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Abstract

This paper studies a critical problem of explainable public
health misinformation detection on social media, where clear
explanations are essential for enhancing user understanding
and trust, surpassing the limitations of black-box misinforma-
tion detection results. To tackle this problem, there is a grow-
ing trend of leveraging collective intelligence from diverse in-
telligence sources, such as deep neural networks (DNNs), hu-
man intelligence, and large language models (LLMs). How-
ever, integrating hybrid intelligence from different sources re-
mains a challenge: DNNs excel in accurate and efficient clas-
sification, crowd workers provide contextual understanding
and readable explanations, and LLMs offer extensive domain
knowledge and advanced language generation. Moreover,
current crowdsourcing and human–AI collaboration methods
mainly focus on aggregating misinformation detection labels
using traditional measures like consistency, often overlook-
ing more complex and challenging inputs like textual expla-
nations. We propose SynthX, a collective intelligence frame-
work that incorporates a holistic prompting design to harness
the language and reasoning capabilities of LLMs for synthe-
sizing diverse detection and explanation results. It also in-
tegrates a novel estimation theory-LLM hybrid approach to
assess the varying reliability of detection results from differ-
ent intelligence sources. Our evaluation on a real-world social
media misinformation dataset demonstrates that SynthX con-
sistently outperforms a rich set of state-of-the-art baselines in
both detection accuracy and explanation quality.

Introduction
Public health misinformation on social media platforms has
become a pervasive issue, threatening both individual and
collective well-being (Chen et al. 2022). Effective detec-
tion of online misinformation is critical for debunking false
claims and preventing their spread, which can lead to se-
rious societal consequences, such as health complications
from following inaccurate prevention and treatment advice
during the COVID pandemic. However, high-quality mis-
information detection is often time-consuming and labor-
intensive, relying primarily on dedicated fact-checking web-
sites or manual annotations by experts who verify sources
and evidence. Moreover, these fact-checking processes of-
ten fall short in addressing multi-class misinformation de-
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tection, which involves more nuanced and challenging forms
such as conspiracy theories and sarcasm that extend beyond
binary true-or-false classifications (Diab, Nefriana, and Lin
2024). These categories are important to consider because
they are often more difficult to interpret or more harmful
than straightforward false claims. Sarcasm is challenging
to identify due to its reliance on subtle cues and implicit
meaning, while conspiracy theories are rooted in deeply
held beliefs and emotionally charged narratives that can am-
plify public distrust. Tackling these complex misinformation
types enables public health campaigns to not only correct in-
accurate information but also address underlying skepticism
and fear, fostering trust and reducing resistance to accurate
public health information (Kumar and Bhat 2021).

DNNs have been leveraged to enhance misinformation
detection accuracy and efficiency (Islam et al. 2020). Ad-
ditionally, holistic representation and ensemble frameworks
have been developed for multi-class misinformation de-
tection (Shang et al. 2024; Rezaei et al. 2022). While
highly effective at predicting categories, DNNs often oper-
ate as black-box models, offering little insight into decision-
making process and limited ability to provide understand-
able explanations (Yang et al. 2023). This challenge is more
pronounced in multi-class misinformation detection, where
nuanced categories, such as conspiracy theories and sar-
casm, require a deeper interpretability of both the factuality
and the subtle tones or contexts that may alter the intended
meaning. In contrast, humans tend to comprehend informa-
tion better when explanations and reasoning accompany the
content (McCain 2015). Therefore, providing explanations
to users is vital during intervention efforts, especially when
correcting misinformation may alter users’ original beliefs.

To achieve explainable misinformation detection, eX-
plainable AI (XAI) approaches focusing on feature im-
portance and representation investigation have been devel-
oped (Athira, Kumar, and Chacko 2023). For example, at-
tention mechanisms have been applied to capture and high-
light key input patterns, allowing users to understand the
most influential parts of the data (Ni, Li, and Kao 2021).
While these methods offer valuable insights for AI practi-
tioners, they are less suited for general users during mis-
information interventions, who prefer human-like explana-
tions with clear reasoning, evidence, and accessible lan-
guage. This creates a gap between the technical focus of
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current XAI methods and the public needs in misinforma-
tion correction. Crowdsourced human intelligence offers a
scalable and efficient alternative to domain experts in man-
ual fact-checking, leveraging properly guided general par-
ticipants to verify claims and formulate explanations effec-
tively (Kim et al. 2018). This approach leverages the diverse
knowledge backgrounds and perspectives of a large popula-
tion, generating explanations that resonate more effectively
with online users.

Emerging research also explores the use of state-of-the-
art LLMs for online misinformation detection (Chen and
Shu 2023; Xu et al. 2024). LLMs possess a vast repository
of world knowledge, including societal common sense and
general domain expertise, and demonstrate strong reasoning
and language generation capabilities with a reasonable qual-
ity and readability. Despite the strengths, LLMs are prone
to issues like hallucinations and vagueness (OpenAI 2023).
For instance, LLMs have been shown to inadvertently pro-
duce highly convincing but fabricated health misinforma-
tion, such as false health articles that appear authentic and
credible (De Angelis et al. 2023).

Motivated by the limitations of solutions that rely on a
single source of intelligence, we propose a novel approach
that synthesizes misinformation detection and explanation
results from DNNs, crowd workers, and LLMs. Our approach
explores the complementary strengths of DNNs for accu-
rate and efficient classification, crowd workers for their abil-
ity to grasp contextual nuances and provide readable ex-
planations, and LLMs for their extensive domain knowl-
edge, language generation, and reasoning abilities. Tradi-
tional aggregation methods typically focus on consolidating
labels predicted by AI or annotated by humans (Zhang et al.
2014). In contrast, LLMs excel in processing and synthesiz-
ing complex and diverse textual information. Moreover, by
aggregating inputs from diverse sources like DNNs and hu-
mans, LLM reduces risks such as hallucination and vague-
ness by cross-validating information and learning from con-
crete inputs. Unlike Retrieval-Augmented Generation (Gao
et al. 2023), which retrieves information from static exter-
nal databases to mitigate hallucination, our approach inte-
grates AI and human inputs to gain context-specific and
user-readable insights for each post. Hence, this paper lever-
ages LLMs to synthesize insights from multiple sources,
achieving readable, reliable, and explainable misinformation
detection. There are two key technical challenges:

The first challenge lies in leveraging LLMs to synthesize
answers of varying quality from intelligence sources with di-
verse levels of reliability. First, source reliability refers to the
varying trustworthiness of different intelligence sources. It
has been observed that different sources often exhibit differ-
ent levels of reliability, which can be estimated by measur-
ing the consistency of their predictions across various sam-
ples. Second, unlike label aggregation, assessing explana-
tion quality is more difficult as it requires evaluating evi-
dence provided, factual accuracy, and logical coherence of
reasoning. An explanation backed by solid evidence and
clear reasoning should carry more weight than one based on
vague or speculative conclusions. For instance, an explana-
tion of “Scientific research shows that 5G does not harm the

immune system. The WHO confirms there is no biological
link between 5G radiation and immune function. COVID-19
is caused by the SARS-CoV-2 virus, spread through respira-
tory droplets, not through radio waves” provides concrete
and well-supported information. In contrast, an explanation
like “This tweet seems to spread a conspiracy about the con-
nection between 5G and the coronavirus” lacks substantia-
tion and clarity, and therefore should be weighted less in its
quality. Hence, synthesizing explainable detection results is
challenging, as it requires accounting for both the reliability
of each source in detection accuracy and the factual accuracy
and logical rigor of each explanation.

The second challenge is how to leverage LLMs to syn-
thesize heterogeneous and diversified answers from three
distinct types of intelligence sources. Traditional aggrega-
tion methods, such as expectation maximization (EM) and
Bayesian aggregation, typically focus on homogeneous data
types like categorical or numerical labels. However, this pa-
per tackles a more complex scenario of synthesizing het-
erogeneous data types: DNNs provide only categorical la-
bels, while crowd workers and LLMs offer categorical la-
bels with textual explanations. The diversity in the re-
sponses from these sources further complicates the synthe-
sis process. Crowd workers’ explanations are typically con-
cise and straightforward. For example, “COVID-19 is not
a bioweapon, no credible evidence supports this claim” is
easy to understand but lacks depth in addressing the origin
of such conspiracy or providing scientific counterpoints. On
the other hand, LLM-generated explanations tend to be more
thorough, such as elaborating on the origins of the virus and
referencing virology studies. However, LLM also introduce
the risk of hallucination, such as speculating on unrelated
theories or providing fabricated sources. Ensuring LLM
functions as a synthesizer is crucial for cross-referencing
diverse inputs, reducing over-reliance on its own outputs,
and emphasizing reliable sources. Balancing strengths and
weaknesses of heterogeneous responses remains a signifi-
cant challenge for producing trustworthy results.

To address the outlined challenges, we introduce Syn-
thX, an LLM-driven framework designed to Synthesize both
misinformation detection and eXplanation outputs. For the
first challenge, we introduce a hybrid estimation-theoretical
approach that accurately estimates source reliability while
leveraging the LLM’s capabilities to assess explanation
quality. For the second challenge, we propose a prompting
strategy to synthesize categorical and explanatory detection
results from diverse sources, while accounting for their vary-
ing levels of reliability. Evaluation results on a real-world so-
cial media dataset show that SynthX significantly improves
both misinformation detection and explanation compared to
a diverse set of DNN, LLM, and human–AI baselines. We
summarize our key contributions as follows:

• We tackled the challenge of synthesizing heterogenous
detection and explanation results from diverse types of
intelligence for explainable misinformation detection.

• We developed SynthX, a hybrid system that evaluates
both source reliability and explanation quality, and syn-
thesizes detection and explanation outcomes to improve
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misinformation detection accuracy and explainability.
• Our experiments on a real-world social media dataset

show that SynthX consistently outperforms state-of-the-
art DNN, LLM, and human–AI baselines in both detec-
tion accuracy and explanation quality.

Related Work
Explainable Misinformation Detection
AI-driven approaches have gained prominence in online
misinformation detection due to their ability to enhance ac-
curacy, efficiency, and scalability (Paraschiv et al. 2022;
Zong et al. 2023; Papanikou et al. 2024). However, many
of these AI-based methods lack explainability, as they fo-
cus solely on predicting misinformation labels without of-
fering easily accessible explanations. To address this gap,
explainable AI (XAI) techniques have emerged as a solu-
tion for making misinformation detection more understand-
able (Epstein et al. 2022). For instance, Ni, Li, and Kao
(2021) introduced attention networks to capture the meaning
of social media posts and their propagation structure, pro-
viding attention visualization interpretability. Mohseni et al.
(2021) investigated an XAI assistant in news review plat-
forms, showing how algorithmic transparency aids users in
building trust and combating misinformation propagation.
Chien, Yang, and Yu (2022) combined an LSTM model, a
relevance propagation algorithm, and a transparency model
to enhance understanding and trust of social media users in
system decisions. While these methods offer valuable ex-
plainable insights of model predictions for AI practitioners,
they may be less accessible to general users during misin-
formation interventions, where more intuitive explanations
are needed. In contrast, we introduce a hybrid system that
integrates the strengths of human reasoning and LLM pro-
cessing to generate more readable and well-grounded expla-
nations, tailored for general users in online environments.

LLMs to Automate Human-Centric Tasks
Recent advancements in generative AI and LLMs are trans-
forming traditional tasks conducted by humans such as mis-
information detection, content annotation, and explanation
generation (Xu et al. 2024). In particular, LLMs have been
used to generate high-quality textual outputs and to assess
the quality of human-generated content, significantly reduc-
ing reliance on human annotators (Yenduri et al. 2024).
For example, Ostyakova et al. (2023) compared experts,
crowd workers, and GPT in annotating open-domain con-
versations, showing that, with the help of prompt engineer-
ing, GPT can sometimes reach human-level performance in
complex discourse annotation tasks. He et al. (2024) exam-
ined GPT’s performance in a data annotation pipeline along-
side a well-structured crowdsourcing system, finding that
GPT slightly outperformed crowd workers in labeling accu-
racy, with further accuracy gains when combining GPT’s la-
bels with those from the crowd using advanced aggregation
methods. Jiang et al. (2024) explored the evolving challenge
of misinformation detection with LLMs, investigating how
LLMs could be used both as a threat and a defense mecha-
nism, while also addressing the limitations of current detec-

tion methods. However, challenges like LLM hallucinations
and the need for nuanced human judgment remain key ar-
eas of focus for further improvement. We introduce a frame-
work that positions LLM as a synthesizer, rather than merely
a generator, cross-referencing inputs from multiple sources
to ensure grounded and concrete explanations.

Human–AI Collaboration
Human–AI collaboration is critical in leveraging the com-
plementary strengths of collective intelligence, especially
in complex tasks like online misinformation detection. On
one side, human intelligence is employed to troubleshoot
and improve AI systems. For instance, Zhan et al. (2022)
explored active learning strategies like uncertainty sam-
pling and query-by-committee, which enhance model per-
formance by focusing on the most informative data sam-
ples, thus reducing the need for extensive manual labeling.
Ouyang et al. (2022) demonstrated that fine-tuning large
language models with reinforcement learning from human
feedback significantly improves their alignment with user
preferences. On the other side, AI is used to support hu-
man decision-making by pre-processing information, gener-
ating recommendations, and producing preliminary results.
For example, Zhang, Liao, and Bellamy (2020) found that
confidence scores and explanations can help calibrate human
trust in AI models, improving decision-making by facilitat-
ing collaboration between human expertise and AI. How-
ever, these methods often focus on a single direction—either
using humans to help AI or using AI to assist humans. We
synthesize the complementary strengths of both types of in-
telligence by leveraging LLMs’ advanced information pro-
cessing and synthesis capabilities to bridge the gap between
the two directions of human–AI collaboration.

Problem
In this paper, we tackle the problem of explainable misinfor-
mation detection, which focuses on both identifying the cat-
egory of misinformation and providing an accompanying ex-
planation for each social media post. The task involves clas-
sifying posts into categories such as true information, false
information, sarcasm, or conspiracy, and justifying these
classifications with clear explanations. Formally, let the in-
put be a set of social media posts Pi for i ∈ {1, ..., N},
where N is the total number of post samples. The objective
is twofold: 1) to classify each post Pi into a category Ci,
where Ci ∈ {true, false, sarcasm, conspiracy} and K is the
number of categories, and 2) to generate an explanation Ei

that provides reasoning or evidence supporting the classified
category. Illustrative examples of misinformation detection
category and explanation are shown in Figure 1.

We focus on synthesizing both misinformation detection
categories and corresponding explanations from multiple
sources, which can be categorized into three types: 1) Mis-
information categories detected by DNNs: For each social
media post Pi, we obtain predicted categories ĈDNNa

i from
a set of DNNs, where a ∈ {1, ..., A} and A is the number
of distinct DNN models used (e.g., BERT, Roberta). These
models classify posts into predefined categories based on
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Figure 1: Overview of SynthX Framework

the content of the post. 2) Misinformation categories and
explanations from crowd workers: For each post Pi, we col-
lect both a predicted category ĈCrowdb

i and an explanation
ÊCrowdb

i from crowd workers, where b ∈ {1, ..., B} and B
is the number of crowd workers assigned to annotate each
post. Crowd workers provide not only the classification but
also a textual explanation justifying their choice. 3) Misin-
formation categories and explanations from LLMs: For each
post Pi, we also gather categories ĈLLMc

i and explanations
ÊLLMc

i from LLMs, where c ∈ {1, ..., C} and C represents
the number of different LLM instances utilized.

Our objective is to synthesize both misinformation de-
tection categories and corresponding explanations from all
three sources: ĈDNNa

i , ĈCrowdb
i and ÊCrowdb

i , and ĈLLMc
i

and ÊLLMc
i . The aim is to produce a final reliable (e.g.,

factual and evidence-based) misinformation detection result,
Ĉi, along with a corresponding explanation, Êi, for each
post i ∈ {1, ..., N}. This process is formally defined as fol-
lows for ∀i ∈ {1, ..., N}:

maxP (Ĉi = Ci)

maxF (Êi), D(Êi)
(1)

where P (Ĉi = Ci) represents the probability that the syn-
thesized detection matches the true category, F (Êi) and
D(Êi) denote the factuality and evidence measurements of
the generated explanation, respectively. These evaluation di-
mensions are designed to counter common challenges faced
by LLMs, such as hallucinations and vague reasoning. Our
goal is to synthesize the diverse predictions and explana-
tions from DNNs, crowd workers, and LLMs into a coherent
and reliable output for each post. The synthesis process must
account for the varying levels of reliability across different
sources, as well as the differing quality of explanations, to
generate a final, trustworthy misinformation detection result
along with a high quality accompanying explanation.

Solution
SynthX is a collective intelligence framework that harnesses
the advanced language reasoning and processing capabili-
ties of LLMs to synthesize multiple forms of intelligence,

producing high-quality, explainable misinformation detec-
tion results. An overview of SynthX framework is shown
in Figure 1. It comprises two key modules:

• Hybrid Reliability Estimation: This module integrates es-
timation theory-based source reliability assessment with
LLM-driven explanation quality evaluation, enabling the
system to assess inputs with diverse data types with vary-
ing source reliability and explanation quality.

• Heterogeneous Detection Result Synthesis: This module
synthesizes both categorical and explanatory results from
different sources, together with the source reliability and
explanation quality estimated by the first module, to gen-
erate final explainable misinformation detection result.

Hybrid Reliability Estimation
Our solution integrates three key types of intelligence:
DNNs, crowd workers, and a LLM. This hybrid approach
ensures that we synthesize diverse insights while address-
ing the inherent limitations of each source. First, we
trained three DNN models that have consistently demon-
strated strong performance in language classification tasks:
BERT (Devlin et al. 2019), RoBERTa (Liu 2019), and XL-
Net (Yang et al. 2020). These models provide predictions of
the potential misinformation categories, denoted as ĈDNN1

i ,
ĈDNN2

i , and ĈDNN3
i for i ∈ {1, ..., N}. DNNs were cho-

sen for the ability to efficiently produce highly accurate pre-
dictions, making them a reliable foundation for detecting
misinformation categories. However, we do not include ex-
planations from DNNs because, while they excel at clas-
sification tasks, they typically function as black-boxes and
lack the inherent ability to produce human-readable expla-
nations. Although post-hoc explanation techniques exist for
DNNs such as feature importance or attention, they tend to
offer less user-friendly explanability compared to the other
two sources. In contrast, crowd workers and LLMs naturally
produce textual explanations, offering insights that are more
intuitive and accessible for general users. These sources are
better suited to provide understandable explanations that
DNNs alone cannot deliver as effectively.

Second, we leveraged the collective intelligence of crowd
workers by collecting misinformation detection results and
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explanations from three individuals for each social media
post via crowdsourcing platforms. In addition to selecting
the category they believed a social media post belonged to,
crowd workers were required to provide an explanation jus-
tifying their selection, based on their personal understand-
ing and reasoning. Their provided categories are denoted as
ĈCrowd1

i , ĈCrowd2
i , ĈCrowd3

i , and explanations are denoted
as ÊCrowd1

i , ÊCrowd2
i , ÊCrowd3

i . The inclusion of crowd-
sourced explanations introduces human-like reasoning and
evidence-based explanations, enhancing the robustness of
misinformation detection and improving the readability of
the explanations. However, crowd worker contributions are
often limited by individual knowledge gaps and less pol-
ished language, which can result in incomplete or less com-
prehensive responses.

Third, we gathered detection and explanation results from
GPT-4 (OpenAI 2023), a state-of-the-art LLM. Through
carefully designed prompts, GPT-4 was tasked with both
classifying misinformation and providing explanations to
justify its conclusions, denoted as ĈLLM1

i and ÊLLM1
i . For

consistency in implementation and comparison across mod-
els, we selected a relatively small temperature value of 0.3.
This value minimizes randomness in outputs, enhancing re-
liability—a critical requirement in misinformation detection
and explanation tasks, where accuracy and consistency are
prioritized over creativity. The slight allowance for variabil-
ity ensures explanations remain grounded and precise with-
out sacrificing the flexibility needed for nuanced reasoning.
GPT-4’s strengths lie in its vast integration of common sense
and domain knowledge, alongside its advanced reasoning
and language generation capabilities. Despite these advan-
tages, the model is prone to issues like hallucination and
vagueness in its responses, which necessitates careful con-
sideration of its outputs.

Motivated by the complementary strengths and weak-
nesses of the three distinct sources of intelligence—DNNs,
crowd workers, and LLMs—we introduce a hybrid reliabil-
ity estimation module to assess both source reliability and
explanation quality. We define source s to represent an en-
tity in the set of all aforementioned DNNs, crowd workers,
and LLM as follows: s ∈ {DNNa, Crowdb, LLM1|a =
1, ..., A; b = 1, ..., B}.

First, different types of intelligence exhibit varying levels
of reliability. For instance, DNN models typically achieve
a relatively high accuracy in detecting misinformation cate-
gories due to their training on large-scale dedicated datasets,
enabling them to detect complex patterns and nuances that
individual crowd workers might miss. Crowd workers, while
less accurate in some cases, bring a different perspective,
especially in detecting contextual subtleties and understand-
ing the emotions behind certain pieces of misinformation.
GPT, on the other hand, generally provides accurate pre-
dictions by leveraging vast amounts of domain knowledge
and advanced reasoning capabilities. However, it may also
encounter issues such as hallucination, where it generates
convincing but fabricated information in certain cases. To
address the problem of source reliability, we employ the Ex-
pectation Maximization (EM) algorithm. The EM algorithm

operates as an iterative optimization method that alternately
updates the predicted misinformation category and reliabil-
ity of each source based on the likelihood function:

L =
N∏
i=1

K∏
k=1

(
A∏

a=1

P
(
ĈDNNa

i = k
∣∣∣Ci = k,RDNNa

)1(Ci=k)

·
B∏

b=1

P
(
ĈCrowdb

i = k
∣∣∣Ci = k,RCrowdb

)1(Ci=k)

·P
(
ĈLLM1

i = k
∣∣∣Ci = k,RLLM1

)1(Ci=k)
)

(2)

where P (Ĉs
i = k|Ci = k,Rs)1(Ci=k) represents the proba-

bility that source s predicts Ĉs
i = k, given the true category

Ci = k and the reliability Rs of source s. N is the total
number of social media posts and K is the number of misin-
formation categories.

In the iterative process, the reliability of each member,
whether a DNN, crowd worker, or LLM, is inferred based
on its consistency with other sources in the absence of
ground truth labels. For instance, if a particular source fre-
quently agrees with others in predicting the same misinfor-
mation category, its reliability is considered higher. Con-
versely, a source that consistently deviates from the major-
ity would be deemed less reliable. This allows us to assess
the reliability of sources when the true labels are unknown.
Thus, we ran the EM algorithm to evaluate the reliability
of each of the three DNN models, three crowd workers,
and the GPT-4 model. The reliability scores are denoted as
R̂DNN1 , R̂DNN2 , R̂DNN3 , R̂Crowd1 , R̂Crowd2 , R̂Crowd3 ,
and R̂LLM1 . The update rule for reliability Rs of source s
at iteration t+ 1 is given by:

Rs
(t+1) =

1

N

N∑
i=1

K∑
k=1

1(Ci = k)

· P
(
Ci = k | Ĉs

i = k, Ĉ−s
i , Rs

(t)

) (3)

where Ĉ−s
i denotes the predictions of all other sources ex-

cept s for post i. Term P (Ci = k|Ĉs
i = k, Ĉ−s

i , Rs
(t)) is the

posterior probability of the true category Ci = k, given the
predictions from source s and other sources at iteration t.

The final reliability score for each source is calculated
based on the consistency of their predictions with all other
sources as follows:

Rs =

∑N
i=1

∑K
k=1 1(Ĉs

i = k) · 1(Ci = k)

N
(4)

where 1(Ĉs
i = k) · 1(Ci = k) is the indicator function

that returns 1 if the prediction Ĉs
i from source s matches the

true category Ci, and 0 otherwise. These reliability estimates
are then incorporated into the second module of misinforma-
tion detection and explanation synthesis, ensuring that more
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trustworthy sources have a greater influence on the final re-
sults. Although these reliability scores depend on compara-
tive consistency among sources, our holistic framework in-
tegrates an additional dimension of reliability assessment,
mitigating the risk of relying solely on majority consensus.

Another critical dimension considered by our framework
is explanation quality, which varies significantly across dif-
ferent sources. For example, crowd workers or LLMs may
possess different levels of expertise or familiarity with the
content of social media posts. Explanations that include
clear evidence and well-structured reasoning naturally have
higher quality than those that are vague or speculative as
illustrated in the Introduction Section. To tackle the prob-
lem of varying explanation quality across crowd workers and
LLMs for different social media posts, we utilize the lan-
guage understanding and reasoning capabilities of the GPT-
4 model. For each social media post, we provide GPT-4 with
the detection task, along with the categories and explana-
tions generated by each crowd worker and LLM. We care-
fully prompt GPT-4 to prioritize evaluating the reasoning
behind the explanations rather than the correctness of the
final category, thus distinguishing this step from the earlier
reliability assessment, which focuses on category detection.
To ensure an unbiased evaluation of explanation quality, we
exclude any information about the source of each explana-
tion (i.e., whether it comes from a crowd worker or LLM).
This allows GPT-4 to assess the explanation purely based on
its contents, avoiding any potential bias or preconceptions
about the different sources of intelligence. The explanation
quality for the crowd workers, and the LLM on each social
media post are denoted as Q̂Crowd1

i , Q̂Crowd2
i , Q̂Crowd3

i ,
and Q̂LLM1

i for i ∈ {1, ..., N}. This method helps in provid-
ing a fair comparison of explanation quality, ensuring that
the focus remains on the strength of the reasoning and clar-
ity of the explanation.

Heterogeneous Detection Result Synthesis
Building on the source reliability and explanation quality
scores, we developed a comprehensive approach to synthe-
size both misinformation detection categories and explana-
tions from the various types of intelligence sources. Unlike
traditional aggregation methods that focus solely on label
predictions, our method addresses the more complex sce-
nario of heterogeneous data types and the diversity of in-
puts from different sources, as illustrated in the Introduction
Section. Specifically, DNN models provide only misinfor-
mation detection categories, with their reliability estimated
through the EM algorithm. In contrast, both crowd work-
ers and LLMs provide misinformation detection categories
along with explanations that justify their choices, each ac-
companied by its source reliability and explanation qual-
ity. The challenge lies in effectively synthesizing these three
distinct types of intelligence—DNNs, crowd workers, and
LLMs—which provide different kinds of inputs, such as la-
bels and explanations, with varying levels of reliability and
quality. Following the synthesis of heterogeneous detection
results from various intelligence sources, our objective is to
generate the final estimated misinformation detection cat-

egory and the synthesized explanations. This process lever-
ages the source reliability scores for predicted categories and
the explanation quality scores for explanatory text.

First, the final estimated category Ĉi for an item i can be
estimated by integrating the predicted categories from DNN
models, crowd workers, and LLMs, weighted by their re-
spective source reliability scores as follows:

Ĉi =
A∑

a=1

R̂DNNa · f(ĈDNNa
i )

+
B∑

b=1

R̂Crowdb · f(ĈCrowdb
i )

+ R̂LLM1 · f(ĈLLM1
i )

(5)

where f(·) indicates a numerical encoding or weighting
function that translates predicted categories into quantita-
tive values (Hryniewska et al. 2024). It aligns with ensemble
learning methods, where model predictions are combined
based on reliability scores to improve decision-making by
normalizing and weighting outputs from multiple sources.

Second, the explanations Êi for each item i can be synthe-
sized by taking into account both the reliability and quality
scores of the explanations provided by the crowd workers
and LLMs as follows:

Êi = g
(
{Q̂Crowdb

i , R̂Crowdb , ÊCrowdb
i },

{Q̂LLM1
i , R̂LLM1 , ÊLLM1

i }
)

∀b ∈ {1, ..., B}
(6)

where g(·) focuses on synthesizing explanations by scor-
ing explanation quality, emphasizing factuality or evi-
dence (Wang 2023). Tools like GPTScore assess these as-
pects to evaluate how well generated explanations align with
source content, using metrics like factuality and evidence to
ensure clear and accurate outputs, critical in misinformation
detection settings.

To synthesize heterogeneous detection categories and ex-
planations while accounting for their varying reliability and
qualities, we carefully prompt GPT to perform the synthe-
sis by following these steps: 1) We remove any indication of
which type of intelligence (DNN, crowd worker, or LLM)
each answer originates from to eliminate potential precon-
ceptions that could influence GPT’s synthesis process. 2)
We explicitly specify the source reliability score for the pre-
dicted categories and the explanation quality score for each
explanation. This ensures that GPT can weigh the contri-
butions of each source appropriately, factoring in both the
accuracy of the category prediction and the quality of the
explanation provided.

An illustrative example of our synthesizing prompt design
is presented in the following gray prompt box. Specifically,
we use an example tweet, where the ground truth label for its
misinformation detection category is conspiracy. We provide
sample answers from three types of intelligence sources:
Source 1 represents a DNN, Source 4 a crowd worker, and
Source 7 an LLM. As shown in the example, DNN mod-
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els often achieve higher reliability scores than crowd work-
ers and LLM (e.g., 0.73 vs. 0.65 vs. 0.69) because they are
trained on large-scale datasets specifically curated for the
misinformation detection task. Crowd workers, while gen-
erally having lower prediction reliability scores, can pro-
vide easily understandable explanations, as demonstrated in
Source 4, “is just another wild claim that’s been debunked.”
LLMs, on the other hand, are capable of generating more
comprehensive and polished explanations, such as the state-
ment in Source 7: “There is no scientific evidence supporting
any link between the two, and such claims have been classi-
fied as conspiracy theories.” This prompt design guides GPT
to synthesize these diverse inputs, generating a balanced and
objective final classification along with a concise explana-
tion. A pseudocode summary of SynthX is in Appendix.

Synthesizing Prompt Design

Task: Categorize the following tweet into one of the four
categories: True Information, False Information, Conspir-
acy, or Sarcasm. Provide a justification for your classifica-
tion decision.
Tweet: Is Covid19 a bioweapon built from a bat coro-
navirus with an add-on spike protein designed to infect
humans? If true, then who built it, and was it released
accidentally or deliberately?

We gathered responses from seven different sources,
with respective reliability scores for predictions and
quality scores for explanations. The prediction reliability
and explanation quality are evaluated using different
methods, leading to differences in scale or range. Your
task is to synthesize these results and provide the final
classification along with an explanation that justifies
your decision. This final answer should be clear and
focused on helping the general public mitigate misinfor-
mation, without mentioning the multiple sources involved.

Source 1: Answer: Conspiracy.
Prediction Reliability: 0.73
... ...
Source 4: Answer: Conspiracy. Covid was brought about
by 5G is just another wild claim that’s been debunked, but
people still talk about it. Definitely fits into the conspiracy.
Prediction Reliability: 0.65
Explanation Quality: 0.60
... ...
Source 7: Answer: Conspiracy. The tweet suggests a con-
nection between the coronavirus and 5G, which is a com-
mon conspiracy theory that has been widely debunked.
There is no scientific evidence supporting any link be-
tween the two, and such claims have been classified as
conspiracy theories. Hence, this tweet falls into the con-
spiracy category.
Prediction Reliability: 0.69
Explanation Quality: 0.80

Evaluation
Datasets and Crowdsourcing Settings
We use a publicly available dataset focused on misinforma-
tion detection, sourced from Twitter/X using public health-

related keywords during the COVID pandemic (Memon and
Carley 2020). The data collection targeted tweets combin-
ing terms like “COVID” with health misinformation topics,
such as unproven remedies (e.g., bleach, garlic), controver-
sial treatments (e.g., hydroxychloroquine, steroids), conspir-
acy theories (e.g., 5G, bioweapon), and claims about im-
munity, cures, and vaccines. The dataset includes ground
truth labels for 17 categories, which were manually anno-
tated and cross-validated by six annotators following the de-
tailed guidelines outlined in the annotation codebook1.

To tailor the dataset to the misinformation detection task,
we excluded categories irrelevant to information validity
(e.g., politics, panic buying). Next, we consolidated over-
lapping categories: 1) true treatment, true prevention, true
public health response, emergency response, and news were
merged into the category of true information; 2) false fact
or prevention, fake cure, fake treatment, and false public
health response were combined into the category of false
information; 3) conspiracy and sarcasm were retained as
distinct categories. In compliance with Twitter/X’s terms
of service, we retrieve the text of tweets accessible on the
platform using the tweet IDs provided in the dataset. After
processing, the dataset comprises 1,607 tweets, divided into
four categories: true information (24.6%), false information
(20.8%), conspiracy (32.9%), and sarcasm (21.7%). A 7:3
split between training and testing data is used for evaluat-
ing all methods. Aligned with standard practices in language
applications, fine-tuning pre-trained language models on
downstream tasks has proven effective with relatively small
datasets, as opposed to training models from scratch. For ex-
ample, Grießhaber, Maucher, and Vu (2020) demonstrated
BERT’s adaptability by fine-tuning it on datasets with fewer
than 1,000 training samples. Therefore, our dataset size is
sufficient to effectively fine-tune and evaluate all baselines.

Our crowdsourcing interface design is presented in Fig-
ure 2. We employ the interface to gather misinformation
predictions and explanations from crowd workers on Ama-
zon Mechanical Turk, a widely-used crowdsourcing plat-
form that provides around-the-clock access to a large global
workforce. Crowdsourcing offers a more efficient and cost-
effective approach compared to relying solely on domain
experts, enabling us to rapidly collect a high volume of an-
notations at an reduced expense. For each explainable mis-
information detection task, we assign three crowd workers,
compensating each $0.05 per task. The process adheres to
the guidelines established by the Institutional Review Board
(IRB) protocol to ensure ethical compliance. To ensure the
quality of the labels, we set qualification criteria, requiring
crowd workers to have completed at least 10,000 approved
tasks and to maintain an approval rating of 98% or higher
before participating in our project. The inter-worker agree-
ment, measured by a Kappa score of 0.667, indicates a solid
level of consistency, as a Kappa score above 0.6 reflects
good agreement between individuals (Cohen 1960).

1https://zenodo.org/records/4024154
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Figure 2: Illustration of Crowdsourcing Interface

Baselines and Evaluation Settings
To thoroughly evaluate our SynthX approach, we in-
clude a diverse set of DNN, LLM, and human–AI base-
lines in the assessment process: BERT (Devlin et al.
2019), RoBERTa (Liu 2019), XLNet (Yang et al. 2020),
GPT-4 (OpenAI 2023), LLaMA3 (Touvron et al. 2023),
Mistral (Jiang et al. 2023), TD (Wang et al. 2012),
DAL (Zhan et al. 2022), StreamCollab (Zhang et al. 2021),
MEGAnno+ (Kim et al. 2024). Detailed descriptions of
the compared baselines are presented in Appendix. DAL,
StreamCollab, and MEGAnno+ are crowd–AI collaborative
baselines, where the AI components of them are trained us-
ing the training set. To evaluate the explanation generation
capability of our SynthX framework, we generate misinfor-
mation explanations for all baseline models that produce tex-
tual outputs: GPT-4, LLaMA3, Mistral, and the Crowd.
We prompted the LLMs for both the misinformation detec-
tion category and its corresponding explanation. Addition-
ally, we used the crowdsourcing interface shown in Figure
2 to gather both detection categories and explanations from
crowd workers. The evaluation results for the Crowd were
obtained by averaging the scores for each metric (factual-
ity and evidence) across three crowd workers collected for
each social media post. We did not use crowdsourcing ag-
gregation baselines for explanation aggregation, as they are
specifically designed for label aggregation and not for syn-
thesizing explanations. The DNN models in our framework,
as well as the DNN baselines, were implemented using Py-
Torch and trained on NVIDIA A16 GPUs. We optimized
hyperparameters with the Adam optimizer, using a learning

rate of 1× 10−5 and a batch size of 100, for 50 epochs until
convergence. GPT-4 was integrated into both our framework
design and as a baseline model, with both implementations
carried out via the GPT-4 API2.

We use four commonly adopted multi-class textual clas-
sification metrics to assess misinformation detection accu-
racy (Artstein and Poesio 2008): 1) Accuracy, 2) F1-Score,
3) Cohen’s Kappa (Kappa), and 4) Matthews Correlation
Coefficient (MCC). Higher scores in these metrics reflect
stronger model performance. To evaluate the quality of mis-
information explanations, we employ two key metrics (He,
Ahamad, and Kumar 2023): 1) Factuality: does the expla-
nation accurately and truthfully justify the tweet’s classifi-
cation into the misinformation category? 2) Evidence: does
the explanation provide clear and convincing evidence to
support the misinformation category? We prompted GPT-
4 as the evaluator by providing it with the definitions of
Factuality and Evidence outlined above and instructing it
to assess each explanation accordingly. GPT-4 can effec-
tively evaluate explanation quality because the task of evalu-
ation is distinct from detection, and prior research has shown
that LLMs can effectively judge the quality of generated re-
sponses in various tasks. For example, GPT-4 has been suc-
cessfully employed in evaluating language generation tasks,
where it demonstrates a strong correlation with human judg-
ment, particularly in evaluating factual accuracy (Liu et al.
2023; OpenAI 2023). These evaluation dimensions are de-
signed to counter common LLM challenges, such as hal-
lucinations and vagueness. Hallucinations occur when the
model generates information that is not grounded in reality
or fact, leading to explanations that may seem coherent but
are incorrect. By focusing on factuality, we aim to ensure
that the generated explanations are both accurate and aligned
with the true nature of the misinformation. Similarly, vague-
ness can obscure the reliability of explanations, as they may
lack the necessary specificity or substantiation. The evidence
metric addresses this by requiring concrete support for each
classification, thereby reinforcing clarity and mitigating the
risk of ambiguous or unsupported explanations.

Evaluation Results
Detection Accuracy Comparison In this set of experi-
ments, we compare the classification accuracy of our Syn-
thX framework with all baseline models for misinforma-
tion detection. The results, as shown in Table 1, clearly
demonstrate SynthX’s performance improvements over a
wide range of baseline methods. For example, compared to
the best-performing baseline, MEGAnno+, SynthX achieves
substantial improvements across all evaluation metrics, in-
cluding 3.75% in Accuracy, 3.75% in F1-Score, 5.48% in
Kappa, and 5.46% in MCC. These improvements are driven
by SynthX’s ability to integrate DNNs, crowd intelligence,
and LLMs, leveraging the efficient and large-scale classifica-
tion strengths of deep models, the contextual understanding
from human crowd input, and the advanced reasoning capa-
bilities of LLMs. This approach effectively handles hetero-
geneous input types with varying reliability, ensuring robust

2https://platform.openai.com/
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Algorithm Accuracy F1-Score Kappa MCC

BERT 0.7785 0.7787 0.6989 0.6996
RoBERTa 0.8012 0.7950 0.7251 0.7290

XLNet 0.7743 0.7731 0.6925 0.6932

GPT-4 0.8054 0.8077 0.7359 0.7363
LLaMA3 0.7371 0.7313 0.6465 0.6594
Mistral 0.6936 0.6964 0.5868 0.5893

TD 0.7909 0.7859 0.7083 0.7183
DAL 0.8240 0.8210 0.7579 0.7594

StreamCollab 0.8260 0.8204 0.7597 0.7631
MEGAnno+ 0.8261 0.8259 0.7634 0.7643

SynthX 0.8571 0.8569 0.8052 0.8060

Table 1: Detection Accuracy Comparison

Algorithm GPT-4 LLaMA3 Mistral Crowd SynthX
Factuality 0.8845 0.7727 0.7895 0.7493 0.9086
Evidence 0.8914 0.7245 0.7115 0.7038 0.9164

Table 2: Detection Explanation Comparison

misinformation detection.

Detection Explanation Comparison We further evalu-
ate the explanation quality of misinformation detection pro-
duced by our SynthX framework in comparison to all base-
line models capable of generating textual explanations, as
detailed in the Baselines and Evaluation Settings Subsec-
tion. The evaluation results presented in Table 2 show that
SynthX consistently outperforms the baseline models. For
instance, compared to the best-performing baseline, GPT-
4, SynthX achieves notable performance improvements of
2.72% in Factuality and 2.80% in Evidence. The superior
performance of SynthX can be attributed to its ability to
synthesize insights from multiple intelligence sources, such
as crowd workers and LLMs, combining their respective
strengths. By integrating these complementary sources, Syn-
thX produces explanations that are not only more factual but
also better grounded in evidence.

We present the explanation results generated by each
type of intelligence integrated into SynthX in Table 3, us-
ing an example tweet classified under the conspiracy cate-
gory. Crowd-generated explanation was overly brief, lack-
ing the depth and analytical rigor necessary to effectively
debunk misinformation and ensure clarity for online users.
GPT-4, despite offering detailed analyses, misclassified the
misinformation by focusing solely on identifying falsehoods
while overlooking the key of conspiracy theories, and pro-
vided an explanation that was relatively repetitive in expres-
sion. In contrast, SynthX synthesized the strengths of these
complementary approaches: it correctly identified the con-
spiracy category, balanced clarity with sufficient detail, and
maintained concise language to enhance readability and user
comprehension. A detailed comparison across all baselines
for this tweet is provided in the Appendix.

Tweet

True Category: Conspiracy
#CoronaVirusSA #covid19sa #bioweapon Based
on current epidemiological mathematical models and
govt’s inability to fix anything, SA would by mid-
June have 100,000 infected persons, 3,000 dead,
prison riots, economic collapse, countrywide riots.

Crowd
Detection Category: Conspiracy
This tweet is spreading conspiracy about the
aftermath of coronavirus.

GPT-4

Detection Category: False Information
The tweet presents a series of alarming predictions
regarding the COVID-19 situation in South Africa
that are not substantiated by credible data or
evidence. While it references mathematical models,
it does not provide any sources or context for these
claims. The use of hashtags like #bioweapon suggests
a conspiratorial framing, but the primary content
of the tweet focuses on specific predictions that are
exaggerated and unfounded. The predictions about
infection rates, deaths, and societal collapse are
alarmist and not reflective of the actual situation
as understood by public health experts. Therefore, it
falls under the category of false information rather
than conspiracy or satire.

SynthX

Detection Category: Conspiracy
The tweet presents a series of dire predictions
regarding the COVID-19 situation in South Africa,
framing them in a sensational manner that suggests
a hidden agenda or malicious intent, particularly
with the use of hashtags like #bioweapon. While it
references mathematical models, it lacks credible
evidence or data to support its claims. The alarmist
tone and the speculative nature of the predictions
contribute to a conspiratorial narrative rather than
factual reporting, making it fit conspiracy category.

Table 3: Detection Explanation Example Comparison

(a) Accuracy (b) Explanation

Figure 3: Ablation Study of SynthX

Ablation Study We conducted an ablation study to assess
the contribution of each type of intelligence in our frame-
work, aiming to validate the effectiveness of our collective
intelligence design. Specifically, we removed each of the fol-
lowing: DNNs, crowd workers, and the LLM from our syn-
thesis framework, resulting in the configurations w/o DNN,
w/o Crowd, and w/o LLM, respectively. The evaluation re-
sults are shown in Figure 3. We observe that the exclusion
of any one type of intelligence leads to a noticeable decline
in both detection accuracy and explanation quality. These
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(a) Accuracy (b) F1-Score

(c) Kappa (d) MCC

(e) Factuality (f) Evidence

Figure 4: Robustness Study of SynthX

findings highlight the effectiveness of our design in harness-
ing the complementary strengths of DNNs, crowdsourcing,
and LLMs. The results provide insights on the potential of
integrating LLMs with traditional crowdsourcing or human–
AI collaboration frameworks for enhanced collective intel-
ligence. Additionally, we observe that removing the crowd
component results in the largest drop in detection accuracy.
This is because, while individual crowd workers may not
achieve the same level of accuracy as AI models, the col-
lective accuracy derived from aggregating multiple crowd
workers notably enhances the model’s performance.

Robustness Study In the final set of experiments, we con-
ducted a robustness study to assess the performance stabil-
ity of our framework when varying the temperature of the
GPT-4 model, which serves as the LLM component in our
framework. Model temperature controls the randomness of
the output, with lower values making predictions more deter-
ministic and higher values introducing more variability and
creativity. We explored temperature settings of 0, 0.3, 0.5,
and 0.7 to investigate the trade-offs between output diver-
sity and consistency. We compared the performance of our
SynthX framework with GPT-4 across different temperature
settings, as GPT-4’s performance is also changing based on
this hyperparameter. The evaluation results, depicted in Fig-
ure 4, indicate that SynthX consistently outperforms GPT-4

across all temperature settings. This consistent performance
gain demonstrates the robustness of our SynthX framework,
maintaining high accuracy and explanation quality as the
LLM’s temperature varies.

Conclusion
We introduced SynthX, a novel collective intelligence
framework designed for explainable misinformation detec-
tion. We developed a hybrid system that estimates both the
reliability of DNN, crowd worker, and LLM sources and
the quality of explanations provided by crowd workers and
LLMs. We developed an innovative framework that tran-
scends conventional label aggregation by synthesizing het-
erogeneous detection and explanation outcomes. It incor-
porates a hybrid reliability estimation method that assesses
both source reliability and explanation quality, ensuring ac-
curate and explainable detection. Experiments on a real-
world social media dataset proved that SynthX consistently
outperforms state-of-the-art baselines in both detection ac-
curacy and explanation quality. This paper highlights the po-
tential of using LLMs to synthesize collective intelligence
beyond traditional label aggregation, accommodating com-
plex and diverse textual information, such as explanations,
opinions, and ethical considerations.
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erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes, please see the Intro-
duction.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes, please see the Abstract and Introduction.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, please
see the Solution.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes,
please see the Evaluation.

(e) Did you describe the limitations of your work? Yes,
please see the Ethics Statement.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, please see the Ethics State-
ment.

(g) Did you discuss any potential misuse of your work?
Yes, please see the Ethics Statement.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, please see the Ethics Statement.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, we have
read the ethics review guidelines to ensure our paper
conforms to them.

2. Additionally, if your study involves hypotheses testing...
(a) Did you clearly state the assumptions underlying all

theoretical results? NA
(b) Have you provided justifications for all theoretical re-

sults? NA
(c) Did you discuss competing hypotheses or theories that

might challenge or complement your theoretical re-
sults? NA

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA

(e) Did you address potential biases or limitations in your
theoretical framework? NA

(f) Have you related your theoretical results to the existing
literature in social science? NA

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
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(a) Did you state the full set of assumptions of all theoret-

ical results? NA
(b) Did you include complete proofs of all theoretical re-

sults? NA
4. Additionally, if you ran machine learning experiments...
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(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes,
please see the Evaluation and Appendix.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes, please
see the Evaluation and Appendix.

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes, please see the Ap-
pendix.

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes, please
see the Evaluation.

(f) Do you discuss what is “the cost” of misclassifica-
tion and fault (in)tolerance? Yes, please see the Ethics
Statement.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, please see the Evaluation.

(b) Did you mention the license of the assets? Yes, please
see the Evaluation.

(c) Did you include any new assets in the supplemental
material or as a URL? NA

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes, please see the Evaluation.

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? Yes, please see the Evaluation and
Ethics Statement.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? Yes, please see the Ap-
pendix.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? Yes, please see the Appendix.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? Yes, please see the Appendix.

(d) Did you discuss how data is stored, shared, and dei-
dentified? Yes, please see the Ethics Statement.

Ethics Statement
This paper focuses on explainable misinformation detection
on social media, a critical task with significant societal im-
plications for preventing the spread of false information and
misconceptions. To avoid potential misuse, we employed
rigorous data anonymization, ensuring that all datasets used
are publicly available, ethically sourced, and contain only
post content without any personally identifiable information.
Evaluation settings are comprehensively documented to fa-
cilitate reproducibility while maintaining controlled access.
Misclassification in this domain carries the potential to ei-
ther amplify misinformation or unnecessarily flag accurate
information. We incorporate hybrid intelligence and relia-
bility assessments to enhance fault tolerance.
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Appendix
Summary of SynthX Framework
We summarize our SynthX framework in Algorithm 1. The
inputs include social media posts P and different types of
sources s ∈ {DNNa, Crowdb, LLM1|a = 1, ..., A; b =
1, ..., B}. The framework synthesizes these inputs to pro-
duce the explainable misinformation detection outputs: the
synthesized categories Ĉ and explanations Ê. The synthesis
process is designed to leverage the complementary strengths
of different types of intelligence for more accurate and ex-
plainable results.

Algorithm 1: Summary of SynthX Framework

1: input: P , s ∈ {DNNa, Crowdb, LLM1|a = 1, ..., A; b =
1, ..., B}

2: output: Ĉ, Ê
3: for each post Pi do
4: for each source s ∈ {DNNa|b = 1, ..., B} do
5: predict category Ĉs

i

6: end for
7: for each source s ∈ {Crowdb, LLM1|b = 1, ..., B} do
8: collect category Ĉs

i and explanation Ês
i

9: end for
10: end for
11: for each post Pi do
12: update source reliability Rs by EM,

where s ∈ {DNNa, Crowdb, LLM1|a = 1, ..., A; b =
1, ..., B}

13: compute explanation quality Qs
i by LLM,

where s ∈ {Crowdb, LLM1|b = 1, ..., B}
14: end for
15: for each post Pi do
16: generate Ĉi from Ĉs

i , R̂s by LLM,
where s ∈ {DNNa, Crowdb, LLM1|a = 1, ..., A; b =
1, ..., B}

17: generate Êi from Ês
i , R̂s, Q̂s

i by LLM,
where s ∈ {Crowdb, LLM1|b = 1, ..., B}

18: end for

Baselines
To thoroughly evaluate our SynthX approach, we include a
diverse set of DNN, LLM, and human–AI baselines in the
assessment process:
• BERT (Devlin et al. 2019): a powerful representation

learning model that leverages a bidirectional transformer
architecture to process language context in both direc-
tions, allowing it to deliver high classification accuracy
across various complex natural language tasks.

• RoBERTa (Liu 2019): an enhanced deep learning model
that employs a refined transformer network to deeply cap-
ture and learn semantic representations from text, improv-
ing classification performance through extensive pretrain-
ing and sophisticated fine-tuning techniques.

• XLNet (Yang et al. 2020): a representative language
model using a permutation based transformer architecture
to capture bidirectional context, offering enhanced perfor-
mance across various language understanding and classi-
fication tasks.

• GPT-4 (OpenAI 2023): a state-of-the-art large language
model utilizing a transformer architecture, fine-tuned with
human feedback to generate highly coherent and contex-
tually aware text, excelling in diverse language tasks.

• LLaMA3 (Touvron et al. 2023): an open-source large lan-
guage model designed for efficiency and scalability, lever-
aging advanced transformer architectures to perform com-
petitively across a wide range of language tasks.

• Mistral (Jiang et al. 2023): a highly efficient foundation
language model that builds on transformer-based archi-
tectures, emphasizing compactness and performance, and
delivering strong results across diverse language bench-
marks.

• TD (Wang et al. 2012): an expectation maximization-
based crowdsourcing algorithm that evaluates worker ex-
pertise by modeling each worker’s reliability, and itera-
tively refines both misinformation category estimates and
worker accuracy through its two-step process.

• DAL (Zhan et al. 2022): a deep active learning-based
crowd–AI collaborative approach that integrates crowd-
sourced labels with AI predictions for samples exhibiting
high prediction entropy to enhance overall classification
accuracy.

• StreamCollab (Zhang et al. 2021): a human–AI collabo-
rative framework that estimates AI uncertainty to detect
and correct potentially incorrect AI predictions via hu-
man intelligence using estimation theoretical approaches
to achieve optimal collective classification performance.

• MEGAnno+ (Kim et al. 2024): a human–LLM collabora-
tive annotation system that combines LLM efficiency with
human contextual understanding to produce high-quality
classification results.

Qualitative Analysis of Detection Explanation
We present an example comparing the misinformation ex-
planation results of SynthX with all baseline methods in
Table 4. The example tweet promotes a conspiracy theory
about South Africa’s COVID-19 spread predictions, lacking
any evidence to support its claims. Crowd-generated expla-
nations tend to be overly brief, lacking sufficient detail and
analysis to ensure reliability and clarity for debunking mis-
information when presented to online users. Both GPT-4 and
LLaMA incorrectly categorized the misinformation, focus-
ing only on identifying false information without recogniz-
ing the underlying conspiracy of exaggerating infections and
consequences to spread fear without evidence. While Mistral
provided an accurate category and explanation for this spe-
cific example, its performance was less robust and consistent
overall, which explains its lower scores in Tables 1 and 2.
In contrast, our synthesized detection explanation identified
the correct category and provided a significantly improved
explanation. It balanced clarity and detail while maintaining
concise language and enhancing readability for better user
comprehension.
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Tweet and Label Algorithm Detection
Category Detection Explanation

#CoronaVirusSA
#covid19sa
#bioweapon

Based on current
epidemiological
mathematical
models and govt’s
inability to fix
anything, SA would
by mid-june have

- 100 000 infected
persons
- 3000 dead
- prison riots
- economic collapse
- countrywide riots

True Category:
Conspiracy

Crowd Conspiracy This tweet is spreading conspiracy about the aftermath of coronavirus.

GPT-4 False
Information

The tweet presents a series of alarming predictions regarding the COVID-19
situation in South Africa that are not substantiated by credible data or evidence.
While it references mathematical models, it does not provide any sources
or context for these claims. The use of hashtags like #bioweapon suggests
a conspiratorial framing, but the primary content of the tweet focuses on specific
predictions that are exaggerated and unfounded. The predictions about infection
rates, deaths, and societal collapse are alarmist and not reflective of the actual
situation as understood by public health experts. Therefore, it falls under the
category of false information rather than conspiracy or satire.

LLaMA3 False
Information

The tweet makes specific predictions about the number of infected persons
and deaths due to COVID-19 in South Africa by mid-June, which is a claim
that can be verified or disproven with actual data. Although it’s possible that
the author was basing their predictions on available epidemiological models
at the time, without knowing the exact date of the tweet and comparing it
with actual data, it’s difficult to confirm its accuracy. However, given that
such predictions often turn out to be incorrect or exaggerated, I lean towards
categorizing it as False Information. It’s worth noting that while some parts of
the tweet might have been based on real concerns (e.g., economic collapse),
others seem speculative or alarmist (e.g., prison riots and countrywide riots).
This mix of potentially valid concerns with unsubstantiated claims further
supports my classification as False Information rather than True Information.

Mistral Conspiracy

The user is suggesting that the COVID-19 outbreak in South Africa was
deliberately engineered as a bioweapon (an unproven claim), and then predicting
specific outcomes based on this assumption (e.g., high infection rates, deaths,
prison riots, economic collapse, countrywide riots). These predictions are not
supported by empirical evidence or accepted scientific models for disease spread.
Furthermore, the use of hashtags like "#CoronaVirusSA" and "#covid19sa"
implies that the user is discussing a real event but is presenting an unfounded
interpretation or theory about it.

SynthX Conspiracy

The tweet presents a series of dire predictions regarding the COVID-19 situation
in South Africa, framing them in a sensational manner that suggests a hidden
agenda or malicious intent, particularly with the use of hashtags like #bioweapon.
While it references mathematical models, it lacks credible evidence or data to
support its claims. The alarmist tone and the speculative nature of the predictions
contribute to a conspiratorial narrative rather than factual reporting, making it
fit the category of conspiracy.

Table 4: Qualitative Comparison of Detection Explanation
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