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Abstract

In the digital age, misinformation has
taken complex forms, including half-
truths—statements that are factually accurate
but deliberately omit critical context, leading
to deception. Unlike outright fake news,
half-truths are subtler and harder to detect,
often blending facts with misleading implica-
tions. This survey explores recent research
advances in the detection and mitigation
of half-truths.  We analyze foundational
studies on the linguistic and computational
complexity of half-truths, as well as emerging
approaches using machine learning, large
language models (LLMs), and claim rewriting.
In addition, we present a detailed comparison
of datasets designed for fine-grained veracity
detection, particularly those annotating partial
truths. The survey also highlights recent
mitigation strategies such as claim editing
and reinforcement learning-based debunking
systems. We conclude by identifying open
challenges and potential future directions to
combat half-truths in automated fact-checking
systems.

1 Introduction

In today’s digitally connected world, the spread of
deceptive information has reached alarming levels.
While considerable attention has been paid to fake
news and outright lies, a subtler and more insidious
form of misinformation has emerged—half-truths.
Unlike completely fabricated claims, half-truths
present factual information in isolation or omit crit-
ical context, leading to distorted public understand-
ing. These statements often evade traditional fact-
checking systems due to their partial correctness,
making them more persuasive and harder to detect.

Half-truths are especially dangerous because
they blend truth with deception, creating a false
sense of credibility. For example, the claim, “100%
donated to charity,” sounds trustworthy but be-
comes misleading without clarifying whether the

100% refers to gross income, net profit, or some
other basis. Similarly, political statements like
“The GOP budget would cut nearly a million jobs”
may stem from speculative economic models but
are framed with unwarranted certainty to induce
fear or support. These statements are not entirely
false, but their framing misguides the audience.

The proliferation of half-truths poses a signif-
icant threat to public trust, democratic integrity,
and informed decision-making. Social media plat-
forms amplify these messages, exploiting confir-
mation bias and echo chambers to rapidly dissemi-
nate misleading content. Moreover, half-truths are
often employed deliberately as propaganda tools,
allowing entities—political, commercial, or ideo-
logical—to manipulate narratives while retaining
plausible deniability.

Recent advancements in machine learning, par-
ticularly the emergence of Large Language Mod-
els (LLMs) and evidence-aware reasoning tech-
niques, have opened new avenues for addressing
this complex problem. Unlike binary fact-checking
systems that categorize claims as simply “true” or
“false,” modern approaches aim to detect nuances in
veracity, including labels like mostly true, half true,
and mostly false. This fine-grained classification
is crucial for detecting half-truths that lie between
factual and fabricated content.

Researchers have proposed diverse pipelines that
go beyond claim verification to include evidence
retrieval, semantic editing, and explanation genera-
tion. For instance, models such as CofCED (Yang
et al., 2022) employ evidence distillation for accu-
rate fact classification, while claim rewriting tech-
niques seek to mitigate the misleading nature of
half-truths by generating fully truthful alternatives.

Furthermore, temporal leakage prevention has
emerged as a key concern in dataset construction.
Datasets like WatClaimCheck (Khan et al., 2022),
LIAR-RAW, and RAW-FC address this by ensur-
ing that evidence predates the claim publication,



providing a more realistic setup for training and
evaluation.

This survey explores the landscape of half-truth
detection and mitigation through three core lenses:

1. Detection Techniques: We cover supervised,
unsupervised, and prompt-based methods to
classify partial truths.

2. Mitigation Strategies: This includes claim
editing, summarization, and explanation gen-
eration to correct or contextualize misleading
content.

3. Datasets and Evaluation: We compare
datasets that support fine-grained veracity la-
bels and discuss challenges in annotation, tem-
poral alignment, and originates from multiple
domains.

By examining current literature, datasets, and
techniques, we aim to present a comprehensive pic-
ture of the field and highlight emerging directions.
Half-truth detection remains a highly relevant and
underexplored subdomain of misinformation re-
search. As misinformation tactics grow more so-
phisticated, the ability to distinguish and mitigate
partial truths will become increasingly central to
maintaining public trust and societal resilience.

2 Motivation

Manual detection of misinformation, especially
half-truths, is not scalable in the face of the sheer
volume and speed of online content generation.
While fully false claims can be debunked with
known facts, partially true claims require contex-
tual and semantic understanding of what’s omitted
or distorted.

Automated systems offer the promise of real-
time intervention, especially when enhanced with
retrieval-augmented generation (RAG), multi-hop
reasoning, or claim rewriting. Additionally, editing-
based approaches show promise for not just iden-
tifying but also correcting misleading claims by
rephrasing them into fully truthful versions, using
evidence as guidance.

Recent research emphasizes the importance of
this dual capability—detection and mitigation—in
fact-checking pipelines. Claim editing, when con-
trolled and evidence-guided, can be deployed to
counter misinformation with revised content that
retains semantic structure but restores truthfulness.

3 Problem Statement

Detection Task: Given a claim C and correspond-
ing evidence E, classify C into one of the veracity
classes: True, Half-True, or False. This is framed
as a multi-class classification task.

Mitigation Task (Claim Editing): Given a claim
C labelled as Half-True or False, along with evi-
dence E, generate a new claim C* that is fully true
and semantically faithful. The task involves con-
trolled text generation, aiming to preserve relevant
parts while editing the misleading portions based
on evidence.

These two tasks reflect the complementary goals
of truth detection and information correction, both
of which are essential to automated fact-checking
systems. The complexity of this pipeline is illus-
trated in Figure 1.

4 Background and Terminologies

True and Mostly True Information. A true
statement is entirely accurate, supported by reliable
evidence, and presented with sufficient context to
avoid misinterpretation. In contrast, a mostly true
statement is generally accurate but may omit minor
details or require slight clarification.

Example (True): “The Earth revolves around
the Sun once every 365.25 days.” This is a well-
established scientific fact, requiring no further con-
text.

Example (Mostly True): “India is the world’s
largest democracy.” This is broadly true based on
population and electoral participation, though some
political and systemic nuances may be omitted.

Half-Truth is Not the Same as Half-Lie. A half-
truth is a statement that is factually correct in parts
but misleading due to omission of crucial context
or selective presentation. It is not the same as a
half-lie, which implies a literal mixture of truth
and falsehood.

Example (Half-Truth): “The minister attended
the relief camp.” While the minister may have vis-
ited, the statement is misleading if they stayed only
briefly for a photo opportunity without engaging
meaningfully. The omission of this detail distorts
the truth.

Key distinction: A half-truth omits context to
mislead, whereas a half-lie adds falsehood to mix
with truth.

Mostly False and False Information. Mostly
false statements contain a small grain of truth but



are largely inaccurate. False statements are entirely
untrue and unsupported by evidence.

Example (Mostly False): “Vaccines often cause
the diseases they are meant to prevent.” This ex-
aggerates rare side effects, misrepresenting the
broader medical consensus.

Example (False): “The Moon is made of
cheese.” This is entirely fabricated with no basis in
reality.

Leakage. Leakage refers to the use of evidence
that was published after the claim was made. This
creates a temporal inconsistency, as future knowl-
edge would not have been available to verify the
claim at the time it was originally encountered.
Models trained or evaluated with such leaked evi-
dence may achieve artificially high performance by
relying on information that violates the chronologi-
cal integrity of real-world fact-checking.

Example: If a claim was made on January 1,
2020, and the evidence used to verify it includes
an article from March 2020, this would be consid-
ered leakage. Such setups do not reflect real-time
fact-checking scenarios and can mislead evaluation
results.

Evidence Access Settings. Researchers typically
categorize evidence usage into three main settings:
open, closed, and gold. In the open setting, the
system actively retrieves supporting information or
answers using external tools such as search engines
or APIs. The closed setting relies solely on the
language model’s internal (parametric) knowledge
to generate responses without external input. In
the gold setting, the relevant evidence is provided
in advance, and the model’s task is to evaluate or
reason over this given context in relation to the
claim.

5 Related Work

In this section, we review the body of literature that
forms the basis for research in half-truth detection
and mitigation. We categorize the work into foun-
dational research, which established the theoretical
or architectural basis, and competitive/modern ap-
proaches, which push the boundary in detection
and debunking.

Deception via Half-Truths. Estornell et al.
(2020) introduced a game-theoretic analysis of
deception by omission in their paper "Deception
through Half-Truths." They demonstrated that half-
truths can be computationally more deceptive than

outright lies, especially in decision-making sys-
tems. The paper mathematically proves that finding
an optimal half-truth attack is NP-hard, motivating
the need for specialized detection algorithms that
go beyond surface-level fact verification.

Linguistic Cues and Deceptive Speech. (Hazra
and Majumder, 2024) curated the TATEXT dataset
from transcripts of a deception-based game show
to train LLMs on recognizing deceptive cues in-
cluding half-truths. Their work shows that models
can identify ambiguity, omission, and semantic eva-
sion—hallmarks of half-truths—better than human
judges. This work underlines the growing capabil-
ity of language models to parse nuanced veracity.

5.1 Text-Based Datasets

Many text-based datasets focus on Wikipedia as a
single source of truth. For example, Schuster et al.
(2021) relied solely on Wikipedia, which, while
useful, fails to capture misinformation spread be-
yond that domain. Datasets such as HOVER (Jiang
et al., 2020) and FEVER (Thorne et al., 2018) sim-
ilarly use only Wikipedia as their knowledge base.
Although these datasets provide large-scale exam-
ples, they limit their scope to a single source and ig-
nore the complexities of real-world fact-checking,
which often involves information from multiple,
disparate sources.

To address these limitations, other datasets have
been proposed that incorporate evidence from a
broader range of real-world sources. These include
works by (Hanselowski et al., 2019), (Wadden et al.,
2020), (Kotonya and Toni, 2020), and (Vlachos and
Riedel, 2014), which provide claims grounded in
natural domains beyond politics. However, many
of these datasets are either limited in scope or pro-
vide fewer instances of claims from political do-
mains, reducing their effectiveness for comprehen-
sive fact-checking for the political domain.

A significant limitation of Alhindi et al. (2018)
is its failure to capture the complete evidence for a
claim from its source. In case human justification is
not present, it uses the last 5 sentences of the source
article. This shortcoming limits the dataset’s ability
to support accurate fact-checking in complex cases.

In contrast, Misra (2022) introduced a dataset
that includes only the claim and metadata from
PolitiFact, without incorporating the correspond-
ing retrieved evidence. Building on this, we
propose a more comprehensive PolitiFact-PLUS
dataset, which includes not only claims and meta-



data but also the complete evidence from the orig-
inal sources. This enriched dataset provides a
broader and more detailed basis for fact-checking,
making it highly suitable for testing machine learn-
ing models on real-world claims across various
domains.

5.2 Competitive and Modern Approaches

Half-Truth Detection Pipelines. Singamsetty
et al. (2023) proposed an end-to-end pipeline for
half-truth detection using the LIAR-PLUS dataset.
They developed a BERT-based classification sys-
tem for multi-class veracity labeling (True, Half-
True, False), achieving state-of-the-art performance
in the half-true class. Their work integrates evi-
dence extraction with justification-aware modeling,
offering a practical foundation for automated fact-
checking pipelines.

Claim Editing for Mitigation. Singamsetty et al.
(2023) implemented a claim editing model using
TS5, which rewrites misleading claims into truthful
ones based on evidence. This is a controlled gen-
eration task that maintains meaning while correct-
ing misinformation. Their method achieves high
BLEU and semantic similarity scores, establishing
claim rewriting as a strong candidate for half-truth
mitigation.

Supervised Approaches. Supervised learning re-
mains the dominant paradigm for automated fact-
checking, particularly when ample labeled data
is available. These approaches typically involve
a pipeline of claim classification, evidence re-
trieval, and veracity labeling trained on datasets
like FEVER or LIAR. One notable example is
CofCED by Yang et al. (2022), which introduces
a coarse-to-fine evidence distillation framework.
CofCED first retrieves a broad set of candidate
evidence using dense retrieval, then applies a fine-
grained refinement stage to filter only the most
relevant pieces before classification. This hierar-
chical approach reduces noise and improves claim
verification accuracy.

Beyond CofCED, Guo et al. (2022) surveyed var-
ious supervised fact-checking architectures, empha-
sizing the importance of multi-hop reasoning and
attention-based mechanisms. Another contribution
by Yoneda et al. (2018) proposed a pipeline that
combines document retrieval with sentence-level
entailment classification using supervised learn-
ing, highlighting how effective evidence segmenta-
tion plays a critical role in downstream prediction.

These approaches establish a foundation for claim
verification but often assume high-quality, static ev-
idence—which becomes problematic in temporally
evolving scenarios.

Leakage Prevention. Preventing information
leakage, particularly **temporal leakage**, is es-
sential to ensure that fact-checking models mirror
real-world conditions. Temporal leakage occurs
when the evidence used for verification was pub-
lished after the claim itself, which would not have
been available at the time of fact-checking.

Khan et al. (2022) introduced the WatClaim-
Check dataset, which links each claim to the origi-
nal premise article that the fact-checkers consulted
when producing the verdict. This makes the task
more realistic by using the actual reference materi-
als used in professional verification. To go a step
further, Yang et al. (2022) curated the LIAR-RAW
and RAW-FC datasets. These resources include
only web documents that were publicly available
before the claim was published, strictly excluding
fact-checking reports or articles published after the
claim date. By relying solely on contemporane-
ous evidence, these datasets provide a more tem-
porally accurate setting for evaluating verification
models. This setup ensures that models mimic the
constraints of real-world fact-checkers who must
assess a claim without access to future information
or post-verdict commentary.

Additionally, Spangher et al. (2021) presented a
framework that models evidence sourcing as a mul-
titask learning problem, where one task involves
identifying sources within a temporal window rele-
vant to the claim. These works collectively empha-
size the critical role of chronology in maintaining
fact-checking fidelity and preventing artificial per-
formance inflation.

Reasoning and Prompting Strategies. Recent
advancements in large language models (LLMs)
have led to growing interest in prompt-based and
multi-agent reasoning systems for fact verifica-
tion. A key example is HiSS (Hierarchical Self-
Supervision) proposed by Zhang and Gao (2023),
where LLMs are fine-tuned with intermediate rea-
soning supervision, enabling step-by-step decom-
position of fact-checking tasks. Another notable
system is FIRE (Fact-checking with Iterative Re-
trieval and Evidence) introduced by Xie et al.
(2025), which combines prompting with retrieval
to iteratively refine evidence selection before an-



swering. FIRE demonstrates improved robustness
and factuality across several benchmarks.

SAFE proposed by Wei et al. (2024) operates by
progressively generating web search queries and
then assessing whether the gathered evidence col-
lectively supports the given claim. However, it
separates evidence retrieval from verification and
enforces a fixed number of searches, irrespective
of how complex or simple the claim might be,
showing limited flexibility. In a similar vein, Fac-
tool by Chern et al. (2023) uses a plug-and-play
prompting framework to evaluate the factual con-
sistency of LLM-generated responses. It leverages
retrieval-augmented generation and a verifier agent
to rank and cross-check claims. Moreover, Cohen
and Manning (2023) proposed a cross-examination
method where two LLMs interact: one acts as a
respondent generating factual statements, and the
other as a verifier that challenges and refines the
initial output. This adversarial prompting strategy
enhances factual consistency and reduces halluci-
nations.

Other relevant prompting-based reasoning tech-
niques include Self-Ask (Press et al., 2022), which
allows LLMs to pose sub-questions before final
judgment, and Chain-of-Verification (Liang et al.,
2023), which models verification as a sequence of
entailment steps. These frameworks are especially
relevant for half-truth detection, where nuanced
reasoning and context understanding are essential
to flag omissions and distortions.

Counter-Misinformation via Response Genera-
tion. He et al. (2023) proposed MisinfoCorrect,
a reinforcement-learning (RL) framework to gen-
erate ideal corrective responses for social media
misinformation. They optimize for factuality, po-
liteness, and refutation tone. Though not explicitly
about half-truths, it provides a mitigation strategy
to counter misleading narratives that blend truth
with distortion.

Query Rewriting for Evidence Retrieval.
Kazemi et al. (2023) introduced a novel RL-based
query rewriting system to help retrieve better evi-
dence for vague or misleading claims. The model
learns how to replace or rephrase ambiguous parts
of a query (often due to half-truth phrasing), im-
proving retrieval effectiveness. This can be used
upstream in any fact-checking pipeline.

6 Datasets

Fact-checking datasets differ widely in their struc-
ture, quality of evidence, and susceptibility to leak-
age, which can significantly affect their applicabil-
ity to real-world verification tasks. Leakage refers
to unintended cues within the evidence—such as
annotator commentary, explicit verdict indicators,
or biased language—that reveal the label and thus
compromise the realism of automated claim veri-
fication. Early datasets like LIAR (Wang, 2017)
and PunditFact (Rashkin et al., 2017) provide only
meta-information or brief snippets without any ex-
plicit supporting evidence, limiting their value for
evidence-based fact-checking models. On the other
hand, synthetic datasets such as FEVER (Thorne
et al., 2018), VitaminC (Schuster et al., 2021), and
HOVER (Jiang et al., 2020) are constructed using
curated or manipulated content from Wikipedia, en-
suring minimal leakage and supporting more con-
trolled experiments in claim verification.

In contrast, natural datasets often incorporate
evidence from less curated or real-world sources,
increasing the likelihood of leakage. For exam-
ple, MultiFC (Augenstein et al., 2019) and X-
Fact (Gupta and Srikumar, 2021) aggregate claims
and evidence from multiple fact-checking websites,
where verdict-related cues—such as labels embed-
ded in headlines or evaluator commentary—are fre-
quently entangled with the evidence text. Similarly,
LIAR-PLUS (Alhindi et al., 2018), an extension
of LIAR, further amplify the scope of textual ev-
idence and introduce entailment-based variations
of claims, but often inherit the same leakage is-
sues from the original meta-sourced annotations.
Datasets like RU22fact (Zeng et al., 2024), based
on Russian political claims, also exhibit label leak-
age due to embedded verdict cues in the retrieved
evidence. Further, Russo et al. (2023) proposed
LIAR++, an extension of LIAR-PLUS (Alhindi
et al., 2018) and FullFact, both dataset contains
claim, corresponding evidence and verdict labels.
The LIAR++ dataset was developed by refining the
LIAR-PLUS dataset, which originally consisted of
political claims and corresponding articles sourced
from PolitiFact between 2007 and 2016. In con-
trast to LIAR-PLUS, LIAR++ excludes verdicts
that were artificially constructed and instead retains
only high-quality, gold-standard verdicts extracted
from specific sections like "Our ruling." It also pre-
serves explicit verdict language that was previously
removed. As a result, LIAR++ comprises 6,451



Dataset Type Domain #Claims Evidence Type #Classes
HOVER (Jiang et al., 2020) Synthetic Multiple 26,171 Text 2
FEVER (Thorne et al., 2018) Synthetic Multiple 185,445 Text 3
VitaminC (Schuster et al., 2021) Synthetic Multiple 488,904 Text 3
PunditFact (Rashkin et al., 2017) Natural Multiple 4,361 Meta 2/6
Snopes (Hanselowski et al., 2019) Natural Multiple 6,422 Text 3
SciFact (Wadden et al., 2020) Natural Science 1,409 Text 3
PUBHEALTH (Kotonya and Toni, 2020) Natural Health 11,832 Text 4
PolitiFact (Vlachos and Riedel, 2014) Natural Politics 106 Text 5
LIAR (Wang, 2017) Natural Politics 12,836 Meta 6
LIAR-PLUS (Alhindi et al., 2018) Natural Politics 12,836 Both 6
LIAR++ (Russo et al., 2023) Natural Politics 6,451 Both 3
FullFact (Russo et al., 2023) Natural Multiple 1,838 Both 3
AnswerFact (Zhang et al., 2020) Natural Product 60,864 Both 5
TATEXT (Hazra and Majumder, 2024) Natural Dialogue 150 episodes Text 2
HAD (Yi et al., 2021) Natural Audio 88035 Text 3
COVID Misinfo (Ou et al., 2022) Natural Health 14,384 Text 3

Table 1: Comparison of major datasets used in claim verification, misinformation detection, and evidence-based

fact-checking.

claim-article-verdict instances. Similarly, the Full-
Fact dataset was curated from the FullFact website,
covering a broader range of domains such as health,
law, and education, with data spanning from 2010
to 2021. Unlike LIAR++, this dataset required
minimal filtering since verdicts were consistently
provided as distinct components on each web page,
resulting in 1,838 high-quality triples. Importantly,
these datasets provide fine-grained half-truth anno-
tations, allowing for nuanced multi-class classifica-
tion beyond simple binary verdicts, which is crucial
for understanding misinformation on a spectrum.
The broader landscape of datasets includes both
synthetic and naturally occurring claim scenarios
across diverse domains. While synthetic datasets
like FEVER, VitaminC, and HOVER emphasize
curated evidence to support scalable training, nat-
ural datasets cover real-world claim types: LIAR,
PolitiFact (Vlachos and Riedel, 2014), and its vari-
ants focus on political discourse; PUBHEALTH
(Kotonya and Toni, 2020) and SciFact (Wadden
et al., 2020) target health and scientific misinfor-
mation, respectively; AnswerFact (Zhang et al.,
2020) captures consumer product claims in QA
contexts; and T4TEXT (Hazra and Majumder,
2024) addresses deceptive strategies in dialogue, in-
cluding omission and ambiguity. Additionally, Yi
et al. (2021) published the Half-truth Audio De-
tection (HAD) dataset, which is built upon the
publicly available AISHELL-3 corpus (Yao Shi,
2015). The corpus comprises 88,035 utterances to-

talling approximately 85 hours of speech from 218
native Mandarin speakers (175 female, 43 male).
While the COVID Misinfo Dataset (COVMIS) (Ou
et al., 2022) is a dataset compiled between Novem-
ber 2019 and March 2021, consisting of 14,384
claims, 134,320 associated articles, and various
metadata attributes. These include details such as
the claimant, source, publication date, assigned
truth label (true, partly true, or false), and corre-
sponding justification. Each claim is linked to a set
of relevant articles gathered from credible sources,
which are used as reference material to evaluate the
factual accuracy of the claims.

7 Conclusion and Future Work

Half-truth detection and mitigation represent a crit-
ical and evolving area within the broader fact-
checking and misinformation detection landscape.
As this survey highlights, half-truths are particu-
larly challenging because they blend factual accu-
racy with contextual omissions or distortions, mak-
ing them harder to detect than outright false claims.
Existing approaches—including supervised learn-
ing pipelines, multi-agent prompting strategies, and
claim rewriting techniques—have shown consid-
erable promise. However, most solutions remain
limited in terms of domain generalization, fine-
grained veracity classification, and scalable mitiga-
tion strategies.

Recent advancements in large language mod-



els (LLMs), evidence-aware reasoning frameworks,
and structured claim decomposition have pushed
the boundaries of what automated fact-checking
systems can achieve. Despite these improvements,
several open challenges remain. Current datasets
suffer from temporal leakage, limited domain cov-
erage, and incomplete evidence representation,
making it difficult to train truly robust systems.
Moreover, while prompt-based reasoning has in-
troduced interpretability into fact-checking, these
approaches often rely on handcrafted prompts or
domain-specific tuning, reducing their generaliz-
ability across different misinformation scenarios.

Looking forward, future research should focus
on developing robust, domain-agnostic pipelines
capable of decomposing complex claims into struc-
tured reasoning steps, applicable across multiple
domains and languages. Improved datasets with
temporally aligned evidence, richer annotations for
fine-grained labels such as "half-true" and "mostly
false," and context-aware evidence retrieval mecha-
nisms are needed to support these efforts. Addition-
ally, interactive multi-agent systems that integrate
claim questioning, evidence verification, and miti-
gation (such as claim rewriting or explanation gen-
eration) in a seamless pipeline present a promising
direction.

Another critical area for future work is the miti-
gation of half-truths. Rather than merely detecting
misleading claims, systems should be able to auto-
matically generate corrected or contextually com-
plete claims, preserving the truthful elements while
removing ambiguity and deception. Reinforcement
learning and human-in-the-loop strategies can fur-
ther enhance the quality and ethical considerations
of these mitigation processes.

Finally, the real-world deployment of half-truth
detection systems will require addressing user trust,
explainability, and integration with content modera-
tion workflows on social media and news platforms.
Future systems must not only be technically sound
but also socially responsible, ensuring transparency
in how veracity judgments are made and presented
to users.
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