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Abstract

Generative artificial intelligence agents are becoming increasingly active participants in conversations on social media platforms,
yet little is known about how they shape public discussion of social problems. We present two preregistered online experiments
testing AI-generated summaries in simulated, interactive social media environments. AI summaries increased the quality of user
comments, without systematically increasing toxicity or negative affect. At the same time, AI exposure reduced engagement with
conversation threads. AI summaries also increased the semantic similarity between user comments and the AI-generated summaries,
suggesting that these systems function as informational anchors that shape discussion. Together, the findings reveal a tradeoff:
AI-generated summaries can improve conversation quality while narrowing conversational engagement and channeling how users
articulate political arguments. These results speak to growing concerns about how embedded AI systems fundamentally alter platform
dynamics and shape public discourse.
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Generative artificial intelligence (AI) systems are rapidly be-
ing integrated into digital information environments. Large
language models now generate summaries, contextual expla-
nations, and conversational responses directly within social
media platforms and search interfaces [1, 2]. For example,
on X (formerly Twitter), the Grok assistant provides real-time
AI commentary embedded within discussion threads [3, 4].
Similar systems are being deployed across Meta platforms,
YouTube, and search engines, where AI-generated explana-
tions appear alongside user-generated and journalistic content.
These tools promise to help users navigate complex topics by
producing concise, authoritative summaries.

This development has generated controversy. Disputes sur-
rounding systems such as Grok have raised concerns about
the risks of embedding AI agents within the infrastructures
that shape political debate [3]. Emerging research shows that
AI-generated explanations can influence beliefs and political
judgments [5–7], chatbot interventions can improve the quality
of online political discussions [8], chatbot advice can shape
evaluations [9], and perceptions of AI systems can affect polit-
ical legitimacy and engagement [10, 11]. Generative systems
may also reproduce biases embedded in training data or reflect
platform design choices [2]. Despite these concerns, we lack
controlled experimental evidence on how AI-generated sum-

maries embedded within social media conversations shape the
dynamics of political discussion.

We examine how AI-generated summaries influence po-
litical engagement and discussion quality within social me-
dia environments, drawing on longstanding theories of demo-
cratic competence and discussion [12–14]. Specifically, we test
whether embedding AI summaries affects (i) engagement with
conversation threads, and (ii) the quality of user contributions,
and (iii) the framing of arguments users articulate.

To answer these questions, we conduct two preregistered
online experiments using simulated social media interfaces.

Study 1 employs a controlled single-thread design within
an online survey experiment. Participants view an interactive
political conversation embedded in the survey styled to resem-
ble a typical social media thread. Respondents are randomly
assigned to one of four conditions: no AI summary, a neutral
AI summary, a left-leaning AI summary, or a right-leaning AI
summary. The summary appears directly beneath the main post
and is labeled as AI-generated. Participants can scroll through
the comments, expand replies, and post their own response.
Behavioral telemetry records interaction patterns, time spent,
and comment text. The summary is labeled simply as an “AI
Summary,” without identifying the specific system.

Study 2 extends this design to a scrolling feed that more
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(a) Study 1 interface (b) Study 2 interface

Figure 1: Screenshots of the experimental platform used in
Studies 1 and 2.

closely resembles naturalistic social media use. Participants en-
counter multiple political posts and choose which discussions
to open and engage with. In this study, there is no randomiza-
tion into content with differing political lean. AI summaries
appear within conversation views but not on the main timeline,
mirroring current platform implementations.

Across both studies, we observe a consistent pattern. Ex-
posure to AI-generated summaries increases the quality of
user comments: Participants write longer, more constructive,
and more reasoned responses without systematic increases in
toxicity, disrespect, or negative sentiment (including when ex-
posed to summaries with outgroup lean). At the same time, AI
summaries reduce engagement with conversation threads. Par-
ticipants exposed to summaries are less likely to click to read
additional comments in a thread and, in the feed environment,
post fewer total comments. Finally, comments in the AI con-
dition exhibit greater semantic similarity to the AI-generated
summaries, suggesting that users partially adopt the language
and framing introduced by the system, consistent with classic
accounts of framing effects [15].

Together, these findings reveal a central tradeoff: AI-
generated summaries can improve the structural quality of
debate while simultaneously narrowing conversational engage-
ment and channeling how users articulate political arguments.
These results speak to growing concerns about how embedded
AI systems fundamentally alter platform dynamics and shape
public discourse.

Results

AI Summaries Increase Comment Quality
We first test whether exposure to AI-generated summaries
improves the overall quality of user comments. Across both
experiments, AI exposure increased multiple text-based quality
indicators.

In Study 1 (single-thread environment), participants exposed
to any AI summary wrote longer and more substantively en-
gaged comments than those in the control condition. Across
measures, including word count, constructiveness, reasoning,
nuance, and readability-adjusted complexity, AI coefficients
were uniformly positive. Most effects reached conventional
levels of statistical significance (P < 0.05), and all pointed
in the same direction. We also find no systematic differences
between neutral, left-leaning, and right-leaning AI summaries
across outcome measures (SI Appendix).

Study 2 (multi-post feed environment) replicates this overall
pattern. Participants in the AI condition produced longer com-
ments and scored higher on reasoning, and nuance measures.
Effect sizes were comparable in magnitude to Study 1, high-
lighting that general increases in comment quality were robust
in a more realistic feed-based environment.

AI Summaries do not Increase Negativity or Tox-
icity

Across both studies, we find little evidence that AI summaries
systematically altered the tone or sentiment of comments. In
Study 1, coefficients across multiple sentiment and toxicity
measures were small and statistically indistinguishable from
zero. Study 2 mirrors these findings, with no consistent effects
on sentiment polarity, toxicity, respect, or polarizing language
across NLP classifiers and API-based measures. Additionally,
we find no evidence of changes in affective opinion of the party
from AI exposure, with no significant changes to opinions
about the parties or key political actors found in either study
(S.M. 6).

AI Summaries Reduce Exploratory Engagement

In Study 1, exposure to AI summaries reduced exploratory in-
teraction with the conversation: participants were less likely to
click “show more comments” (P < 0.05). In Study 2, AI expo-
sure reduced total comment production, and participant scroll
depth (how far down the conversation thread they scrolled)
was significantly reduced. Across both environments, AI sum-
maries, in some way, decreased conversational engagement,
consistent with substitution effects.

AI Summaries Anchor Semantic Framing

To further investigate how user comment behavior changes,
Study 2 was designed with clear semantic frames of discussion
in the AI summary presented for each post. We then compute
the cosine similarity between each participant’s comment and
the AI-generated summary associated with the corresponding
post using sentence-level embeddings. AI exposure increased
semantic similarity (β = 0.018, P = 0.029). Although modest
in absolute terms, this represents roughly a 7–8% increase
relative to the baseline mean similarity (0.25), indicating a
consistent shift toward closer alignment with the AI-generated
framing. Additionally, participants exposed to AI summaries
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(a) Comment quality

(b) Sentiment and toxicity

(c) Engagement

Figure 2: Estimated AI treatment effects (95% confidence
intervals) across outcome families in Studies 1 and 2.

were significantly more likely to adopt distinctive terms appear-
ing in the summary itself (β = 0.047, P = 0.029), providing
direct evidence of semantic anchoring beyond general similar-
ity measures. This indicates that AI summaries can function as
informational anchors that shape how users frame their contri-
butions.

Discussion

Across two preregistered experiments, we find a consistent
tradeoff in the effects of AI-generated summaries on politi-
cal discussion. AI summaries increase the structural quality
of user comments, making them longer, more reasoned, and
more constructive, without increasing toxicity. At the same
time, they reduce exploration of the broader conversation and
increase semantic alignment between user comments and the
AI-generated framing.

These results suggest that AI summaries function both as
deliberative scaffolds and informational anchors. By lowering

cognitive costs, they encourage more structured participation.
By foregrounding particular interpretations, they also subtly
shape how users frame their contributions. Improvements in
comment quality therefore coexist with reduced conversational
exploration and increased anchoring to AI-provided frames.

As generative AI systems become embedded within social
media feeds, search engines, and news environments, they
are likely to influence not only how much users engage, but
how public issues are interpreted. Because AI summaries are
presented as neutral and authoritative, they may shift agenda-
setting and framing power to the systems that generate them.
The central challenge is therefore not simply whether AI im-
proves or degrades discourse, but how to design systems that
enhance deliberation without narrowing the diversity of frames
through which democratic debate unfolds.

Several limitations should be noted. Although our experi-
mental interfaces approximate social media environments, they
cannot fully capture real-world platform dynamics. Our mea-
sures focus on short-term changes in comment content and
engagement, and do not assess longer-term effects on beliefs or
participation. Results may also vary across topics, platforms,
and populations not studied here. Future work should extend
these findings in more naturalistic settings and over longer time
horizons.

Materials and Methods

Participants and preregistration
Both studies were preregistered prior to data collection. Study
protocols were approved by the Institutional Review Board
at the University of Oxford (Protocol #2437050). All partici-
pants provided informed consent. Participants were recruited
from Prolific Academic and restricted to adult residents of
the United States using desktop or tablet. Full sample demo-
graphics are found in SM3. In Study 1, a total of N = [1583]
participants were recruited; in Study 2, N = [1281] partici-
pants were recruited. Participants who failed attention checks,
did not complete the study, or submitted empty required com-
ment responses were excluded prior to analysis. Final analytic
samples were N = [1548] (Study 1) and N = [1266] (Study
2).

Study 1 design
Participants were randomly assigned to view a simulated social
media conversation under one of four conditions: (1) no AI
summary (control), (2) neutral AI summary, (3) left-leaning
AI summary, or (4) right-leaning AI summary. The underly-
ing post and replies were identical across conditions. When
present, the AI summary, generated by Claude Sonnet 4.5,
appeared immediately below the main post and was clearly
labeled as AI-generated (without specifying the precise model
name). Participants could like, repost, expand additional com-
ments, and post a required free-text response. The interface
recorded behavioral telemetry including likes and repost clicks,
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comment expansion, scroll depth, time spent on the page, and
the full text of participants’ comments.

Study 2 design

Study 2 embedded the manipulation within a multi-post, scrol-
lable social media feed to enhance external validity. Partic-
ipants encountered several political posts and could choose
which conversation(s) to open and engage with. AI summaries,
generated by GPT 5.2, appeared only within the conversation
view (not on the main timeline) in the treatment condition.
Multiple comments were permitted on one or more posts. In-
teractions, comment expansion, scroll depth and time spent in
each conversation view was recorded.

Measures

Across both studies, we collected behavioral engagement mea-
sures (e.g., comment expansion, interaction actions, time spent)
and required participants to post at least one free-text comment.
Comment quality was assessed using established readability
indices (e.g., Flesch, Flesch–Kincaid) and reasoning and nu-
ance from the Perspective API. Sentiment was measured using
pretrained BERT-based classifiers of sentiment, negativity, and
polarizing language, and Perspective API measures of toxicity
and respect; Study 2 additionally measured semantic similarity
between participant comments and the AI-generated summary.
Continuous outcomes were standardized prior to analysis.

Statistical analysis

We estimate average treatment effects using linear regression
models with topic/post fixed effects and pre-specified demo-
graphic and political covariates for precision. Binary outcomes
are estimated using linear probability models with robust stan-
dard errors. Study 2 models cluster standard errors at the
participant level to account for repeated observations.
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1 Preregistration and Deviations
Both studies were preregistered prior to data collection at https://osf.io/3xfp2/overv
iew?view_only=19d2374fe968458abbb7ec4cc7c84aea and https://osf.io/gd793/ove
rview?view_only=3b1bdc961b2148279421c8ccc8afe81d. The preregistration specified
primary hypotheses concerning:

1. The effect of any AI summary on deliberative quality,

2. The effect of AI summaries on comment sentiment,

3. The effect of partisan alignment on sentiment and evaluation.

Deviations

Multiple-comparison adjustments (Study 1) The Study 1 preregistration indicated
that Bonferroni corrections would be applied to hypothesis tests. Upon further consid-
eration, we determined that this adjustment was inappropriate for the primary analyses
reported here. The confirmatory models estimate a single treatment effect (AI vs. control)
on pre-specified outcome indices, rather than conducting families of independent hypothesis
tests across distinct theoretical constructs. Applying Bonferroni corrections in this context
would therefore constitute over-adjustment, substantially inflating Type II error without cor-
responding control of a meaningful familywise error rate. Consistent with current method-
ological guidance for experimental designs with clearly defined primary outcomes, we report
unadjusted p-values for the preregistered treatment effects. This decision does not alter
model specification, outcome construction, or the direction of results; it concerns only the
correction procedure.
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Semantic similarity hypothesis (Study 2) The Study 2 preregistration explicitly stated
that semantic similarity between participant comments and AI summaries would be measured
and analyzed as an outcome. However, the final preregistration document did not include a
separately enumerated hypothesis statement corresponding to this outcome. This omission
was inadvertent. The analysis of semantic similarity follows directly from the preregistered
outcome description and is consistent with the study’s stated objective of assessing whether
AI summaries shape the substantive content of participant responses. No post hoc outcome
measures were introduced; rather, we test the preregistered semantic similarity outcome as
originally described.

2 Sample Recruitment and Exclusions
Participants were recruited via Prolific Academic between November 25 2025 and November
30 2025 for Study 1 and February 8 2026 and February 11 2026 for Study 2. Eligibility
criteria included:

• Age 18 or older,

• U.S. residency,

• Participants from Study 1 excluded from taking Study 2

Study 1

A total of 1583 participants completed the study (those who started but did not finish were
not recorded in the data). Of these respondents, 1548 successfully passed the attention check
question.

Study 2

A total of 1281 participants completed the study (those who started but did not finish were
not recorded in the data). Of these respondents, 1266 successfully passed the attention check
question.

Attention Check

In Study 1, participants were asked: “Please select ‘Somewhat disagree’ for this question.”
In Study 2, participants were asked: “Please select ‘Somewhat agree’ for this question.”
Participants who failed were excluded prior to analysis.

3 Randomization Balance
To assess successful random assignment, we test for differences in pre-treatment covariates
across conditions.

Covariates include:
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• Age,

• Gender,

• Education,

• Party identification,

• Ideological extremity,

• Political interest.

Across both studies, we observe no statistically significant imbalances after correction for
multiple comparisons (all p > 0.05). Full balance tables are reported in Table S1.

Table 1: Randomization balance (Study 1). Entries are mean (SD) for continuous covariates
and count (%) for categorical covariates. P-values from bivariate tests of AI assignment.

Group

Covariate Control (0) AI (1) p-value

Age 45.76 (15.45) 45.36 (15.60) 0.656
Ideological extremity 1.58 (1.06) 1.59 (1.08) 0.842
Political interest 3.63 (0.96) 3.72 (0.94) 0.079
Gender 0.904
Gender: Female 214 (51.0%) 576 (49.9%)

Gender: Male 203 (48.3%) 568 (49.2%)
Gender: Other/Prefer not to say 3 (0.7%) 10 (0.9%)
Education 0.479
Education: Associate degree in college (2-year) 42 (10.0%) 129 (11.2%)
Education: Bachelor’s degree in college (4-year) 157 (37.4%) 438 (38.0%)

Education: Doctoral degree 7 (1.7%) 27 (2.3%)
Education: High school graduate (high school diploma or equivalent including GED) 51 (12.1%) 138 (12.0%)
Education: Less than high school degree 2 (0.5%) 14 (1.2%)
Education: Master’s degree 59 (14.0%) 156 (13.5%)
Education: Professional degree (JD, MD) 4 (1.0%) 23 (2.0%)

Education: Some college but no degree 98 (23.3%) 229 (19.8%)
Party identification 0.578
Party identification: Democrat 167 (39.8%) 513 (44.5%)
Party identification: Independent 128 (30.5%) 323 (28.0%)
Party identification: No preference 11 (2.6%) 25 (2.2%)

Party identification: Other 6 (1.4%) 16 (1.4%)
Party identification: Republican 108 (25.7%) 277 (24.0%)
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Table 2: Randomization balance (Study 2). Entries are mean (SD) for continuous covariates
and count (%) for categorical covariates. P-values from bivariate tests of AI assignment.

Group

Covariate Control (0) AI (1) p-value

Age 44.51 (15.63) 44.17 (15.82) 0.703
Ideological extremity 1.65 (1.05) 1.54 (1.05) 0.082
Political interest 3.68 (0.91) 3.66 (0.94) 0.776
Gender 0.959
Gender: Female 310 (49.3%) 317 (48.6%)

Gender: Male 312 (49.6%) 327 (50.2%)
Gender: Other/Prefer not to say 7 (1.1%) 8 (1.2%)
Education 0.357
Education: Associate degree in college (2-year) 66 (10.5%) 74 (11.3%)
Education: Bachelor’s degree in college (4-year) 251 (39.9%) 247 (37.9%)

Education: Doctoral degree 18 (2.9%) 11 (1.7%)
Education: High school graduate (high school diploma or equivalent including GED) 78 (12.4%) 71 (10.9%)
Education: Less than high school degree 7 (1.1%) 4 (0.6%)
Education: Master’s degree 81 (12.9%) 90 (13.8%)
Education: Professional degree (JD, MD) 16 (2.5%) 12 (1.8%)

Education: Some college but no degree 112 (17.8%) 143 (21.9%)
Party identification 0.168
Party identification: Democrat 282 (44.8%) 282 (43.3%)
Party identification: Independent 156 (24.8%) 192 (29.4%)
Party identification: No preference 19 (3.0%) 15 (2.3%)

Party identification: Other 16 (2.5%) 8 (1.2%)
Party identification: Republican 156 (24.8%) 155 (23.8%)

4 Experimental Stimuli
All conversation threads were adapted from real contemporary news posts and discussions
on the X platform. Usernames were anonymized and standardized.

AI summaries were generated using Claude Sonnet 4.5 for Study 1 and ChatGPT 5.2
for Study 2 with the following prompt structure:

In Study 1, the following instructions were used. Some minor post-processing was then
induced to standardize phrasing and lengths across treatments.

“Can you provide a tweet length summary of the following social media conver-
sation in the style of a social media embedded AI like Grok. Focus primarily on
the content of the first post, with the remaining comments as context. Do so
from a ideologically neutral/liberal/conservative standpoint.”

In Study 2, the following instructions were used, and the text of an entire contemporary
news article was also appended to the prompt for additional context.

“Can you provide a tweet length summary of the following social media conver-
sation in the style of a social media embedded AI like Grok. For your context,
the full text of the article is as follows: [article text].”
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Final summaries were limited to approximately 280 characters.
We opted to switch from Claude to GPT for study 2 for purely pragmatic reasons, finding

that GPT adhered better to the prompt, especially in the within-conversation AI call context
that was utilized for Study 2, providing additional context from the article rather than merely
repeating the content from the original post.

5 Text Classification and Measurement Details

Sentiment and Toxicity

We employ multiple independent classification systems:

• CardiffNLP Twitter-RoBERTa sentiment classifier (Barbieri et al., 2020),

• Qwen3 4B zero-shot sentiment classifier,

• Perspective API toxicity and respect metrics (Lees et al., 2022),

• Fine-tuned binary negativity and polarization classifiers (Ballard et al., 2023; Heseltine,
2024)

All classifiers were applied to raw comment text without manual editing. Continuous
outputs were standardized prior to regression.

For the Qwen3 classifier, we classified raw comment text using the Qwen3 4b q8 model
through Rollama, an R wrapper for Ollama. We used the following zero-shot prompt, based
on existing LLM sentiment classification prompts from (Heseltine, 2025; Heseltine and von
Hohenberg, 2024):

“classify the following social media comment as as negative (0), neutral (1), or positive
(2). Negative is defined as a message which expresses negative sentiment directly towards
an individual, group, or outcome and is not merely any message which contains negative
valence. Positive is defined as a message which expresses positive sentiment directly towards
an individual, group, or outcome and is not merely a message which mentions something
positive. Do not add an introduction, qualification or any additional text. The output will
be machine processed so return only the predicted class as a number.”

Deliberative Quality

Reasoning and nuance were measured using Perspective API experimental features.
Readability was calculated using Flesch–Kincaid grade level and reversed Flesch reading

ease.
Word count was computed as the total number of tokenized words per comment.
For full transparency, we also attempted to create an LLM-based measure of comment

constructiveness, similar in process to the Qwen3-based sentiment classification outlined
above. However, across three different models used for testing, accuracy was deemed to
be low and the correlation between model outputs was not sufficiently high enough to be
deemed a reliable measure.
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Semantic Similarity

To assess whether participants adopted the framing introduced by AI-generated summaries,
we compute the semantic similarity between each participant comment and the corresponding
AI summary shown for that post.

Sentence embeddings were generated using the all-MiniLM-L6-v2 model from the Sen-
tenceTransformers library (Reimers and Gurevych, 2019). This model produces 384-dimensional
sentence-level embeddings optimized for semantic similarity tasks. All embeddings were L2-
normalized prior to similarity computation.

For each post, the AI-generated summary was embedded once. Participant comments
were embedded individually. Cosine similarity was then calculated between each comment
embedding and the embedding of the AI summary associated with the same post. Because
embeddings were normalized, cosine similarity is equivalent to the dot product between
vectors.

In Study 2, where participants could comment on multiple posts, similarity was com-
puted at the comment level and then aggregated to the participant–post level by averaging
across comments. Regression models estimate the effect of AI exposure on mean similarity,
controlling for post fixed effects and clustering standard errors at the participant level to
account for repeated observations.

To provide a more interpretable test of semantic anchoring, we additionally examine
whether participants explicitly reused distinctive lexical terms from the AI-generated sum-
maries in their own comments.

For each post, we constructed a post-specific anchor dictionary derived from the corre-
sponding AI summary. Summary text was tokenized using the tidytext package, converted
to lowercase, and stripped of standard English stopwords. Tokens shorter than four charac-
ters were excluded to remove function words and generic terms. For each post, we selected
the 15 most frequent remaining terms in the AI summary to define a post-level anchor
dictionary.

We then created a binary indicator for each participant comment equal to 1 if the com-
ment contained at least one anchor term associated with the relevant post, and 0 otherwise.
Matching was performed using case-insensitive word-boundary regular expressions to ensure
that only exact lexical matches were counted.

We estimate linear probability models of the form:

Anchorip = β0 + β1AIi + γp + ϵip,

where Anchorip indicates whether participant i used at least one anchor term in a com-
ment on post p, AIi indicates exposure to an AI-generated summary, and γp are post fixed
effects. Standard errors are clustered at the participant level.

This keyword-based approach complements the embedding-based similarity measure by
directly capturing the adoption of salient lexical framing introduced by the AI system.
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6 Treatment Effects on Respondent Opinions
As a secondary outcome, we also tested whether exposure to AI summaries affected partici-
pants’ political attitudes. After interacting with the conversation content in the main study,
participants were asked the following questions.

Participants were asked to report their opinions using the following measures in both
studies:

• Feeling thermometers: “Please rate your feelings toward the Democratic and Repub-
lican political parties on a scale from 0 to 100, where 0 means very cold or unfavorable
and 100 means very warm or favorable.”

– The Democratic Party

– The Republican Party

• Political approval: “On a scale of 1-5, 1 being “strongly disapprove” and 5 being
“strongly approve”, please indicate the extent to which you approve of the job perfor-
mance of the following groups and individuals:”

– Democrats in Congress

– Republicans in Congress

– President Donald Trump

– The Supreme Court

We then estimate the effect of AI summary exposure on each of these outcomes using
linear regression models of the form:

Yi = β0 + β1AIi + γPartyIDi + ϵi

where AIi indicates exposure to an AI-generated summary and PartyIDi controls for
respondent party identification.
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(a) Party Feeling

(b) Political Entity Approval

Figure 1: Estimated AI treatment effects (95% confidence intervals) on political opinions in
Studies 1 and 2.

We find generally null results. In Study 2, approval of Democrats in Congress was
significantly lower and in Study 1 feelings towards the Democratic Party were significantly
higher. However, we have no real theoretical explanation for why these particular differences
may occur.

6.1 Heterogeneous Opinion Treatment Effects

As Study 1 contained three different AI treatment arms with differing partisan leans, we
break out those results here. As can be seen, there is little difference across partisan identi-
fication and treatment arm combinations. There is some suggestive evidence that the left-
leaning AI reduced approval for copartisan figures among Republicans (President Trump and
the Republican Party), but these differences remain small in size.
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(a) Feeling thermometer: Democratic
Party

(b) Feeling thermometer: Republican
Party

(c) Approval: Democrats in Congress (d) Approval: Republicans in Congress

(e) Approval: President Trump (f) Approval: Supreme Court

Figure 2: Predicted political evaluations by party identification and AI summary lean (Study
1). Panels show interaction model predictions with 95% confidence intervals for feeling
thermometers toward the Democratic and Republican parties (top row) and approval of
political actors and institutions (remaining rows).
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7 Robustness Checks
Results are robust to excluding demographic controls and using logistic regression instead of
linear probability models. Across specifications, when excluding demographic and political
controls, the direction and statistical significance of primary effects remain substantively
unchanged, although a small number of specific coefficients shift over or below the threshold
of significance. For the binary variables of interest, using logistic regression results in no
substantive change in results.

(a) Comment quality (Binary Logistic Models)

(b) Sentiment and toxicity (Binary Logistic Models)

Figure 3: Estimated AI treatment effects (95% confidence intervals) across outcome families
in Studies 1 and 2, with logistic regression for binary variables.
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(a) Comment quality (No Controls)

(b) Sentiment and toxicity (No Controls)

(c) Engagement (No Controls)

Figure 4: Estimated AI treatment effects (95% confidence intervals) across outcome families
in Studies 1 and 2, with no control variables.

As our primary observed outcome is increased comment quality from exposure to AI
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treatment, we also explore whether this increase is consistent or variable across respondent
party identification. Across both studies, we find some suggestive evidence that Independent
identifiers were most responsive to the treatment, significantly increasing comment quality
across multiple measures while Democratic and Republican identifiers showed no difference
between treatment status.
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(a) Feeling thermometer: Democratic Party (b) Feeling thermometer: Republican Party

(c) Approval: Democrats in Congress (d) Approval: Republicans in Congress

(e) Approval: President

Figure 5: Study 1 — Predicted comment quality measures by PartyID. Panels show
interaction-model predictions (95% CI).
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(a) Feeling thermometer: Democratic Party (b) Feeling thermometer: Republican Party

(c) Approval: Democrats in Congress (d) Approval: Republicans in Congress

(e) Approval: President

Figure 6: Study 2 — Predicted comment quality measures by PartyID. Panels show
interaction-model predictions (95% CI).
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7.1 Main Results Study 1 - AI Treatment Subdivision

(a) Comment Quality by AI Partisan Lean

(b) Comment Sentiment by AI Partisan Lean

(c) Platform Engagement by AI Partisan Lean

Figure 7: Estimated AI treatment effects (95% confidence intervals) on in Study 1, relative
to Neutral AI treatment. 16



As Study 1 contained three different partisan lean treatments for the AI summary, we present
the disaggregated results here, with coefficients shown relative to the Neutral AI treatment.
Across all measures, there are no significant differences between the partisan and neutral
AI treatments. In the platform engagement measures, there is some evidence that both
partisan AI treatments increased engagement, especially for the right-leaning treatment, but
no coefficient reaches the traditional threshold of significance.

8 Data and Code Availability
De-identified replication data, analysis scripts, and stimulus materials will be made publicly
available upon publication at:

[Anonymized Dataverse link].
All analyses were conducted in R version [4.3.3].
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