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Abstract

This study proposes a domain-augmented fine-tuning strategy for improving emotion
recognition in health misinformation using pre-trained large language models (LLMs).
The proposed method aims to address key limitations of existing approaches, includ-
ing insufficient precision, weak domain adaptability, and low recognition accuracy for
complex emotional expressions in health-related misinformation. Specifically, the Domain-
Augmented Fine-Tuning (DAFT) method extends a health emotion lexicon to annotate
emotion-oriented corpora, designs task-specific prompt templates to enhance semantic un-
derstanding, and fine-tunes GPT-based LLMs through parameter-efficient prompt tuning.
Empirical experiments conducted on a health misinformation dataset demonstrate that
DAFT substantially improves model performance in terms of prediction error, emotional
vector structural similarity, probability distribution consistency, and classification accuracy.
The fine-tuned GPT-4o model achieves the best overall performance, attaining an emotion
recognition accuracy of 84.77%, with its F1-score increasing by 20.78% relative to the base-
line model. Nonetheless, the corpus constructed in this study is based on a six-dimensional
emotion framework, which may not fully capture nuanced emotions in complex linguistic
contexts. Moreover, the dataset is limited to textual information, and future research should
incorporate multimodal data such as images and videos. Overall, the DAFT method effec-
tively enhances the domain adaptability of LLMs and provides a lightweight yet efficient
approach to emotion recognition in health misinformation scenarios.

Keywords: health misinformation; emotion recognition; large language models; domain
adaptation; prompt tuning; fine-tuning; GPT-4o

1. Introduction
In recent years, the frequent occurrence of public health crises, coupled with the

rapid expansion of social media, has markedly accelerated the dissemination of health
misinformation [1,2]. Although social media platforms have become important channels
for sharing health information, the lack of rigorous verification mechanisms enables large
volumes of misleading or unverified content to spread rapidly, often leading to inappro-
priate health-related decisions and increased behavioral risks [3]. Health misinformation
generally refers to health-related content that contradicts established scientific evidence
and medical consensus [4,5]. It not only threatens individual and public health but also
undermines health communication ecosystems by amplifying uncertainty and distrust.
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Prior studies have shown that health misinformation frequently employs emotional ma-
nipulation strategies to attract attention and facilitate viral diffusion [6]. Emotionally
charged content—such as messages evoking fear, anger, or sympathy—has been shown
to be more likely to trigger user engagement and sharing behaviors, thereby amplifying
misinformation cascades on social media [7]. Consequently, traditional approaches such
as fact-checking and content-based detection alone are often insufficient to effectively
curb its spread [8]. These limitations underscore the necessity of incorporating emotional
analysis into misinformation detection frameworks, making emotion recognition in health
misinformation an increasingly important area of research [6].

Existing methods for emotion recognition in health misinformation still face several
challenges, including limited contextual understanding, insufficient domain adaptability,
and limited capability for dynamic emotion analysis [6]. Traditional dictionary-based
methods rely on predefined emotion lexicons but fail to capture complex semantic depen-
dencies and often lack applicability in health-related contexts [9]. Machine learning-based
approaches introduce automatic feature learning for emotion classification; however, they
remain constrained by their reliance on large-scale annotated datasets and have difficulty
recognizing fine-grained or implicit emotions [10]. While large LLMs excel in language
understanding and generation, their performance in domain-specific tasks like health mis-
information is suboptimal due to domain gaps in pre-training corpora and insufficient task
adaptation. [11]. Consequently, fine-tuning strategies are required to enhance the domain
adaptability of LLMs and to equip them with stronger capabilities for emotion recognition
in health misinformation scenarios [12].

To adapt pretrained LLMs to domain-specific emotion recognition tasks, fine-tuning
has become a widely adopted strategy. Full-parameter fine-tuning improves performance
but is computationally expensive and prone to overfitting, particularly in low-resource
domains [13]. To address these limitations, prompt-based tuning has emerged as an efficient
alternative, using task-specific templates to guide model outputs and reduce dependence
on large annotated datasets while preserving generalization [11]. Recent studies have
attempted to systematize prompt design by introducing prompt pattern engineering to
improve task adaptability [14]. However, current practices in prompt design still rely
heavily on expert experience and lack unified optimization principles, which can lead to
unstable model performance across domains [15]. Additionally, parameter-efficient tuning
techniques such as adapter tuning freeze most model parameters and add lightweight
trainable modules, reducing training complexity [16]. Despite these advances, achieving
both high efficiency and robust task adaptability remains an open challenge in fine-tuning
LLMs for domain-specific tasks [12].

Despite significant progress in emotion recognition and health misinformation de-
tection, existing methods often struggle with domain-specific challenges, particularly in
health misinformation. Traditional fine-tuning approaches are computationally expensive
and may overfit when working with limited domain-specific data. Moreover, prompt-
based strategies, while efficient, still face issues with domain adaptability and consistency.
In response to these challenges, this study proposes a Domain-Augmented Fine-Tuning
(DAFT) method for GPT-based LLMs to improve emotion recognition performance in
health misinformation scenarios. DAFT enhances the domain adaptability of LLMs by
integrating domain-specific emotional knowledge with parameter-efficient optimization
strategies. The proposed framework consists of three key components: (1) Construction of a
domain-specific emotional corpus, in which a health misinformation emotion corpus is de-
veloped using an extended domain-adapted emotion lexicon, enabling automatic emotion
annotation and providing reliable supervision signals for model learning; (2) Task-oriented
prompt template optimization, where customized prompt templates are designed for both
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emotion classification and emotional intensity prediction tasks to improve semantic under-
standing in fine-grained emotion recognition; and (3) Parameter-efficient prompt-based
fine-tuning, in which DAFT combines prompt tuning with selective parameter adjustment
to reduce reliance on large annotated datasets and lower computational overhead while
preserving model expressive capacity. Overall, this method integrates a health-specific
emotion lexicon, task-optimized prompt templates, and parameter-efficient tuning to en-
hance the performance of large language models in emotion recognition tasks within
health misinformation. DAFT not only reduces reliance on large annotated datasets but
also improves the model’s ability to adapt to complex and nuanced emotional expres-
sions unique to health misinformation, offering a novel solution to existing limitations in
the field.

2. Research Background and Related Work
2.1. Definition of Health Misinformation

Health misinformation is a widely discussed concept within the broader literature
on misinformation. Fernandez and Alani define misinformation as false or mislead-
ing information that is created or disseminated without verification of its authenticity,
often including fake news and rumors [17]. Related notions such as disinformation
and rumor are frequently used in similar contexts but convey distinct meanings [18].
Disinformation refers specifically to intentionally fabricated content designed to mis-
lead or manipulate public perception [19], while rumors consist of unverified infor-
mation that spreads rapidly within social groups and may later be confirmed or dis-
proven [20,21]. Recent research on misinformation increasingly focuses on the health
domain, with topics such as vaccination, infectious diseases, cancer, and chronic illnesses
becoming common subjects of investigation [22]. Within this line of work, health mis-
information is generally viewed as a subset of misinformation that specifically concerns
health-related content [23]. Unlike other forms of misinformation, health misinforma-
tion may arise from either unintentional information distortion or deliberate manipula-
tion, without necessarily distinguishing between the motivations behind its dissemina-
tion [8]. In academic discourse, health misinformation is commonly defined as health-
related information that contradicts scientific facts or medical consensus [4,5]. In line
with these perspectives, this study defines health misinformation as false or misleading
health information that deviates from evidence-based medical knowledge or established
scientific consensus.

2.2. Health Misinformation Emotion Recognition Method

Emotional features have been widely recognized as salient indicators for the detec-
tion and analysis of health misinformation. Early studies relied primarily on manual
annotation, where domain experts identified emotional cues such as exaggeration, fear
appeals, or misleading sentiment based on professional judgment. However, manual
methods are constrained by subjectivity and limited scalability. Subsequently, dictionary-
based approaches emerged, using predefined sentiment lexicons to compute emotion
polarity and classify health-related claims [24]. Although simple and interpretable, these
methods struggle to capture contextual semantics and domain-specific emotional nu-
ances. To improve detection performance, multimodal emotion recognition methods were
later introduced, integrating emotional cues from text and images to enhance semantic
understanding and classification robustness [25]. With advances in natural language pro-
cessing (NLP), research attention has gradually shifted from surface-level lexical features
to deeper semantic representations, enabling more accurate modeling of the emotional
patterns present in misinformation [26]. In particular, deep learning techniques have
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demonstrated strong capabilities in learning complex contextual dependencies from large-
scale datasets [27]. For example, Bi-LSTM architectures have been used to jointly encode
semantic and emotional information, thereby improving sentiment-aware misinforma-
tion classification [28]. Graph-based models such as GCNs and GNNs have also been
employed to model relational structures in social media propagation networks, enabling
more accurate recognition of emotional signals embedded in misinformation dissemination
patterns [29].

Despite these advances, current emotion-based misinformation detection methods
still exhibit significant limitations. General-purpose emotion lexicons often lack domain
adaptability and frequently fail to accurately interpret medical terminology, leading to
semantic bias and misclassification in health-related contexts [9]. Additionally, many pre-
trained models rely heavily on superficial sentiment polarity features while underutilizing
deeper semantic cues, which makes it difficult to detect misinformation that is masked by
neutral or scientific language [6]. Furthermore, owing to limited annotated data, existing
models often generalize poorly across languages, platforms, and communication scenar-
ios [10]. These limitations highlight the need for new approaches that integrate specialized
health knowledge with rich semantic modeling to improve domain adaptability in emotion
recognition for health misinformation.

2.3. Prompt Fine-Tuning for LLMs

Prompt-based fine-tuning has emerged as an efficient transfer-learning paradigm for
adapting large language models (LLMs) to downstream tasks by guiding model behav-
ior through task-specific prompt templates [13]. In prompt learning, prompts are often
combined with few-shot examples to enhance task adaptability and reduce dependence
on large annotated datasets [11]. Prompting strategies are typically classified into two
categories: hard prompts and soft prompts. Hard prompts, also known as discrete prompts,
consist of manually crafted textual instructions that steer model outputs but require ex-
tensive expert intervention and task-specific tuning [12]. In contrast, soft prompts—also
referred to as continuous prompts—inject learnable embedding vectors into model inputs,
enabling parameter-efficient tuning without modifying the full model architecture [30].
Due to their interpretability and ease of application, hard prompts have been widely
adopted, particularly in generative systems such as ChatGPT which is based on the GPT-3.5
architecture [31].

Prompt design is a critical factor that influences model performance [15]. Recent
research has demonstrated that LLMs are highly sensitive to the structure and wording of
prompts, which has motivated the development of prompt engineering strategies aimed at
enhancing prompt robustness and task alignment [14,32]. Semi-supervised prompt learning
frameworks have also been proposed to improve generalization in few-shot classification
tasks [33]. In parallel, retrieval-augmented prompting has been introduced as a means
of incorporating external context and reduce factual errors and hallucinations in model
outputs [34].

However, prompt-based fine-tuning still faces significant limitations. Prompt con-
struction relies heavily on expert knowledge and lacks systematic optimization principles,
which weakens domain transferability [14]. Hard prompts are highly sensitive to lexical
variation and often yield unstable performance across tasks. Additionally, prompt tuning
alone is insufficient to address hallucinations and provides limited domain specialization,
particularly in complex fields such as healthcare and misinformation detection. These
limitations highlight the need to integrate prompt-based tuning with domain-enhanced
knowledge in order to further improve LLM adaptability and task reliability.
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2.4. Review Summary

Research on health misinformation and emotion recognition has advanced substan-
tially in recent years, with notable progress achieved in several related areas. (1) Scholars
have clarified the conceptual distinctions among misinformation, disinformation, and
rumor, and have provided more rigorous definitions of health misinformation within
academic discourse [4,5,8,17–23]. (2) Emotion recognition techniques for health misinfor-
mation have evolved from manual annotation and lexicon-based methods to machine
learning and deep learning approaches, thereby improving semantic understanding and
feature extraction capabilities [24–29]. (3) Prompt engineering has emerged as a promising
paradigm for adapting large language models to downstream tasks by leveraging hard and
soft prompts to improve task alignment [11–15,30–34].

Despite these developments, several important research gaps remain. (1) Insufficient
domain adaptability: General-purpose sentiment lexicons and pretrained models often
fail to capture emotional expressions specific to medical discourse, resulting in limited
recognition accuracy for health-related emotional cues [6,9,10]. (2) High data dependency
and computational cost: Conventional deep learning methods rely heavily on large anno-
tated datasets and typically require full-parameter fine-tuning, which is computationally
expensive and prone to overfitting [13,27]. (3) Limited generalization of prompt tuning: Ex-
isting prompt design strategies depend strongly on manual heuristics and lack systematic
adaptability across domains, which restricts their effectiveness in specialized fields such as
health-related misinformation [14,15]. A summary of the representative studies reviewed
above is presented in Table 1.

Table 1. Summary of representative studies in the literature review.

Concept Author, Year Main Contribution Limitations

Definition of
Health

Misinformation

Fernandez &
Alani (2018)

[17]

Clarifies core concepts and
challenges of online misinformation

Does not focus on health domain or
emotional mechanisms in

misinformation
Victoria L.

Rubin (2019)
[18]

Differentiates misinformation,
disinformation and interventions

No empirical modeling of
health-specific misinformation

or emotion

Chen et al.
(2022) [4]

Systematic overview of health
misinformation and

detection approaches

Emotion is treated as a feature but not
modeled as multi-dimensional vectors

Health
Misinformation

Emotion
Recognition

Method

Balshetwar
et al. (2023) [24]

Shows emotional features can help
fake news detection

Uses general emotion polarity; ignores
domain-specific medical

emotion expressions
Kaur & Kautish

(2019) [25]
Demonstrates benefit of combining

text and image modalities
Not specific to health misinformation;

no domain-adapted lexicon

Hamed et al.
(2023) [28]

Integrates sentiment of news and
users’ comments to detect

fake news

Emotion representation
still coarse-grained

Xuewen et al.
(2023) [29]

Uses graph structures and
sentiment for rumor detection

Does not exploit LLMs or
prompt-based fine-tuning for

emotion vectors
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Table 1. Cont.

Concept Author, Year Main Contribution Limitations

Prompt
Fine-tuning for

LLMs

Liu et al. (2023)
[11]

Systematically reviews prompting
methods for PLMs

Focuses on general NLP tasks; no
health-specific emotion

recognition settings
Parthasarathy

et al. (2024) [13]
Summarizes full-parameter and
parameter-efficient fine-tuning

Lacks concrete application to health
misinformation emotion recognition

Xu et al. (2023)
[16]

Reduces training cost via
dynamic capacity

Method is generic; not combined with
emotion-specific lexicons or

health misinformation
Shin et al.
(2025) [30]

Provides evidence on when prompt
or fine-tuning works better

Application domain is software
engineering, not health misinformation

To address these challenges, this study proposes a Domain-Augmented Fine-Tuning
(DAFT) method based on GPT models. Specifically, the proposed approach (1) enhances
domain adaptability by constructing a domain-specific emotion corpus for health misin-
formation; (2) reduces computational cost through parameter-efficient fine-tuning; and
(3) improves task relevance by integrating optimized prompt templates for emotion recog-
nition sub-tasks. Overall, this framework provides a practical and effective pathway for
improving emotion recognition in health misinformation.

3. DAFT Framework for Emotion Recognition in Health Misinformation
To address the limitations of existing methods for emotion recognition in health

misinformation, this study proposes a Domain-Augmented Fine-Tuning (DAFT) framework
designed to enhance the domain adaptability of large language models (LLMs) in health-
related scenarios. As illustrated in Figure 1, the framework consists of two key components:
(1) construction of a domain-specific emotion corpus for health misinformation via emotion
lexicon expansion and automatic emotion annotation; and (2) domain-enhanced fine-tuning
of LLMs using optimized prompt templates and parameter-efficient tuning strategies. By
integrating domain knowledge from the health sector, the DAFT framework improves
emotional semantic understanding and enhances recognition accuracy for implicit and
fine-grained emotional expressions in misinformation.

3.1. Construction of Health Misinformation Emotion Corpus
3.1.1. Corpus Collection

As summarized in Table 2, text data related to health misinformation were collected
from multiple publicly available datasets on the Kaggle platform (https://www.kaggle.
com/datasets (accessed on 12 March 2025)). To ensure data reliability and relevance, a
two-stage filtering and validation process was employed. In the first stage, six data an-
alysts independently conducted preliminary data cleaning to remove duplicate entries,
incomplete records, and irrelevant content. The results were then cross-validated, and any
inconsistencies were resolved through group discussion to ensure overall consistency. In
the second stage, a review panel consisting of four domain experts in health information
and misinformation analysis systematically evaluated the filtered dataset based on estab-
lished criteria for identifying health misinformation [35,36]. Only samples that met the
requirements for domain validity and misinformation relevance were retained, resulting in
the construction of a high-quality health misinformation corpus for subsequent emotion
annotation and model fine-tuning.

https://www.kaggle.com/datasets
https://www.kaggle.com/datasets
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Figure 1. DAFT Framework for Emotion Recognition in Health Misinformation.
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Table 2. Data Source.

Misinformation Dataset Type
Original Data Count

and Filtered
Data Count

Health Misinformation
Assessment Criteria

Fake news dataset News 23502→2409
1⃝ Misleading headlines,

pseudoscientific claims, and
unverified reports;
2⃝ Incorrect information and claims

regarding diseases;
3⃝ Mixed disinformation, including

political, medical, and
conspiracy content;
4⃝ Exaggerations regarding vaccine

side effects and vaccine
conspiracy theories;
5⃝ False medical statements, such as

incorrect treatment methods and
fabricated drug names.

Twitter rumor Social- Media 3213→1120

Monkeypox
misinformation News 6287→1163

DataSet Misinfo FAKE News and
Social-media 55164→4463

Vaccine misinformation News and
Social-media 1999→763

COVID fake news News 2140→835

CoAID News and
Social-media 4251→1763

3.1.2. Selection and Expansion of Basic Emotion Lexicon

To address the limitations of traditional general-purpose emotion lexicons in health-
related contexts, this study develops a domain-adapted emotion lexicon specifically for
health misinformation analysis. The construction process integrates three lexical resources:
the general-purpose emotion lexicon EmoLex [37], the semantic network WordNet [38], and
the biomedical knowledge base MeSH (Medical Subject Headings) [39]. Lexicon expansion
is carried out in two stages. First, WordNet is used to enrich the emotional vocabulary by
incorporating semantically related words and synonyms for each basic emotion category,
thereby improving lexical coverage. Second, domain-specific terminology from MeSH is
incorporated to bridge the semantic gap between general emotional expressions and special-
ized health-related discourse, particularly in medical misinformation scenarios. WordNet
contributes semantic completeness through lexical relations, whereas MeSH provides au-
thoritative domain-specific conceptual mappings. Together, these resources enhance the
contextual precision and domain applicability of the constructed emotion lexicon.

3.1.3. Emotion Annotation of the Corpus

The emotion annotation process used in this study is illustrated in Figure 2. Consistent
with prior research in affective computing, we adopt a categorical emotion model, which
assumes that human emotions can be represented through a finite set of universal emotional
categories [40]. Among various categorical models, Ekman’s six basic emotions—anger,
disgust, fear, joy, sadness, and surprise—are widely recognized for their cross-cultural
validity and strong applicability in emotion classification tasks [41]. Previous studies have
demonstrated that Ekman’s framework provides robust semantic coverage for emotion
analysis in textual data and is well suited for fine-grained emotion computation [42].
Therefore, this study adopts Ekman’s six-dimensional emotional framework as the basis
for text emotion representation.
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Figure 2. Emotion Annotation Process for the Corpus.

The objective of emotion annotation is to generate, for each text instance, an emotion
vector that represents the intensity distribution across six emotion dimensions. Following
established automatic emotion annotation methods [43], we first perform text preprocessing
using the Stanford CoreNLP toolkit V4.5.10, including tokenization and lemmatization,
to ensure lexical consistency. Each token is then matched against the expanded domain-
specific emotion lexicon. When a match is found, the corresponding emotional weight
is retrieved and accumulated into the emotion vector of the sentence. Finally, emotional
intensity is aggregated across all matched tokens to produce a complete emotion vector for
each text sample, which serves as the ground truth for model training and evaluation.

3.2. Fine-Tuning Model Based on Emotion-Annotated Corpus

The first stage of the DAFT framework focuses on prompt construction, as illustrated
in Figure 3. Prompts act as task instructions that guide large language models (LLMs)
to generate outputs aligned with specific learning objectives. In the context of emotion
recognition for health misinformation, prompt templates must incorporate domain-specific
emotional cues derived from the emotion-annotated corpus to help the model accurately
identify emotion categories. In this study, we adopt a task-clarification strategy for prompt
design [44], enabling the model to explicitly recognize the target emotion categories. For
categorical emotion prediction, prompt templates enumerate the six basic emotions (anger,
disgust, fear, joy, sadness, and surprise) and provide representative domain-specific ex-
amples to improve semantic alignment during model inference. In addition, to support
fine-grained emotional intensity prediction, continuous prompt templates are designed
to output emotion intensity values within the range [0, 1], where 0 indicates the absence
of an emotional feature and 1 denotes maximum emotional intensity. This dual tem-
plate design enhances both classification precision and emotional nuance detection in
health misinformation.

The second phase involves fine-tuning the LLM in a single-turn dialogue setting,
where each training sample corresponds to one text segment that requires an emotion value
assignment. (1) A task-specific training set is constructed and serialized in JSONL format
to conform to the architectural characteristics of GPT-series models. Each record contains
three fields: System (prompt defining task role and instruction scope), User (the input
corpus text), and Assistant (the target output), which together specify the emotion vector
assignment objective. (2) The model is then fine-tuned on this dataset to learn the mapping
from input text to emotion vectors encoded in the annotations. The training process uses
the OpenAI fine-tuning API, which adaptively adjusts the number of training epochs and
the learning rate to improve convergence stability and task alignment.
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Figure 3. LLM Prompt Design.

3.3. Model Evaluation

The evaluation metrics selected for this study are presented in Table 3. The primary
purpose of these metrics is to assess the accuracy, completeness, and overall performance
of LLMs in determining the emotional tendencies of health misinformation. In multidi-
mensional emotion analysis, particularly for tasks that predict emotion intensity, numerical
accuracy constitutes a key criterion for evaluating model precision [45]. Health misin-
formation often contains complex contexts and subtle nuances, requiring the model to
maintain output consistency in order to effectively identify the emotions associated with
such information. A lack of consistency when faced with contextual changes may lead
to erroneous judgments of emotional tendencies [46]. For emotion recognition in health
misinformation, especially when the boundaries between emotion categories are relatively
ambiguous, it is essential not only for the model to provide predictions of emotional ten-
dencies but also to offer confidence estimates for those predictions. The model’s ability to
fit probabilities distributions reflects its capacity to handle complex emotional predictions
and assists decision-makers in making more informed judgments [47]. Finally, classification
accuracy is one of the foundational standards for evaluating classification models, and in
emotion analysis tasks, the accurate identification and categorization of emotion categories
are central to measuring the model’s overall capability [48].

Therefore, this study designed an evaluation system based on four dimensions: numer-
ical prediction accuracy, structural consistency, probabilistic fitting ability, and classification
judgment accuracy, with five representative indicators selected.
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Table 3. Model Evaluation Metrics.

Indicator Name Meaning

Regression error metrics MAE, MSE Mean absolute errors and mean squared errors for
each dimension

Structural similarity of vectors Cosine similarity Assessing the similarity in direction between
predicted and actual distributions

Differences in
probability distributions Jensen-Shannon distance Evaluating the overall distance between predicted

and actual distributions

Classification support metrics Precision, Recall, F1-Score Analyzing the ability to identify whether
emotion exists

Classification index Confusion matrix Analyzing misclassification cases to identify which
emotion categories are prone to misclassification

Regression error metrics: The model outputs a continuous emotional vector for each
text across six emotional dimensions, categorizing it as a regression problem. Therefore,
two error metrics are used to assess the model’s capability in numerical prediction [49].
MAE (Mean Absolute Error) represents the average of the absolute differences between
the predicted values and the actual values for each dimension, while MSE (Mean Squared
Error) calculates the mean of the squared differences between the predicted and true values.
Both metrics are utilized to gauge the extent of prediction errors by the model.

MAE =
1
n

n

∑
i=1

|yi − ŷi| (1)

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (2)

In this formula, yi represents the actual value, ŷi denotes the predicted value, and n
indicates the number of samples.

Structural similarity of vectors: In tasks involving multi-dimensional emotion vector
outputs, it is essential to assess not only absolute errors but also the structural consistency
between the predicted vector and the true emotion vector [50]. By measuring the cosine
of the angle between the two vectors, it is possible to determine whether the model is
capable of capturing the overall direction of emotion tendency. A value closer to 1 indicates
greater consistency.

Cosine Similarity =
A·B

∥A∥∥B∥ (3)

In this formula, A and B are two vectors, A·B is their dot product, and ∥A∥ and ∥B∥
are their Euclidean norms.

Differences in probability distributions: The Jensen-Shannon distance is a symmetrical
measure based on two probability distributions. To further assess whether the probability
distribution of the model’s output emotion intensity is close to the true emotion distribution,
this distance metric is introduced [51]. It is based on the symmetrical form of the Kullback–
Leibler Divergence (KL Divergence), which balances the information loss between the two
distributions and is widely used for evaluating probabilistic models in natural language
processing and machine learning.

Jensen − Shannon(P, Q) =
1
2
[DKL(P∥M) + DKL(Q∥M)] (4)
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In this formula, DKL(P∥M) represents the Kullback–Leibler Divergence between P
and M (the average distribution of P and Q), defined as follows:

DKL(P∥M) = ∑
i

P(i)log
P(i)
M(i)

(5)

Classification support metrics: Although the model outputs continuous emotion
vector values, an important sub-goal of the task is to determine whether “a certain emotion
exists,” which can be transformed into a classification problem. Precision, Recall, and F1
score are commonly used evaluation metrics for classification tasks [52]. The F1 score is
the harmonic mean of Precision and Recall, combining both metrics, and is particularly
suitable for classifying imbalanced data, providing a more comprehensive assessment of
model performance.

F1 = 2 × Precision × Recall
Precision + Recall

(6)

In this formula, Precision represents precision, which measures the proportion of
instances predicted as positive by the model that are actually positive; Recall represents
recall, which measures the proportion of all actual positive instances that the model correctly
predicts as positive.

Classification index: The confusion matrix is used to visualize the performance of a
classifier across different classification categories [53]. By tallying the correctly and incor-
rectly classified emotions, it highlights instances where each true emotion is misclassified
as another by the model. This is particularly useful in cases of class imbalance, as it aids in
analyzing the results and causes of misclassification.

4. Experimental Results and Analysis
4.1. Experimental Data
4.1.1. Dataset Construction

To support model optimization and fine-tuning, a task-specific dataset was constructed
consisting of 7277 training samples, 1250 validation samples, and 2267 test samples. The
training set was used to enable the GPT model to learn emotional representations, while
the validation set was used for hyperparameter tuning and to trigger an early stopping
mechanism during training to prevent overfitting. The test set was reserved for independent
evaluation on unseen data to ensure the objectivity and robustness of the model’s emotion
recognition performance.

4.1.2. Dataset Balancing Processing

Table 4 presents the distribution of the primary emotional dimensions in the dataset.
Health-related misinformation is predominantly associated with negative emotional ex-
pressions, making negative emotion the dominant category, while positive emotion occurs
far less frequently [7]. In machine learning, data imbalance refers to the unequal dis-
tribution of class samples within a dataset. To alleviate this issue, oversampling and
undersampling techniques are commonly used to address class imbalance and improve
model performance [54]. In this study, undersampling was applied to reduce the proportion
of negative-emotion samples, while oversampling was used to increase the number of
positive-emotion samples, resulting in a mixed sampling strategy to balance the health
misinformation dataset.
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Table 4. The Frequency of the Main Emotions.

Dimension Occurrence Count (Before/
After Balancing)

Relative Proportion
(Before/After Balancing)

Anger 1768 1768 14.35% 15.96%
Disgust 1460 1460 11.85% 13.18%

Fear 3998 2928 32.45% 26.43%
Joy 1563 2196 12.69% 14.11%

Sadness 2611 1963 21.19% 17.72%
Surprise 919 1397 7.46% 12.61%

As a result of this mixed sampling procedure, the distribution of negative and positive
emotions is made more balanced. In particular, oversampling increased the representation
of samples labeled with Joy and Surprise, which helps reduce model bias toward majority
classes. This strategy prevents the model from over-relying on any single emotion category
and enables it to learn more effectively across all emotion dimensions, thereby improving
its ability to recognize a wider range of emotions.

4.2. Model Parameter Settings

To standardize reporting, the model names before and after fine-tuning are unified
as shown in Table 5. For model selection, we directly used the official APIs provided by
OpenAI. Given that the corpus is in English and GPT-5 is currently not available for fine-
tuning, we evaluated three OpenAI models that support fine-tuning: GPT-4o-2024-08-06,
GPT-4o-mini-2024-07-18, and GPT-3.5-turbo-0125.

Table 5. Model Name.

Original Model Name Model Name Before
Fine-Tuning Fine-Tuned Model Name

GPT-4o-2024-08-06 GPT-4o 4o-FT
GPT-4o-mini-2024-07-18 GPT-4o-mini 4o-mini-FT

GPT-3.5-turbo-0125 GPT-3.5-turbo 3.5-turbo-FT

Table 6 summarizes the hyperparameters used for fine-tuning. We primarily config-
ured the learning rate, batch size, and number of epochs while keeping all other settings at
their defaults. Considering the very large parameter scales of GPT models, an overly high
learning rate can destabilize training; therefore, we initialized the learning rate at 2 × 10−5

and applied a warm-up schedule with dynamic decay to 1 × 10−5, thereby preserving
pretraining capacity while adapting the model to the new task. The batch size was set to 32,
which balances memory usage and throughput without inducing overfitting. The model
was trained for 8 epochs with early stopping, using validation performance on 1250 samples
as the stopping criterion: if the validation loss failed to improve for several consecutive
epochs, training was terminated to prevent overfitting and reduce computational cost.

Table 6. Parameters Setting for Fine-tuning the Model.

Parameter Name Parameter Settings

model in Table 4
batch size 32

learning rate 2 × 10−5

epoch 8
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4.3. Validation Set Performance Monitoring

Figure 4 depicts the training loss curves for the three models. During fine-tuning,
stepwise training losses were recorded and compared, with validation-set performance
used to monitor and guide optimization. The results indicate that GPT-4o achieved the
lowest training loss (0.02) and ultimately converged to a lower final loss (0.16) than the other
models, demonstrating superior fit and convergence efficiency. The GPT-4o-mini curve
is the most stable, exhibiting the lowest average training loss across steps and indicating
steady optimization behavior. By contrast, GPT-3.5-turbo presents higher losses and larger
fluctuations than the other two models, reflecting comparatively weaker training outcomes.
With validation monitoring and early stopping in place, all three models avoided overfitting
and achieved stable validation performance by the end of training.

 

Figure 4. Model Training Loss Curve.

4.4. Model Comparison Experiment

To evaluate the effectiveness of the proposed domain-enhanced fine-tuning method
for emotion recognition in health misinformation, three baseline models—GPT-4o, GPT-4o-
mini, and GPT-3.5-turbo—were fine-tuned and their performance was compared across
2267 test samples using multiple evaluation metrics.

Table 7 compares the MAE and MSE results of the three models—GPT-4o, GPT-4o-
mini, and GPT-3.5-turbo—for emotion recognition in health misinformation. Bold values
indicate the lowest MAE or MSE within each emotion dimension.

The GPT-4o model consistently achieves the lowest MAE and MSE values across the
six emotional dimensions, particularly excelling in Disgust, Joy, and Surprise. These results
indicate that, after fine-tuning, GPT-4o can identify diverse emotions with higher precision,
reflecting stronger fitting capability and lower prediction error.
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Table 7. Comparison of MAE and MSE among six models.

Emotion
Dimension

MAE MSE

4o-
FT

GPT-
4o

4o-
mini-

FT

GPT-
4o-

mini

3.5-
Turbo-

FT

GPT-
3.5-

turbo

4o-
FT

GPT-
4o

4o-
mini-

FT

GPT-
4o-

mini

3.5-
Turbo-

FT

GPT-
3.5-

Turbo

Anger 0.104 0.132 0.105 0.157 0.121 0.141 0.024 0.029 0.025 0.039 0.030 0.035
Disgust 0.085 0.118 0.090 0.126 0.101 0.161 0.018 0.023 0.019 0.026 0.021 0.048

Fear 0.125 0.154 0.126 0.147 0.133 0.161 0.034 0.041 0.034 0.036 0.035 0.044
Joy 0.111 0.168 0.117 0.143 0.125 0.183 0.034 0.064 0.035 0.044 0.037 0.070

Sadness 0.123 0.151 0.125 0.167 0.131 0.172 0.035 0.037 0.034 0.043 0.034 0.044
Surprise 0.104 0.159 0.104 0.240 0.135 0.173 0.029 0.054 0.027 0.111 0.041 0.060

In contrast, although GPT-4o-mini performs slightly below GPT-4o overall, it demon-
strates smaller errors and greater stability across most emotion categories. Its performance
in the Disgust and Surprise dimensions is especially stable, suggesting strong adaptability.
The GPT-3.5-turbo model shows only modest gains after fine-tuning—particularly limited
improvements in Joy and Surprise—with marginal enhancements in Fear and Sadness.
Overall, GPT-3.5-turbo remains comparatively weaker in fine-grained emotion recognition,
highlighting existing constraints in capturing nuanced emotional variations.

Table 8 compares the cosine similarity of emotional vectors generated by the three
models before and after fine-tuning. The 4o-FT model achieves the best overall perfor-
mance, with cosine similarity increasing from 0.6532 to 0.7818 (+0.1286), indicating a
stronger alignment between predicted and true emotion vectors. The 4o-mini-FT model
also demonstrates substantial improvement, increasing from 0.5972 to 0.7731 (+0.1759),
reflecting effective task adaptation. Although 3.5-turbo-FT shows some improvement (from
0.6022 to 0.7266), its performance remains lower than the other two models, suggesting
limited structural consistency. Bold values indicate, for the three models, the highest cosine
similarity before and after fine-tuning, as well as the largest improvement.

Table 8. Comparison of Model Cosine Similarity.

Model Name Before Fine-Tuning After Fine-Tuning Enhancement in
Value

GPT-4o 0.6532 0.7818 +0.1286
GPT-4o-mini 0.5972 0.7731 +0.1759

GPT-3.5-turbo 0.6022 0.7266 +0.1244

Overall, all models achieved varying degrees of improvement after fine-tuning, val-
idating the effectiveness of the fine-tuning strategy. Fine-tuning not only enhanced the
models’ ability to capture emotional patterns but also strengthened the semantic alignment
between predicted and true emotion vectors, resulting in emotional representations that
are more directionally consistent with the ground truth.

Table 9 compares the Jensen–Shannon Distance (JSD) between the predicted emotional
distributions of the three models and the true emotional distribution before and after
fine-tuning. All models show a notable reduction in JSD following fine-tuning, indicating
that the fine-tuning process effectively brought the predicted emotional distributions
closer to the ground truth. Among them, the 4o-FT model achieves the lowest JSD value
(0.3909), demonstrating the closest match to the true emotional distribution and thus
the best overall performance. The GPT-4o-mini model records the largest reduction in
JSD (0.1498), reflecting strong adaptability to health misinformation data and effective
optimization of emotional prediction. In comparison, the GPT-3.5-turbo model shows a
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smaller JSD reduction (0.0997), though still indicating measurable improvement. Bold
values indicate, for the three models, the lowest JSD before and after fine-tuning, as well as
the largest improvement.

Table 9. Comparison of Differences in Probability Distributions (JSD).

Model Name Before Fine-Tuning After Fine-Tuning Difference

GPT-4o 0.4891 0.3909 −0.0982
GPT-4o-mini 0.5513 0.4015 −0.1498

GPT-3.5-turbo 0.5398 0.4401 −0.0997

Overall, fine-tuning improves the emotional distribution alignment of all three models,
significantly reducing divergence between predicted and true emotional vectors. The re-
duction in JSD values demonstrates that the fine-tuned models not only better identify emo-
tional categories but also more accurately represent emotional intensity across dimensions.

Table 10 and Figure 5 summarize the auxiliary classification metrics of the three fine-
tuned models across six emotional dimensions. Based on the F1-scores, the 4o-FT model
achieves the highest performance in Disgust, Joy, Sadness, and Surprise, demonstrating
strong overall recognition capability. The 4o-mini-FT model performs best in the Anger
and Fear dimensions and shows relatively stable recognition across categories. In contrast,
the 3.5-turbo-FT model shows only comparable performance in the Fear category and lags
notably behind the other two models in Surprise, indicating limited capability in recog-
nizing nuanced emotional categories. Overall, the 4o-FT model provides the most stable
performance across most emotional categories, followed by 4o-mini-FT, while 3.5-turbo-FT
demonstrates the weakest results. These findings further confirm the effectiveness of
fine-tuning in improving emotional classification accuracy and label coverage.

Figure 5. Comparison of F1-Scores of the Three Models After Fine-Tuning.

As shown in Table 11, this section systematically analyzes the impact of fine-tuning on
model performance by comparing the differences in F1-scores before and after fine-tuning
for different models, using statistical significance testing and confidence intervals. It can be
observed that the p-values for the 4o model and the 4o-mini model are both less than 0.05,
and the confidence intervals do not include 0, indicating that the differences before and
after fine-tuning are statistically significant. The average differences for both models are
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greater than 0.1, suggesting that fine-tuning improved model performance. In contrast, for
the 3.5-turbo model, the differences observed are not statistically significant, as indicated
by the p-value and 95% confidence interval. However, the average score improved by
0.0607 after fine-tuning, showing that the fine-tuning strategy did improve the model’s
performance, but the improvement was not statistically significant. This finding aligns
with our observations in other metric tests, where the overall performance of fine-tuned
3.5-turbo was not as good as the other two models. This also suggests that for the relatively
underperforming 3.5-turbo model, better fine-tuning methods should be employed to
enhance the model’s performance.

Table 10. Precision, Recall, and F1-Score of Six Models.

Model Name Emotion
Dimension Precision Recall F1-Score

4o-FT

Anger 0.852 0.541 0.662
Disgust 0.852 0.590 0.697

Fear 0.912 0.472 0.622
Joy 0.816 0.469 0.596

Sadness 0.902 0.531 0.668
Surprise 0.752 0.495 0.597

4o-mini-FT

Anger 0.835 0.550 0.663
Disgust 0.835 0.553 0.665

Fear 0.903 0.483 0.629
Joy 0.782 0.479 0.594

Sadness 0.878 0.499 0.636
Surprise 0.752 0.488 0.592

3.5-turbo-FT

Anger 0.808 0.527 0.638
Disgust 0.789 0.580 0.669

Fear 0.879 0.487 0.627
Joy 0.730 0.457 0.562

Sadness 0.855 0.489 0.622
Surprise 0.612 0.412 0.492

GPT-4o

Anger 0.825 0.483 0.609
Disgust 0.748 0.507 0.604

Fear 0.885 0.466 0.610
Joy 0.698 0.236 0.352

Sadness 0.881 0.342 0.493
Surprise 0.580 0.410 0.480

GPT-4o-mini

Anger 0.834 0.414 0.553
Disgust 0.793 0.463 0.585

Fear 0.892 0.430 0.580
Joy 0.752 0.216 0.335

Sadness 0.870 0.271 0.414
Surprise 0.543 0.362 0.434

GPT-3.5-turbo

Anger 0.810 0.459 0.586
Disgust 0.690 0.481 0.567

Fear 0.889 0.471 0.615
Joy 0.655 0.277 0.389

Sadness 0.849 0.472 0.607
Surprise 0.623 0.393 0.482
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Table 11. Statistical significance testing and confidence intervals of F1-Score.

Pair of Models Paired t-Test p-Value F1-Score Mean
Difference

95%
Confidence

Interval

4o-FT, 4o 3.121 0.0262 0.1103 (0.0195, 0.2012)
4o-mini-FT,

4o-mini 6.016 0.0018 0.1042 (0.0597, 0.1487)

3.5-turbo-FT,
3.5-turbo 2.270 0.0724 0.0607 (−0.0080,

0.1294)

Table 12 presents the confusion matrices of emotion classification results for GPT-
4o, GPT-4o-mini, and GPT-3.5-turbo before and after fine-tuning. The GPT-4o-FT model
achieves the best overall performance in multi-dimensional emotion recognition, accurately
identifying primary emotions such as Anger, Fear, and Sadness. The GPT-4o-mini-FT
model also demonstrates good recognition capability in Fear and Sadness, although its
performance declines for other emotion categories. In contrast, the GPT-3.5-turbo-FT model
performs the weakest among the three, showing the lowest recognition accuracy for most
primary emotions. These results indicate that GPT-3.5-turbo has limited capability in
handling fine-grained emotional distinctions in multidimensional emotion recognition
tasks, suggesting that further optimization is required to improve its primary emotion
identification accuracy. We bold the maximum value in each column of the table to indicate,
for each model, the highest number of emotions identified in each emotion dimension
before and after fine-tuning.

Table 12. Confusion Matrix.

Real
Numbers

Prediction Anger Disgust Fear Joy Sadness Surprise

4o-FT GPT-
4o 4o-FT GPT-

4o 4o-FT GPT-
4o 4o-FT GPT-

4o 4o-FT GPT-
4o 4o-FT GPT-

4o

Anger 219 118 32 40 156 177 35 72 65 32 20 88
Disgust 41 43 58 36 81 81 23 29 33 9 7 45

Fear 141 187 80 71 376 288 60 129 142 42 22 104
Joy 48 41 17 20 70 82 60 48 25 8 9 30

Sadness 35 108 19 28 147 109 24 55 143 33 13 48
Surprise 16 11 5 6 13 29 4 7 15 4 13 9

4o-
mini-

FT

GPT-
4o-

mini

4o-
mini-

FT

GPT-
4o-

mini

4o-
mini-

FT

GPT-
4o-

mini

4o-
mini-

FT

GPT-
4o-

mini

4o-
mini-

FT

GPT-
4o-

mini

4o-
mini-

FT

GPT-
4o-

mini

Anger 51 53 13 3 58 30 15 6 13 4 1 33
Disgust 16 17 33 0 37 13 10 1 7 1 0 23

Fear 24 164 16 15 321 126 36 22 92 23 14 134
Joy 6 26 4 3 47 42 48 6 30 6 7 56

Sadness 10 119 12 1 115 80 19 14 165 22 17 101
Surprise 5 24 3 0 18 15 3 2 22 2 18 31

3.5-
Turbo-

FT

GPT-
3.5-

turbo

3.5-
Turbo-

FT

GPT-
3.5-

turbo

3.5-
Turbo-

FT

GPT-
3.5-

turbo

3.5-
Turbo-

FT

GPT-
3.5-

turbo

3.5-
Turbo-

FT

GPT-
3.5-

turbo

3.5-
Turbo-

FT

GPT-
3.5-

turbo

Anger 49 27 6 31 37 24 13 23 31 4 12 18
Disgust 15 11 14 12 22 11 4 15 14 1 2 8

Fear 65 103 30 90 195 145 31 65 130 16 35 78
Joy 11 17 4 33 29 30 26 33 42 4 22 27

Sadness 32 61 11 64 54 92 22 56 143 17 52 68
Surprise 8 5 2 18 11 12 1 8 27 2 24 19
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In summary, the experimental results demonstrate that the domain-enhanced fine-
tuning strategy significantly improves the emotion representation and recognition capabili-
ties of large language models in health misinformation tasks. Among the models tested,
GPT-4o-FT achieves the highest overall performance, showing consistent advantages across
prediction error metrics (MAE and MSE), structural similarity (Cosine), distributional con-
sistency (JSD), and primary emotion classification (F1-score and confusion matrix analysis).
The GPT-4o-mini-FT model exhibits moderate yet stable performance, while GPT-3.5-turbo-
FT shows only limited improvement, indicating weaker adaptability to domain-specific
emotional semantics. These findings confirm the effectiveness of the proposed DAFT
method and provide a solid foundation for deeper analysis in the following section.

5. Discussion
This study evaluates the performance of three large language models—GPT-4o, GPT-

4o-mini, and GPT-3.5-turbo—fine-tuned using the proposed DAFT method for the task of
emotion recognition in health misinformation.

From the comparative analysis of the experimental results, three conclusions can
be drawn:

(1) Effectiveness of fine-tuning: All models showed varying degrees of improvement
after fine-tuning, with performance gains most evident in the recognition of negative
emotions. The 4o-FT model achieved the lowest prediction error for negative emo-
tions such as anger, fear, and sadness. This may be attributed to the dominance of
negative emotions in health misinformation, which leads to a stronger representation
of negative emotional features in the dataset. In addition, the GPT-4o model bene-
fited from large-scale pretraining, which enhanced its capacity to recognize negative
emotional cues.

(2) Model capability comparison: GPT-3.5-turbo performed worse than GPT-4o and
GPT-4o-mini in emotion recognition, especially in identifying positive emotions
such as joy and surprise, where its accuracy was significantly lower. This suggests
that smaller pretrained models face challenges in capturing subtle emotional differ-
ences in multidimensional emotion recognition tasks, which negatively affects their
overall performance.

(3) Impact of data balancing: The mixed sampling strategy effectively addressed emo-
tional category imbalance in the dataset by increasing the number of positive emotion
samples (e.g., joy and surprise) and reducing training bias. The confusion matrix
results further demonstrate that, although negative emotions remain predominant,
the distribution of true and predicted emotion labels became more consistent after
fine-tuning, indicating that mixed sampling enhances the model’s ability to learn
emotional features across categories.

Based on the experimental results, three key findings can be summarized:

(1) The DAFT strategy significantly enhanced model performance in emotion recognition
for health misinformation, improving prediction accuracy, precision, and emotional
granularity. After fine-tuning, all three GPT models achieved reductions in MAE
and MSE, consistent with findings that fine-tuning enhances task adaptation and
semantic alignment in LLMs [12]. The F1-score of GPT-4o increased by 0.1156, and
its accuracy improved from 76.95% to 84.77%, while GPT-4o-mini showed improved
vector similarity (+0.1759) and reduced probability distribution divergence (−0.1498),
demonstrating effective emotional representation learning.

(2) Model performance is positively correlated with pre-training scale, as larger-scale
models can encode richer emotional semantics and contextual knowledge, leading to
better task generalization [13]. This trend is evident in the confusion matrix analysis:
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the GPT-4o model achieved higher recognition accuracy for primary emotions (219
Anger and 376 Fear correctly identified), with close alignment between predicted
and true emotion counts. In contrast, the smaller GPT-3.5-turbo model struggled
to capture complex emotional structures, correctly predicting only an average of 29
instances across Anger, Disgust, and Joy categories.

(3) Balanced data sampling improves performance consistency across emotional cat-
egories. The mixed sampling strategy effectively mitigated overrepresentation of
negative emotions and enabled fairer learning across emotional dimensions, in line
with previous work emphasizing the importance of addressing data imbalance in
classification tasks [54]. Although variation in performance across emotion categories
was observed, no extreme disparities were found. For example, the 4o-FT model
reached a maximum accuracy of 0.912 and a minimum of 0.752 across emotional
dimensions, with a median recall of 0.5 and only 0.101 variation between the highest
and lowest F1-scores. These results suggest that balancing data distribution improves
the overall stability of model recognition performance.

While the DAFT method significantly improves emotion recognition in health misin-
formation, there are several limitations and challenges that must be considered: (1) The
dataset used for fine-tuning models in this study is restricted to textual health misinforma-
tion, which may limit the model’s generalizability to more diverse forms of misinformation,
including multimodal content such as images and videos; (2) Although this study focuses
on publicly available datasets, there is still a risk of unintended data leakage or privacy
violations, particularly when using social media-based datasets. Ensuring proper data han-
dling and compliance with privacy standards is crucial in mitigating these risks; (3) Health
misinformation is often not limited to text; images, videos, and audio are also widely used
to spread misleading content. The DAFT method, which currently focuses on text-based
misinformation, might face challenges when applied to multimodal misinformation detec-
tion. Despite these challenges, the DAFT framework represents a promising step forward
in emotion recognition for health misinformation and provides a foundation for future
research aimed at addressing these limitations.

In conclusion, the DAFT method proposed in this study effectively enhances the
emotion recognition capabilities of large language models in the domain of health misinfor-
mation. Among the evaluated models, GPT-4o-FT achieved the best overall performance
across all evaluation metrics, exhibiting high prediction accuracy, consistent emotional
distribution alignment, and strong classification capability, making it the best-performing
model in this experiment. These findings further validate the effectiveness of apply-
ing domain-adapted fine-tuning strategies to improve LLM performance in specialized
tasks [12].

6. Conclusions
This study investigates emotion recognition in health misinformation and proposes

a domain-enhanced fine-tuning method based on large language models (LLMs). The
approach improves the emotional understanding capability of LLMs through task-oriented
prompt design and requires only a small amount of training data to achieve stable per-
formance. The experimental results confirm the effectiveness of the proposed method
in emotion recognition for health misinformation. After applying DAFT, the models
demonstrate improved accuracy in emotion label generation, reduced dependence on large
annotated datasets, and enhanced classification efficiency. This study provides a feasible
technical solution for emotion analysis in health misinformation and contributes to the
development of lightweight fine-tuning strategies for LLMs.

The significance of this study is reflected in three main aspects:



Appl. Sci. 2025, 15, 12690 21 of 23

(1) The proposed DAFT method effectively addresses challenges of data imbalance
and domain adaptation in health misinformation emotion recognition, thereby improving
the precision and robustness of LLMs in this task. (2) The method reduces data dependence
and computational cost while maintaining model efficiency, providing a practical and
generalizable fine-tuning strategy for LLM applications in low-resource scenarios. (3) The
emotionally annotated health misinformation corpus constructed in this study provides
a valuable resource for future research, with the potential to be extended to include ad-
ditional emotion dimensions and more nuanced emotional categories, further enhancing
multidimensional emotion modeling.

This study has constructed an emotion-annotated health misinformation corpus, which
serves as a foundation for future work. In subsequent research, the scale of the corpus
may be further expanded to cover additional emotional dimensions and more complex,
subtle emotional categories, thereby improving the model’s capacity for fine-grained
emotion recognition. Furthermore, with the increasing diversity of social media content, the
integration of multimodal information—including text, images, and videos—has become
an important research direction in emotion analysis. Future studies may explore combining
LLMs with multimodal fusion techniques to enhance emotion recognition in complex,
real-world health misinformation scenarios.
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