






61

***
ns

***
***

A

B

C D

Figure 1: The proportion of candidate tweets (A) and candidate tweet replies (B) with a given ideological
stance (*: p < 0.05, **: p < 0.01, ***: p < 0.001). The average number of replies of a certain stance made
to (C) Democrat and (D) Republican candidates per candidate tweet, as well as the average engagement
metrics (likes, retweets, views, replies) such replies receive. RDiT analysis of the ideological stance of
tweets in the two weeks surrounding major political events. (E) First presidential debate between Biden
and Trump; (F) Supreme Court ruling that a president has absolute immunity from criminal prosecution for
core constitutional powers; (G) Trump’s attempted assassination during a rally in Pennsylvania.

z = 12.60, p < 0.001), suggesting that Republican-
aligned Twitter users were more active in replying
to the tweets of both Democrat and Republican
candidates. Indeed, this effect was amplified after
Trump’s return to Twitter. While there was no signif-
icant impact on the reply distribution to Democrat
candidate tweets (PD: p = 0.08, AD: p = 0.98),
replies to Republican candidates (i.e., both Trump
and JD Vance, as opposed to only JD Vance), were
significantly less likely to be of an Anti-Republican
stance (p < 0.01), and significantly more likely to
be Pro-Republican (p < 0.01).

RQ3: Given that replies to political candidates
on both sides of the political aisle skewed Republi-
can (either Anti-Democrat or Pro-Republican), next,
we analyze the engagement these replies received.
Figures 1C and 1D depict the average number
of replies of a certain ideological stance made to
Democrat candidates (Fig. 1C) and Republican can-
didates (Fig. 1D), as well as the average number of
likes, retweets, views, and replies each reply tweet
receives on average. Here, each column repre-
sents a separate heat map, or in other words, cell

colors are computed relative to other values within
the cell’s column. Columns colored in red represent
the average number of replies a candidate tweet
receives on average, while those colored in green
represent the various engagement metrics in ques-
tion. As shown in Fig. 1C, for replies to Republican
candidates, PR replies were both the most common
type of reply (335 replies on average), and received
the most engagement on average. However, for
Democratic candidates, this is surprisingly not the
case. As can be seen in Figure 1D, while the ma-
jority of replies received by Democratic candidates
were classified as AD (201 replies on average),
these replies received far less engagement than
PD replies. This dichotomy in reply rate to reply
engagement seen by Democratic candidates offers
potential future inquiries into why this difference
exists. Indeed, this could be driven by a number of
factors, such as the “muting” habits of supporters
of the Democratic party, bot comments, or a result
of algorithm-driven reply visibility.

RQ4: To estimate the impact of major political
events on the average ideological stance of tweets,
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we use a regression discontinuity in time (RDiT) de-
sign which is commonly used to study the treatment
effect in quasi-experiments. Specifically, we focus
on three major political events in the lead up to the
2024 U.S. election, namely, the first presidential de-
bate between Biden and Trump on June 27th, the
Supreme Court’s ruling on presidential immunity on
July 1st, and Trump’s attempted assassination on
July 13th. Specifically, here, we isolate a sample of
1000 tweets per day for each day two weeks before
and after a given event.

Starting with the debate (Fig. 1E), we estimate
that this event did not have a significant impact
on Democrat-aligned (p = 0.41) or Republican-
aligned (p = 0.30) tweets as a whole. However, fur-
ther delineating the type of alignment within each
set shows that the debate caused a 20.1% drop
in AD tweets (p < 0.01) coupled with a 66.0%
increase in PR tweets (p < 0.01). Conversely,
the debate caused a sharp 58.8% increase in AR
tweets (p < 0.001) and a 49.4% decrease in PD
(p < 0.05) tweets, suggesting differing ideolog-
ical reactions to the debate from supporters of
each party. With regards to the Supreme Court
ruling (Fig. 1F), while we do not find a significant
impact on Republican aligned tweets as a whole
(p = 0.37), we do see a significant increase in PR
tweets (148%, p < 0.01) and a significant drop
in AD tweets (-31.6%, p < 0.001). On the other
hand, we do find a significant change in Democrat-
aligned tweets (81%, p < 0.001), primarily driven
by a 336% increase in AR tweets (p < 0.001), cou-
pled with a 34% drop in PD tweets (p < 0.05).
Lastly, in response to Trump’s attempted assas-
sination (Fig. 1G), we find significant differences
in both Democrat-aligned (-22%, p < 0.05) and
Republican-aligned tweets (27%, p < 0.001). The
drop in Democrat-aligned tweets was driven by 65%
(p < 0.001) drop in PD and a 51% (p < 0.001)
increase in AR tweets. In contrast, the rise in
Republican-aligned tweets were primarily due to
a 277% (p < 0.001) increase in PR tweets, with a
23% (p < 0.001) drop in AD tweets. We repeat this
analysis while isolating tweets made in the 7 and
21 days surrounding each event, and find largely
similar results.

Across all three events, we see two common
patterns. Specifically, after each event, there was
a significant increase in both AR and PR replies,
coupled with significant decreases in both PD and
AD replies, suggesting that discourse surrounding
each event centered around support or criticism
of Trump or the Republican party generally, from
constituents of both parties. These results, as a
whole, offer insights into the ideological positioning
of tweets made both by political candidates specif-
ically, and Twitter users broadly, in the lead-up to
the 2024 U.S. election.

4. Discussion and Limitations

Due to the nature of the dataset analyzed, there are
a number of limitations with regards to our analysis.
Firstly, the dataset is not a comprehensive list of all
political tweets on Twitter, and therefore, the results
illustrated above only represent a sample of both
candidate tweets and their replies. Nonetheless,
given that our analysis focuses on a comparison
in political alignment rates of candidate tweets and
their replies, limitations based on tweet collection
frequency should apply uniformly to tweets from
both ends of the political spectrum.

Second, our classification pipeline relies on
zero-shot prompting of three general-purpose
LLMs. While the resulting accuracy and agree-
ment with human annotators are high (Table 1),
we did not compare the ensemble against super-
vised, fine-tuned encoder-based models such as
BERTweet (?) or RoBERTa (?). Prior work has
shown that such models can perform competitively
on structured classification tasks while being con-
siderably more computationally efficient. A sys-
tematic comparison between LLM-ensemble and
fine-tuned approaches remains an important direc-
tion for future work.

Third, our analysis of the reply corpus does not
incorporate bot detection or filtering for coordinated
inauthentic behavior. Given the well-documented
prevalence of automated accounts during electoral
periods on Twitter/X (?), it is possible that some
proportion of the reply-level stance distributions
are influenced by non-human activity. The engage-
ment discrepancies observed in RQ3—where Anti-
Democrat replies to Democratic candidates were
frequent but received relatively low engagement—
may partly reflect such automated behavior. Future
work should incorporate bot detection methods to
assess the sensitivity of the observed patterns to
the presence of automated accounts.

Fourth, our analysis is conducted exclusively on
Twitter/X, which underwent significant algorithmic
and policy changes throughout 2024 under its new
ownership, including modifications to content mod-
eration practices, verification systems, and recom-
mendation algorithms. These platform-level shifts
may have influenced content visibility, user engage-
ment patterns, and the composition of replies in
ways that are difficult to disentangle from genuine
ideological dynamics. Extending this analysis to
other platforms such as TikTok, Bluesky, or Truth
Social would help contextualize the extent to which
the observed patterns are specific to Twitter/X or
reflective of broader online political discourse.

Fifth, this study focuses exclusively on the two
major U.S. political parties and their candidates.
Third-party candidates—such as those from the
Green or Libertarian parties—were not included
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in the analysis. While these candidates received
comparatively less attention on Twitter/X during
the 2024 election cycle, their exclusion means that
our five-category classification scheme may not
fully capture the breadth of ideological positioning
present in online discourse. Future work could in-
corporate a broader set of political actors to provide
a more comprehensive picture of the ideological
landscape.

Future work may explore both the detection and
influence of bot accounts in the context of promoting
particular political ideologies. Furthermore, future
work could examine the evolution of ideological
positioning outside of the two-party system, incor-
porating third-party candidates and stances. More-
over, while our results aim to capture ideological
positioning on Twitter, studies could look to collect
and analyze such sentiments on other social media
platforms.

5. Ethics

All data analyzed in this study is publicly available.
Informed consent was retrieved from the human
annotators who validated model outputs. We con-
firm that all text in this paper was written by the
authors. AI-based writing assistants (Grammarly
and Writeful) were used solely for grammar and
spelling checks and to improve the clarity of the
author-written text. The content and intellectual
contributions remain entirely those of the human
authors.
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