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ABSTRACT: Retinal imaging has emerged as a promising non-invasive approach for early Alzheimer’s disease (AD) screening, 
offering a window into neurodegeneration through accessible ocular biomarkers. Concurrently, whereas large vision-language 
models (VLMs) have shown remarkable performance across general visual reasoning tasks, their diagnostic potential for medical 
imaging remains underexplored. In this study, we systematically appraised five VLMs—LLaMA, LLaVA, LLaVA-Med, Qwen, 
and RetinalGPT—for detecting AD from retinal color fundus photographs (CFPs). Using a curated subset of retinal fundus 
images from the UK Biobank (114 CFPs from 107 AD subjects and 115 CFPs from 105 cognitively normal controls), we 
assessed diagnostic reasoning, accuracy, uncertainty ratio, and interpretability. RetinalGPT, fine-tuned on ophthalmic datasets, 
outperformed general-purpose models with higher classification accuracy (59.9%) and F1 score (0.45) while maintaining greater 
medical specificity and confidence. In contrast, general VLMs displayed inconsistent reasoning and excessive uncertainty (up to 
5.34%). Our findings demonstrate the importance of domain-specific fine-tuning of VLMs for routine clinical applications and 
propose a hybrid inference framework leveraging uncertainty-based model selection to balance scalability and screening accuracy.  

KEYWORDS: Medical and Health Sciences, Computer Science and Software Engineering, Artificial Intelligence, Retinal 
Imaging, and Alzheimer’s Disease.

�   Introduction
Alzheimer’s disease (AD) is the most prevalent form of de-

mentia, affecting more than 55 million people globally.1 Early 
identification of individuals at risk of AD has become a top sci-
entific and public health priority, as timely interventions during 
preclinical or mild cognitive impairment stages can mitigate 
disease progression and generate substantial long-term health-
care savings.2 Biomarkers of AD, including amyloid (A), tau 
(T), neurodegeneration (N), and inflammation (I), provide im-
portant diagnostic insights,3 yet their measurement typically 
requires invasive procedures such as lumbar puncture or cost-
ly neuroimaging modalities like magnetic resonance imaging 
(MRI) and positron emission tomography (PET). These lim-
itations underscore the pressing need for noninvasive, scalable, 
and affordable biomarkers that can detect AD-related changes 
earlier and more broadly across diverse populations.

The retina, a direct and accessible extension of the central 
nervous system (CNS), offers a promising window into neuro-
degenerative disorders. In vivo and post-mortem studies have 
demonstrated that retinal neurodegeneration and microvascu-
lar alterations closely mirror cerebral Alzheimer’s pathology.4,5 
Retinal color fundus photography (CFP) enables the safe, 
rapid, and cost-effective visualization of these microstructural 
and vascular features, making it highly suitable for screening in 
primary care, ophthalmology, and community settings. Such 
accessibility positions retinal imaging as an emerging surrogate 
biomarker for AD, providing a method to investigate vascular 
and neurodegenerative changes associated with early AD.6,7

Concurrently, advances in large vision–language models 
(VLMs) have transformed artificial intelligence (AI) research 

by combining visual perception with natural language rea-
soning.8 Originating from transformer architectures, modern 
VLMs such as CLIP, BLIP-2, Flamingo, LLaVA, Qwen-VL, 
and GPT-4V merge image interpretation and linguistic un-
derstanding, enabling models to describe, reason, and converse 
about visual content. These systems have achieved state-of-
the-art performance in tasks including autonomous robotics, 
education, biomedical research, and scientific data interpre-
tation, demonstrating the remarkable power of multimodal 
alignment between vision and language. Building upon this 
paradigm, multimodal foundation models are now reshaping 
computational medicine, supporting tasks such as radiology 
report generation, pathology slide interpretation, dermatologic 
triage, and ophthalmic screening.9–11

In ophthalmology, the field has recently witnessed trans-
formative work in domain-specific vision–language modeling. 
RETFound, a model trained on more than 1.6 million reti-
nal images, demonstrated that foundation models pretrained 
on large ophthalmic datasets can generalize to diverse down-
stream tasks, including diabetic retinopathy and glaucoma 
detection.12 Extending this approach, EyeFM, a multimodal 
eyecare foundation model integrating 14.5 million ocular im-
ages across five modalities with paired clinical texts, achieved 
substantial improvements in diagnostic accuracy and clini-
cal report standardization across multinational cohorts and a 
double-masked randomized controlled trial.13 These studies 
collectively illustrate how domain-tuned VLMs can augment 
clinicians’ diagnostic accuracy and reasoning transparency, 
particularly when jointly trained on multimodal imaging and 
structured textual data.
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Nevertheless, despite these advances, the translation of 
general-purpose VLMs into clinical diagnostics remains chal-
lenging. Models trained predominantly on natural images 
and conversational text often lack medical specificity, consis-
tent factual grounding, and interpretable reasoning. Current 
evidence suggests that clinical deployment demands spe-
cialized instruction tuning and multimodal alignment with 
domain-specific ontologies to ensure safe, explainable, and 
equitable performance.13–15 Addressing this gap, our study ex-
plores how general and domain-specialized VLMs differ in 
their ability to reason over retinal CFPs, offering new insights 
into the frontier between general artificial intelligence and 
clinical expertise.

This study addresses translational gaps by conducting a 
comparative evaluation of five representative VLMs, span-
ning general-purpose architectures and domain-specialized 
clinical assistants, to assess their ability to perform diagnostic 
reasoning on CFPs. Specifically, the models include LLaMA 
2.2–11B–Vision, LLaVA, LLaVA-Med, Qwen-VL, gen-
eral-purpose models, and RetinalGPT, a domain-specific, 
instruction-tuned ophthalmic model. Through this frame-
work, we aim to quantify diagnostic accuracy and reasoning 
reliability across general and domain-tuned VLMs.

Our central hypothesis is that specialized, instruction-tuned 
VLMs trained on ophthalmic datasets will demonstrate com-
paratively stronger diagnostic accuracy, domain coherence, and 
interpretability compared to general-purpose VLMs. We posit 
that aligning multimodal representations with retinal vascular 
and morphological biomarkers enables finer discrimination 
of disease-related features and more clinically intelligible 
reasoning. Retinal imaging thus serves as an ideal testbed for 
evaluating whether modern multimodal AI systems can tran-
scend pattern recognition and perform clinically meaningful, 
explainable inference in AD screening.

�   Methods
Dataset:
The dataset comprised 229 retinal CFPs from the UK 

Biobank16 (http://www.ukbiobank.ac.uk/about-biobank-uk), 
including subjects with AD (114 CFPs from 107 patients) and 
without AD (115 CFPs from 105 subjects). The AD label was 
based on International Classification of Diseases (ICD) codes 
from hospital admission and death records, indicating a defin-
itive clinical diagnosis of dementia caused by AD (Data-field 
42021). The non-AD label was based on the absence of neu-
rodegenerative conditions and other dementias.7 

After image quality control, the dataset primarily included 
one retinal CFP per subject; however, CFPs from both eyes 
were retained for a subset of participants, resulting in paired 
images for 10 non-AD subjects and 7 AD subjects. Each CFP 
was treated as an independent image-level input to the VLMs, 
consistent with common practice in ophthalmic imaging stud-
ies where retinal labels are typically assigned at the eye level 
rather than the subject level.6,7,17

For each input image, we first detected the retina using the 
Hough circle transform and then cropped the mask region to 
minimize the effect of the black background. Afterward, the 

images were resized to 224 × 224 and normalized to (−1, 1). 
Special efforts were made to ensure that none of the CFPs in 
this subset were used in training RetinalGPT. We evaluated 
five VLMs: LLaMA, LLaVA, LLaVA-Med, Qwen, and Ret-
inalGPT. Each model received identical prompts describing 
CFPs and was asked to classify each as AD positive, negative, 
or uncertain. Performance was evaluated using accuracy, F1 
score, uncertainty ratio (UR), and reasoning score (RS). An 
expert neuro-ophthalmologist (OD) qualitatively reviewed a 
subset of outputs to assess accuracy.

Model Selection:
We evaluated five VLMs representing a spectrum from gen-

eral-purpose multimodal reasoning to ophthalmology-specific 
fine-tuning. Each model was selected to capture a distinct axis 
of capability: from text-only baselines extended with vision 
encoders to specialized models trained on retinal data. This 
diversity allows for an assessment of how domain alignment 
and multimodal instruction tuning affect medical reasoning 
performance.

1. Llama 3.2 11B Vision (Large Language Model Meta AI):18 
Llama 3.2 11B Vision serves as a text-centric baseline aug-

mented with a vision adapter layer. Derived from Meta AI’s 
LLaMA ^.2 family, the 11B parameter version integrates 
frozen CLIP-L/14 visual embeddings into the transformer’s 
token stream through a low-rank adapter (LoRA) projection. 
While LLaMA ^.2 itself is designed for instruction-following 
and text generation, the visual encoder enables rudimentary 
image captioning and multimodal grounding. However, this 
architecture remains largely non-specialized for medical im-
agery, lacking domain-specific feature calibration. Its inclusion 
in this study highlights the general language-vision reasoning 
ability of a large but generic foundation model when confront-
ed with CFPs.

2. LLaVA (Large Language and Vision Assistant):19 
LLaVA represents a general-purpose open-source 

multimodal model that tightly couples a visual encoder (CLIP-
ViT-L/14) with a large language model (Vicuna-13B or 
LLaMA backbone). Through visual instruction tuning, a pro-
cess aligning image–text representations with conversational 
supervision, LLaVA achieves strong zero-shot performance 
across reasoning, captioning, and visual question answering 
tasks. Its multimodal training corpus spans over 600,000 hu-
man-annotated instruction–response pairs from diverse image 
domains, providing robust grounding for scene understanding 
and reasoning tasks. LLaVA’s architecture allows it to handle 
fine-grained image–text alignment, but since its data are pri-
marily non-medical, it is expected to generalize broadly but 
not deeply in medical interpretation. In this study, it serves as 
a high-performing general VLM against which domain-tuned 
models can be compared.

3. LLaVA-Med: 20 
LLaVA-Med extends LLaVA’s general architecture into the 

biomedical and clinical imaging domain through multistage 
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instruction tuning on domain-specific corpora such as PMC-
15M, PubMedQA, and MedPix. Following the approach 
described by Li et al.,20 LLaVA-Med integrates approximately 
60K medical image–text pairs covering modalities including 
radiology, pathology, endoscopy, and ophthalmology. The 
model learns to follow diagnostic-style instructions, describe 
anatomical structures, and justify findings in clinical lan-
guage. Its training follows a two-stage strategy: (1) alignment 
f ine-tuning to map visual features from biomedical images 
to the pretrained language space, and (2) instruction tuning 
to learn task-specific reasoning behaviors. LLaVA-Med thus 
provides a strong medical-domain baseline with broader bio-
medical understanding but limited specialization for retinal 
microvascular patterns or AD phenotyping.

4. Qwen-VL: 21 
Developed by Alibaba Cloud, Qwen-VL is a compact and 

computationally efficient multimodal model designed for 
scalable deployment. It combines a Vision Transformer (ViT-
Large/14) with the Qwen-7B or 14B language backbone 
through a cross-attention fusion layer. Despite its lighter ar-
chitecture, Qwen-VL demonstrates competitive performance 
on multiple benchmarks such as ScienceQA, MME, and 
OCR-VQA. Its key strength lies in its dense vision–language 
fusion that supports fine-grained perception of localized fea-
tures, which is beneficial for analyzing vascular morphology in 
fundus images. While not tuned on biomedical data, its strong 
visual attention mechanisms make it a promising general mod-
el for image-anchored reasoning and an efficient candidate for 
downstream clinical adaptation.

5. RetinalGPT: 22 
RetinalGPT represents a domain-specific adaptation 

built for ophthalmic imaging and AD-related vascular bio-
marker interpretation. Building upon an LLaVA-Med base, 
RetinalGPT underwent visual instruction tuning on 38K CFP 
images from multiple ophthalmology datasets, including Mes-
sidor-1,23 APTOS,24 EyeQ,25 IDRiD,26 MICCAI MACC,27 
OIA-ODIR,28 RFMiD,29 and UK Biobank16 (no overlap with 
our evaluation dataset). The tuning pipeline incorporated 
structured instruction–response pairs emphasizing quantitative 
vascular features, such as fractal dimension, vessel tortuosity, 
and branching angle. This specialized alignment allowed the 
model to learn clinically preferred reasoning patterns, e.g., “in-
creased retinal vessel tortuosity and reduced fractal dimension 
correlate with neurodegenerative progression.”

RetinalGPT also employs multi-turn dialogue supervision, 
enabling it to generate coherent, stepwise diagnostic rationales 
rather than single-sentence outputs. This makes it uniquely 
suited for interpretable medical reasoning in retinal image anal-
ysis. In this study, it functions as a specialized and fine-tuned 
model, providing insight into how targeted instruction tuning 
improves domain fidelity and interpretability relative to gen-
eral-purpose VLMs.

Comparative Summary and Conceptual Contrast:
Collectively, the five selected VLMs represent a continuum 

from general foundation systems to domain-specialized clin-
ical assistants, enabling a nuanced evaluation of multimodal 
reasoning transfer.

At one end of the spectrum, LLaMA 2.2–11B–Vision and 
LLaVA embody the general-purpose paradigms that rely on 
large-scale, non-clinical instruction tuning to achieve ver-
satility and compositional reasoning. Their strength lies in 
open-ended visual understanding, but their clinical inferences 
tend to be descriptive rather than diagnostic, reflecting a lack 
of exposure to medically grounded data distributions.

In contrast, LLaVA-Med exemplifies the biomedical in-
termediary, a bridge model that leverages large biomedical 
corpora (e.g., PMC-15M) to achieve robust cross-modal 
alignment within the clinical lexicon. It demonstrates strong 
transfer learning potential for generic medical image inter-
pretation but remains limited in fine-grained morphological 
sensitivity, such as the retinal microvascular abnormalities as-
sociated with AD retinal degeneration.

Qwen-VL occupies a unique position in this taxonomy: 
though trained on general data, its dense vision–text fusion 
architecture and efficient cross-attention design enable high 
spatial precision, making it competitive with larger models de-
spite lower parameter counts. Its performance provides insight 
into how architectural efficiency can partially compensate for 
the absence of domain adaptation.

Finally, RetinalGPT represents the domain-specialized end 
of the spectrum. By fusing ophthalmic imaging datasets with 
structured vascular descriptors and disease-relevant instruc-
tions, RetinalGPT learns to emulate expert clinical reasoning 
patterns. It does not merely classify but can articulate why a 
retinal feature implies a diagnostic outcome, generating trans-
parent justifications aligned with human clinical logic. This 
makes it an effective benchmark for interpretable medical AI, 
a capability essential for real-world deployment in healthcare 
settings.

Together, these five models enable a systematic assessment 
of how instruction-tuning depth, dataset specificity, and archi-
tectural design influence diagnostic performance, uncertainty 
behavior, and reasoning coherence in multimodal medical con-
texts. By positioning RetinalGPT against its general and 
semi-specialized counterparts, this study isolates the contri-
butions of domain alignment to both quantitative accuracy 
and qualitative interpretability, shedding light on the evolving 
boundary between general intelligence and clinical precision. 
Table 1 shows an overview of five evaluated VLM models.

All models were deployed in a secure offline environment to 
ensure data confidentiality. No external API access was used.
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•	 F1 Score (F1): harmonic mean of precision and recall, 
highlighting the balance between sensitivity and speci-
ficity.

•	 Uncertainty Ratio (UR): proportion of cases labeled as 
Uncertain, reflecting the model’s epistemic uncertainty 
and diagnostic confidence.

•	 Reasoning Score (RS): expert-rated scale (1–5) evalu-
ating medical coherence and explanation quality. It was 
automatically evaluated using Mistral-7B.30

For performance evaluation, cases classified as “Uncertain” 
were excluded from accuracy and F1 score calculations, which 
were computed only over images receiving definitive positive 
or negative AD classifications. This approach avoids penaliz-
ing models for appropriately abstaining in ambiguous scenarios 
while enabling fair comparison of diagnostic performance.

Reasoning Score (RS) quantified the clinical relevance and 
diagnostic usefulness of model-generated explanations on a 
1–5 scale. To enable scalable evaluation, RS was automatical-
ly estimated using the Mistral-7B language model, which was 
prompted to act as a biomedical expert and score each explana-
tion according to a predefined rubric (1 = clinically irrelevant 
or uninformative; 3 = partially relevant but weak or uncertain; 5 
= highly relevant and informative for disease assessment).

To contextualize and calibrate this automated evaluation, we 
also qualitatively reviewed representative model outputs and 
corresponding RS values to verify that higher scores reflected 
clinically coherent and diagnostically meaningful reasoning. 
This expert-in-the-loop assessment confirmed that the au-
tomated scoring captured relative differences in explanation 
quality across models. Accordingly, RS is intended as a com-
parative proxy for reasoning quality rather than a substitute for 
formal expert rating or clinical validation.

�   Results and Discussion 
Representative responses generated by the five evaluated 

VLMs when asked to assess whether a retinal CFP indicates 
AD pathology are illustrated in Figure 1 (the top row (a) shows 
an image of a normal control (NC) subject, and the bottom row 
(b) shows an image of an AD patient). The example highlights 
distinct reasoning behaviors and diagnostic limitations across 
models. The general-purpose LLaMA and LLaVA models 
recognized the image as a retinal CFP but failed to provide 
medically contextualized interpretations. LLaVA-Med, al-
though trained on biomedical data, correctly identified the 
ophthalmic nature of the image, yet expressed diagnostic un-
certainty due to insufficient contextual information. Qwen-VL 
demonstrated more structured reasoning by describing retinal 
anatomy and explicitly concluding the absence of AD-related 
lesions, though its explanation remained general. In contrast, 
the domain-specific RetinalGPT produced the most clini-
cally intelligible output, acknowledging the image’s modality, 
its diagnostic scope, and explicitly noting the absence of AD 
biomarkers such as vascular irregularities. Collectively, these 
outputs demonstrate the progressive improvement in domain 
awareness and reasoning specificity from general-purpose to 
ophthalmology-tuned models, underscoring the value of tar-

Experimental Procedures:
Retinal CFPs were standardized to 512 x 512 resolution 

and normalized to (-1, 1) following the protocol described 
in a prior study.7 The experiment pipeline was automated 
with deterministic seeding for reproducibility. In the experi-
ments, each VLM model received the same multimodal input 
prompts containing:

1. A two-dimensional retinal image (CFP).
2. A concise natural-language description (patient age, con-

dition context).
3. A diagnostic query, e.g.:
“Based on this retinal image, is there evidence of Alzhei-

mer-related microvascular abnormalities?”
Each model received identical multimodal prompts describ-

ing retinal images and was instructed to classify each case as:
• Positive (indicative of AD),
• Negative (normal), or
• Uncertain (requires further evaluation).
The “Uncertain” classification was operationalized using a 

rule-based analysis of the models’ textual outputs. An explicit 
classification indicating either positive for Alzheimer’s disease 
(AD) or negative for AD (cognitively normal) was required 
for a definitive label. Model responses that did not clearly in-
dicate either a positive or negative AD classification, such as 
those expressing insufficient information, diagnostic caution, 
or contextual discussion without a conclusion, were classified 
as “Uncertain.”

To ensure interpretability, models were prompted to generate 
both structured classification outputs and free-text justifica-
tions, allowing qualitative assessment of diagnostic reasoning.

Responses were parsed for structured classification outputs 
and free-text justifications. The following metrics were com-
puted:

•	 Accuracy (ACC): proportion of correctly classified im-
ages divided by the total number of images.
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Table 1: Overview of Evaluated Vision–Language Models. The table 
summarizes model architecture, training data, instruction-tuning strategies, 
and specialization level, spanning general foundation systems to the 
retinal domain-specific RetinalGPT. This comparison underscores how 
increasing domain alignment, from generic to ophthalmology-tuned models, 
progressively improves medical interpretability and diagnostic potential.
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The quantitative evaluation of the five VLMs across diag-
nostic accuracy (ACC), uncertainty ratio (UR), F1 score, and 
expert-rated reasoning quality (RS) is summarized in Table 2. 
A consistent performance gradient emerged between gener-
al-purpose and domain-specialized models. 

Among general-purpose models, LLaMA achieved the 
strongest overall baseline, with an accuracy of 53.9%, an F1 
score of 0.21, and an RS of 1.76 ± 0.97, despite a moderate 
UR of 5.34%. This performance suggests that even non-do-
main-tuned VLM frameworks can internalize rudimentary 
diagnostic cues when prompted effectively. LLaVA, another 
general-purpose model with visual alignment, exhibited slight-
ly higher uncertainty (3.49%) and lower accuracy (48.42%), 
but generated more descriptive, albeit less clinically precise, 
explanations (RS = 2.51 ± 1.11).

Introducing medical fine-tuning led to a noticeable im-
provement. LLaVA-Med demonstrated both higher diagnostic 
precision (ACC = 51.79%) and markedly enhanced interpret-
ability (RS = 3.28 ± 1.11), while maintaining a reduced UR 
(2.18%). Its F1 score (0.56) indicates that biomedical adapta-
tion improves both confidence and semantic alignment with 
disease-specific retinal features, though subtle domain mis-
matches remain visible.

The Qwen-VL model, optimized for general-purpose 
multimodal reasoning but without explicit clinical expo-
sure, displayed the lowest uncertainty among all base models 
(1.75%) but also the lowest F1 score (0.02) and modest rea-
soning coherence (RS = 1.60 ± 0.92). This suggests that while 
Qwen-VL achieves stable confidence calibration, it lacks do-
main-relevant contextual grounding for medical inference.

By contrast, the RetinalGPT model—explicitly tuned on 
ophthalmic and neurodegenerative imaging data—achieved 
the best overall performance. It produced the highest accuracy 
(59.91%), lowest uncertainty (0.8%), and a strong reasoning 
score of 3.54 ± 1.57, reflecting both robust diagnostic reliabil-
ity and consistent medical interpretability. RetinalGPT’s F1 
score (0.45) further supports its balanced precision–recall be-
havior, distinguishing it as the most reliable model across both 
diagnostic and explanatory dimensions.

To assess within-subject consistency, we examined VLM 
predictions across paired CFPs from subjects for whom images 
from both eyes were available (10 NC subjects and 7 AD sub-
jects). Predictions across paired CFPs showed varying degrees 
of concordance across models, with domain-specialized mod-
els exhibiting greater sensitivity but also increased variability 
relative to general-purpose models. 

Qualitative analysis further reinforced these trends. Ret-
inalGPT generated concise, pathology-aware explanations 
referencing features such as optic disc pallor, vessel attenua-
tion, and retinal texture abnormalities, patterns consistent with 
AD–related retinal neurodegeneration. In comparison, gener-
al-purpose models like LLaVA and LLaVA-Med produced 
visually coherent but diagnostically ambiguous descriptions, 
while Qwen-VL often misattributed disease likelihood to 
non-medical color or texture variations.

Furthermore, disparities in reasoning scores across models 
indicate that general-purpose VLMs struggle when confront-

geted instruction tuning for clinically reliable multimodal 
inference.

(a)

(b)
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Figure 2: Performance comparison of five vision–language models on 
AD retinal image classification and reasoning tasks using 229 retinal color 
fundus photographs (114 images from AD patients and 115 from cognitively 
normal controls). Models were prompted to classify each image as positive 
for AD, negative for AD, or uncertain. Reported metrics include uncertainty 
ratio (UR), accuracy (ACC), F1 score, and reasoning score (RS). RS reflects 
rubric-guided automated evaluation of explanation quality with expert 
oversight. Results illustrate relative differences in model behavior under 
this experimental framework. RetinalGPT achieved the highest accuracy 
(59.9%), lowest uncertainty, and strongest reasoning coherence, confirming 
that ophthalmic fine-tuning substantially improves diagnostic reliability over 
general-purpose models.

Figure 1: Representative qualitative responses from five vision–language 
models (LLaMA, LLaVA, LLaVA-Med, Qwen-VL, and RetinalGPT) to a 
retinal CFP classification prompt. Each model was asked to assess whether a 
given CFP was positive for AD, negative for AD, or uncertain, and to provide 
a brief explanatory rationale. Panel (a) shows responses for an image from 
a cognitively normal control subject, and panel (b) shows responses for an 
image from an AD subject. These examples highlight that domain-specific 
tuning markedly enhances medical reasoning quality and the clinical relevance 
of generated explanations.
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ed with unfamiliar medical terminology or subtle retinal 
biomarkers, even when producing fluent textual descriptions. 
In contrast, domain-specialized models achieved higher rea-
soning scores by generating explanations that were more 
clinically grounded and internally consistent. This gap in rea-
soning quality highlights the importance of domain-specific 
instruction tuning for reliable medical interpretation and mo-
tivates architectures that selectively leverage specialized models 
when higher-quality reasoning is required.

Across models, uncertainty inversely correlated with accuracy 
(r = –0.76), indicating that uncertainty can serve as a surrogate 
indicator of diagnostic confidence. This suggests potential for 
hierarchical inference pipelines—deploying lightweight gen-
eral models for initial triage and invoking specialized models 
(e.g., RetinalGPT) when low-confidence predictions arise, 
thereby optimizing computational efficiency while preserving 
diagnostic fidelity.

Taken together, these findings indicate that general-purpose 
VLMs, though proficient at image-language alignment, lack 
the precision needed for clinical interpretation. Their tendency 
to produce verbose but vague explanations suggests a deficien-
cy in medically grounded feature understanding. RetinalGPT’s 
comparatively stronger performance highlights the impor-
tance of domain-specific instruction tuning and task-aware 
alignment for medical reasoning. These results parallel prior 
findings in biomedical natural language processing (NLP), 
where adaptation to specialized corpora substantially improves 
factual accuracy.31 

Importantly, within-subject variability across CFPs does not 
necessarily indicate poor model performance. Retinal images 
are commonly labeled and analyzed at the eye level, particu-
larly in large-scale ophthalmic studies such as those focused 
on diabetic retinopathy, where disease manifestations may 
differ between eyes. In this study, labels were assigned at the 
subject level, which may introduce apparent inconsistencies 
when eye-specific retinal features differ. As such, observed 
discordance across paired CFPs should be interpreted as an 
exploratory finding reflecting biological asymmetry, imaging 
variability, and labeling granularity, rather than definitive ev-
idence of model error.

Although the absolute classification accuracies of the eval-
uated VLMs are modest, prior studies using conventional 
convolutional neural networks and deep learning pipelines on 
retinal fundus photographs have reported substantially high-
er performance for AD detection under supervised learning 
settings.7,17 This suggests that the task itself is tractable with 
task-specific architectures, and that the observed performance 
limitations primarily reflect current constraints of general-pur-
pose and instruction-tuned VLMs rather than intrinsic dataset 
difficulty. Importantly, the goal of this study was not to es-
tablish a state-of-the-art classifier or directly compare VLMs 
with optimized traditional machine learning methods, but to 
assess whether domain-specific instruction tuning improves 
diagnostic reasoning, uncertainty behavior, and interpretability 
relative to general-purpose multimodal models under identical 
prompting conditions. The significance of VLM-based ap-
proaches, therefore, lies not in immediate competitive accuracy, 

but in their ability to integrate image interpretation, uncertainty 
expression, and natural-language explanation within a unified 
framework—capabilities that remain difficult to achieve with 
conventional classifiers.

�   Limitations and Future Work 
A relatively limited CFP dataset was used for these models’ 

performance determination. In particular, the relatively small 
sample size may affect the stability of uncertainty estimates 
and cross-model comparisons; therefore, differences in un-
certainty ratios or overall performance should be interpreted 
with caution in the context of potential clinical applicability. 
While RetinalGPT achieved the highest performance among 
the evaluated models, its accuracy remains below the threshold 
required for autonomous diagnostic use. 

Future work will include fine-tuning on larger, multi-center 
AD-derived datasets of CFPs, integrating CNN backbones for 
hybrid inference, and developing explainable AI visualizations 
to further enhance interpretability. It will also be important to 
investigate eye-specific labeling strategies and larger cohorts 
with paired CFPs to better disentangle biological asymmetry 
from model uncertainty and to refine subject-level inference. 
In addition, extending the comparative framework to foun-
dation models like GPT-4V and Med-Flamingo will enable 
broader benchmarking. Finally, model interpretability should 
be evaluated through clinical user studies to assess trustworthi-
ness and adoption feasibility.

�   Conclusion 
This comparative study demonstrates that while VLMs 

hold immense potential for medical imaging analysis, domain 
specialization remains essential for diagnostic reliability and in-
terpretability. RetinalGPT’s enhanced performance highlights 
the benefits of biomedical fine-tuning, whereas general-pur-
pose models exhibit high uncertainty and limited medical 
explainability. Importantly, this study should be viewed as an 
exploratory investigation into the behavior of vision–language 
models on retinal images, rather than a demonstration of a 
deployable diagnostic system. Future work will include direct 
comparisons with traditional deep learning baselines under 
matched data splits, as well as the development of hybrid 
frameworks that leverage uncertainty-aware routing to better 
characterize trade-offs between classification accuracy, multi-
modal reasoning capabilities, and scalable, clinically aligned AI 
systems. This work contributes foundational insights toward 
deploying multimodal foundation models in sensitive clinical 
domains such as AD screening.
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