Proceedings of the Twentieth International AAAI Conference on Web and Social Media (ICWSM 2026)

Can Large Language Models Assess the Social Impact of Conspiracy Theories?

Bohan Jiang', Dawei Li', Zhen Tan', Xinyi Zhou?, Ashwin Rao’,
Kristina Lerman®, H. Russell Bernard', Huan Liu!
! Arizona State University, USA
Boise State University, USA
3USC Information Sciences Institute, USA
bjiang14 @asu.edu, daweiliS @asu.edu, ztan36 @asu.edu, xinyizhou@boisestate.edu, mohanrao@usc.edu,
lerman @usc.edu, asuruss @asu.edu, huanliu@asu.edu

Abstract

While Large Language Models (LLMs) can identify conspir-
acy theories (CTs), their real-world harmful impacts vary sig-
nificantly and remain unclear. We therefore ask: Can LLMs
serve as automated agents for social impact assessment of
CTs? Our preliminary study with vanilla prompts reveals that
LLMs fail to provide accurate impact assessments because of
two key limitations. First, LLMs are good at retrieving CT-
related information but struggle with fine-grained analysis
and comparisons. Second, their assessments are highly sen-
sitive to the way CTs are presented and framed in the prompt,
inducing systematic biases. Drawing inspiration from so-
cial science practices, we design tailored strategies to enable
LLMs to mimic human-like impact assessment. We bench-
mark several state-of-the-art LLMs against survey and social
media data capturing human-perceived CT impacts. Our ex-
periments demonstrate that an impact assessment framework
employing multi-step analysis and comparisons to investigate
diverse CT-related information can deliver more reliable re-
sults. Finally, we discuss promising solutions to mitigate the
influence of prompting biases.

1 Introduction

Conspiracy theories (CTs) are beliefs that social events
and circumstances are secretly controlled by powerful
groups (Sunstein and Vermeule 2009). Unlike general misin-
formation and disinformation (Lazer et al. 2018), CTs stand
out due to their profound real-world impacts (Douglas et al.
2019), such as fueling distrust in institutions, inciting tribal-
ism, and provoking violence (Freeman et al. 2022; Jolley and
Paterson 2020; Gallacher, Heerdink, and Hewstone 2021).
For example, one CT claimed that COVID-19 vaccines con-
tained microchips designed by tech companies to track in-
dividuals’ personal data (Goodman and Carmichael 2020),
resulting in vaccine refusal and offline violence (Pertwee,
Simas, and Larson 2022; Romer and Jamieson 2020). More-
over, social media has further amplified the spread of CTs
by attracting and connecting like-minded believers, provid-
ing fertile ground for CTs to proliferate (Jiang et al. 2021).
In response, researchers and tech companies have devel-
oped computational methods and Artificial Intelligence (AI)
systems to detect and remove CTs from online spaces (Shah-
savari et al. 2020; Diab, Nefriana, and Lin 2024; Liaw et al.
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2023). However, such content moderation efforts have raised
significant concerns about freedom of speech and have led to
unintended negative outcomes (Innes and Innes 2023). Ac-
cording to psychological reactance theory (Brehm 1966), re-
stricting access to information can backfire by sparking cu-
riosity about the prohibited content, potentially reinforcing
CT communities (Monti et al. 2023). Therefore, rather than
adopting a blanket “remove-all” strategy, it is more effec-
tive to prioritize combating impactful CTs which may cause
significant social harm. This is particularly important during
emerging crises, where limited resources should be allocated
to CTs with the greatest potential damage.

Assessing the impact of CTs is a challenging task. It
typically requires human annotators with substantial back-
ground knowledge and access to extensive supporting evi-
dence to evaluate CTs across various societal and psycho-
logical dimensions (Douglas, Sutton, and Cichocka 2017).
Although researchers have created guidelines for crowd-
sourced impact assessment (Burdge, Fricke, and Finster-
busch 1995), they are labor-intensive and lack scalability.
This raises a key question: Can Al be leveraged for CT im-
pact assessment? To answer this question, we investigate
whether Large Language Models (LLMs) are suitable tools
for this task. Compared to traditional frameworks such as
structured machine learning methods (Shah et al. 2020) or
BERT-based models (Lin, Nogueira, and Yates 2022), LLMs
inherently possess two key advantages: (1) extensive knowl-
edge of diverse CT-related information and social events,
and (2) advanced capabilities for understanding, compar-
ing, and evaluating complex textual data. Recent advance-
ments in LLMs, such as OpenAI’s GPT series (Achiam et al.
2023; Hurst et al. 2024; OpenAl 2024) and Meta’s LLaMA
series (Touvron et al. 2023a,b; Dubey et al. 2024), have
demonstrated great proficiency in analyzing computational
social science (CSS) (Ziems et al. 2024) and natural lan-
guage processing (NLP) tasks (Kojima et al. 2022). For ex-
ample, recent studies have explored the LLMs’ potential to
detect misinformation in a zero-shot setting (Chen and Shu
2023), as well as their ability to simulate complex social
interactions through role-playing human agents (Park et al.
2023). Other research has developed LLM-based evaluation
methods, such as human-LLM collaborative evaluation (Gao
et al. 2024). Despite these advancements, assessing the im-
pact of CT requires broad information retrieval, evidence
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Figure 1: Research pipeline for CT impact assessment using LLMs. The pipeline consists of two main stages: (a) Data Collection
and Augmentation, where a list of popular conspiracy theories with human-annotated impact assessments is expanded using
position, wording, and verbosity perturbations to test robustness; and (b) Human-like Impact Assessment, leveraging tailored

prompting strategies to simulate human reasoning processes.

analysis, and a deep understanding of social dynamics, an
area that remains largely unexplored.

To bridge this gap, we aim to investigate the feasibility
of using LLMs for CT impact assessment. Specifically, this
work evaluates the performance of LLMs in CT impact as-
sessment by comparing their outputs to human-annotated re-
sults. As shown in Figure la, we first curate CT datasets
based on the 2023 YouGov survey (YouGov 2023), which
collects public perceived belief in a diverse range of CTs
from a representative sample of 1,000 U.S. adults. Moreover,
we collect another social media dataset based on the Reddit
platform to include CTs with broader cultural and topical
contexts. Through preliminary studies, we find that LLMs
fail to provide accurate impact assessment using vanilla
ranking and scoring. Drawing inspiration from social sci-
ence guidelines for impact assessment (Esteves, Franks,
and Vanclay 2012), we design tailored strategies that guide
LLMs to simulate human-like CT impact assessment (Fig-
ure 1b). Specifically, we harness the LLM to mimic distinct
human thinking processes (fast versus slow thinking), as-
sessment paradigms (comparative versus absolute scoring
assessment), and interactive behaviors (self-reflection rea-
soning versus multi-agent debating). We conduct experi-
ments on eight LLMs, using small and large, open-source
and proprietary LLMs. Our empirical findings reveal that
a multi-step impact assessment framework, which incorpo-
rates iterative information extraction and fine-grained com-
parison using multi-agent debating, produces more reliable
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assessments. Moreover, we evaluate the impact of prompt-
ing biases by creating three augmented datasets, including
position, wording, and verbosity biases datasets. This is cru-
cial for understanding the fundamental vulnerabilities and
ensuring the robustness of LLMs in this task. We observe
that smaller LLMs tend to assign disproportionately higher
impact scores to CTs appearing in the front position in the
prompt. Moreover, CTs written in a casual tone and verbose
CTs with irrelevant information have negatively influenced
LLMs’ CT impact assessment results. In summary, the main
contributions of this paper are as follows:

* New task: We propose the CT impact assessment task
using LLMs and provide datasets for this purpose.

* New frameworks: We design human-like CT impact as-
sessment frameworks based on social science practices.

* Comprehensive experiments and insights: We conduct
extensive experiments to evaluate the effectiveness of
LLMs in CT impact assessment and investigate their ro-
bustness against different prompting biases. We highlight
key findings and insights to facilitate future research.

2 Related Work
2.1 LLMs for Assessment and Evaluation

Assessment and evaluation have brought consistent chal-
lenges in artificial intelligence (AI) and machine learning
(ML) (Papineni et al. 2002; Lin 2004; Zhang et al. 2019).
While traditional assessment approaches heavily rely on



static reference annotation and human supervision, the re-
cent advancement in LL.Ms has inspired methods that adopt
LLMs for dynamic assessment (Li et al. 2025a). LLM-based
assessments have been widely adopted in various NLP tasks
such as summarization (Gao et al. 2023b), open-ended gen-
eration (Zheng et al. 2023), and alignment (Wang et al.
2024a), leveraging well-designed judgment pipelines, lead-
ing to a huge improvement in efficiency and scalability. Be-
sides, LLM-based assessment has also been employed in
many real-world applications that require human-like plan-
ning and reasoning capabilities. (Liu and Shah 2023) first
propose to utilize LLMs in paper review and quality as-
sessment by introducing three key tasks: error identifica-
tion, checklist verification, and better paper choosing. They
conclude that LLMs are promising for serving as review-
ing assistants for paper quality assessment. Following them,
many other works explore various pipelines (Liang et al.
2024), benchmarks (Zhou, Chen, and Yu 2024) and chal-
lenges (Ye et al. 2024) for LLM-based paper quality as-
sessment. Besides, code assessment and evaluation have
long been critical challenges in computer science. Recently,
with the promising code understanding and generation per-
formance of LLMs, some studies have started to lever-
age LLMs for automatic code assessment. (McAleese et al.
2024) first propose to train “critic”’ LLMs that to evaluate
model-written code more accurately and efficiently. (Zhao
et al. 2024) introduce CodeJudge-Eval (CJ-Eval), a novel
benchmark designed to evaluate LLMs’ code comprehen-
sion abilities from the perspective of code judging and as-
sessment rather than generation. Additionally, LLM-based
assessment is also used in other scenarios and applications,
including medical decision-making (Wang et al. 2024b), re-
trieval systems (Li et al. 2024), and content moderation (Ku-
mar, AbuHashem, and Durumeric 2024). In this work, we
borrow insight from previous work and adopt LLMs’ judg-
ing ability in CT impact assessment.

2.2 LLMs for Computational Social Science

There is growing interest in analyzing and addressing so-
cial problems with LLMs. One area that significantly bene-
fits from it is fact-checking, where LLMs have been widely
utilized for disinformation detection (Jiang et al. 2024a,b).
Other researchers have explored using LLMs for online con-
tent analysis. (Lyu et al. 2023) first propose to employ GPT-
4V as a social media content analysis engine, performing
tasks including sentiment analysis, harmful content detec-
tion, demographic inference, and political ideology detec-
tion. (Yu, Li, and Xu 2024) propose Popularity-Aligned Lan-
guage Models (PopALM), aligning LLMs with various real
comments for trendy response prediction in social media.
Besides, many works leverage agent-based LLMs for so-
cial media simulation. (Tornberg et al. 2023) first propose
to leverage LLM agents to help researchers study how dif-
ferent news feed algorithms shape the quality of online con-
versations. Moreover, studies use LLM agents to perform
various social simulations (Huang et al. 2024). (Gao et al.
2023a) construct the S3 system (Social network Simula-
tion System), observing the propagation of information, atti-
tudes, and emotions. Recently, (Yang et al. 2024b) introduce
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Dataset Num. of CTs | Avg. Length
Human Survey Data 12 12.6
Position Pert. 144 (12*12) 12.6
Wording Pert. 36 (12*3) 14.8
Verbosity Pert. 24 (12%2) 36.3
Social Media Data 336 12.1

Table 1: Datasets Statistics

OASIS, a generalizable and scalable social media simula-
tor to study various social phenomena, including informa-
tion spreading, group polarization, and herd effects across
X/Twitter and Reddit.

3 Datasets

Developing datasets with ground truth for CT impact assess-
ment is the most important step for evaluating the capabil-
ities of LLMs. In this section, we detail the data collection
and augmentation processes. As shown in Table 1, we in-
clude a human survey dataset and its augmented variants via
distinct perturbations, and a social media CT dataset.

3.1 Survey Data

A dataset of human annotations on the perceived impact
of CTs is pivotal for this study. In practice, researchers
have used the volume of faithful CT believers as a proxy
for estimating broader perceived impact (Goertzel 1994;
Romer and Jamieson 2021). This approach is grounded in
a clear rationale: the larger the population believing in a CT,
the greater its potential for tangible real-world impacts. In
this study, we utilize data from a YouGov survey that col-
lects public perceptions in a wide range of prominent CTs.
According to Media Bias/Fact Checking (Media Bias/Fact
Check 2024), YouGov was rated as “Very High” in factual
reporting and overall “least biased” in U.S. polling. The sur-
vey sampled 1,000 U.S. adults, with a margin of error of
+4%. Participants were selected from YouGov’s opt-in on-
line panel using sample matching and were weighted based
on key demographic factors such as gender, age, race, etc.
Respondents were asked to evaluate their beliefs in the given
CTs, rating each as definitely true, probably true, probably
false, definitely false, or unsure. These CTs covered a broad
spectrum of conspiracy narratives, covering categories such
as political control (e.g., elites ruling the world), medical/-
vaccine (e.g., microchips in COVID vaccines), and science
skepticism (e.g., moon landing hoax) Although it is hard
to reflect participants’ deeper actual beliefs through survey
questions, strong perceived beliefs can lead to psychological
and behavioral changes (Chen et al. 2020). Thus, we rank the
impact of CTs based on the percentage of respondents who
rated them as “definitely true” or “probably true”.

3.2 Augmented Survey Data

To systematically evaluate LLMs’ general performance and
their robustness against various prompting biases, we in-
troduce three controlled perturbations to augment the origi-
nal dataset. Let D = {CTy,CTs,...,CTN} represents the



original human survey dataset, where each C'T; has a per-
ceived impact ranking y;. We keep y; unchanged for the
variances of C'T; because all data augmentation methods we
used preserve the semantic information of each CT.

Position Bias Dataset (D,,). Position bias arises when the
LLM consider the order of CTs presented in the prompt is
correlated to their social impacts (e.g., always assign higher
impact rankings to the first CTs). We generate the position
bias dataset D), by shuffling the order of CTs in the original
dataset D. For example:

DI’)” = {OTQ, CTy,...,CTy, CTQ},

where m denotes a specific permutation. The final dataset
for evaluating position bias is:

D,={D,.D2 ... .DJ}

Wording Bias Dataset (D,,). Wording bias occurs when
differences in language style or phrasing influence the
LLM’s impact assessment. For each C7T;, we create
rephrased variants by instructing GPT-4o0 with “Rephrase
the {CT} in a {tone}, keeping the overall length and se-
mantic meaning similar.” Specifically, each CT is rephrased
into three tones: formal (CTf ), casual (C'TY), and neutral
(CT}"). Thus, we have:

D,
Dy,
Dy,

= {c1],cTf,....cTl),
= {CTt,CTS, ..., CTS},
={CT!,CTY,...,CTR}.

The complete wording bias dataset is defined as:

D, ={D{ D¢, D"}.

w

Verbosity Bias Dataset (D,). Verbosity bias refers to the
tendency of LLMs to assign higher impact rankings to ver-
bose CTs (i.e., relatively long and complex). For each CTj,
we use GPT-4o to generate two variants: one with contextu-
ally relevant verbosity CT;® and another with contextually
irrelevant verbosity CT;". Specifically, GPT-40 injects un-
related historical backgrounds and tangential details to the
original CT to create C'T;". In contrast, we prompt GPT-40
to add relevant context and description to the original CT to
generate C'T . The verbosity bias dataset contains:

D¢ = {CT7¢,CTs¢,...,CTY,
D" = {CT{",CTy",...,CTy}.

The final verbosity bias dataset is defined as:
D, ={D;*,D,}.
3.3 Social Media Data

As the human survey dataset only covers 12 popular CTs in
the US, we collect a relatively larger social media dataset
to broaden cultural and topical contexts. Following previ-
ous work (Diab, Nefriana, and Lin 2024), we collect Red-
dit posts from r/conspiracy — Reddit’s biggest con-
spiracy discussion community. 336 Reddit posts that clearly
mention a CT in their title are collected with their scores
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(i.e., total number of upvotes minus downvotes). The higher
the score of a post, the more endorsements it receives from
users. Hence, we use the post-level score to approximate the
impact of a CT. If two CTs have the same score, we rank
them by the number of upvotes. If their number of upvotes is
also the same, we assign a higher impact ranking to the one
that was posted later. We annotate all collected CT-related
Reddit posts with impact rankings using this principle.

4 Human-like CT Impact Assessment

In Figure 2, we design tailored strategies to harness LLMs
to simulating human-like impact assessments. These strate-
gies reflect LLMs’ impact assessment capability in three di-
mensions: (1) thinking processes (fast versus slow thinking),
(2) impact assessment paradigms (comparative versus abso-
lute scoring assessment), and (3) interactive behaviors (self-
reflection reasoning versus multi-agent debating).

4.1 Fast and Slow Thinking

Inspired by psychological theories, human cognition can
be divided into two systems (Kahneman 2017). The fast
thinking system is characterized by rapid, instinctive, and
heuristic-based inference. In contrast, the slow thinking sys-
tem involves deliberate analysis and logical reasoning.

Vanilla Ranking (Fast Thinking). The LLM is
prompted to directly produce a ranking of a list of
CTs {CT1,CTy,...,CT,} without generating any reason-
ing or explanation. The output is the final LLM-predicted
CT impact ranking {7y, 72, ..., 7, } such that:

m; < m; = Impact(CT;) > Impact(CT)).
Chain-of-Thought (Slow Thinking). The LLM is
prompted to generate intermediate reasoning steps before
providing a final ranking. The output includes a sequence of
intermediate reasoning steps Ry for k € {1,2,...,n}, fol-
lowed by a final CT impact ranking {7, 72, ..., m, }. This
encourages the model to use logical reasoning, reflecting
deliberate decision-making processes.

4.2 Comparative and Scoring Assessment

We explore two paradigms for assessing CT impact: com-
parative assessment (Pairwise Comparison) and scoring as-
sessment (Individual Scoring).

Pairwise Comparison. The LLM compares two CTs, CT;
and CT}, and selects the more impactful one each time. We
define the comparison function as:

Compare(CT;, CT;) =
CT; if Impact(CT;) > Impact(CT)),
CT;

otherwise
The whole process requires (g) comparisons for n CTs to
determine the overall CT impact ranking.

Individual Scoring. The LLM assigns an individual im-
pact score s; to each C'T;, where:
s; = ImpactScore(CT;), i€ {1,2,...,n}.

The final CT impact ranking is derived by sorting the CTs

based on their impact scores.



Vanilla Ranking.

Given the following [list of CTs], please rank them from most to least impactful in terms of their potential societal harm. Please

only output the final ranking.

Chain-of-Thought.

Given the following [list of CTs], please rank them from most to least impactful in terms of their potential societal harm, providing

reasoning as intermediate steps followed by the final ranking.

Pairwise Comparison.

Given two conspiracy theories at a time from the following [list of CTs], compare their relative impact and decide which one is

more impactful in terms of their potential societal harm.

Individual Scoring.

For each conspiracy theory in the following [list of CTs], assign an individual impact score on a scale of 1 to 100 in terms of their

potential societal harm, where 100 indicates maximum impact.

Self-Reflection Reasoning.

<Assessment Generation>: Given the following conspiracy theories, please rank them from most to least impactful in terms of their
potential societal harm with the original index numbers preserved: [list of CTs].

<Reflection Generation>: Given the following conspiracy theories and a given ranking list based on their potential societal impact,
please produce a critique and reflection on it, and decide whether it can be used as the final solution. Conspiracy: [list of CTs],

Original Solution: [current assessment].

<Assessment Polishing>: Given the following conspiracy theories, please rank them from most to least impactful in terms of
their potential societal harm with the original index numbers preserved. There is already an original solution and reflection on
this solution, please polish the given solution referring to the reflection. Conspiracy: [list of CTs], Original Solution: [current

assessment], Reflection: [generated reflection].

Multi-Agent Debating.

<Base Solution Generation>: Given the following conspiracy theories [list of CTs], please rank them from most to least impactful.
<Debating>: You are a debater. The debate topic is stated as follows: What is the correct impact ranking for the following conspiracy
list: [list of CTs]. Another debater’s solution is [Another Debater’s Solution |. You disagree with this solution. Provide your solution

and reasons.

<Judgment>: You are a moderator. Two debaters will present their solutions and discuss their perspectives on the correct answer:
[list of CTs]. Affirmative side arguing: [Affirmative Side’s Solution]. Negative side arguing: [Negative Side’s Solution]. You will
evaluate both sides’ solutions and determine if there is a clear preference for a solution candidate.

Figure 2: Templates for human-like CT impact assessment.

4.3 Single-Agent and Multi-Agent Reasoning

We employ two representative methods for simulating
single-agent and multi-agent reasoning: Self-Reflection Rea-
soning and Multi-Agent Debating:

Self-Reflection Reasoning. A single self-reflection agent
(Aselfrefiection) 18 guided to generate intermediate impact
ranking 7 and reflection R of CTs alternatively, presenting
self-reflection over 7" rounds. At each round:

(th Rt) = Aself—reﬂection(CT57 Wt_l).

where 7t and R (t € {1,2,...,T}) represent the predicted
ranking and reflection on this ranking at round ¢, respec-
tively. The self-reflection process will stop if there is no fur-
ther update on the predicted ranking at round ¢ or if it reaches
the pre-defined maximum number of rounds.

Multi-Agent Debating. The multi-agent debating frame-
work includes three LLM agents: the affirmative debater
(Aafirmative)» the negative debater (Apegaive), and the moder-
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ator (Amoderator)- The process consists of three phases: Base
Solution Generation, Debating, and Judgment.

Base Solution Generation: The affirmative debater
Atirmative 18 given a list of CTs and generates an initial im-
pact ranking Tagfirmative

Taffirmative — Aafﬁrmative(CTs)~

Debating: The negative debater Apcgaive and the affirma-
tive debater A mimaive €ach receive the list of CTs and the
other’s proposed solution. They are instructed to disagree
and provide their own rankings Tyegative and Taffirmative along
with their reasoning Ryegative and Ragfirmative, respectively:

(1
2

Judgment: The moderator Ajoderator €valuates the argu-
ments and solutions presented by both debaters. They de-

termine if there is a clear preference for one of the solutions.
If so, the moderator provides the final impact ranking 7* and

(ﬂ'negativea Rnegative) = Anegative(CTsa 7Tafﬁrmative)a

(Wafﬁrmalivea Rafﬁrmative) = Aaffirmative (CTS; 7Tnegative) .



summarizes the reasons for supporting either the affirmative
or negative side:

*
T = Amoderator (CTS, Traffirmative s 7Tnegative s Rnegativea Rafﬁrmative)~

If no clear preference is established, the debate proceeds
to the next round, and the debaters continue to present fur-
ther arguments with more CT-related information.

S Experiments

We systematically evaluate the capability of LLMs to assess
the social impact of CTs. Eight distinct LLMs are selected
and instructed with prompting templates shown in Figure 2.
LLMs’ predictions are evaluated against human-annotated
rankings using three metrics. To assess the statistical signif-
icance of the observed correlations, we report p-values un-
der the null hypothesis that no association exists between
the two rankings. For each LLM and prompting strategy, ex-
periments are repeated three times, and the aggregated re-
sults are compared with the human rankings. We calculate
p-values to indicate the likelihood of observing correlations
of this magnitude by chance. To reduce the variability intro-
duced by the non-deterministic nature of LLMs, we fix the
hyperparameter temperature = 0 for all models. This
ensures that, for a given prompt, the model consistently se-
lects the most probable next token.

Evaluated Models. We conduct experiments on a set of
state-of-the-art proprietary and open-source LLMs to eval-
vate the efficacy of human-like CT impact assessment.
Specifically, we examine five relatively larger LLMs (> 70B
parameters):

* GPT-40 (Hurst et al. 2024)
e GPT-o01 (OpenAl 2024)
e Llama3.1-70B (Dubey et al. 2024)
* Qwen2.5-72B (Yang et al. 2024a)
e Mixtral-8x22B (MistralAl 2024)
We also evaluate three smaller LLMs (< 10B parameters):
* Llama3.1-8b (Dubey et al. 2024)
* Qwen2.5-7B (Yang et al. 2024a)
e Mixtral-7B (MistralAl 2024)

For multi-agent debating, we use the same LLM as de-
baters and employ a different LLM as the judge. In addi-
tion, we fine-tune BERT and RoBERTa models on the Red-
dit dataset to serve as baselines. Specifically, we partition
the Reddit dataset into 28 subsets, each containing 12 CTs.
Among these, 25 subsets are randomly selected for training
and the remaining 3 for testing. We conduct 10-fold cross-
validation, rotating the held-out testing subsets across folds.
The averaged performance across all folds is reported as the
final result. Note that the fine-tuning task is almost the same
as the Vanilla Ranking — Given a set of CTs as input, out-
put a corresponding impact ranking. We evaluate their per-
formance using the following metrics:

* Spearman’s Rank Correlation () (Spearman 1961)
measures the monotonic relationship between predicted
63 d;

n(n2—1)

and ground truth rankings. rs = 1 — , where d;
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Method Est. Tokens Est. Cost
Vanilla Ranking 1,500 $0.009
COT 2,250 $0.015
Scoring 1,560 $0.010
Comparison 27,600 $0.179
Self-Reflection 6,000 $0.039
Debating 7,500 $0.049
Total 46,410 $0.302

Table 2: Estimated query budgets for using GPT-40 to assess
the impact of 12 CTs.

is the difference in rankings for the i-th item, and n is the
total number of ranked items. Values near 1 or -1 indicate
strong positive or negative correlation, respectively.

* Kendall’s Tau (7) (Sen 1968) evaluates pairwise agree-
ment between predicted and ground truth rankings. 7 =

-D . . .
%, where C' is the number of concordant pairs, D is

2
the number of discordant pairs, and n is the total number
of ranked items. Values close to 1 and -1 indicate high
concordance and discordance, respectively.

¢ Normalized Discounted Cumulative Gain
(nDCG) (Jarvelin and Kekildinen 2002) assesses
ranking quality by prioritizing higher-ranked items.
The Discounted Cumulative Gain (DCG) is calcu-

lated as DCG > 10;:1((121),

rel(i) = 1/rank; to assign a relevance score based on
the ranking of the ¢-th item. Then the nDCG is computed
as nDCG = £E& where IDCG is the ideal DCG,
calculated from the ground truth ranking. Scores near
1 indicate strong alignment with the ground truth, with

errors at higher positions being penalized more heavily.

where we use

5.1 API Cost Estimation

We conduct all experiments using the OpenAl' and To-
gether.ai> APIs. Table 2 shows the estimated query budgets
for evaluating the impact of 12 CTs with GPT-40. Based
on their current pricing, GPT-o1 is more costly, with a to-
tal of approximately $1.9. Large open-source models such
as LLaMA3.1-70B, Qwen2.5-72B, and Mixtral-8x22B are
around $0.8 to $1.2, while smaller LLMs are three to four
times cheaper than their larger variants.

5.2 The Effectiveness of Prompting Strategies

We present the CT impact assessment results across all
LLMs and datasets in Table 3 and 4. We can observe that dif-
ferent prompting strategies significantly affect the efficacy
of LLM-based CT impact assessment. By simulating various
human-like reasoning processes (fast and slow thinking), as-
sessment paradigms (comparison and scoring), and interac-
tive behaviors (single-agent reasoning and multi-agent de-

"https://platform.openai.com/docs/pricing
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Fast vs. Slow Thinking Comparative vs. Scoring Assessment Single-Agent vs. Multi-Agent Reasoning
Vanilla Ranking CoT Scoring Comparison Self-Reflection Debating
M M ] r® M a®]r® D a®[r® D a®[ e M a®] e T nd®
Smaller LLMs
Llama8B -0.02  0.02%  0.67 | 0.02%** -0.04*** 0.74 || -0.11 -0.20* 0.67 | 0.16 0.1 0.70 0.32 0.27*%  0.69 | 0.41%* 0.35%* 0.83
Qwen7B -0.13* -0.11*  0.66 | 0.35 0.32 075 || 023  0.19% 0.73 |0.51%* 0.42** (.73 0.39* 0.33*%  0.71 | 0.62%** 0.44*** (.85
Mistral7B -026  -0.18 0.63 | -0.09 -0.06  0.68 || -0.07 -0.02 0.65 | 037 029*% 0.79 || -0.51*  -045% 059 | 0.52* 0.39*%* 0.84
Larger LLMs
Llama70B 032 025 072 | 042 034* 079 || 0.15 0.13 068 | 037 029* 0.82 || 0.60** 0.49** 0.80 | 0.44 0.42*%  0.76
Qwen72B 039  029* 078 | 049%*  040** 0.79 || 035 028 0.74 | 0.59* 0.50* 0.79 0.57 0.42 0.75 | 0.66** 0.52%* (.87
Mixtral8x22B | -0.53* -0.42** (.58 | 0.44%** (.38*** (.81 039 041 0.71 |0.58*%*F 0.50%* 0.83 |[-0.89%** -0.72%*%* (.54 | 0.53** 0.45%* 0.87
GPT-40 0.42* 0.35% 0.83 | 0.52% 0.44*  0.82 || 040 035% 078 | 0.55 046* 0.81 - - - - - -
GPT-ol 0.48*  0.40*  0.88 | 0.60*** 0.50*** 0.86 || 0.50** 0.44** 0.82 | 0.62* 0.51** 0.85 - - - - - -
Average Performance of LLMs
Avg. (smaller) | -0.14  -0.09 0.65 | 0.09 0.07 0.72 || 0.02 -0.01 0.68 | 035 027 0.74 0.07 0.05 0.66 | 0.52 039  0.84
Avg. (larger) | 0.22 017 076 | 0.49 0.42 082 || 036 030 075 | 055 046 0.83 0.10 0.19 0.69 | 0.54 046 0.83

Table 3: CT impact assessment results on human survey dataset. Bold values indicate the best results in each model group.
Averaged performances are reported. More results are listed in the Appendix (Table 5). (***p < 0.001; **p < 0.01; *p < 0.05)

Fast vs. Slow Thinkng Comparative vs. Scoring Assessment Single-Agent vs. Multi-Agent Reasoning
Vanilla Ranking CoT Scoring Comparison Self-Reflection Debating
rs(M) M nM| rsM M nM]rsM M n®| rsM M nM] rsMD @M n®| rsMH T n.(D)
Smaller LLMs (zero-shot)
Llama8B -0.02* 0.04* 0.75 | 0.02*  -0.05% 0.78 || -0.12* -0.21** 0.72 | 0.18* 0.12* 0.81 || 0.35** 0.29* 0.72 | 0.47*% 0.37*%¢ (.81
Qwen7B -0.15  -0.08 0.76 | 0.37* 0.35* 0.81 || 0.25% 020 082 | 0.56* 045* 0.77 || 0.45%  0.36* 0.77 | 0.71*%* 0.47** 0.84
Mistral7B -0.29*% -0.15% 0.72 | -0.08 -0.05 075 || -0.05 -0.01 0.74 | 041* 0.32* 0.80 || -0.48** -0.42%*% (.63 | 0.58** 0.41%* (.82
Larger LLMs (zero-shot)
Llama70B 0.35% 0.28*% 0.78 | 0.45* 0.37*  0.83 || 0.18% 0.15% 0.72 | 0.40** 0.31* 0.85 || 0.63** 0.51** 0.83 | 0.48** 0.45% (.81
Qwen72B 041%* 031* 0.82 | 0.51%* 0.42%% 0.84 || 0.38*% 0.30%* 0.78 | 0.61* 0.52* 0.82 || 0.60*  0.45* 0.79 | 0.69** 0.55%* 091
Mixtral8x22B | 0.50* 0.39% 0.61 | 0.47**% 0.40%* 0.84 || 0.42* 0.43* 0.75 | 0.60%* 0.52%% 0.86 || 0.65%* 0.46%** 0.77 |0.66*** 0.48** (.82
GPT-40 0.45%% 0.38%*% (.87 | 0.55%* 0.47*% 0.86 || 0.43* 0.38*% 0.81 | 0.58%* 0.49** 0.84 - - - - - -
GPT-ol 0.50%  0.42*%  0.85 | 0.63*** 0.52**%F 089 || 0.52** 0.46** 0.85 | 0.65%** 0.53** (.88 - - - - - -
Average Performance of LLMs (zero-shot)

Avg. (smaller) | -0.15 -0.06 0.74 | 0.10 0.08 0.78 0.03 -0.01  0.76 0.38 0.30 0.79 0.11 0.08 0.71 0.59 042 082
Avg. (larger) 044 036 0.78 | 0.52 0.44 0.85 0.39 034 0.78 0.57 047 0.85 0.63 0.47 0.80 | 0.61 049 085
Fully Fine-tuned Models
BERT 002 0.02 055 - - - - - - - - - - - - - - -
RoBERTa -0.01 001 051 - - - - - - - - - - - - - - -

Table 4: CT impact assessment results on the Reddit Dataset. The fine-tuned BERT and RoBERTa baselines work similarly to
Vanilla Ranking — only giving CTs as textual input without additional instructions or contexts. Bold values indicate the best
results in each model group or averaged group. (***p < 0.001; **p < 0.01; *p < 0.05)

thinking mode improves LLM performance in CT impact
assessment. However, for larger LLMs, the slow thinking
mode appears to be less important, as they may encode suf-
ficient reasoning ability even without explicit CoT.

4 Winner: Slow Thinking (CoT)

bating), we systematically evaluate and analyze the effec-
tiveness of different promoting strategies.

Fast vs. Slow Thinking. The comparison between Vanilla
and Chain-of-Thought Ranking reveals the impact of sim-
ulating fast versus slow thinking. For smaller LLMs, both
Vanilla Ranking and CoT perform poorly with average 7
and 7 close to zero (see Table 3 and 4), which indicates a
limited capacity for instinctive CT impact assessment. How-
ever, Qwen 7B benefit from slow thinking a lot with ¢ and 7
increase from negative to 0.37 and 0.35 in the Reddit dataset,

Comparative vs. Scoring Assessments. Comparing the
Pairwise Comparison and Individual Scoring paradigms, we
observe that Pairwise Comparison consistently outper-
forms Individual Scoring across all LLMs, which sug-
gests that LLMs are more adept at step-by-step compari-

respectively. On the other hand, larger LLMs exhibit good
performance with Vanilla Ranking and CoT, suggesting that
these models inherently integrate sufficient reasoning ability
even without explicit guidance. In some cases, Vanilla Rank-
ing even outperforms CoT with nDCG, as observed with
GPT-40 and GPT-ol. These findings suggest that slow
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son to produce accurate CT impact rankings. On the sur-
vey dataset, Qwen7B achieve rs = 0.51, 7 = 0.42, and
nDCG = 0.73 under Pairwise Comparison, outperforming
their scores in Individual Scoring (rs = 0.23, 7 = 0.19, and
nDCG = 0.73). Similar findings are presented on the Red-
dit dataset too — all LLMs benefit from Pairwise Compari-



son, with GPT—-o1 achieving the best r;, = 0.65, 7 = 0.53,
and nDC'G = 0.88 across all LLMs.

Individual Scoring requires LLMs to assign an impact
score for each CT, which may potentially be more prone
to calibration errors and inconsistencies. All LLMs demon-
strate comparatively poor correlations with human annota-
tions in Individual Scoring. However, while larger LLMs
maintain reasonable performance, we speculate this is due
to their larger training corpora. Compared to larger LLM’s
performance using Vanilla Ranking, using Individual Scor-
ing sometimes gets similar or even worse performance on
both survey data and Reddit data.
4+ Winner: Pairwise Comparison

Single-Agent Reasoning vs. Multi-Agent Debating. The
comparison between Single-Agent Reasoning and Multi-
Agent Debating highlights the importance of interactive dy-
namics in CT impact assessment. Self-Reflection leverages
a single LLM agent to repeatedly correct and improve the
CT impact assessment. Self-reflection moderately enhances
performance by encouraging iterative self-correction. All
LLMs, except the Mistral family, achieve better perfor-
mance than simpler strategies such as Vanilla Ranking and
Individual Scoring. For the Mistral case, we speculate
that instead of “self-reflection”, the model experienced an
“error-reinforcement”, which went further toward the op-
posite direction through the iterative process.

In contrast, Multi-Agent Debating introduces collabora-
tive interactions among LLMs, involving another LLM as
an external verifier. By combining diverse perspectives and
iterative analyses, Multi-Agent Debating enables smaller
LLMs to provide accurate CT impact assessment, match-
ing or exceeding the performance of larger LLMs. Note
that in Multi-Agent Debating, we use the same LLM as
debaters (e.g., L1ama8B) and a larger model as a judge
(e.g., Llama70B). We only use the judging LLM to select
the ranking generated by debating LLMs. In other words,
judging LLMs are not allowed to provide CT impact rank-
ings, but only to provide their selections. We didn’t ap-
ply Self-Reflection and Multi-Agent Debating to GPT—-40
and GPT-o1 because of limited budgets. We conclude that
Multi-Agent Debating is the most effective strategy for CT
impact assessment, which enables LLMs to think critically
and systematically analyze more CT-related information.
4+ Winner: Multi-Agent Debating

5.3 The Role of Models

Smaller LLMs vs. Larger LLMs. Smaller LLMs gen-
erally show poor performance in CT impact assessment,
with most metrics near or below zero for simpler prompt-
ing strategies such as Vanilla Ranking and Individual
Scoring. A notable exception is the Multi-Agent Debat-
ing, where smaller models demonstrate improved perfor-
mance. For example, Qwen7B stands out as the most con-
sistent among smaller LLMs, achieving strong results in
Multi-Agent Debating. Moreover, all smaller LLMs benefit
from Pairwise Comparison, with significant performance in-
creases. Another noteworthy observation is the performance
of Mistral7B, which shows significant improvement in
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Multi-Agent Debating but decreases with Self-Reflection.
One reason could be Qwen7B overly relies on strong LLM
to correct their mistakes. It shows very limited self-reflection
ability. Furthermore, Multi-Agent Debating emerges as an
effective prompting strategy, which significantly improves
the performance of all smaller LLMs.

Larger LLMs dominate across all metrics and prompting
strategies, significantly outperforming their smaller counter-
parts as expected. GPT-o1 demonstrates exceptional pro-
ficiency in CT impact assessment, particularly using CoT
and Pairwise Comparison. These results also highlight the
GPT-o1’s inherent ability to handle complex tasks that re-
quire step-by-step analyses and nuanced reasoning. Other
larger LLMs, such as Qwen72B and Mixtral8x22B, also
perform strongly in Pairwise Comparison. However, there
are slight variations among the larger LLMs. For example,
Llama70B shows relatively lower performance in Vanilla
Ranking and Individual Scoring; Mixt ral8x22B achieves
rs = —0.53 and —0.89 using Vanilla Ranking and Self-
Reflection, respectively. On average, larger LLMs achieve
significantly better results across all metrics and prompting
strategies. In summary, although promoting strategy drives
the core differences in alignment with ground-truth impact
rankings, model size still plays a role.
4+ Winner: Larger LLMs

Fine-Tuned Models vs. Zero-Shot LLMs. As shown in
Table 4, the performances of both fine-tuned BERT and
RoBERTa models are worse than zero-shot LLMs. Specifi-
cally, the correlations between the predicted impact rankings
and human ground-truth are close to zero, which means the
model’s CT impact assessment is almost a random guess.
We speculate that the main reason behind this is that there
are no learnable task-related patterns in the training data.
Intuitively, the linguistic cues and semantic features of a CT
are rather spurious correlation than causation — they should
not be the direct cause of its real-world social impact. On the
other hand, the relatively larger training corpus of LLMs en-
ables them to gain more knowledge and backgrounds about
CTs. Thus, LLMs can predict the CT impact more accurately
with these relevant contexts.

4+Winner: Zero-Shot LLMs

5.4 The Impact of Prompting Biases

In a real-world scenario, different users can instruct the
LLM with different prompts even for the same task.
Thus, it is important to understand how the prompting
bias affects performance using different prompting strate-
gies. Here, we analyze three common prompting biases in
practice: position, wording, and verbosity bias. Figure 3 il-
lustrates the comparative performance variations resulting
from position, wording, and verbosity biases under vari-
ous prompting strategies. Robustness testing results of Self-
Reflection and Multi-Agent Debating are omitted due to
negligible performance (close to zero) changes across all
prompting bias categories.

Position Bias. Position bias consistently causes perfor-
mance degradation across all prompting strategies, partic-
ularly in Vanilla Ranking (Figure 3a) and Individual Scor-
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(d) Chain-of-Thought.

Figure 3: Impacts (7) of prompting biases on LLM performance across different evaluation strategies: (a) Vanilla Ranking, (b)
Individual Scoring, (c) Pairwise Comparison, and (d) Chain-of-Thought. The bar plots show the relative performance changes
under different biases. Results of Debating are not shown as performance changes are negligible across all bias categories.

ing (Figure 3b). Smaller LLMs are more affected, showing
significant performance drops, while larger LLMs demon-
strate greater robustness. Pairwise Comparison (Figure 3c)
and CoT (Figure 3d) demonstrate improved robustness, es-
pecially for larger LLMs. We observe that the primary rea-
son for this degradation is that LLMs tend to disproportion-
ately assign higher rankings to CTs listed earlier in the
input sequence. In the original dataset, CTs are ordered by
ground-truth impact levels. Therefore, the positional depen-
dency can coincidentally make LLMs’ CT impact assess-
ment “look better” under a specific order.

4+Potential Solutions: To mitigate position bias, one solu-
tion is to use randomized position prompts during inference
to break the correlation between input order and LLM pre-
dictions. Shuffling the dataset beforehand can help reduce
the model’s dependency on positional cues. Moreover, it
would be useful to introduce positional randomness during
pre-training to encourage the model to rely less on order and
more on semantic content.
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Wording Bias Emotionally charged wording (e.g., formal
and casual) impacts performance more significantly than
neutral wording across prompting strategies. Intuitively,
rephrasing CTs in different tones, especially a neutral tone,
should not influence LLMs’ CT impact assessments. We
speculate that LLMs somehow leverage linguistic cues for
estimating the impact, particularly for smaller LLMs with
limited contextual adaptability. Casual phrasing generally
leads to the largest performance deviations in smaller mod-
els, as shown in Figures 3a and 3b. On the other hand, larger
LLMs exhibit greater consistency. For example, Pairwise
Comparison (Figure 3c) and CoT (Figure 3d) significantly
mitigate this bias by implementing refined analyses rather
than token-level inferences. CoT demonstrates the greatest
robustness to wording bias, which uses intermediate reason-
ing steps to neutralize the effects of stylistic differences.

4+Potential Solutions: To mitigate wording bias, incorpo-
rating a rephrasing method during the prompting stage is
promising. However, while rephrasing can introduce linguis-
tic variations and help counteract specific biases, it may add



complexity to the inference stage and unintentionally in-
troduce new biases. To mitigate this, it would be better to
rephrase each CT to a unified tone and preserve the original
semantic information as much as possible.

Verbosity Bias Verbosity bias significantly affects per-
formance when irrelevant content is added to the original
CT. This degradation is most affected in Vanilla Ranking
(Figure 3a) and Individual Scoring (Figure 3b), where both
smaller and larger LLMs struggle to filter out irrelevant
information. Smaller LLMs are particularly vulnerable, as
they may lack the ability to distinguish relevant and irrel-
evant verbosity. In contrast, larger LLMs are more robust
but still show some performance drops. Pairwise Compari-
son (Figure 3c) and CoT (Figure 3d) are notably robust to
irrelevant verbosity. In particular, CoT enables intermediate
reasoning steps for LLMs to focus on the important aspects
of CTS. Interestingly, relevant verbosity has positive effects
on performance. One explanation could be that it provides
additional meaningful context that LLMs can integrate into
their analyses. For example, including event timing and tar-
get population in prompts provides LLMs with useful con-
textual information, facilitating thorough assessments.
4Potential Solutions. To mitigate verbosity bias, it is
promising to condense verbose inputs into concise and rel-
evant summaries. However, there is a risk of unintention-
ally manipulating original CT-related information, causing
changes in the perceived impact. Therefore, an external hu-
man or machine verifier should be involved to ensure the
semantics are always consistent. Besides, prompting LLMs
for multi-step reasoning and analysis can encourage them to
further get rid of the impact of irrelevant verbosity.

In conclusion, all potential solutions we mentioned above
focus on mitigating the prompting bias during inference
time. They are feasible, flexible, and training-free, but can-
not eliminate the inherent biases embedded in the training
stage. One promising solution is to incorporate debiasing
mechanisms at the pre-training stage, such as data aug-
mentation with balanced representations. Another promis-
ing direction is post-training alignment via Reinforcement
Learning (RL), such as RLHF (Ouyang et al. 2022) and
DPO (Rafailov et al. 2023). It is possible to use RL to align a
small pre-trained LLM (e.g., LLaMA3.2-1B) for a de-biased
CT impact assessment task. However, these RL methods
rely on a robust reward model to provide human-level align-
ment signals. Training a robust reward model requires high-
quality labeled data.

6 Limitations and Future Work

This study has several limitations that future work should
consider. First, due to the lack of available large-scale world-
wide survey data, this work only studies CTs with significant
public visibility and media exposure in the US. The Reddit
data is relatively larger than the survey data, but it may con-
tain population and exposure bias. Future work could ex-
pand the dataset from more sources to enhance the cross-
region and cross-cultural generalizability. Second, rather
than promoting biases, recent studies reveal that LLMs-as-
evaluators themselves are inherently biased because of the
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training data (Li et al. 2025b). Although researchers have
developed debiasing methods (Gao et al. 2025), their effec-
tiveness in CT impact assessment remains unclear. Further-
more, future work could explore more advanced prompt-
ing strategies, encoding insights from experts and human-
crafted evaluation principles (Kim et al. 2025). Our work
has the potential to be adapted or expanded to assess the im-
pact of other forms of harmful or problematic content, such
as disinformation, hate speech, and online harassment.

7 Conclusions

This study investigates the feasibility of using LLMs for
CT impact assessment. By evaluating eight LLMs across
six prompting strategies, we empirically study LLMs’ gen-
eral CT impact assessment capability and the effectiveness
of different prompting strategies. We reveal that Chain-of-
Thought, pair-wise comparison, and Multi-Agent Debat-
ing are the most effective strategies for this task. We also
show that the fine-tuned BERT and RoBERTa models are
not capable due to the complexity of this task. We discuss
promising and practical solutions to mitigate three common
prompting biases. We suggest designing advanced LLM-
based impact assessment frameworks and ensemble methods
that leverage the strengths of different prompting strategies.
Last but not least, we discuss our limitations and provide
directions for future research. In conclusion, LLMs guided
with tailored prompting strategies appear to be an effective
tool for CT impact assessment.
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* results on original human survey dataset:

Fast v.s. Slow Thinkng

Comparative v.s. Scoring A

Single-Agent v.s. Multi-Agent R

Vanilla Ranking | CoT Scoring | Comparison Self-Reflection | Debating
(1) M nDCGHD) [ M (1 nDCGM) | (M) M nDCGH | D (M __ nDCGD rs(1) (M) nDCGM [ rsM) (M __ nDCGM
Smaller LLMs
Llama8B -0.02 0.02% 0.67 00275 -0.04%F% 0.74 -0.11 -0.20% 0.67 0.16 0.11 0.70 032 0.27% 0.69 0417 0.35%% 0.83
Qwen7B -0.13*  -0.11%* 0.66 0.35 0.32 0.75 0.23 0.19* 0.73 0.51%* 0.42°% 0.73 0.39* 0.33* 0.71 0.627%%% .44+ 0.85
Mistral7B -0.26 -0.18 0.63 -0.09 -0.06 0.68 -0.07 -0.02 0.65 0.37* 0.29* 0.79 -0.51* -0.45* 0.59 0.52* 0.39%* 0.84
Larger LLMs
Llama70B 0.32 0.25% 0.72 0.42 0.34* 0.79 0.15 0.13 0.68 0.37 0.29* 0.82 0.607* 0.49%* 0.80 0.44 0.42% 0.76
Qwen72B 0.39 0.29* 0.78 0.49% 0.40%* 0.79 0.35 0.28 0.74 0.59* 0.50* 0.79 0.57 0.42 0.75 0.66%*  0.52%* 0.87
Mixtral8x22B | -0.53*  -0.42%* 0.58 0.44%#%  (.38#%* 0.81 0.39 0.41 0.71 0.58#* 0.50%* 0.83 -0.89% % (), 72%Hk 0.54 0.53%% 0.45%% 0.87
GPT-40 0.42% 0.35% 0.83 0.52* 0.44* 0.82 0.40 0.35% 0.78 0.55 0.46* 0.81 - - - - - -
GPT-ol 0.48%  0.40*% 0.88 0.60%#* .50+ 0.86 0.50%%  0.44%* 0.82 0.62* 0.51+* 0.85 - - - - - -
Average Performance of LLMs
Avg. (smaller) | -0.14 -0.09 0.65 0.09 0.07 0.72 0.02 -0.01 0.68 0.35 0.27 0.74 0.07 0.05 0.66 0.52 0.39 0.84
Avg. (larger) 0.22 0.17 0.76 0.49 0.42 0.82 H 0.36 0.30 0.75 0.55 0.46 0.83 H 0.10 0.19 0.69 0.54 0.46 0.83
* results on position bias dataset:
Smaller LLMs
Llama8B -0.02 0.02* 0.65 0.02 -0.04* 0.67 -0.10 -0.19 0.62 0.16 0.11 0.71 0.28 0.24* 0.61 0.39% 0.33% 0.79
Qwen7B -0.11%  -0.09% 0.57 0.32 0.29 0.69 0.23 0.19* 0.72 0.47%%%  (.39%%* 0.68 0.33* 0.28* 0.60 0.64* 0.45%* 0.88
Mistral7B -0.27 -0.18 0.64 -0.08 -0.05 0.58 -0.06 -0.02 0.59 0.35% 0.28* 0.75 -0.52% 0.45%* 0.60 0.52% 0.39%* 0.84
Larger LLMs
Llama70B 0.31 0.25% 0.71 0.43 0.35% 0.81 0.15 0.13 0.67 0.39 0.30% 0.86 0.58%* 0.47%% 0.77 0.42 0.72
Qwen72B 0.39 0.29* 0.78 0.47* 0.38% 0.75 0.36 0.29 0.75 0.57* 0.49% 0.77 0.59% i 0.78 0.67#%* 0.88
Mixtral8x22B | -0.56%  -0.44** 0.61 0.45%% 0.39%%* 0.83 0.38 0.40 0.69 0.57* 0.50* 0.82 -0.85% -0.68* 0.51 0.56%* 0.91
GPT-40 0.41%  0.34* 0.81 0.53* 0.44% 0.83 0.39 0.34% 0.76 0.55 0.46* 0.81 - - - - - -
GPT-ol 0.50%  0.42* 0.92 0.58%%  0.48%* 0.83 0.52% 0.45%% 0.85 0.61* 0.50%* 0.84 - - - - - -
Average Performance of LLMs
Avg. (smaller) [ -0.13 -0.08 0.62 0.09 0.07 0.65 0.02 -0.01 0.64 033 0.26 0.71 0.03 0.02 0.60 0.52 0.39 0.84
Avg. (larger) 0.21 0.17 0.77 0.49 0.41 0.81 H 0.36 0.32 0.74 0.54 0.45 0.82 H 0.11 0.08 0.69 0.55 0.47 0.84
* results on wording bias (formal) dataset:
Smaller LLMs
Llama8B -0.02 0.02% 0.64 0.02%*F* -0.04* 0.78 -0.09 -0.21% 0.64 0.09 0.67 0.27 0.27* 0.62 0.71
Qwen7B -0.12%  -0.10% 0.56 0.37 0.30 0.64 0.20 0.20* 0.73 0.40%* 0.62 0.41% 0.28% 0.67 0.77
Mistral7B -0.27 -0.15 0.57 -0.09 -0.06 0.58 -0.06 -0.02 0.68 0.26* 0.79 -0.54* -0.43* 0.50 0.76
Larger LLMs
Llama70B 032 0.24% 0.76 0.44 0.32% 0.79 0.14 0.13 0.71 0.86 0.63% 0.5T%% 0.80 0.42 0.44% 0.76
Qwen72B 0.37 0.29* 0.82 0.49* 0.38%%* 0.83 0.37 0.27 0.74 0.75 0.54 0.44 0.75 0.69** 0.52%% 0.83
Mixtral8x22B | -0.56%  -0.42%* 0.55 0.42%#% (. 40%%* 0.81 0.39 0.39 0.75 0.83 R X 0.54 0.56%*%  0.43%* 0.87
GPT-40 0.40%  0.35* 0.87 0.55* 0.42% 0.82 0.40 0.33* 0.82 0.81 - - - - - -
GPT-o0l 0.50* 0.38* 0.92 0.57#%*  0.50%** 0.90 0.48%* 0.46%* 0.78 0.51%* 0.89 - - - - - -
Average Performance of LLMs
Avg. (smaller) | -0.14 -0.08 0.59 0.10 0.07 0.67 0.02 -0.01 0.68 0.30 0.25 0.69 0.05 0.04 0.60 0.48 0.36 0.75
Avg. (larger) 0.21 0.17 0.78 0.49 0.40 0.83 H 0.36 0.32 0.76 0.52 0.47 0.83 H 0.08 0.09 0.70 0.56 0.46 0.82
* results on wording bias (neutral) dataset:
Smaller LLMs
Llama8B -0.02 0.02% 0.62 0.02% -0.04* 0.76 -0.11 -0.20% 0.66 0.14 0.10 0.63 0.32 0.27%* 0.69 0.39%%  0.33%* 0.79
Qwen7B -0.12%  -0.10* 0.63 0.36 0.33 0.77 0.22 0.18* 0.70 0.46%* 0.38%* 0.66 0.36* 0.31* 0.66 0.61%%% (.44 0.84
Mistral7B -0.23 -0.16 0.57 -0.09 -0.06 0.68 -0.06 -0.02 0.59 0.35* 0.28* 0.75 -0.53* -0.47* 0.61 0.51°%+* 0.38%* 0.82
Larger LLMs
Llama70B 0.34 0.26* 0.76 0.45% 0.36% 0.85 0.15 0.13 0.70 0.38 0.30% 0.85 0.61%* 0.49%* 0.81 0.47* 0.81
Qwen72B 041%  0.31% 0.83 0.50* 0.4]%* 0.81 0.35 0.28 0.75 0.83 0.61 0.45 0.80 * 0.90
Mixtral8x22B | -0.57%  -0.45% 0.62 0.46%%%  0.40%%* 0.85 0.40 0.42 0.72 0.85 -0.94%%% 0,767+ 0.57 0.90
GPT-40 0.43% 0.36* 0.85 0.54* 0.45* 0.85 0.43 0.37* 0.83 0.82 - - - - - -
GPT-ol 0.50%*%  0.42%* 0.92 0.64%%  0.54%* 0.92 0.53%%  0.47%* 0.87 0.91 - - - - - -
Average Performance of LLMs
Avg. (smaller) | -0.12 -0.08 0.61 0.10 0.08 0.74 0.02 -0.01 0.65 0.32 0.25 0.68 0.05 0.04 0.65 0.50 0.38 0.82
Avg. (larger) 0.22 0.18 0.80 0.52 0.43 0.86 H 0.37 0.33 0.77 0.56 047 0.85 H 0.09 0.06 0.73 0.57 0.48 0.87
% results on wording bias (casual) dataset:
Smaller LLMs
Llama8B -0.02 0.02 0.70 0.02* -0.04* 0.70 -0.12 -0.19 0.60 0.14 0.12 0.63 0.30 0.24* 0.72 0.35% 0.33% 0.75
Qwen7B -0.12%  -0.09* 0.66 0.35 0.30 0.64 0.20% 0.20* 0.66 0.48%* 0.38** 0.77 0.41% 0.28* 0.71 0.56%%  0.44%+* 0.81
Mistral7B -025  -0.19* 0.57 -0.08 -0.06 0.71 -0.07 -0.02 0.65 0.33* 0.28* 0.83 -0.43%% 047+ 0.56 0.52%%  0.33%* 0.76
Larger LLMs
Llama70B 0.32 0.24* 0.76 0.40 0.34% 0.83 0.16 0.14 0.68 0.35 0.29% 0.82 0.63%* 0.47%% 0.84 0.44 0.44% 0.72
Qwen72B 0.41 0.29* 0.74 0.47* 0427 0.79 0.35 0.28 0.78 0.62* 0.48* 0.79 0.54 0.42 0.71 0.69%%  0.52%% 091
Mixtral8x22B | -0.53%  -0.44* 0.55 0.46%* 0.38%%* 0.85 0.37 0.39 0.71 0.58%* 0.53%* 0.79 -0.93%#% 0,72k 0.57 0.50%* 0.47%% 0.87
GPT-40 0.40%  0.35% 0.87 0.52%%  0.46%* 0.78 0.42 0.35% 0.82 0.52 0.46* 0.81 - - - - - -
GPT-ol 0.50%  0.38* 0.88 0.57%%  0.50%%* 0.90 0.50%%%  0.46%%* 0.78 0.65%%%  0.5]1%¥* 0.85 - - - - - -
Average Performance of LLMs
Avg. (smaller) [ -0.13 -0.09 0.64 0.10 0.07 0.68 0.00 0.00 0.64 032 0.26 0.74 0.09 0.02 0.66 0.48 0.37 0.77
Avg. (larger) 0.22 0.16 0.76 0.48 0.42 0.83 H 0.36 0.32 0.75 0.54 0.45 0.81 H 0.08 0.06 0.71 0.54 0.48 0.83
* results on verbosity bias (relevant) dataset:
Smaller LLMs
Llama8B -0.02% 0.04* 0.75 0.02 -0.05 0.81 -0.12 -0.21 0.72 0.18 0.12 0.81 0.35 0.29* 0.72 0.47* 0.37* 0.91
Qwen7B -0.15 -0.08 0.76 0.37 0.35 0.81 0.25 0.20 0.82 0.56 0.45 0.77 0.45% 0.36* 0.77 0.71%%  0.47+* 0.94
Mistral7B -0.29 -0.15 0.72 -0.10 -0.06 0.76 -0.08 -0.02* 0.72 0.41* 0.30* 0.87 -0.56 -0.50 0.62 0.60%%  (0.42%%* 0.94
Larger LLMs
Llama70B 0.34%  0.27* 0.77 0.45 0.35% 0.81 0.15 0.14% 0.71 0.40 0.30 0.89 0.64* 0.50% 0.83 0.46% 0.43%% 0.81
Qwen72B 0.40* 0.30* 0.82 0.52 0.42* 0.81 0.38% 0.29* 0.77 0.62%* 0.51%% 0.85 0.59%* 0.44%* 0.81 0.70* 0.54* 0.91
Mixtral8x22B | -0.57%  -0.44* 0.59 0.47 0.40 0.83 0.42 0.43 0.77 0.61%* 0.51% 0.90 0.56 0.57% 0.46% 0.91
GPT-40 0.44 0.36* 0.87 0.55 0.46 0.85 0.43 0.36 0.82 0.59 047 0.86 - - - - - -
GPT-o0l 0.51%* 0.42* 091 0.65 0.53 0.89 0.53 0.47 0.84 0.68 0.53 0.89 - - - - - -
Average Performance of LLMs
Avg. (smaller) | -0.06 0.08 0.74 0.10 0.08 0.79 0.02 -0.01 0.75 0.38 0.29 0.82 0.08 -0.02 0.70 0.59 0.42 0.93
Avg. (larger) 0.22 0.18 0.79 0.53 043 0.84 H 0.38 0.34 0.78 0.58 0.46 0.88 H 0.10 0.07 0.73 0.58 0.48 0.88
* results on verbosity bias (irrelevant) dataset:
Smaller LLMs
Llama8B -0.02 0.02% 0.69 0.02%#% -0.,04%+* 0.68 -0.11 -0.18% 0.68 0.17% 0.11 0.71 0.31% 0.66 0.87
Qwen7B -0.12%  -0.10% 0.66 0.36* 0.31 0.79 0.21% 0.20* 0.69 0.51%* 0.39%% 0.76 0.36* 0.72 0.59%% 0.83
Mistral7B -0.23 -0.19 0.65 -0.09 -0.06 0.65 -0.07 -0.02 0.68 0.38* 0.29* 0.77 -0.54* 0.53 0.49*+* 0.84
Larger LLMs
Llama70B 033 0.26* 0.73 0.45 0.35% 0.81 0.15 0.13 0.71 0.39 0.30% 0.85 0.61%* 0.52%* 0.81 0.46* 0.78
Qwen72B 0.41 0.31% 0.83 0.49* 0.41%* 0.82 0.36 0.29 0.79 0.60* 0.53* 0.81 0.61* 0.42%% 0.76 0. * 0.91
Mixtral8x22B | -0.54%  -0.45%* 0.61 0.46%%%  (.39%%* 0.87 0.42 0.41 0.73 0.60%%  0.54%* 0.88 <0927k 0,744k 0.55 0.54%% 0.90
GPT-40 0.45 0.35% 0.85 0.54 0.47* 0.83 0.42 0.36* 0.83 0.58 0.47* 0.86 - - - - - -
GPT-ol 0.48 0.41* 0.94 0.62* 0.52% 0.90 0.51%%  0.47%* 0.83 0.66* 0.52%* 0.87 - - - - - -
Average Performance of LLMs
Avg. (smaller) | -0.12 -0.09 0.67 0.10 0.07 0.71 0.01 0.00 0.68 0.35 0.26 0.75 0.04 0.05 0.64 0.50 0.38 0.85
Avg. (larger) 0.23 0.18 0.79 ‘ 0.51 0.43 0.85 H 0.37 0.33 0.78 0.57 0.47 0.85 H 0.10 0.07 0.71 ‘ 0.57 0.47 0.86

Table 5: Full CT impact assessment results on human survey datasets. Bold values on the original survey dataset indicate the
best results. Averaged performances are reported. (*** p < 0.001; ** p < 0.01; * p < 0.05)
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