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Abstract

Healthcare misinformation poses a critical
threat to public well-being, necessitating de-
tection systems that are both accurate and com-
putationally efficient. While large language
models (LLMs) have demonstrated strong per-
formance in misinformation detection, their
deployment is often constrained by high re-
source requirements. In this work, we in-
vestigate the effectiveness of smaller LLMs
(360M-3.8B parameters) using a three-stage
framework comprising standardized prompt-
ing, supervised fine-tuning (SFT), and re-
inforcement learning from human feedback
(RLHF). We evaluate seven LLMs across two
benchmark datasets—FakeHealth and ReCOV-
ery—and compare them against four larger
LLMs (14B-72B) and five transformer-based
baselines. For the RLHF stage, we study three
policy optimization methods: Binary Classifier
Optimization (BCO), Contrastive Preference
Optimization (CPO), and our enhanced vari-
ant, CPO**. Empirical results demonstrate that
while SFT improves domain adaptation, CPO**
consistently achieves the best F1 performance,
enabling small LLMs to rival or even outper-
form significantly larger counterparts. Our find-
ings highlight the potential of RLHF techniques
to close the performance gap, offering a scal-
able and cost-effective solution for real-world
healthcare misinformation detection.

1 Introduction

Misinformation has become a pervasive chal-
lenge in the digital age, influencing public opin-
ion (Cacciatore, 2021), threatening political sta-
bility (Jerit and Zhao, 2020), and undermining
decision-making across various domains (Fernan-
dez and Alani, 2018). The rapid spread of false
or misleading content—particularly via social me-
dia— has made robust misinformation detection a
critical research priority (Aimeur et al., 2023). The
urgency of this research was underscored especially
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Figure 1: Role of RLHF with LLMs in misinformation
detection. In this case, standard prompting the LLM
fails to output a correct judgment of news veracity, and
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during the COVID pandemic, when the widespread
dissemination of false and misleading information
undermined public trust, fueled vaccine skepticism,
and in certain instances, pushed individuals toward
extremist ideologies (Agbasiere, 2024).

Recent advances in natural language process-
ing (NLP) have opened new avenues for combat-
ing misinformation using large language models
(LLMs). These models, with their impressive
linguistic capabilities, are increasingly being ex-
plored for their potential to judge the veracity of
claims (Lucas et al., 2023; Huang and Sun, 2023;
Wang et al., 2023; Irnawan et al., 2025). However,
most prior research has focused on LLMs ranging
from 70B to 340B parameters, overlooking smaller
models (e.g., 1B to 3.5B) that are more practical
for real-world deployment.

The challenge arises from the evolving, context-
dependent nature of misinformation (Chen and
Shu, 2024), especially in high-stakes fields like
healthcare (Han et al., 2024), where claims often



require domain knowledge and cultural understand-
ing. This requires healthcare domain LLMs to
be capable of understanding complex terminology
and the cultural context of claims. This directs
the research toward larger LLMs that can model
language and capture intricate linguistic phenom-
ena; they are also prone to hallucinations (Chen
et al., 2024), or reflect training data biases (Chen
and Shu, 2023), and more importantly, they are
computationally expensive for deployment in sen-
sitive settings (Wang et al., 2024). By contrast,
smaller LLMs offer a path toward building reliable,
cost-effective models that can scale in resource-
constrained environments.

Healthcare systems are vulnerable to misinfor-
mation, especially during crises like pandemics,
where healthcare practitioners may rely on online
content to guide urgent decisions. If these sources
are inaccurate, it can lead to harmful consequences
in both clinical care and medical research. LLMs,
with their ability to consume large volumes of
knowledge, have the potential to act as an interme-
diate decision-support to help practitioners identify
and navigate misleading content. Yet, this raises
important questions: How effective are LLMs at
detecting misinformation? And if they are effec-
tive, how can we scale them down for practical use
in real-world healthcare applications, given the
computational costs of large models?

While large-scale LLMs have gained signifi-
cant attention for their performance, their practi-
cal deployment remains limited by resource de-
mands (Prather et al., 2025). Our study takes a
pragmatic approach: we explore the potential of
smaller, more efficient LLMs and enhance them
using reinforcement learning with human feedback
(RLHF) (Ouyang et al., 2022). In particular, we
contribute a refined variant of Contrastive Prefer-
ence Optimization (CPO) (Xu et al., 2024), denoted
CPO**, which introduces a log-based weighting
mechanism to improve alignment with human pref-
erences and factual accuracy. As illustrated in Fig-
ure 1, RLHF can yield more accurate judgments
of news veracity than both standard prompting and
SFT. To systematically investigate these challenges,
we define three core research questions (RQs):
RQ1: How effective are smaller LLMs in de-
tecting misinformation in healthcare? We evalu-
ate seven small and four large LLMs (360M-72B
parameters; see Table 1) on healthcare misinfor-
mation using a standardized prompting method.
Our findings show that although small LLMs per-

LLM Size
Qwen2.5 (Yang et al., 2024) 0.5B, 14B, 32B, 72B

Qwen3 (Yang et al., 2025) 0.6B
LLaMA-3 (Touvron et al., 2023) 1B, 70B
SmolLM2 (Allal et al., 2025) 360M, 1.7B

Falcon3 (Team, 2024) 3B
Phi-3.5-Mini (Abdin et al., 2024) 3.8B

Table 1: Summary of LLMs used.

form modestly under standardized prompting (e.g.,
Qwen2.5-0.5 achieves 45.8% F1 on FakeHealth),
some models like LLaMA-3.2-1B outperform even
larger models. This indicates that parameter count
alone does not determine base performance.

RQ2: To what extent does supervised fine-
tuning (SFT) enhance task-specific adaptation
for misinformation detection? Building on the
baseline, we apply SFT using a QLoRA-based
parameter-efficient finetuning approach (Dettmers
et al., 2023) to adapt the smaller models for domain-
specific misinformation detection. Our findings
show that while SFT boosts performance across
most models (e.g., Falcon3 improves from 41.7%
to 63.4% F1 on FakeHealth), gains vary widely.
Some small models like Phi-3.5-Mini benefit sig-
nificantly, while others like Qwen3 see limited im-
provement. Larger models, such as Qwen2.5-14B,
show minimal gains, suggesting that architecture
and pretraining (not just size) govern fine-tuning
effectiveness.

RQ3: How does RLHF influence the perfor-
mance of LLMs in detecting misinformation
compared to SFT? Beyond SFT, we explore three
RLHEF strategies—Binary Classifier Optimization
(BCO) (Jung et al., 2024), Contrastive Preference
Optimization (CPO), and our novel refinement,
CPO**—to investigate their comparative and cu-
mulative impact on misinformation detection. Our
proposed CPO** introduces a log-based weight-
ing mechanism that stabilizes learning and better
aligns model outputs with human preferences and
factual correctness. Our findings show that RLHF
significantly outperforms SFT across models and
datasets (e.g., Qwen2.5-0.5 sees a +46% F1 gain
on ReCOVery), with CPO** achieving the highest
improvements. Notably, smaller models fine-tuned
with RLHF often match or exceed the performance
of much larger models, indicating that alignment
strategy (not scale) is key to strong performance.
This study bridges the gap between resource-
intensive large-scale LLMs and the practical needs
of real-world applications by systematically com-



paring small and large models for healthcare mis-
information detection. We evaluate SFT for task
adaptation and explore RLHF to boost reliability,
aiming to develop effective, scalable NLP solutions
for high-stakes domains like healthcare.

2 Related Work

Recent advancements in misinformation detection
have leveraged LLMs to develop more refined
techniques for identifying misinformation. One
such approach involves fine-tuning models like
BERT (Kaliyar et al., 2021; Qin and Zhang, 2024;
Farokhian et al., 2024; Yu et al., 2025; Kumari
et al., 2021) with additional deep learning layers.
However, model performance may be hindered by
its inability to adapt to evolving misinformation
patterns (Allcott et al., 2019). A growing body of
work has explored more sophisticated strategies to
address these limitations, such as domain adapta-
tion (Mao et al., 2024) and leveraging uncertainty
resolution techniques (Orlovskiy et al., 2024) to
mitigate the challenges posed by ambiguous or in-
complete health-related misinformation.

An alternative line of research explores direct
LLM-based misinformation detection, using mod-
els such as BART (Lewis et al., 2020), GPT-
3.5 (Achiam et al., 2023), LLaMA-2 (Touvron
et al., 2023), LLaMA-3 (Al@Meta, 2024), Palm-
2 (Anil et al., 2023), and Dolly-2 (Conover et al.,
2023) for fact-checking, claim verification, and
misinformation generation (Pavlyshenko, 2023;
Huang and Sun, 2023; Wang et al., 2023; Lucas
et al., 2023; Lai et al., 2024; Li et al., 2025; Ir-
nawan et al., 2025; Leite et al., 2025). Pavlyshenko
(2023) found that larger LLaMA-2 models (13B or
70B) improved detection performance when trained
on extensive datasets. Similarly, Huang and Sun
(2023) demonstrated that GPT-3.5 achieved strong
performance, though its effectiveness could be fur-
ther enhanced by incorporating richer contextual
information. However, reliance on LLMs for mis-
information detection introduces biases inherent
in model training, raising concerns about fairness
and reliability (Li et al., 2025). Wang et al. (2023)
showed that GPT-3.5 struggled with COVID-19
misinformation detection due to a lack of special-
ized domain knowledge, underscoring the impor-
tance of domain adaptation. Additionally, Lucas
et al. (2023) explored LLMs as both disinforma-
tion generators and detectors, achieving promis-
ing results but facing challenges in hallucination

control. To mitigate these limitations, Hu et al.
(2024) compared fine-tuned smaller models like
BERT against GPT-3.5 and introduced an Adap-
tive Rationale Guidance network that integrates
LLM-generated rationales to assist BERT in detect-
ing misinformation. Yet, hallucinations persist, as
model-generated rationales sometimes introduce
misleading patterns, increasing false positives and
negatives (Li et al., 2025).

There is growing interest in enhancing trans-
parency and explainability in health misinforma-
tion detection, with studies leveraging crowd intel-
ligence (Yang et al., 2023) and interpretable frame-
works to refine predictions (Liu et al., 2024; Baner-
jee et al., 2024). Despite these advances, a key
research gap remains in aligning models with hu-
man judgment while ensuring efficiency (Upad-
hyay et al., 2024), particularly in health misin-
formation detection, where domain knowledge is
crucial. Kamali et al. (2024) investigated persua-
sive writing strategies to improve classification us-
ing fine-tuned BERT-family models and leveraged
GPT-based models for prompt engineering. While
Zarharan et al. (2024) explored explainability in
public health misinformation detection and con-
cluded that despite GPT-4 excels, open-source mod-
els (e.g., Falcon-180B (Almazrouei et al., 2023),
LLaMA-70B) can match or even surpass it in few-
shot and parameter-efficient fine-tuning settings.

Unlike prior methods that primarily depend on
fine-tuning or prompting, our approach leverages
RLHF to systematically align smaller LLMs with
human judgment. This strategy addresses key lim-
itations identified in existing research, such as
model hallucinations, domain knowledge gaps, and
biases inherent in large pretrained models. By in-
tegrating RLHF, we enhance the adaptability, reli-
ability, and factual accuracy of smaller, computa-
tionally efficient LLMs, thereby overcoming chal-
lenges that fine-tuning and zero-shot prompting
alone struggle to resolve.

3 Methodology

In this study, we evaluate the effectiveness of
smaller LLMs for detecting healthcare misinfor-
mation through a three-stage methodology: stan-
dardized prompting (SP), supervised fine-tuning
(SFT) (Pareja et al., 2024), and reinforcement
learning from human feedback (RLHF) (Kaelbling
et al., 1996; Christiano et al., 2017). As shown
in Figure 2, we begin with SP, where models as-
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Figure 2: Illustration of the misinformation detection framework for healthcare.

sess healthcare news articles using both the title
and full content to identify internal inconsistencies
and flag potentially misleading claims. This step
establishes a baseline for each model’s zero-shot
performance using two well-known datasets. In the
second stage, we apply SFT to adapt models using
labeled real and fake news articles. To prepare for
reinforcement learning, we organize the training
outputs into preference pairs—distinguishing be-
tween preferred (chosen) and undesirable (rejected)
responses. Finally, we apply RLHF to align mod-
els more closely with human judgment, enhancing
both factual accuracy and adherence to domain-
specific values through policy optimization. To-
gether, this pipeline enables a systematic evalua-
tion of how prompting, fine-tuning, and RLHF can
enhance misinformation detection in smaller, more
efficient LLMs.

3.1 Standardized Prompting

For Standardized Prompting (SP), we designed
a structured prompt to evaluate the plausibility,
internal consistency, and clarity of healthcare
news articles. As shown in Figure 2, each input
T = [Ttitle, Thody) i passed to the model using
SP(z) := Prompt(Ziitie, Thody), instructing the
LLM to analyze whether the claims are realistic,
coherent, and unambiguous. The prompt guides
the model to flag misleading or vague statements
and ultimately classify the article as real or fake.
The prompt explicitly guides the model to check
for misleading or unclear statements before con-
cluding whether the news is real or fake. This
process hinges on four key aspects: (1) plausibility,
by assessing alignment with known healthcare nar-
ratives (Tan et al., 2024); (2) internal consistency,
by detecting contradictions or logical gaps (Dus-
manu et al., 2017); (3) clarity, by identifying vague
or ambiguous language (Guigon et al., 2024); and
(4) decisiveness, requiring an explicit final judg-
ment. This structured setup ensures consistent, in-

terpretable assessments of model performance in
misinformation detection.

3.2 Supervised Fine-Tuning

Supervised Fine-Tuning (SFT) with Quantized
Low-Rank Adaptation (QLoRA) (Dettmers et al.,
2023) was used to efficiently fine-tune LLMs
while reducing memory and computational costs.
QLoRA applies Parameter Efficient Fine-Tuning
(PEFT) (Xu et al., 2023), using low-rank ap-
proximations of weight matrices, where W =~
A - BT, reducing the number of parameters
while maintaining performance. The fine-tuning
process is guided by a standardized prompt
(SP(z),y) : SP(x) — vy, and optimized us-
ing the £ loss function, defined as L£(0) =
& S [dilog(wi) + (1 — i) log(1 — y;)] where
1); are the predictions, y; are the true labels, and N
is the total number of samples. This method en-
sures computational efficiency while maintaining
model effectiveness in tasks like claim verification.

3.3 Reinforcement Learning

Preference Data Creation. To fine-tune the model
using RLHF, we constructed a preference dataset
designed to guide the policy optimization pro-
cess. The dataset consists of structured interac-
tions where the model receives prompts based on
standardized templates and generates responses
that are explicitly ranked for preference learn-
ing. We employed two formats for preference
data collection, one for Binary Classifier Optimiza-
tion (BCO) (Jung et al., 2024) and the other for
Contrastive Preference Optimization (CPO) (Xu
et al., 2024). In the BCO format, we constructed
both positive and negative completions for each
instance. Given a news z, the standardized prompt
SP(x) was structured. The model’s response y
was labeled as preferred (True) when aligned with
the original ground-truth label and non-preferred
(False) when intentionally flipped to the oppo-
site class. The BCO formated data defined as:



Dpco = {(SP,y",L"),(SP,y~, L")}, where
y™ and y~ represent the correct and incorrect com-
pletions, and L™ = 1, L™ = 0 denote preference
labels. In contrast, the CPO format explicitly pairs
the correct and incorrect completions under a cho-
sen vs. rejected paradigm. Each sample contains a
preferred response y* and a rejected response 3,
structured as Dcpo = {(SP,y",y~)}. This for-
mat allows the model to directly learn to differenti-
ate between correct and incorrect outputs, refining
its response ranking capabilities. The structured
preference data thus enables fine-tuning through
RLHF by optimizing the policy to maximize re-
ward based human-aligned feedback signals.
Binary Classifier Optimization (BCO). The BCO
framework (Jung et al., 2024) provides an efficient
method for aligning LLMs using binary feedback
signals rather than comparative preference-based
ranking. In the context of healthcare misinfor-
mation detection, BCO enables models to learn
directly from binary evaluations of content accu-
racy. Given a news data Dgco, the binary feedback
enables the model to iteratively refine its classi-
fication function fy(x) by minimizing the binary
cross-entropy loss Lpco ().

Lco(0) = —E(, ,  p+ loga(re(e,y) — 8)]

Py (f = 1|z)

~E@,u)~D- [m logo(—(rg(z,y) — 5))]

Where o is the sigmoid function, 7y (z,y) repre-
sents the reward function parameterized by 6, ¢ is
a margin term, and py, (f = 1|z) and py (f = 0|z)
denote the probabilities of correct and incorrect
classifications, respectively. By leveraging bi-
nary supervision, BCO enables efficient preference-
based optimization, making it particularly useful
for mitigating misinformation in healthcare.
Contrastive Preference Optimization (CPO).
The CPO (Xu et al., 2024) directly optimizes
policy preference rankings by leveraging con-
trastive learning. The model aims to distinguish
between preferred (chosen) and less preferred
(rejected) outputs, refining its response generation
toward more accurate and reliable completions.
This is particularly critical in misinformation
detection, where incorrect classifications can
lead to harmful consequences. Given a news
data Dcopo(f), CPO objective is: Lopo(f) =
ming £(mg, U) —E(, y+)~p [logmo(y™ | z)],
~——

~~

»cprefer . l:N[:L . .
where, Lnpp is the negative log-likelihood

(NLL) (Rafailov et al., 2023) loss term that

maximizes the likelihood of preferred outputs,
and 7y is the model’s policy. Moreover, £L(mg, U)
represents the behavior cloning (BC) regular-
izer (Hejna et al., 2024) using Kullback-Leibler
(KL) divergence and is defined as: L(mg;U) =

—E(y gty )~p [log o (Blog me(y™|x) — Blog me(y~|x))],

where o(-) is the sigmoid function, ensuring the
preference ranking is learned in a probabilistic
manner, mg(y"|x) and me(y~|z) represent the
model’s probability distribution over responses
given the input z := SP(z), and [ is a scaling
factor controlling the contrastive margin.
Weighted Contrastive Preference Optimization
(CPO*%*), In the CPO, behavior cloning (BC)
aligns a model’s predictions with reference behav-
ior, minimizing the divergence between the model’s
policy and the expert’s demonstrations. The KL
divergence measures this dissimilarity, guiding the
model to emulate the expert’s actions closely. The
objective is to ensure that the model’s policy ap-
proximates the expert’s policy, promoting accu-
rate and reliable outputs. To stabilize the optimiza-
tion process and prevent overfitting, we introduce
a log-based weight term W = — log(exp(L) + €),
where L = log(mg(y™|z)) — log(mg(y~|x)) is the
difference between the log-probabilities of cho-
sen and rejected responses, and € is a small con-
stant to avoid numerical issues. This term encour-
ages the model to favor chosen responses over re-
jected ones by penalizing large deviations, akin to
the behavior enforced by KL divergence. Addi-
tionally, the exponential function within the term
serves as an unnormalized probability ratio, and
applying the logarithm helps mitigate abrupt gra-
dient fluctuations, leading to more stable training.
By applying W to L(mg; U) KL-based behavior
cloning, we enhance preference learning through
L(mg;U) = L(mp;U) x W. This formulation
combines the strengths of preference optimization
and behavior cloning regularization, effectively ad-
dressing challenges related to biased outputs and
sampling inefficiencies (Xu et al., 2024), promoting
robustness in preference learning, while ensuring
the model generates high-quality responses.

4 The Framework Evaluation

4.1 Experimental Setup

Experimental Datasets. We use two publicly
available healthcare misinformation datasets in this
study: FakeHealth(Dai et al., 2020) and ReCOV-
ery(Zhou et al., 2020), both of which contain la-



FakeHealth ReCOVery
Real Fake Total Real Fake Total
Train 1,040 529 1,569 1,022 499 1,521

Test 346 177 523 342 166 508

Table 2: Details of datasets.

FakeHealth ReCOVery
Prec Rec F1 Prec Rec F1
BERT 658 64.6 650 | 912 87.0 88.7

FakeNews 59.7 59.8 59.8 | 83.1 82.6 828
ALBERT 62.1 603 60.7 | 90.1 90.1 90.1
Flan-T5 330 500 398 | 846 545 492
ELECTRA 33.0 500 398 | 88.8 822 844

Table 3: Results of transformer-based models. The
FakeNews model is refers to a domain-specific fine-
tuned BERT (https://huggingface.co/dhruvpal/
fake-news-bert).

beled real and fake health-related news articles
and claims. The ReCOVery dataset focuses on
COVID-19 misinformation, including 1,364 real
and 665 fake claims sourced from fact-checking
platforms and authoritative health agencies. It was
constructed by analyzing content from 2,000 news
publishers and selecting 60 with extreme credibility
scores to ensure accurate labeling. The FakeHealth
dataset contains two subsets: Story (1,078 real /
420 fake) and Review (308 real / 286 fake). We
combine these subsets to form a more diverse and
challenging benchmark. Articles no longer acces-
sible online were excluded to maintain data con-
sistency. For both datasets, we apply a 75%-25%
train-test split. Detailed statistics are presented in
Table 2.

Experimental Models. We evaluated five model
variants to compare the effectiveness of prompting,
SFT, and RL strategies: (1) SP, a prompting-only
baseline using the base model without task-specific
adaptation. (2) SFT, a supervised fine-tuning vari-
ant trained using QLoRA. (3) + BCO, an SFT
model further trained with RLHF using BCO. (4) +
CPO, an SFT model enhanced with RLHF using
CPO. (5) + CPO**_ an SFT model fine-tuned with
RLHF using an improved CPO algorithm that in-
corporates a log-based weighted loss to better align
with human preferences.

4.2 Results

RQ1: How effective are smaller LLMs in de-
tecting misinformation in healthcare? Baseline
evaluation using SP is represented in Table 4 for
seven small LLMs and Table 5 for different larger
LLMs, revealed considerable variability in the abil-

FakeHealth ReCOVery
Acc  Prec Rec F1 | Acc  Prec  Rec F1
Qwen2.5 (0.5B)
SP 464 48.1 479 458 | 494 51.6 51.8 488
SFT 59.0 559 563 559 | 519 487 486 483

+BCO 722 693 646 654 | 966 P70 953 P61
+ CPO 717 684 686 685|927 934 899 913
+CPO™ [13.0 699 699 699 | 95.0 947 940 943

Falcon3 (3B)
SP 43.0 434 427 417 ] 393 585 535 36.1
SFT 69.5 653 629 634|940 936 92.8 932

+BCO 724 69.1 664 672|980 983 Q971 977
+ CPO 741 711 689 69.6 | 946 947 93.1 938
+CPO™ [49 [21 697 [05 |956 950 950 95.0

LLaMA-3.2 (1B)

SP 632 448 487 419 | 649 539 51.8 49.0
SFT 659 60.0 575 575|852 841 814 825
+BCO 728 705 647 655|960 956 953 P55
+ CPO 718 702 621 624 | 954 962 935 947
+CPO™ [41 [20 669 §B79 | 960 955 955 0955

Phi-3.5-Mini (3.8B)

SP 648 420 492 403|700 733 551 511
SFT 713 676 663 66.7 | 93.5 922 931 92.6
+BCO 70.1 66.1 640 646 | 978 980 969 975
+ CPO 76.0 733 733 733|954 956 940 947
+CPO™ [16.8 [41 [134 [37 |97.0 975 957 965

Qwen3 (0.6B)
SP 66.1 58.1 50.1 403 ] 681 839 552 427
SFT 659 33.0 498 39.7 | 67.1 33.6 498 40.1

+BCO 66.5 B32 505 410|854 8.0 789 815
+ CPO 747 717 696 [03 | 956 954 946 950
+CPO™ 724 69.1 687 689 |962 0956 0958 057

SmoILM2 (1.7B)
SP 657 330 497 1396 | 667 335 495 400
SFT 527 491 49.1 49.0 | 667 435 497 405

+BCO 741 734 654 663|960 956 953 955
+CPO 757 732 703 712 | 956 954 946 950
+CPO™ [l64 [41 711 [21 |P68 D67 P61 063

SmolLM2 (360M)
SP 60.8 440 476 426 | 663 582 546 534
SFT 652 545 512 457 | 673 588 50.6 424

+BCO 674 622 559 543|950 955 932 942
+ CPO 720 685 666 672 | 944 939 934 936
+CPO™ [39 [I1.1 679 688 | 951 943 D044 044

Table 4: Experimental results of LLMs. The blue color
represents the best performance, while orange repre-
sents the second-best performance.

ity of smaller LLMs to detect misinformation.
Overall Effectiveness of Small LLMs. According
to the Table 4, while smaller models demonstrated
some capacity to distinguish between factual and
misleading content, their raw performance was lim-
ited. For example, Qwen2.5 (0.5B) achieved an
F1 of 45.8 on FakeHealth and 48.8 on ReCOV-
ery—comparable to or better than some larger mod-
els (see Table 5). Interestingly, LLaMA-3.2 (1B)
showed competitive performance despite its mod-
est size, with F1 scores of 41.9% (FakeHealth)
and 49.0% (ReCOVery), respectively. This may
be attributed to its extended larger context window,
which enables better comprehension of long-form
content. Performance did not scale linearly with
model size. For instance, Falcon3 (3B) lagged
significantly in both datasets, suggesting that archi-
tectural differences and pretraining quality are just
as important as parameter count.

Domain-Specific Precision Analysis. According to



https://huggingface.co/dhruvpal/fake-news-bert
https://huggingface.co/dhruvpal/fake-news-bert

FakeHealth [ ReCOVery

Acc  Prec Rec F1 [ Acc  Prec Rec F1

Previous Works

GPT-3.5 - - - - - 96.4 939 950

LLaMA-3 (8B) - - - - - 96.1 945 952

Standardized Prompting of Larger LLMs

Qwen2.5 (32B) 663 61.8 506 419 | 77.1 779 678 69.3

LLaMA-3.3 (70B) 663 63.2 505 414 | 759 786 651 66.1

Qwen2.5 (72B) 659 497 499 402|765 770 67.1 685

Qwen2.5 (14B)

SP 66.1 58.1 504 413|751 720 687 69.7

SFT 66.1 330 500 39.8|728 751 60.1 594
+BCO 764 740 714 726 | 980 982 972 977
+CPO 76.0 735 746 739|978 982 968 975
+ CPO™" 783 [59 ({51 [754 978 979 971 975

Table 5: Larger LLMs experimental results. The GPT-
3.5 LLM has been explored by Wang et al. (2023), and
LLaMA-3 (8B) by Irnawan et al. (2025).

the precision scores in the medical domain, small
LLMs generally underperform compared to larger
LLMs. For instance, the best precision obtained by
Qwen3 (0.6B) on FakeHealth was 58.1%, whereas
LLaMA-3.3 (70B) achieved 63.2%. In contrast, on
ReCOVery, Qwen3 (0.6B) outperformed LLaMA-
3.3 by approximately 3.5%, achieving 83.9%.

These findings suggest that while smaller LLMs
can detect misinformation, they struggle with
context-dependent claims. This highlights the im-
portance of domain adaptation strategies to im-
prove their effectiveness, even for larger LLMs.

RQ2: To what extent does SFT enhance task-
specific adaptation for misinformation detec-
tion? To assess SFT’s impact, we analyze how
different models adapt to domain-specific misinfor-
mation detection after fine-tuning.

Smaller LLMs. As we can see in Table 4, Falcon3,
which performed poorly in SP (F1 of 41.7% on
FakeHealth and 36.1% on ReCOVery), shows the
most dramatic improvement with SFT, reaching F1
of 63.4% on FakeHealth and 93.2% on ReCOV-
ery. Moreover, LLaMA-3.2, Phi-3.5-Mini, and
SmolLLM2, which already exhibited moderate per-
formance in SP, also see notable improvements.
Phi-3.5-Mini achieves F1 of 66.7% on FakeHealth
and 92.6% on ReCOVery after fine-tuning, indi-
cating that SFT helps these models leverage their
parameter size and context length more effectively.
However, Qwen3 (0.6B) struggles in terms of pre-
cision and F1-scores in both datasets, showing
that even with SFT, some models may not benefit
substantially. Similarly, SmolLM2 (360M)—the
smallest model—improves from 42.6% to 45.7%
on FakeHealth, but fails to gain on ReCOVery.
Larger LLMs. Unfortunately, a similar improve-
ment pattern was not observed with the larger LLM
Qwen2.5 (14B) after SFT (see Table 5). This sug-

gests that SFT may provide diminishing returns
for some large models, potentially due to their pre-
training objectives, parameter saturation, or opti-
mization difficulties during fine-tuning. However,
alternative fine-tuning strategies, such as those pro-
posed by Wang et al. (2023) for GPT-3.5 and by Ir-
nawan et al. (2025) for LLaMA-3-8B, substantially
outperform both SP and standard SFT approaches.
This suggests that conventional SFT alone may not
fully unlock the potential of LLMs, and size alone
is not the main driver of model performances.
Transformer-Based Models. =~ When comparing
across architectures, transformer-based models gen-
erally benefited from SFT (see Table 3). However,
even these models did not surpass Phi-3.5-Mini
(3.8B), indicating that fine-tuning effectiveness de-
pends not just on architecture or scale, but also on
pretraining quality and task alignment. Notably,
traditional transformers like BERT struggled with
longer inputs, often exceeding their token limits.
In contrast, LLMs with extended context windows
handled such content more effectively, underscor-
ing key limitations of earlier transformer models in
real-world misinformation detection.

In summary, SFT proves to be a valuable adapta-
tion method, especially for smaller and underper-
forming models, though its effectiveness is highly
dependent on model architecture, pretraining strat-
egy, and task alignment. This hinders the need for
more advanced fine-tuning approaches to further
boost performance across models.

RQ3: How does RLHF influence the perfor-
mance of LLMs in detecting misinformation
compared to SFT? To answer this RQ, the
empirical evaluation of small LLMs presented in
Table 4 and larger LLMs shown in Table 5 for
+BCO, +CPO, and +CPO** strategies.

Overall RLHF Benefits Across LLMs. RLHF con-
sistently outperforms SFT across both FakeHealth
and ReCOVery datasets. According to Table 4,
for all tested models, adding RLHF led to notable
F1 gains. For instance, with the Qwen2.5 (0.5B)
model, the CPO** approach achieved a +14% F1
increase (from 55.9% to 69.9%) on FakeHealth,
and an impressive +46% gain (from 48.3% to
94.3%) on ReCOVery compared to SFT. As
an another example, the most smallest LLM,
the SmolLM2 (360M) model, using the CPO**
achieved a +23% F1 increase (from 45.7% to
68.8%) on Fakehealth, and 52% gain (42.4% to
94.4%) on ReCOVery compared to SFT. These
improvements evident that RLHF enhances LLM




performances, especially for underperforming SFT
models. A similar pattern was also observed in
larger LLMs. As shown in Table 5, Qwen2.5 (14B)
improves from 39.8% (SFT) to 75.4% (CPO**)
on FakeHealth. It also reaches 97.5% F1 on
ReCOVery, outperforming GPT-3.5 (95.0%) and
LLaMA-3-8B (95.2%) from previous works.
Superiority of CPO**. Among the RLHF methods,
CPO** outperformed both BCO and CPO across
nearly all models and datasets. In small LL.Ms, as
we can see in Table 4, the Phi-3.5-Mini (3.8B),
the CPO** attained the highest F1 score of 73.7%
for FakeHealth and 96.5% for ReCOVery datasets.
The next LLM that stood out in the small LLM
category is SmolLM?2 (1.7B), with Fl-score of
72.1% with CPO** on FakeHealth and 96.3%
on ReCOVery. Across 8 LLMs evaluated on 2
datasets each (yielding a total of 16 experiments),
the CPO** method achieved the highest F1 score
in 10 out of the 16 cases, showcasing that the
log-based weighting mechanism can facilitate
more stable training and better alignment.
Performance Convergence Across Model Sizes.
RLHF—particularly CPO—dramatically narrows
the performance gap between small and large
models. For example, SmolLM?2 (1.7B) with CPO
achieves 96.3% F1 on ReCOVery, surpassing
LLaMA-3 (8B) (95.2%) and even Qwen2.5 (14B)
(97.5), which is just a 1.2% difference despite an 8x
size gap. Likewise, smaller models such as Qwen3
(0.6B) and LLaMA-3.2 (1B), when fine-tuned
with CPO**, outperform standard prompting of
LLaMA-3 (70B) on FakeHealth and ReCOVery.
These results show that model scale alone no
longer guarantees superior performance. With
high-quality alignment strategies like BCO, CPO,
or CPO**, smaller models become competitive
alternatives—offering strong task performance
with significantly lower computational cost and
better deployment feasibility.

Our findings highlight RLHF as a powerful
tool for improving misinformation detection across
LLM scales. It not only boosts individual perfor-
mance but also bridges the capability divide be-
tween small and large models, making small LLMs
viable alternatives for real-world deployment.

5 Discussions

5-Fold Cross-Validation. Table 6 summarizes the
5-fold cross-validation results for Phi-3.5-Mini fine-
tuned with CPO**. The model demonstrates strong
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Figure 3: Flgy,e for ReCOVery and FakeHealth datasets.

Acc Prec Rec F1

75.0 720 714 71.6
974 975 965 97.0

FakeHealth
ReCOVery

Table 6: 5-Fold Cross Validations using SFT + CPO**
for Phi-3.5-Mini LLM.

and consistent performance, particularly on the Re-
COVery dataset, achieving 97.0% F1 score, with
an Flf4. of 96.0%. While performance on Fake-
Health is comparatively lower (F1: 71.6, F1 fqp.:
61.9), the results still reflect meaningful gains from
CPO**. Overall, these findings highlight the relia-
bility and robustness of our RL-based fine-tuning
approach for enhancing misinformation detection
in smaller LLMs.

RLHF Impact on Fake Claims. The Figure 3
shows the F1 scores for the "fake" class across
LLMs and setups on both datasets. CPO** consis-
tently outperforms other methods, especially on Re-
COVery, highlighting its strength in fake news de-
tection. While BCO performs stably across models,
CPO shows more variance. The log-based weight-
ing in CPO** helps stabilize RLHF fine-tuning,
enhancing both performance and robustness over
BCO. Although SFT improves over SP, it remains
highly variable in detecting "fake" claims.

6 Conclusion

We showed that smaller LLMs, when enhanced
with RL can effectively detect healthcare misinfor-
mation. Evaluated on FakeHealth and ReCOVery,
these models outperformed SFT and approached
larger-model performance with lower computa-
tional cost. This suggests a promising path for
efficient, real-world misinformation detection.



Limitations

While our study demonstrates that small and mid-
sized LLMs, enhanced through RLHF, can achieve
competitive performance in healthcare misinfor-
mation detection, it is not without limitations.
First, our evaluation is restricted to two healthcare-
specific datasets—FakeHealth and ReCOVery. Al-
though these benchmarks are well-established, they
do not reflect the full diversity of misinformation
found in broader domains such as finance, politics,
or climate science. Future work should incorporate
additional datasets to assess cross-domain general-
izability. Second, while we applied a standardized
prompting strategy across models, we did not con-
duct extensive prompt engineering or instruction
tuning. This may have limited the performance
ceiling, particularly for models in the SP stage. As
prompt sensitivity can significantly impact LLM be-
havior—especially in smaller architectures—more
systematic prompt optimization could yield further
improvements. Third, due to the computational de-
mands of large-scale experimentation, we focused
on three RLHF strategies—BCO, CPO, and our
proposed CPO**—that are well-suited for factual
alignment. However, other RLHF variants such
as DPO (Rafailov et al., 2023), PPO (Schulman
et al., 2017), or reward modeling could offer addi-
tional insights and performance gains if explored
in future work. Finally, our study is limited to a
binary misinformation classification setting. While
this is a practical and common formulation, fine-
grained misinformation detection—e.g., categoriz-
ing claims by severity, intent, or harm—could pro-
vide richer insights and more actionable outputs.
We hope this empirical study lays the groundwork
for such future directions by demonstrating the via-
bility of small LLMs in high-stakes domains like
healthcare.
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