
Concept-Grounded Detection of Vaccine Misinformation in
Multimodal Content Using Interpretable Vision-Language Models

Laxmi Thapa∗
O.P. Jindal Global University

Sonipat, Haryana, India
thapalaxmi341@gmail.com

Aryaman Jain*
Delhi Technological University

Delhi, New Delhi, India
aryamanjain09@gmail.com

Lakshmojee Koduru
Google

Dallas, Texas, USA
kodurulakshmojee@gmail.com

Surabhi Adhikari
Columbia University
New York, NY, USA

surabhi.adhikari@columbia.edu

Junaid Rashid
Sejong University

Seoul, Republic of Korea
junaid.rashid@sejong.ac.kr

Jungeun Kim†

Inha University
Incheon, Republic of Korea

jekim@inha.ac.kr

Surendrabikram Thapa
Virginia Tech

Blacksburg, Virginia, USA
surenthapa5803@gmail.com

Usman Naseem
Macquarie University

Sydney, New South Wales, Australia
usman.naseem@mq.edu.au

Abstract
Vaccine misinformation poses a persistent public health challenge,
particularly in visual formats such as memes and infographics that
combine text, imagery, and rhetorical cues. While textual misin-
formation has been widely studied, image-based vaccine misinfor-
mation remains comparatively underexplored due to the difficulty
of interpreting multimodal signals at scale. In this work, we eval-
uate how effectively multimodal Large Vision-Language Models
(LVLMs) can (i) directly classify vaccination stance from images
and (ii) extract interpretable concept-level representations that sup-
port more reliable and transparent prediction. Using the VaxMeme
dataset of 10,244 annotated images, we compare direct zero-shot
LVLM inference against a hybrid framework in which classical
machine learning models are trained on LVLM-extracted binary
concept features. Our results show that grounding stance predic-
tion in structured concept representations consistently outperforms
direct LVLM classification, yielding accuracy improvements of ap-
proximately 10–17% while enabling explicit inspection of the visual
and rhetorical cues driving model decisions. These findings high-
light the value of concept-grounded, neuro-symbolic approaches
for interpretable multimodal misinformation detection.

CCS Concepts
• Computing methodologies → Information extraction; Ar-
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management and text processing.

∗Both authors contributed equally to this research and are joint first authors.
†Corresponding Author

This work is licensed under a Creative Commons Attribution 4.0 International License.
WWW Companion ’26, Dubai, United Arab Emirates
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2308-7/2026/04
https://doi.org/10.1145/3774905.3795453

Keywords
Vaccinemisinformation, Visual memes, Multimodal misinformation
detection, Vision-language models, Interpretable AI

ACM Reference Format:
Laxmi Thapa, Aryaman Jain*, Lakshmojee Koduru, Surabhi Adhikari, Junaid
Rashid, Jungeun Kim, Surendrabikram Thapa, and Usman Naseem. 2026.
Concept-Grounded Detection of Vaccine Misinformation in Multimodal
Content Using Interpretable Vision-Language Models. In Companion Pro-
ceedings of the ACM Web Conference 2026 (WWW Companion ’26), April
13–17, 2026, Dubai, United Arab Emirates. ACM, New York, NY, USA, 9 pages.
https://doi.org/10.1145/3774905.3795453

1 Introduction
Visual vaccine narratives have become a dominant form of on-
line health discourse, often blending imagery, embedded text, and
rhetorical framing to shape public perception [6, 15, 22, 25]. This
shift challenges traditional misinformation detection pipelines and
motivates multimodal approaches that can provide both reliable
predictions and interpretable evidence for downstream decision-
making.

1.1 The Crisis of Visual Misinformation and
Existing Limitations

Vaccine misinformation remains a critical public health challenge,
directly impacting immunization rates and global health security
[10, 26]. While substantial academic effort has focused on detecting
and mitigating textual misinformation, the rapid proliferation of
visual content on social media, such as memes, infographics, and
posters, presents a more complex and comparatively underexplored
frontier [1, 4, 12]. These visual formats are particularly effective at
bypassing text-based moderation systems because they communi-
cate through nuanced multimodal cues, including humor, cultural
symbolism, and emotional framing [2, 17].

Despite these risks, existing automated approaches to misinfor-
mation detection often struggle when applied to visual media [1, 5].
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Traditional text-centric models are primarily optimized for linguis-
tic patterns and fail to capture the interaction between imagery
and embedded text that characterizes memes. Moreover, while re-
cent Large Language Models (LLMs) and Vision-Language Models
(LVLMs) demonstrate promising multimodal reasoning capabilities,
their predictions are highly sensitive to prompt formulation, with
small variations in phrasing leading to inconsistent stance classifica-
tions [16]. Finally, even when deep learning systems achieve strong
performance, they often prioritize scalability over interpretability,
limiting the ability of public health stakeholders to understand why
specific visual content is flagged.

1.2 Research Objectives and Proposed Hybrid
Framework

In this study, we investigate how effectively recent multimodal
LVLMs capture visual and rhetorical cues in vaccine-related con-
tent, and whether concept-level representations can improve both
interpretability and classification performance. Using the VaxMeme
dataset [11], which consists of 10,244 manually annotated images
spanning memes and mixed-media visuals, we evaluate four repre-
sentative LVLMs: Qwen3-VL-30B-A3B1 [20], Qwen3-8B2, MiniCPM-
V-23, and LLaVA-v1.5-7B4. For each image, we obtain two comple-
mentary outputs:

• Direct Stance Classification: The model predicts the vacci-
nation stance (pro-vaccine, vaccine-critical, or neutral) based
solely on its internal multimodal reasoning.

• Structured Concept Extraction: The model is prompted to
identify 25 predefined binary concepts (e.g., medical profes-
sional, questions safety,meme format) in a valid JSON format,
yielding an interpretable concept vector.

Using these extracted concept representations, we train classical
machine learning classifiers to perform the final stance prediction.
This hybrid design enables a systematic comparison between di-
rect LVLM inference and concept-grounded classification. More
broadly, the proposed framework allows us to assess the extent to
which concept-level grounding improves predictive stability and
interpretability, while also identifying the visual and rhetorical fac-
tors that most strongly influence vaccine stance. Together, these
analyses provide a foundation for more transparent and reliable
multimodal misinformation detection systems.

2 Related Work
We organize related work into several thematic areas, covering mul-
timodal approaches to visual misinformation, concept bottleneck
and post-hoc interpretability frameworks, prompt-based visual rea-
soning with large vision-language models, and neuro-symbolic
methods for transparent social computing.

2.1 Visual Misinformation and Multimodal
Analysis

The detection of misinformation has evolved from text-based ap-
proaches to increasingly complex multimodal frameworks. While
1https://huggingface.co/Qwen/Qwen3-VL-30B-A3B-Instruct
2https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct
3https://huggingface.co/openbmb/MiniCPM-V-2
4https://huggingface.co/liuhaotian/llava-v1.5-7b

early work focused primarily on linguistic patterns in social media
posts, the rise of image-based propaganda, particularly internet
memes, has necessitated the development of visual-semantic mod-
els [1]. Current state-of-the-art approaches typically employ end-
to-end fusion strategies, in which image and text embeddings are
concatenated and passed through dense classification layers [3, 19].
Although effective in terms of predictive accuracy, such models
often lack transparency. In many cases, it is difficult to determine
whether a prediction is driven by meaningful visual evidence or by
spurious correlations, a limitation that is especially problematic in
public health contexts where trust and accountability are critical.

2.2 Concept Bottleneck Models (CBMs)
To address the opacity of end-to-end neural networks, Koh et al.
[7] introduced Concept Bottleneck Models (CBMs). Rather than
mapping raw inputs (𝑥 ) directly to predictions (𝑦), CBMs first map
inputs to a set of human-interpretable concepts (𝑐), and then predict
the target label solely based on these concepts (𝑥 → 𝑐 → 𝑦). This
architecture offers two key advantages: interpretability, as the
model’s reasoning is exposed through the concept layer, and inter-
venability, which allows human experts to correct mispredicted
concepts to influence downstream decisions. However, standard
CBMs require dense concept annotations during training, making
them difficult to scale to rapidly evolving domains such as vaccine
misinformation.

2.3 Post-hoc Concept Extraction via Multimodal
Models

Recent work has sought to alleviate the annotation burden as-
sociated with CBMs. Yuksekgonul et al. [24] proposed Post-hoc
Concept Bottleneck Models (PCBMs), which leverage pre-trained
multimodal models such as CLIP to extract concepts without ex-
plicit concept-level supervision. By projecting images into a shared
image–text embedding space, PCBMs define concepts using natural
language descriptions. Our work extends this post-hoc paradigm
by using generative Large Vision-Language Models (LVLMs) as the
concept extraction mechanism. Unlike prior approaches that rely
on embedding similarity scores, we prompt LVLMs to explicitly pre-
dict the presence of discrete rhetorical and semantic concepts, such
as emotional framing or conspiratorial cues. This design enables
the construction of a transparent concept bottleneck for vaccine
stance detection while preserving the flexibility of open-vocabulary
concept definitions.

2.4 Analysis of Extracted Concept Features
Beyond end-to-end classification, recent research has emphasized
the value of analyzing the concept bottleneck layer itself as a struc-
tured semantic feature space. Oikarinen et al. [13] demonstrated
that examining concept activation patterns allows researchers to
quantify which attributes, such as institutional symbolism or con-
spiratorial framing, are most influential in driving model predic-
tions. By treating extracted concepts as tabular features, classical
interpretable models such as Logistic Regression and Decision Trees
can be applied to assess feature importance. This hybrid methodol-
ogy transforms opaque multimodal models into more transparent
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systems, enabling systematic analysis of the visual and rhetorical
factors associated with misinformation.

2.5 Prompt Engineering and Zero-Shot Visual
Reasoning

With the transition from discriminativemodels to generative LVLMs,
feature extraction has increasingly relied on prompt engineering.
Prior work has shown that structured prompting strategies, in-
cluding Chain-of-Thought prompting [18], can improve reasoning
performance. In visual settings, such prompts encourage models
to decompose complex images into constituent elements prior to
classification. However, generative models remain susceptible to
hallucination, describing objects or text that are not present in the
input. As shown in HallusionBench [8], models such as LLaVA-v1.5-
7B and Qwen exhibit sensitivity to prompt phrasing, highlighting
the need for controlled and verifiable prompting strategies when
LVLMs are used for automated data structuring.

2.6 Neuro-Symbolic Frameworks in Social
Computing

Our approach aligns with broader trends in neuro-symbolic AI,
which aim to combine the perceptual strengths of deep learning
with the interpretability of symbolic reasoning. In computational so-
cial science, such hybrid systems typically separate perception from
inference, using neural models to extract features from raw data
and classical statistical models to reason about social phenomena.
As noted by Yang et al. [21], disentangling feature extraction from
prediction helps mitigate the risk of models exploiting spurious
correlations, ensuring that decisions are grounded in semantically
meaningful attributes.

2.7 Taxonomy of Concept Bottleneck Models
Concept Bottleneck Models have evolved substantially in recent
years. Standard supervised CBMs [7] require datasets annotated
with both labels 𝑦 and dense concept vectors 𝑐 , enabling joint learn-
ing of 𝑥 → 𝑐 and 𝑐 → 𝑦 mappings. While interpretable, this for-
mulation suffers from an annotation bottleneck, as collecting fine-
grained concept labels at scale is costly. Post-hoc CBMs [24] address
this limitation by learning concept probes on top of fixed represen-
tations, though they may still suffer from concept leakage, where
predictions implicitly rely on latent features.

More recent label-free and LLM-guided CBMs remove the need
for manual concept annotation by using language models to pro-
pose candidate concepts. Methods such as LaBo [23] and OACE
[13] generate concept descriptions from class labels and use vi-
sion–language models to estimate concept activations. These ap-
proaches are particularly well suited to dynamic domains such as
misinformation, where new visual tropes and rhetorical strategies
emerge frequently.

2.8 Recent Advances in Concept Utility and
Optimization

Recent work has focused on improving the trade-off between in-
terpretability and predictive performance in CBMs. Sparse concept
bottlenecks [14] introduce regularization mechanisms that limit

the number of active concepts, producing more concise and human-
readable explanations. Hybrid and residual CBMs [9] incorporate
latent feature pathways alongside explicit concepts, allowing mod-
els to capture visual nuances that are difficult to express linguis-
tically. Finally, intervention-based methods leverage the explicit
structure of CBMs to identify which concept corrections are most
likely to influence predictions, enabling targeted human oversight
in high-stakes settings such as misinformation detection.

3 Methodology
This section describes the proposed framework for evaluating vac-
cine stance in visual memes using multimodal Large Language
Models (LLMs). We first formally define the vaccine stance classifi-
cation task, then describe the dataset used in our experiments. Next,
we introduce our LLM-based evaluation framework, including di-
rect stance prediction and concept-level feature extraction. Finally,
we outline the classical machine learning models and evaluation
metrics used to assess performance.

3.1 Problem Formulation
Let D = {(𝑥𝑖 , 𝑦𝑖 )}𝑁𝑖=1 denote a dataset of 𝑁 multimodal images,
where 𝑥𝑖 represents a visual meme or image containing both vi-
sual and textual cues, and 𝑦𝑖 ∈ {Pro,Critical,Neutral} denotes the
ground-truth vaccination stance.

Our objective is to learn a function

𝑓 : X → Y

that accurately predicts the vaccination stance from a given image.

3.2 Dataset
To evaluate the effectiveness of multimodal LLMs for vaccine stance
detection, we use the VaxMeme dataset introduced by Naseem
et al. [11]. The dataset consists of 10,244 manually annotated images
collected from Twitter and was curated to address the lack of large-
scale multimodal benchmarks for vaccine misinformation research.

The dataset exhibits substantial diversity in both visual for-
mat and rhetorical intent. As shown in Figure 1, the collection
includes internet memes with overlaid text, public health infograph-
ics, screenshots of social media posts, excerpts from news reports,
and handmade posters. These examples illustrate the wide range of
visual strategies used to communicate vaccine-related narratives,
ranging from emotionally charged and sarcastic memes to formal,
informational content.

3.2.1 Dataset Labels. Each image in the VaxMeme dataset is an-
notated with one of three mutually exclusive vaccination stances:
Pro-vaccine,Vaccine-critical, orNeutral. Pro-vaccine images promote
vaccination or scientific evidence supporting vaccine safety and
efficacy. Vaccine-critical images question vaccine safety, discour-
age immunization, or propagate conspiratorial narratives. Neutral
images present descriptive or informational content without ex-
pressing a clear evaluative stance. This label taxonomy enables
fine-grained analysis of multimodal vaccine discourse.

3.2.2 Dataset Statistics. Figure 2 illustrates the percentage distribu-
tion of stance labels in the dataset. Pro-vaccine content constitutes
38.9% of the dataset, followed by vaccine-critical content at 33.6%,
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Figure 1: Representative examples from the VaxMeme dataset across different visual formats and vaccination stances. The
examples illustrate the diversity of content, including text-based memes, infographics, social media screenshots, news-style
visuals, and handmade posters, spanning pro-vaccine, vaccine-critical, and neutral narratives.

and neutral content at 27.5%. Although the dataset exhibits mod-
erate class imbalance, all three stances are well represented. To
mitigate potential performance bias arising from this imbalance,
we adopt weighted evaluation metrics for precision, recall, and
F1-score, which are described in detail in section 3.6.

0 1000 2000 3000 4000
Number of Images

Pro-vaccine

Vaccine-critical

Neutral

3,983  (38.9%)

3,441  (33.6%)

2,820  (27.5%)

Figure 2: Percentage distribution of vaccination stance labels
in the VaxMeme dataset.

3.3 LLM-Based Evaluation Framework
We evaluate multimodal Large Language Models (LLMs) under two
complementary inference paradigms to assess their effectiveness
in vaccine stance detection. Figure 3 provides an overview of the
proposed concept-grounded evaluation framework, illustrating the
parallel pathways of direct LVLM inference and concept-based clas-
sification. For each image in the dataset, we collect two distinct
outputs from each LLM: (1) a direct stance prediction and (2) a struc-
tured concept-level representation. This dual-output framework
enables a direct comparison between end-to-end LLM reasoning
and concept-based classification.

• Direct Stance Classification: The LLM predicts a single
vaccination stance label (pro-vaccine, vaccine-critical, or neu-
tral) based solely on the input image, reflecting standard
zero-shot multimodal inference.

• Concept Feature Extraction: The LLM is prompted to
identify the presence or absence of a predefined set of se-
mantic, rhetorical, and emotional concepts within the image.

The output is a binary concept vector of length 𝐾 = 25, re-
turned in a strictly valid JSON format to enable deterministic
parsing and downstream analysis.

By design, both outputs are generated from the same input image
using identical model checkpoints. This allows us to isolate the
effect of concept-level grounding on classification performance and
interpretability. We compare the accuracy of direct LLM predictions
against classical machine learning models trained on the extracted
concept representations.

3.4 LLM Prompting Strategy
All LLM evaluations are conducted in a zero-shot setting, without
any task-specific fine-tuning. We employ two distinct prompting
strategies corresponding to the two inference paradigms described
above.

3.4.1 Direct Stance Classification Prompting. For direct inference,
the model is prompted to assign a single vaccination stance label to
the input image. The model is instructed to respond with exactly
one of the predefined labels and no additional text, reflecting a
standard zero-shot multimodal classification setting. This configu-
ration serves as a baseline for assessing the inherent multimodal
reasoning capability of the LVLM.

Direct LVLM Classification. Formally, given an input image 𝑥𝑖 , a
Large Vision-Language Model (LVLM) predicts a stance label as:

𝑦𝑖 = 𝑓LVLM (𝑥𝑖 ;𝜃 )
where 𝑦𝑖 ∈ {pro-vaccine, vaccine-critical, neutral} and 𝜃 denotes
the frozen model parameters. This formulation captures direct
LVLM inference without any explicit concept-level grounding.

Zero-Shot Stance Classification Prompt

Given the above image, classify it as one of the following cate-
gories:

• pro-vaccine
• vaccine-critical
• neutral

Respond with only one label and no additional text.

3.4.2 Concept-Level Prompting. For concept extraction, the model
is prompted to analyze the input image and return binary indicators
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🖼️  VaxMeme Dataset
10,244 images

🧠  Multimodal
LVLM

🏷️  Zero-shot
Stance Prompt

✅  Direct LVLM Label
{pro, critical, neutral}

📊  Evaluation
Zero-shot baseline

🧩 Concept Extraction
Prompt (JSON)

📦  Concept Vector
c ∈ {0,1}²⁵

⚙️  ML Classifier
LR · DT · RF · SVC

📊  Evaluation
Weighted metrics

Figure 3: Overview of the proposed concept-grounded LVLM framework. Each image is processed by a multimodal LVLM
to produce (i) a direct zero-shot stance prediction and (ii) a structured concept representation used by downstream machine
learning classifiers. The symmetric design highlights the comparison between both approaches.

for a predefined set of 25 concepts capturing visual entities, rhetor-
ical framing, emotional cues, and content format. The model is
required to respond exclusively with a valid JSON object, ensuring
consistent and machine-readable outputs. This structured prompt-
ing introduces an explicit semantic bottleneck between perception
and prediction, enabling interpretable downstream modeling.

Concept Extraction via LVLM. Formally, given an input image 𝑥𝑖 ,
the LVLM produces a concept activation vector:

c𝑖 = 𝑔LVLM (𝑥𝑖 ;𝜃 )

where c𝑖 ∈ {0, 1}25 represents the presence or absence of each pre-
defined concept and 𝜃 denotes the frozen model parameters. Unlike
direct stance prediction, this formulation exposes intermediate se-
mantic representations that can be independently analyzed or used
as features for downstream classifiers.

Concept Extraction Prompt

Analyze the given image and determine whether each of the fol-
lowing concepts is present. For each concept, output 1 if present
or 0 if absent. Respond only with a valid JSON object and no
additional text.

Concepts:

medical professional virus depiction fear
protester fear symbol conspiracy
child/family promotes vaccination freedom
questions safety discourages vaccination sarcasm
calls for freedom politicized hope
scientific evidence anger trust
humor collective protection meme format
official infographic social media post news report
handmade poster

3.5 Machine Learning Classifiers for Stance
Prediction

To transform the concept-level representations into final stance
predictions, we train classical supervised machine learning models
on the extracted binary concept vectors. Let c𝑖 ∈ {0, 1}25 denote the
concept vector for image 𝑥𝑖 , and let 𝑦𝑖 be its corresponding stance
label.

We evaluate four widely used classifiers to capture different
inductive biases:

• Logistic Regression: A linear baseline used to assess the
separability of stance labels in the concept space.

• Decision Tree Classifier: A non-linear model that provides
explicit hierarchical decision rules and feature importance.

• Random Forest Classifier: An ensemble of decision trees
used to improve generalization and reduce variance.

• Support Vector Classifier (SVC):Amargin-based classifier
used to identify optimal decision boundaries in the binary
feature space.

For each classifier, we perform hyperparameter optimization us-
ing GridSearchCV with 5-fold cross-validation. Parameters such
as the regularization strength (𝐶) for Logistic Regression and SVC,
and the maximum depth (max_depth) and number of estimators
(n_estimators) for tree-based models are tuned to maximize vali-
dation performance. The dataset is split into training and testing
sets using an 80/20 stratified split, preserving the original class
distribution across splits.

In addition to classification, Logistic Regression models are used
for post-hoc interpretability by analyzing class-specific coefficient
magnitudes, which serve as concept impact scores.

3.6 Evaluation Metrics
To assess the performance of both direct LVLM stance classifica-
tion and downstream concept-based machine learning models, we
employ four standard evaluation metrics. We evaluate both direct
LVLM predictions and concept-based classifiers on the same fixed
20% held-out test split to ensure a fair comparison. As the task
involves three classes (Pro-vaccine, Vaccine-critical, Neutral) with
moderate class imbalance, we report weighted variants of precision,
recall, and F1-score. Weighted averaging accounts for class preva-
lence by weighting each class-specific metric by its support in the
ground truth distribution, ensuring a balanced and representative
evaluation.

• Accuracy: The proportion of images whose predicted stance
label matches the ground truth.

• Weighted Precision: The average precision across classes,
weighted by class support. This metric reflects the reliability
of the model when assigning stance labels.
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• WeightedRecall:The average recall across classes, weighted
by class support. It measures the model’s ability to correctly
identify instances of each stance.

• Weighted F1-Score: The harmonic mean of weighted pre-
cision and recall, providing a single robust measure that
balances false positives and false negatives.

Formally, let 𝑦𝑖 ∈ Y denote the ground-truth stance label for
image 𝑥𝑖 and 𝑦𝑖 the corresponding prediction. Accuracy is defined
as:

Accuracy =
1
𝑁

𝑁∑︁
𝑖=1

I(𝑦𝑖 = 𝑦𝑖 ),

where I(·) is the indicator function and 𝑁 is the number of test
samples. For weighted precision, recall, and F1-score, we compute
class-wise metrics and aggregate them using class support weights:

Weighted Metric =
∑︁
𝑘∈Y

𝑤𝑘 ·Metric𝑘 ,

where𝑤𝑘 =
| {𝑖 :𝑦𝑖=𝑘 } |

𝑁
denotes the proportion of samples belonging

to class 𝑘 .
These metrics are applied consistently across all experimental

settings, including direct zero-shot LVLM inference and concept-
based classification. This enables a fair comparison and allows us to
quantify the performance gains achieved through structured con-
cept extraction (e.g., the observed ≈10% improvement in accuracy).

4 Experimental Results
This section presents a comprehensive evaluation of the proposed
concept-grounded framework. We first report zero-shot baseline
performance ofmultimodal Large Vision-LanguageModels (LVLMs)
on direct stance classification. We then analyze the semantic struc-
ture of LVLM-extracted concept features through post-hoc inter-
pretability analysis. Finally, we compare direct LVLM inference
against classical machine learning models trained on structured
concept representations.

4.1 Zero-Shot LVLM Baselines
We begin by evaluating the performance of multimodal LVLMs
under a direct zero-shot prompting setting, where each model is
asked to assign a single vaccination stance label to an input im-
age without any intermediate supervision or concept grounding.
This experiment serves as a baseline for assessing the inherent
multimodal reasoning capability of the models.

Table 1: Zero-shot stance classification performance of mul-
timodal LVLMs using direct prompting.

Model Accuracy W-Prec. W-Rec. W-F1

LLaVA-v1.5-7B 0.4205 0.3945 0.4205 0.3437
MiniCPM-V-2 0.3886 0.4411 0.3886 0.3902
Qwen3-30B 0.5249 0.5599 0.5249 0.5328
Qwen3-8B 0.4949 0.5524 0.4949 0.5048

Table 1 reports the zero-shot stance classification performance
across four LVLMs. Overall, accuracy ranges between approxi-
mately 39% and 52%, indicating that direct stance inference from

multimodal inputs remains challenging. Among the evaluated mod-
els, Qwen3-30B achieves the highest accuracy and weighted F1-
score, followed by Qwen3-8B, while LLaVA-v1.5-7B and MiniCPM-
V-2 exhibit comparatively lower performance.

Despite moderate gains from larger model capacity, all LVLMs
demonstrate substantial confusion across stance categories, partic-
ularly between vaccine-critical and neutral content. These results
suggest that end-to-end LVLM reasoning alone is insufficient for re-
liably capturing the nuanced visual, rhetorical, and emotional cues
present in vaccine-related memes, motivating the use of structured
concept representations explored in subsequent experiments.

4.2 Concept Impact Analysis
Figures 4 and 5 present the concept impact analysis for features
extracted using Qwen3-8B and Qwen3-30B, respectively. To iden-
tify the visual and rhetorical cues driving stance prediction, we
analyze the class-specific coefficients of Logistic Regression models
trained on the extracted concept representations. As a linear classi-
fier, Logistic Regression provides direct interpretability, where the
sign and magnitude of each coefficient indicate the direction and
strength of a concept’s contribution to a given stance.

Across both Qwen3 variants, the Vaccine-critical stance is
strongly associated with concepts such as questions safety, conspir-
acy, and calls for freedom. These features reflect well-established
anti-vaccine narratives centered on distrust of institutional au-
thority and appeals to individual autonomy. Notably, Qwen3-30B
assigns substantially higher weights to affective concepts such as
anger and fear symbol, suggesting that the larger model captures
emotional framing more effectively than Qwen3-8B.

In contrast, the Pro-vaccine stance is primarily driven by con-
cepts including promotes vaccination,medical professional, and hope,
highlighting the role of scientific authority and positive health
messaging in pro-vaccine discourse.

For the Neutral stance, concepts such as collective protection
and news report receive the highest impact scores. This indicates
that images adopting a formal, informational presentation style
without strong emotional or rhetorical cues are more likely to be
interpreted as non-ideological.

Overall, this analysis demonstrates that concept representations
extracted byQwen3-based LVLMs form a coherent and interpretable
feature space. The clear separation of high-impact concepts across
stances confirms that the proposed concept schema effectively cap-
tures the dominant rhetorical and emotional strategies underlying
vaccine-related visual misinformation.

4.3 Concept-Based Classification Performance
We next evaluate the effectiveness of using LVLM-extracted con-
cept representations for downstream vaccine stance classification.
Using the binary concept vectors as input features, we train four
classical machine learning models: Logistic Regression, Decision
Tree, Support Vector Classifier (SVC), and Random Forest. Perfor-
mance is compared against direct zero-shot LVLM inference to
assess the benefits of concept grounding.

Across all evaluated LVLMs and classifiers, concept-based mod-
els consistently outperform direct LVLM predictions. Among the
tested algorithms, Random Forest achieves the strongest overall
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Figure 4: Concept impact analysis for Qwen3-8B. Bars indicate class-specific Logistic Regression coefficients for LVLM-extracted
concept features, highlighting the most influential drivers for each vaccination stance.

Figure 5: Concept impact analysis for Qwen3-30B. Compared to Qwen3-8B, the larger model exhibits stronger sensitivity to
affective and rhetorical concepts such as anger and fear-related cues.

Table 2: Concept-based stance classification performance
using Random Forest classifiers trained on LVLM-extracted
features.

LVLM Accuracy W-Prec. W-Rec. W-F1

LLaVA-v1.5-7B 0.4835 0.5046 0.4835 0.4340
MiniCPM-V-2 0.5612 0.5527 0.5612 0.5392
Qwen3-30B 0.6458 0.6431 0.6458 0.6423
Qwen3-8B 0.6159 0.6067 0.6159 0.5971

performance, indicating that ensemble-based non-linear models are
particularly effective at capturing interactions between semantic
concepts.

Table 2 presents the performance of Random Forest classifiers
trained on concept features extracted by different LVLMs. Com-
pared to zero-shot baselines, accuracy improves by approximately

Table 3: Concept-based stance classification performance
using Decision Tree trained on LVLM-extracted features.

LVLM Accuracy W-Prec. W-Rec. W-F1

LLaVA-v1.5-7B 0.4727 0.4917 0.4727 0.4222
MiniCPM-V-2 0.5317 0.5184 0.5317 0.5139
Qwen3-30B 0.6349 0.6310 0.6349 0.6319
Qwen3-8B 0.6179 0.6132 0.6179 0.6134

5–15% across models, with corresponding gains in weighted preci-
sion, recall, and F1-score. Concept features extracted by Qwen3-30B
yield the highest performance, achieving an accuracy of 0.646 and
a weighted F1-score of 0.642.

Tables 3, 4, and 5 report results for Decision Tree, Logistic Regres-
sion, and SVC classifiers, respectively. While these models generally
underperform Random Forests, they nonetheless demonstrate con-
sistent improvements over direct LVLM inference, confirming the
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robustness of the concept-based approach across different classifier
families.

Overall, these results demonstrate that grounding stance pre-
diction in structured, interpretable concept representations leads
to substantial and consistent performance gains over direct LVLM
classification. This finding supports the central premise of the pro-
posed framework: decoupling perception and prediction improves
both predictive accuracy and interpretability.

Table 4: Concept-based stance classification performance
using Logistic Regression model trained on LVLM-extracted
features.

LVLM Accuracy W-Prec. W-Rec. W-F1

LLaVA-v1.5-7B 0.4771 0.5322 0.4771 0.4137
MiniCPM-V-2 0.5189 0.4925 0.5189 0.4707
Qwen3-30B 0.6254 0.6217 0.6254 0.6168
Qwen3-8B 0.5910 0.5798 0.5910 0.5708

Table 5: Concept-based stance classification performance
using SVC trained on LVLM-extracted features.

LVLM Accuracy W-Prec. W-Rec. W-F1

LLaVA-v1.5-7B 0.4697 0.5148 0.4697 0.4059
MiniCPM-V-2 0.5166 0.4897 0.5166 0.4602
Qwen3-30B 0.6175 0.6132 0.6175 0.6102
Qwen3-8B 0.5988 0.5999 0.5988 0.5944

5 Discussion and Future Work
5.1 Interpretability Benefits of Concept-

Grounded Models
Beyond improvements in predictive performance, a key contribu-
tion of this work is the shift from opaque end-to-end classification
toward a concept-grounded framework that enables transparent
decision-making. In direct LVLM prompting, a model may correctly
assign a vaccine-critical label, but the reasoning process remains
implicit and difficult to verify. Generated explanations in such set-
tings are often post-hoc and may not reflect the actual signals used
for prediction.

By decomposing each image into a structured vector of binary
concepts, the proposed framework introduces an explicit semantic
bottleneck between perception and prediction. This design forces
the system to surface intermediate evidence—such as the presence
of conspiratorial framing or emotionally charged symbols—prior
to final stance classification. As a result, misclassifications can be
inspected and traced back to specific concept activations, enabling
more targeted analysis and facilitating human-in-the-loop review.
This level of transparency is particularly important in public health
applications, where trust and accountability are essential.

5.2 Limitations and Future Directions
Despite its advantages, the proposed approach has several limita-
tions that motivate future research.

5.2.1 Fixed Concept Vocabulary. The current framework relies on
a predefined set of 25 concepts, which assumes prior knowledge
of salient visual and rhetorical cues in vaccine discourse. However,
misinformation narratives evolve rapidly, and new visual tropes
may emerge over time. Future work could explore adaptive or dy-
namic concept discovery mechanisms, in which LLMs periodically
propose and validate new concepts based on emerging content.

5.2.2 Loss of Fine-Grained Visual Information. Binary concept rep-
resentations necessarily compress rich visual signals. Subtle cues
related to visual style, composition, or tone may be lost during dis-
cretization. Incorporating residual or hybrid representations that
combine explicit concepts with low-dimensional latent features
may help capture such nuances while preserving interpretability.

5.2.3 Contextual and Cultural Ambiguity. The current concept
schema primarily captures literal visual and textual indicators and
may struggle with culturally specific references, irony, or sarcasm.
Future extensions should incorporate relational or reasoning-based
prompts that explicitly model interactions between text and im-
agery for robust handling of contextual and ironic content.

6 Conclusion
Visual misinformation poses a growing challenge for public health,
particularly due to the semantic complexity of multimodal con-
tent such as memes, infographics, and hybrid image–text artifacts.
Traditional text-centric NLP systems are not well suited to this
setting. In this work, we evaluated the effectiveness of state-of-
the-art multimodal Large Vision-Language Models (LVLMs) for
vaccine stance detection and examined their role beyond direct
end-to-end classification. Our experiments show that direct zero-
shot LVLM inference yields unstable performance, with accuracy
typically ranging between 40% and 50%. However, when LVLMs
are repurposed as semantic feature extractors, their capabilities
become substantially more reliable. Grounding stance prediction in
a structured space of interpretable visual and rhetorical concepts
leads to consistent performance improvements of approximately
10–17% across multiple model architectures and evaluation met-
rics. More broadly, this study demonstrates the practical value of
concept-grounded, neuro-symbolic pipelines for multimodal mis-
information analysis. By decoupling perception from prediction,
the proposed framework combines the representational strength of
generative LVLMs with the robustness and transparency of classical
machine learning models. This design not only improves predic-
tive accuracy but also enables systematic inspection of the visual
and rhetorical cues driving model decisions. Such properties are
critical for real-world misinformation monitoring systems, where
interpretability, accountability, and human oversight are essential.
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