined Facebook posts during Indias 2017 state elec-
tion and found that sentiment polarity correlated with
candidate performance. In Nepal, Bhattarai (2023) noted
Facebooks growing role in political socialization, par-
ticularly among youth, while Upreti et al. (2025) found
that emotional engagement on Facebook correlated with
electoral success in the 2022 parliamentary election. Their
study revealed patterns in voter sentiment, messaging
strategies, and emotional tone. However, challenges in-
cluding misinformation and echo chambers can skew sen-
timent (Guess et al., 2020), and in Nepal, limited digital
access may affect representativeness (Kharel, 2024).

Despite this emerging body of work, comprehensive
analyses of Facebook-based affective signaling in Nepal
remain limited. In particular, the role of emoji reactions
and emotional cues as behavioral indicators of political
alignment remains underexplored, highlighting the need
for further research into AIB in the countrys digital politi-
cal sphere.

2.2. Emotion Theory and Affective Information
Behavior

Understanding how emotions shape information pro-
cessing is crucial for interpreting digital political behavior.
For classifying emotional responses, emotion theory pro-
vides the psychological foundation, while AIB explains
how these emotional states shape the way individuals in-
teract with information in real-world and digital environ-
ments.

Ekman (1993)’s theory of six universal emotions (hap-
piness, sadness, fear, anger, surprise, and disgust) offers a
widely accepted framework for decoding affective expres-
sion. Similarly, Plutchik (1965)s wheel of emotions illus-
trates how primary emotions blend into complex affective
states that influence perception, communication, and
decision-making. In digital spaces like Facebook, emoji re-
actions such as love, care, anger, or sadness serve as proxies
for these emotional expressions, allowing users to commu-
nicate affective responses to political content on a scale.

To further explore this emotional analysis with infor-
mation science, this study draws from the field of AIB,
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which explores how emotional states influence infor-
mation seeking, processing, and use. Kuhlthau (1991)’s
information search process (ISP) model was among the
first to integrate affect, identifying phases of uncertainty,
optimism, confusion, and relief during search behavior.
Nahl (2007) later expanded this with a tripartite model in-
corporating affective, cognitive, and sensorimotor dimen-
sions. Savolainen (2015) emphasized the everyday, contex-
tual nature of affective engagement, where emotions guide
not only what information individuals attend to, but also
how they evaluate and act upon it.

In this study, Facebook emoji reactions are conceptual-
ized not just as affective signals but as manifestations of
collective emotional information processing. Users react-
ing to political posts on social media are engaging in a
form of public affective behavior—an expression of senti-
ment that reflects not only individual preferences but also
broader political association. By aggregating and analyzing
millions of such reactions, we argue that these aggregated
affective signals function as behavioral indicators, offering
predictive insight into electoral outcomes. This integration
of emotion theory with AIB thus enables a more holistic
understanding of how affect drives both digital engage-
ment and real-world political decision-making.

3. RESEARCH QUESTIONS AND HYPOTHESES

This study explores the extent to which Facebook reac-
tions serve as a real-time indicator of voter sentiment and
electoral outcomes based on the 2022 Kathmandu met-
ropolitan election in Nepal. Due to Nepals growing social
media penetration and its evolving democratic landscape
(Kharel, 2024), this context presents a unique opportu-
nity to examine how digital engagement reflects political
preferences. Thus, the central research question guiding
this study is: To what extent do Facebook emoji reactions
reflect AIB during mayoral political campaigns, and how
might they serve as predictors of collective political senti-
ment?

To address this question, we propose the following hy-
potheses:

H1: Facebook emoji reactions reflect users’ emotional
responses toward political candidates during electoral
campaigns.

H2: Pre-election emotional expressions on Facebook
can predict electoral outcomes.

H3: Emoji reactions signal voter sentiments towards
candidates, independent of party affiliation.
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These three hypotheses are tested through the analysis
of emoji reactions, post shares, and comments on Face-
book posts related to campaigning from April 26 to May
10, 2022, focusing on three prominent candidates: Balen
Shah, independent; Keshav Sthapit, Communist Party of
Nepal-United Marxist-Leninist (CPN-UML); and Sirjana
Singh, Nepali Congress (NC). By focusing on Nepal, this
research extends the global discourse on social media’s
electoral influence, which is often centered on Western
contexts, and contributes to understanding digital politics
in emerging democracies. Insights from the study could
inform campaign strategies, enhance electoral predictions,
and shape policies for digital governance, offering lessons
for South Asia and beyond.

4. METHODOLOGY

This study employs a multi-step methodology designed
to analyze Facebook engagement as a behavioral signal
of voter sentiment and electoral outcomes. Our approach
integrates sentiment classification, engagement normal-
ization, predictive analysis, and robustness check. This
section is organized into three subsections: (1) Data col-
lection and sample, (2) Sentiment categorization and scor-
ing, and (3) Predictive signal assessment.

4.1. Data Collection and Sample

We collected data from the official Facebook pages of
three major mayoral candidates in the 2022 Kathmandu
metropolitan election: Balen Shah (independent), Keshav

Table 1. Candidates’ demographics

Sthapit (CPN-UML), and Sirjana Singh (NC). These may-
oral candidates were selected due to their prominence and
public engagement throughout the campaign. Given the
capital citys central political role and strong digital infra-
structure, the election attracted a highly engaged online
audience.

Table 1 summarizes the demographic and politician
background of the three main candidates in the 2022
Kathmandu mayoral election. Balen Shah, a 35-year-old
independent candidate and structural engineer with a
background in rap music, appealed strongly to younger,
digitally active voters through his outsider image and
reform-oriented message. In contrast, Keshav Sthapit, a
69-year-old seasoned politician from the CPN-UML with
prior experience as mayor (1997-2006), drew support
from older, traditional party members. Sirjana Singh, aged
63 and representing the NC, came from a well-established
political lineage and was supported primarily by unions
and party-affiliated constituents.

Earlier, a national newspaper conducted an opinion
poll in the days before the election (Setopati Team, 2020).
The poll results showed that Shah, the independent can-
didate, was in the lead, followed by Sthapit from the CPN-
UML party in second place, and Singh from the NC party
in third place. The poll also revealed minimal support for
other candidates, reflecting the preferences of voters who
had not decided yet (Fig. 2).

To mimic real-time predictive analysis, we retrieved
Facebook posts, reactions, comments, and shares from
April 26 to May 10, 2022, excluding the final three days to

Name Balen Shah Keshav Sthapit Sirjana Thapa
Age 35 years (born in 1990) 69 years (born in 1956) 63 years (born in 1962)
Education Master's degree Bachelor's degree Master's degree
Profession Rapper, structural engineer, politician Politician Politician

Party affiliation

Political experience

Party founded
Total membership
Election date
Constituency

Votes cast/total

Independent

13 May 2022
Kathmandu Metropolitan

61,767/159,906

Communist Party of Nepal-United
Marxist Leninist

Past mayor (1997-2006)

1991
855,000 (2021)

38,117/159,906

Nepali Congress

Former youth leader/chairperson
(women’s union)

1950
870,106 (2021)

38,341/159,906
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[ Balen Shah
Il Keshav Sthapit
[ Sirjana Singh
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@ Undecided

Fig. 2. Opinion poll for mayoral candidates in percentages.

avoid post hoc bias. Preprocessing included the removal
of spam, duplicates, and non-emotive content to ensure a
high-quality dataset for sentiment evaluation.

4.2. Sentiment Categorization and Scoring

The initial task involved categorizing Facebook emo-
jis into five impressions: very positive, positive, neutral,
negative, and very negative expressions (Table 2), drawing
on the emotional models identified by Ekman (1993) and
Plutchik (1965), which primarily delineate three types of
emotions. We assigned a weighted sentiment score to each
reaction type based on its implied emotional value into
positive (e.g., love, care, and like), negative (e.g., sad and
angry), and neutral (e.g., ha-ha and wow) reactions. These
emojis were deemed universally applicable to any text,
audio, video post, or share on the platform. To further
ensure reliability, we calculated the weights using a pilot
study with human annotators, achieving an inter-rater
agreement.

Users typically employ the ‘like’ emoji when express-
ing agreement and positive sentiment on a post. The ‘care
reaction is used to convey empathy, kindness, and under-
standing, and it is also inclined towards positive feelings.
Expressing greater affection, users utilize the love’ emoji,
considered twice as strong as the like and care emoji, to
ensure an accurate calculation of positive polarity on
Facebook.

On the other hand, ‘sad’ and ‘angry’ reactions were used
to express disapproval or frustration. Given its heightened
intensity, the ‘angry’ emoji was assigned double the weight
of ‘sad’ Emojis such as ‘ha-ha and ‘wow’ were treated as
context-dependent: ‘ha-ha; often used sarcastically in po-
litical discourse, was classified as negative, while wow was
considered neutral to mildly positive, particularly when
found in combination with other favorable reactions. Uti-
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Table 2. Description of Facebook emoji

Emojis Description Impression

Love Users show strong support for the Very positive
Facebook post

Care Users show support for the Positive
Facebook post

Like Users show pleasure towards the Positive
Facebook post

Ha-ha Users show sarcasm, but the feeling  Neutral
is neutral

Wow Users show surprise, but the feeling ~ Neutral
is neutral

Sad Users were upset by the Facebook Negative
post

Angry Users were completely upset by the ~ Very negative

Facebook post

lizing these data, the overall positive and negative senti-
ments were calculated accordingly as follows:

Total positive sentiment=like+care+wow+2xlove )
Total negative sentiment=ha-ha+sad+2xangry

Table 3 illustrates the sum of all seven emojis, includ-
ing followers, posts, comments, and shares. Balen Shah
had 30 posts, Keshav Sthapit had 168 posts, and Sirjana
Singh had 124 posts on their respective Facebook walls.
The cumulative number of posts amounted to 322, and all
the emotions and reactions, including followers associated
with each post and candidates, were meticulously ana-
lyzed.

Using the first formula and data from Table 3, we cal-
culate the total positive and negative sentiments in Table 4
below.

Based on the data of total positive and negative senti-
ment, each posts net sentiment polarity was calculated as:

Sentiment polarity

__Total positive sentiment-total negative sentiment (2)

Total sentiment reactions

4.3. Predictive Signal Assessment

To evaluate the predictive potential of affective engage-
ment of Facebook, we employed a combination of inter-
pretable, signal-based approaches grounded in sentiment
metrics and pre-election data. These included:
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Table 3. Facebook posts and reactions

Candidate (party) Balen Shah (independent)  Keshav Sthapit (CPN-UML) Sirjana Singh (NC) Total
Followers 1,400,000 209,000 13,000 1,622,000
Posts 30 168 124 322
Facebook engagement

Comments 81,041 6,629 9,127 96,797
Shares 39,875 2,150 5,185 47,210
Likes 884,000 122,288 96,127 1,102,415
Emotion reactions
Love 668,700 4,897 8,257 681,854
Care 84,465 399 444 85,248
Ha-ha 2,179 6,068 510 8,757
Wow 5,786 159 82 6,027
Sad 153 39 14 206
Angry 69 180 43 292

CPN-UML, Communist Party of Nepal-United Marxist-Leninist; NC, Nepali Congress.

Table 4. Total positive and negative sentiments

Total positive  Total negative

Oz sentiments sentiments
Balen Shah (independent) 2,311,651 2,470
Keshav Sthapit (CPN-UML) 132,580 6,467
Sirjana Singh (NC) 113,167 610
Total impact 2,557,398 9,547

CPN-UML, Communist Party of Nepal-United Marxist-Leninist; NC,
Nepali Congress.

(i) Rank-order comparison between digital sentiment
metrics and vote shares.

(ii) Pearson correlation to quantify the strength of asso-
ciation.

Key indicators such as average sentiment polarity, en-
gagement rate (e.g., reactions, shares, comments per 1,000
followers), and overall emotional reaction scores were
computed for each candidate and compared against their
final vote percentage. To further strengthen this analysis,
we applied the logarithmic sentiment index developed by
Oh and Kumar (2017), which expresses the ratio of posi-
tive to negative reactions:

©)

1+Total positive ]

Sentiment index:Ln[ ,
1+Total negative

This framework enabled a focused assessment of
whether Facebook-based affective expressions collected
before elections could meaningfully signal voter support.
The strong alignment between sentiment indicators and
electoral outcomes highlights the potential of social media
data for early-stage electoral forecasting and behavioral
analysis in digital political environments.

5. DATA ANALYSIS AND FINDINGS

5.1. Findings from Emotions and Engagement

Table 5 reveals great contrasts in both emotional in-
tensity and engagement patterns across the three mayoral
candidates. Balen Shah has an exceptionally high emotion
score of 1,429,539, compared to just 17,450 and 16,021 for
Sirjana Singh and Keshav Sthapit, respectively. This shows
many folds of difference, suggesting that Shah not only
generated more interactions, but also evoked far stronger
emotional responses among Facebook users. His posts
elicited highly affective reactions, indicating that followers
were not merely passive consumers of content but deeply
engaged participants.

In terms of engagement rate and reactions per 1,000
followers, Shah again dominated, with values of 980 out-
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Table 5. Engagement rate and sentiment rate

Candidates Emotion score Engagement rate Reactions rate Shares per post Comments per post
Balen Shah 1,429,539 980 980 1,329 2,701
Keshav Sthapit 16,021 243 243 12.8 39.5
Sirjana Singh 17,450 355 355 42.8 73.6
—e— Balen Shah Table 6. Sentiments vs. voting results
140,000 A —e— Keshav Sthapit
Sirjana Thapa Candidates  Netsentiment  Sentiment  Actual vote
_ 120,000 - polarity index share
g 100,000 - Balen Shah 1.00 (st) 6.84 (1st) 38.64% (1st)
g 80,000 - Keshav Sthapit 0.91 (3rd) 3.02 (3rd) 24.03% (2nd)
% 60,000 - Sirjana Singh 0.99 (2nd) 5.22 (2nd)  23.83% (3rd)
g 40,000 -
20,000 A cantly higher engagement, peaking at nearly 120,000 on
N | | . | | \.\ | May 4 before declining later. In contrast, Sthapit and Singh

Apr.26 Apr.28 Apr.30 May.2 May4 May.6 May.8 May.10

Fig. 3. Daily Facebook engagement trend.

pacing Singh (355) and Sthapit (243) by fair margins. This
indicates that his emotional appeal translated into active
engagement on a per-follower basis, further reinforcing
the notion of authentic resonance between candidate and
audience.

Notably, Shah also led in shares per post (1,329) and
comments per post (2,701), both orders of magnitude higher
than Singh (42.8 shares, 73.6 comments) and Sthapit (12.8
shares, 39.5 comments). High sharing rates suggest that
Shah’s content was not only engaging but amplified or-
ganically through network effects, reaching a broader au-
dience and reinforcing campaign visibility. The volume of
comments further reflects a high level of public discourse
and two-way interaction surrounding his candidacy.

Together, these metrics reflect a candidate whose cam-
paign successfully leveraged affective communication and
participatory momentum on Facebook. The scale and
depth of digital engagement observed for Shah support
the broader finding that emotion-driven social media ac-
tivity is a meaningful predictor of electoral support.

Similarly, Fig. 3 shows the average Facebook engage-
ment (likes, shares, and comments) for each candidate,
calculated over two-day intervals from April 26 to May
10, 2022. Balen Shah began his campaign on April 28 but
quickly gained traction, consistently leading with signifi-
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showed relatively low and stable engagement, with minor
fluctuations. The stark contrast highlights Shah’s strong
digital presence and sustained public interest during the
campaign period, aligning with his eventual electoral suc-
cess.

5.2. Findings from Predictive Signals

To assess the predictive strength of Facebook reactions,
we compare each candidate’s pre-election sentiment indi-
cators with their actual vote share.

A rank-order comparison was conducted to evaluate
the alignment between pre-election sentiment metrics
and actual electoral outcomes based on both average
sentiment polarity and the logarithmic sentiment index.
Balen Shah consistently ranked first across all three di-
mensions—average polarity (1.00), sentiment index (6.84),
and vote share (38.64%), demonstrating a strong align-
ment between emotional engagement and electoral suc-
cess. Although Singh and Sthapits vote shares were nearly
identical (23.83% and 24.03%, respectively), their positions
were reversed compared to their sentiment ranks (Table 6).
Despite this minor discrepancy, the overall ranking demon-
strates strong alignment between affective digital engage-
ment and electoral performance, reinforcing the predic-
tive value of pre-election Facebook sentiment signals.

To further evaluate the relationship between online
sentiment and electoral outcomes, a Pearson correlation
was conducted using both the sentiment index and net
sentiment polarity. The correlation between the log-trans-
formed sentiment index and vote share was r=0.81, indi-
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cating a strong positive association. This metric reflects
the relative dominance of positive sentiment over nega-
tive. A moderate correlation was observed between net
sentiment polarity and vote share (r=0.58), suggesting that
the overall emotional tone of user reactions (particularly
the balance between positive and negative sentiment) was
meaningfully aligned with electoral performance. This
was evident in Shahs case, where high user engagement
and affective support corresponded closely with voting
outcomes.

These findings suggest that Facebook sentiment signals
(net polarity and sentiment index) offer a reliable behav-
ioral proxy for electoral support when measured prior
to elections. However, minor rank mismatches between
sentiments and vote share, as seen between Singh and St-
hapit, indicate that offline factors such as party affiliation,
demographic outreach, or mobilization strategies may still
influence voting outcomes beyond what is captured digi-
tally.

5.3. Robustness Checks

To ensure the reliability of our findings, we conducted
two robust validation tests. First, we conducted a time-
truncation analysis by excluding the final three days of
Facebook data (May 8-10) from the dataset. After trun-
cating, 201 posts remained across all candidates. Keshav
Sthapit had the most posts, followed by Sirjana Singh and
Balen Shah, consistent with the post distribution in the
full dataset. We then ran the sentiment analysis on the
truncated dataset and compared the results with the actual
vote share. While the correlation between sentiment anal-
ysis and vote share declined slightly (r=0.78), the ranking
of candidates and the overall predictive direction remain
unchanged. This suggests that the models predictive
strength is not solely dependent on last-minute surges in
online engagement but instead reflects more stable affec-
tive patterns throughout the campaign (Jaidka et al., 2019).

Second, we tested the robustness of our sentiment
scoring method by removing the emotion-based weight-
ing assigned to specific emoji reactions. In this unweight-
ed model, all reactions were treated equally, so each emoji
contributed to one unit regardless of its affective intensity.
While this simplified approach still yielded a strong corre-
lation between sentiment polarity and vote share (r=0.62),
the predictive precision declined slightly compared to the
weighted model. This result reinforces the theoretical and
empirical value of emotion-weighted scoring, which cap-
tures varying degrees of affective expression and improves
the sensitivity of the sentiment-vote relationship (Giuntini

etal.,, 2019; Tian et al., 2017).

These checks confirm that our results are not depen-
dent on a specific time window and emoji weighting
scheme, strengthening the claim that Facebook emoji re-
actions are robust behavioral signals of electoral sentiment
(Hauthal et al., 2019).

5.4. Findings from Text Analytics

We conducted text analytics of Facebook comments
directed toward mayoral candidates Balen Shah, Keshav
Sthapit, and Sirjana Singh to uncover the most frequently
mentioned messages, terms, and sentiments associated
with each. Using techniques such as word clouds and sen-
timent analysis, we gained valuable insights into the nar-
ratives and conversations of the electorate. Word clouds
offer a visually intuitive method for highlighting com-
monly used terms, making them crucial for identifying
key public conversations.

We began by analyzing the word cloud for Balen, who
received the most comments—76,141 in total, which
is 85% more than the combined total for the other two
candidates. Most of these comments were positive, with
phrases like T support Balen; ‘my vote for Balen, and ‘time
for change’ appearing frequently (Fig. 4). Additionally,
many comments from users included terms like ‘youth’
and similar phrases, such as ‘vote for youth, ‘youth for
change; ‘youths of Kathmandu, and ‘Balen rock’ Balen’s
posts primarily featured photos from campaign rallies
and live videos. He was the first to announce his mayoral
candidacy and start a Facebook campaign. Judging by the
comments and rally videos, it appears that he had many
young supporters. On the negative side, Shah was under-
estimated for his independent candidacy without the sup-
port of any political party, which is a significantly neces-
sary factor in Nepals partisan political landscape.

In the word clouds for Keshav Sthapit and Sirjana
Singh, we observed a noticeable concentration of support
for their rival, Shah, with comments like ‘vote for Balen’
and ‘this time it is Balen’ appearing occasionally. Despite
this, there were numerous positive comments for both
candidates. Keshav Sthapit’s posts received comments such
as ‘good luck; ‘congratulations; and ‘be the best again, re-
flecting his previous tenure as mayor two decades earlier
from 1997 to 2006, as he sought this position for a second
time. Similarly, Sirjana Singh’s posts attracted comments
including ‘best wishes, ‘Jay (hail) Nepal, ‘congratulations,
and ‘gentlewoman’ However, despite support from various
unions, including those representing teachers, students,
traders, and drivers, both candidates also faced substantial
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criticism. Keshav Sthapit was criticized with comments
like ‘please talk less’ and ‘you are not eligible; while Singh
encountered remarks such as ‘no nepotism, and ‘shame to
Ganesh Man’ Mrs. Singh comes from a prominent politi-
cal background, with her husband serving as a parliamen-
tarian and her father-in-law, Ganesh Man, a significant
figure in Nepals political history. She was often criticized
for alleged candidacy bargaining and partisan politics.
Additionally, users who expressed support were derogato-
rily referred to as jholye’ (porter) and ‘bheda’ (sheep). The
term jholye’ is used to describe people who blindly carry
a politicians ideology or actions, while ‘bheda’ refers to
those who follow their leaders or the crowd without much
knowledge.

Our analysis shows that in the days leading up to the
election, there was a high volume of positive comments,
particularly targeting Shah, and negative comments
targeting Keshav Sthapit and Sirjana Singh, which may
have contributed to the polarity for them. Unfortunately,
Facebook posts about election rallies and meetings by the
latter two major political candidates were either sparsely
commented on or met with negative sentiments.
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6. DISCUSSION

To our knowledge, this study marks the first empirical
attempts to analyze Nepals mayoral election through the
lens of Facebook emoji reactions and behavioral signals
of voter sentiment, interpreted with the AIB framework.
Nepal's evolving digital landscape and unique political
dynamics make this investigation timely and significant,
contributing to broader understandings of digital politi-
cal engagement in emerging democracies (Boulianne,
2020; Boulianne & Larsson, 2023). By examining how
emoji reactions reflect emotional information processing,
this study advanced AIB by showing how digital affective
signals shape voter decision-making (Kuhlthau, 1991;
Savolainen, 2015).

The findings support all three hypotheses. First, Face-
book emoji reactions reflect users emotional responses to
political candidates, serving as proxies for AIB processes
such as emotional evaluation and preference formation
(Nahl, 2007). Sentiment distribution and polarity scores
closely aligned with voting behavior, supporting studies
that endorse social media sentiment as a reliable proxy for
public opinion (Ceron et al., 2023; Sandoval-Almazan &
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Valle-Cruz, 2020). Similar findings from India (Rita et al.,
2023) reinforce this, although Jungherr et al. (2012) cau-
tion that social media users may not fully represent the
electorate, suggesting emoji reactions be interpreted as
behavioral signals rather than precise forecasts.

Second, the predictive value of engagement was evi-
dent, with candidates showing higher positive sentiment
and interactions (reactions, shares, comments) perform-
ing better at the ballot box. Rank order analysis (Balen
at number 1 on all) and Pearsons correlation (r=0.81 for
sentiment index, r=0.58 for polarity) confirm that emoji-
driven engagement predicts vote shares, echoing Bond et
al. (2012) and Oh and Kumar (2017). However, contextual
factors like limited digital access, misinformation, or of-
fline mobilization may mediate online sentiments in dif-
ferent environments (Sandoval-Almazan & Valle-Cruz,
2020).

Third, emotional engagement extended beyond party
lines, with independent candidate Balen Shah generating
the most intense positive reactions due to his perceived
integrity and issue alignment. This suggests that emoji
reactions reflect AIBs assessment of candidates’ authentic-
ity, and this perceived authenticity, as interpreted through
AIB, subsequently influence voter decisions beyond party
loyalty (Savolainen, 2015). Shahs passionate, issue-focused
communication (Gautam, 2022) aligns with research on
personalized engagement (Enli & Skogerbe, 2013), with
parallels to nonpartisan campaigns such as Emmanuel
Macrons in France (Cole, 2022). However, party identity
remains influential where echo chambers persist (Barber3,
2015).

Overall, this study highlights emoji reactions as AIB-
driven indicators, offering diagnostic and predictive
insights into voter sentiment in Nepal. Timer-truncation
and unweighted sentiment analyses ensured robust re-
sults, providing a methodological foundation for future
studies in emerging democracies.

7. IMPLICATIONS FOR THE STUDY

This study highlights the importance of AIB in un-
derstanding digital political engagement on social media
platforms, contributing to both AIB and political com-
munication. Drawing from emotion theory (Ekman,
1993; Plutchik, 1965) and the AIB framework (Kuhlthau,
1991; Nahl, 2007; Savolainen, 2015), the findings demon-
strate that emotionally charged expressions, specifically
Facebook emoji reactions, serve as reliable behavioral
predictors of electoral outcomes. The positive correlation

between pre-election sentiment polarity and vote share
validates the role of collective emotional information pro-
cessing in shaping voter decision-making, advancing AIB
by showing how digital affective signals reflect and predict
real-world behaviors.

This study’s results extend Kuhlthau (1991)’s ISP model
by illustrating how emotions like enthusiasm (expressed
via love and like reactions) or dissatisfaction (angry and
sad reactions) guide users interactions with political in-
formation, influencing their voting decisions. Similarly,
Nahl (2007)s emphasis on affective states as drivers of in-
formation behavior is supported by the high engagement
rates and emotional intensity observed for Balen Shah,
whose campaign resonated with users’ desires for change
and authenticity. By demonstrating how emoji reactions
serve as proxies for collective emotional processing, this
study enriches the AIB framework, showing that these
reactions are not merely expressions but predictive indica-
tors of behavioral decision-making in democratic contexts
(Fulton, 2009; Lopatovska & Arapakis, 2011).

The findings offer multifaceted practical implications
for political strategists, campaign managers, and political
communication agencies in digitally connected societ-
ies. First, social media platforms such as Facebook offer
real-time feedback on voter sentiment based on emoji
reactions (love, care, like, sad, wow, ha-ha, and angry),
enabling dynamic adjustment to campaign messaging. Po-
litical strategists can employ analytics tools like Hootsuite
or Sprout Social to monitor sentiment shifts, craft emo-
tionally resonant content that fosters stronger voter con-
nections, and adjust messaging in real time. For instance,
they might emphasize empathetic narratives when “sad”
reactions spike to build trust and engagement effectively.

Second, Balen Shah’s success as an independent can-
didate, driven by strong emotional appeal, demonstrates
that affective engagement is not tied to political party af-
filiation, aligning with AIB’s findings on the role of emo-
tional authenticity in shaping public trust and engagement
(Savolainen, 2015). This trend suggests that modern elec-
torates, particularly those active in digital space, respond
more positively to candidates who communicate clearly to
show genuine concern on social issues, rather than relying
on traditional party-based rhetoric. Campaign managers
can focus on sincere, issue-based communication that
centers a candidates vision and relatable appeal. Practical
steps include posting a video about their effort to address
local healthcare access or hosting live Q&A sessions to di-
rectly engage with voters' concerns.

Third, this study signals a broader shift from tradition-
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al clientelist and identity-driven politics to more personal-
ity-driven nonpartisan politics. Emotional expressions on
platforms like Facebook indicate that voters increasingly
value accountability, transparency, and competence over
traditional loyalty-based appeals. Political actors or com-
munication agencies should adapt messaging strategies,
accordingly, focusing on relevant emotionally grounded
narratives that build trust and engagement. This could in-
volve crafting authentic stories around candidates’ values
and actions, emphasizing competence and responsiveness
to public concerns, and leveraging emotional cues to con-
nect with audiences on a personal level.

8. LIMITATIONS AND CONCLUSION

This research has several limitations that warrant con-
sideration. First, Facebook users do not always truthfully
represent their sentiments and behaviors in political posts,
thus raising doubts about whether reactions to Facebook
posts truly reflect their voting behavior. Moreover, citizens
often criticize politicians regarding accountability, scan-
dals, and campaigns. Online activities tend to elicit more
impulsive and aggressive behavior, which may influence
sentiments towards political parties. Secondly, contextual
factors such as the political inclinations of voters, Internet
accessibility, and candidates’ political backgrounds were
not considered, factors that could influence voters deci-
sions and sentiments. Future studies could explore the
varied effects of these contextual elements.

Despite these limitations, this study contributes to a
deeper understanding of affective engagement in digital
political spaces, using the 2022 Kathmandu metropolitan
election as a case to explore how Facebook reactions func-
tion as behavioral signals of voter sentiment. By analyzing
over 300 campaign-period posts and millions of emoji re-
actions, the study provides evidence that Facebook engage-
ment, particularly affective expressions, can offer insight
into public sentiment and predict electoral outcomes.

As the use of social media in political communication
continues to expand, this study highlights the significance
of interpreting emotional engagement not only as online
behavior, but as part of broader affective information
practices. Facebook reactions, when analyzed thoughtful-
ly, can serve as indicators of political alignment, campaign
resonance, and shifting voter priorities, making them a vi-
tal tool for political analysis and strategy in diverse demo-
cratic contexts.
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