Journal of
©

Ophthalmology

Clinical & Translational

Article

Evaluating a Multi-Modal Large Language Model for
Ophthalmology Triage

Caius Goh 11, Jabez Ng 2, Wei Yung Au !, Clarence See 109, Alva Lim 31, Jun Wen Zheng 2, Xiuyi Fan ?

and Kelvin Li 1-*

check for
updates
Academic Editors: Jack V. Greiner and

Brent Siesky

Received: 15 September 2025
Revised: 13 November 2025
Accepted: 27 November 2025
Published: 30 November 2025

Citation: Goh, C;Ng,]J.; Au, W.Y,;
See, C.; Lim, A.; Zheng, ] W.; Fan, X,;
Li, K. Evaluating a Multi-Modal Large
Language Model for Ophthalmology
Triage. J. Clin. Transl. Ophthalmol.
2025, 3, 25. https://doi.org/
10.3390/jcto3040025

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

Department of Ophthalmology, Tan Tock Seng Hospital, Singapore 308433, Singapore;
caiusgoh@gmail.com (C.G.); auweiyung@gmail.com (W.Y.A.)

College of Computing and Data Science, Nanyang Technology University, Singapore 639798, Singapore;
xyfan@ntu.edu.sg (X.F)

Department of Ophthalmology and Visual Sciences, Khoo Teck Puat Hospital, Singapore 768828, Singapore
*  Correspondence: kelvin li.eye@gmail.com

Abstract

Background/Purpose: Ophthalmic triage is challenging for non-specialists due to lim-
ited training and rising global eye disease burden. This study evaluates a multimodal
framework integrating clinical text and ophthalmic imaging with large language models
(LLMs). Textual consistency filtering and chain-of-thought (CoT) reasoning were incor-
porated to improve diagnostic accuracy. Methods: A dataset of 56 ophthalmology cases
from a Singapore restructured hospital was pre-processed with acronym expansion, sen-
tence reconstruction, and textual consistency filtering. To address dataset size limitations,
100 synthetic cases were generated via one-shot GPT-4 prompting, validated by semantic
checks and ophthalmologist review. Three diagnostic approaches were tested: Text-Only,
Image-Assisted, and Image with CoT. Diagnostic performance was quantified using a novel
SNOMED-CT-based dissimilarity score, defined as the shortest path distance between
predicted and reference diagnoses in the ontology, which was used to quantify semantic
alignment. Results: The synthetic dataset included anterior segment (n = 40), posterior
segment (1 = 35), and extraocular (n = 25) cases. The text-only approach yielded a mean
dissimilarity of 6.353 (95% CI: 4.668, 8.038). Incorporation of image assistance reduced
this to 5.234 (95% CI: 3.930, 6.540), while CoT prompting provided further gains when
imaging cues were ambiguous. Conclusions: The multimodal pipeline showed potential in
improving diagnostic alignment in ophthalmology triage. Image inputs enhanced accuracy,
and CoT reasoning reduced errors from ambiguous features, supporting its feasibility as a
pilot framework for ophthalmology triage.

Keywords: ophthalmology triage; large-language models; vision-language models;
artificial intelligence

1. Introduction

Efficient ophthalmology triage ensures timely care for high-risk patients while prevent-
ing unnecessary specialist referrals that burden ophthalmology services. In clinical practice,
patients presenting with ocular complaints are often first evaluated by general or emergency
physicians, whose accuracy in triage depends heavily on their training and experience.
With ocular-related complaints representing a growing burden on emergency departments,
proper triage of these cases is essential for proper healthcare resource allocation. A study
conducted in the United States found that of 16.8 million eye-related emergency department
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visits occurring from 2010-2017, 44.8% of the cases were for non-emergent conditions [1].
Inaccurate or inconsistent referrals can delay urgent care, contribute to overcrowded clinics,
and misallocate specialist resources [2,3]. These challenges are compounded by the rising
prevalence of vision-threatening conditions such as diabetic retinopathy, cataract, and
glaucoma [4].

Recent advances in large language models (LLMs) and vision-language models (VLMs)
offer the potential to enhance triage decision-making. LLMs can process and interpret
unstructured clinical text, while VLMs extend this capability to medical images, including
anterior segment and fundus photographs [5,6]. When combined, these modalities enable
a more holistic case assessment. However, LLMs typically produce single-step outputs
that can oversimplify complex reasoning, leading to diagnostic inaccuracies [7]. Chain-of-
Thought (CoT) prompting has been proposed to address this limitation by breaking down
decision-making into sequential steps, improving interpretability and diagnostic reasoning
in medical tasks [8].

Existing research in Al-assisted ophthalmology triage has shown mixed results. For
example, Al-based decision support systems have been trialled for emergency referrals
and on-call consults, showing comparable or superior accuracy to referring providers [9].
More recently, multimodal systems integrating ChatGPT-3.5 (version 3.5, OpenAl, San
Francisco, CA, USA) with anterior segment images have been piloted in outpatient triage
workflows [10]. Other studies evaluating GPT-4 (version 4, OpenAl, San Francisco, CA,
USA) and other generalist VLMs have reported variable performance, particularly for
images requiring fine spatial interpretation, such as gonioscopy or visual field charts [11].
Moreover, issues such as hallucination, bias, and difficulty processing unstructured clinical
notes remain significant barriers to safe deployment [12-14].

This pilot study aims to explore the feasibility of a multimodal diagnostic pipeline
incorporating text, imaging, textual consistency filtering and CoT-augmented reasoning.
The study also proposes a novel SNOMED-CT Directed Acyclic Graph (DAG) metric, which
accounts for semantic similarity between related ophthalmic diagnoses. We hypothesized
that integrating image data and CoT reasoning could improve diagnostic alignment com-
pared to text-only prompts, recognizing that our small real dataset and use of synthetic
augmentation make this an exploratory rather than confirmatory study.

2. Methods
2.1. Overview of Proposed Pipeline

Figure 1 depicts an end-to-end overview of the proposed methodology. It illustrates
the sequential steps involved in processing unstructured ED notes and physical exam-
ination findings, filtering textual consistency, generating a validated synthetic dataset,
and evaluating diagnosis predictions using multimodal LLMs and a DAG-based graph
evaluation framework.

2.2. Data Collection

This single-centre retrospective study involved patients who were referred to the
Ophthalmology department of Tan Tock Seng Hospital, Singapore. The patients were
consecutively selected across a period from 1 November 2022 to 30 May 2023. Retrospective
data collected for analysis included: the date of referral, history taken at the time of referral,
the provisional diagnosis given at the time of referral, the time interval from referral to an
Ophthalmology department visit, the history taken at the Ophthalmology department, and
the diagnosis given at the Ophthalmology department.

This study was conducted in accordance with the National Healthcare Group Do-
main Specific Review Board (DSRB), Singapore, which also approved this study protocol
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(reference number 2023/00348, approval date: 10 October 2023). Patient information was
anonymized and de-identified before the analysis.
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Figure 1. Proposed end-to-end processing pipeline. Includes pre-processing pipeline of clinical
dataset, generation of synthetic dataset, verification of various diagnostic approaches based on the
DAG-based dissimilarity metric.
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2.3. Clinical Dataset and Pre-Processing

A clinical dataset of ophthalmology triage information for 56 patients was obtained
from Tan Tock Seng Hospital. The cases were collected consecutively from emergency
ophthalmology presentations over the study period. All identifiable patient information
was removed before analysis, and the resulting dataset was fully anonymised in accordance
with the National Healthcare Group’s data governance and the Singapore Personal Data
Protection Act (PDPA), ensuring that it was untraceable to any individual patient. This
anonymisation process was applied prior to pre-processing, thereby ensuring that the study
did not infringe on patient confidentiality or ethical standards for secondary data use.

Raw medical notes may prove challenging for LLMs due to the heavy use of medical
abbreviations, lack of standardised grammar, and ambiguity depending on the medical
context. To ensure machine-readable LLM inputs whilst retaining the necessary medical
information, a pre-processing pipeline was performed that reconstructed fragmented
medical notes into grammatically coherent and structured sentences. A textual consistency
filtering pipeline was designed to ensure that the original meaning of the notes was kept

(Figure 2).
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Figure 2. Textual Consistency Filtering Pipeline.

The first step of the pipeline was acronym expansion and text standardization. Domain-
specific acronyms (e.g., “BOV” for blurring of vision) were replaced using a medical
acronym dictionary (Supplemental Table S1). Following acronym expansion, multiple
variations of the clinical note were generated by randomly shuffling sentence components
while preserving the original meaning. The text was segmented using newline characters
and re-combined. This approach introduces controlled randomness while maintaining the
core clinical information.

The second step was sentence reconstruction: the LLaMA 3 8B Instruct model
(version 3, Meta Platforms, Inc., Menlo Park, United States) was employed to reconstruct
fragmented text into complete, grammatically coherent sentences. To ensure fidelity, mul-
tiple reconstructions were generated for each case. Text generation was regulated based
on the set of hyperparameters outlined in Table 1, to influence the diversity and stability
of the output. The temperature parameter was set to 0.6 to introduce a moderate level of
randomness while preventing excessive deviation from the expected phrasing. The top-p
(nucleus value) of 0.9 restricts token selection to the most probable subset, reducing the
likelihood of generating inconsistent or overly creative responses. The max token limit was
set to 2048, ensuring that the generated text remains an appropriate length.
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Table 1. LLaMA 3 8B Instruct Model Parameters.

Parameter Value
Model Name LLaMA 3 8B Instruct
Temperature 0.6
Max Tokens 2048
Top-p 0.9
Sampling Method Nucleus Sampling (Top-p)

The final step in the pipeline was semantic similarity assessment. The reconstructions
were then screened using the Masked and Permutated Pre-training Network (MPNet)
(version MPNet-base, Microsoft, Redmond, WA, USA) embeddings with a cosine similarity
threshold of 0.8 to filter out hallucinated or inconsistent outputs. In the case that all
surpass the threshold of 0.8, the case with the highest overall similarity is selected. MPNet
thus helps to prioritize consistent outputs while filtering out misleading or hallucinated
responses, ensuring the processed text remains factually accurate and clinically safe for
model input.

2.4. Synthetic Dataset Generation

The clinical dataset obtained from the Ophthalmology Department at Tan Tock Seng
Hospital proved insufficient for evaluation of the LLM-based diagnostic and triage systems,
due to a small sample size of 56 cases, as well as poor depth of clinical documentation and
completeness necessary for independent diagnostic reasoning.

To overcome this, a synthetic dataset of 100 ophthalmic triage cases was generated
based on the clinical dataset using one-shot prompting with GPT-4 to create a more com-
prehensive and clinically realistic dataset that would mimic information obtainable from
real-world cases more closely. The outputs of the earlier data pre-processing and textual
consistency pipeline were then fed into GPT-4 to generate this synthetic dataset. GPT-4
was selected for synthetic data generation due to its superior few-shot reasoning and
clinical language capabilities. This approach produced high-quality cases that mirrored
the linguistic and conceptual structure of authentic ophthalmic records. The diagnoses
included in the dataset were selected to represent ophthalmological conditions commonly
seen in the emergency and outpatient settings.

After selecting 100 final cases, GPT-4 was used to generate corresponding Emergency
Department (ED) histories, physical examination findings, diagnostic reasoning, and ur-
gency levels for each case. The prompt used for sentence reconstruction can be found
in Supplemental Figure S1. To enhance plausibility and diversity, a one-shot prompting
approach was adopted. This involved presenting GPT-4 with the curated examples from
TTSH’s clinical notes which had passed through the data pre-processing and textual con-
sistency filtering as detailed above. This strategy allowed for the synthesis of detailed
and differentiated cases that reflect the complexity and nuance of actual ophthalmology
presentations, while also addressing the limitations of the original dataset.

To assess the semantic alignment between the synthetic and real-world datasets, we
computed sentence similarity scores using SBERT (MPNet cosine similarity). The results
showed a moderate correlation, with scores ranging from 0.6 to 0.7. This evaluation con-
firms that the synthetic cases retained meaningful linguistic and conceptual resemblance to
authentic ophthalmology records, while preserving variability and completeness necessary
for robust model evaluation.

The final step in the synthetic data generation process involved expert validation
by two ophthalmologists to ensure clinical accuracy, diagnostic validity, and real-world
applicability. The experts conducted a comprehensive review of all generated cases, eval-
uating the consistency and plausibility of emergency department histories and physical
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examination findings. Diagnoses were revised as needed to align with expected clinical
presentations, and textual descriptions were refined to enhance clarity, specificity, and real-
ism. Discrepancies were discussed and resolved jointly before inclusion in the final dataset.
Formal inter-rater agreement statistics were not computed, as validation was performed
collaboratively rather than independently. This validation process also incorporated oph-
thalmic imaging to enable multimodal evaluation. The expert assigned appropriate image
modalities—such as fundus photographs, external eye images, and Humphrey visual
field tests—according to each case’s final diagnosis. This human-in-the-loop validation
process enhanced the dataset’s clinical fidelity and diagnostic robustness, establishing it
as a reliable benchmark for evaluating both text- based and multimodal (text and image)
ophthalmology triage models.

2.5. Diagnostic Framework

We evaluated three separate diagnostic approaches:

Firstly, the direct prompting (text-only, also known as non-image) approach serves as
the baseline in this study. In this approach, the LLM generated a diagnosis based solely on
textual inputs—specifically, the patient’s Emergency Department (ED) History and Physical
Examination findings. We utilized the LLaMA-3-8b-Instruct model from Meta, which has
been fine-tuned for instruction-based reasoning tasks. The LLM received a structured
prompt (Figure S2) guiding it to produce the most likely diagnosis along with justification,
minimizing ambiguity and facilitating systematic evaluation.

Secondly, the multi-modal input approach incorporates both textual inputs and visual
data to evaluate whether image integration enhances clinical reasoning. The model is
provided with a structured prompt (Figure S3) along with three types of input:

e ED history and physical examination findings, which form the textual component of
the diagnostic evaluation.

e A medical image associated with the patient’s condition, corresponding to one of the
ophthalmic imaging modalities under investigation.

e  Adescription of the image type (e.g., fundus image, anterior segment photo) to provide
context for interpretation.

Textual inputs were initially processed by the LLaMA-3-8B-Instruct model to generate
preliminary diagnostic predictions. Images were pre-processed using the LLaVA (version
LLaVA 1.5, University of Wisconsin-Madison, Madison, WI, USA) image processor, in-
cluding RGB normalization, resizing, center-cropping, and tensor conversion to ensure
compatibility with the vision encoder. The textual and image inputs were subsequently fed
into the LLaVA-OneVision-Qwen2 model (version 0.5B, Imms-lab, Singapore, Singapore)
for multimodal reasoning, producing the final diagnostic output.

Lastly, to overcome limitations observed with the direct multimodal prompting, we
augmented the process with CoT reasoning. This seeks to improve LLM interpretability and
diagnostic reasoning by decomposing complex tasks into sequential steps. CoT prompting
was applied selectively to cases identified as visually ambiguous or diagnostically com-
plex. These were defined as cases where initial image-assisted diagnosis showed high
dissimilarity scores, in which an expert ophthalmologist identified subtle or overlapping
visual features that could not clearly distinguish between differential diagnoses. This
approach employed a two-step process: first, the model generates a preliminary diagnosis
and justification based on the clinical text provided. Next, a subsequent prompt integrated
the relevant imaging data along with modality-specific instructions (e.g., “review retinal
vessels and optic disc changes” for fundus images) to refine the initial diagnosis. The CoT
prompt templates are provided in Supplemental Figure S4. By decoupling text and image
interpretation and requiring explicit reasoning across both, this approach fosters greater
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interpretability and aligns with real-world clinical workflows, where imaging is used to
support or adjust an initial hypothesis.

2.6. Evaluation Metric

To assess the performance of our model, we quantified the dissimilarity between
the predicted diagnosis and the actual final diagnosis. In experiments incorporating self-
consistency, we computed the average dissimilarity across multiple predictions per case
to account for variability in model outputs. A key challenge in this evaluation lies in
the inherent difficulty of exact string matching due to variations in medical terminol-
ogy (e.g., acute posterior vitreous detachment and posterior vitreous detachment would
register as a mismatch despite their clinical relationship). Furthermore, conventional se-
mantic similarity metrics may not be entirely reliable in the medical domain, as certain
diagnoses with distinct lexical representations may be synonymous (e.g., “dry eyes” and
“keratoconjunctivitis sicca”).

To address this, we developed a Directed Acyclic Graph (DAG)-based dissimilarity
metric using SNOMED-CT (Systematized Nomenclature of Medicine—Clinical Terms).
While SNOMED-CT provides multiple API endpoints for querying medical concepts, our
methodology specifically utilized two key endpoints to facilitate an accurate and struc-
tured evaluation of diagnostic dissimilarity. The first API endpoint was used to obtain the
concept ID of a diagnosis via a search query (Table S2). The second API endpoint retrieved
the Concept IDs of all ancestral terms associated with the given concept ID (Table S3).
This allowed us to construct a DAG reflecting the hierarchical relationships among
ophthalmic concepts.

To quantitatively evaluate the semantic gap between the predicted and reference
diagnoses, we defined a hierarchical dissimilarity metric grounded on the SNOMED-CT
ontology. The ontology is represented as a directed acyclic graph (DAG) G = (V,E), where
each node v € V corresponds to a SNOMED-CT concept, and each directed edge (u,v) € E
encodes an “is-a” hierarchical relationship. For any two concepts id;, idy € V, the shortest
path distance dist;(u,v) denotes the minimal number of directed “is-a” edges connecting u
and v in G(edge weight = 1; dist;(uv) = +o0 if no path exists). This formulation captures the
semantic proximity between diagnoses in the clinical hierarchy.

0 if idy = ids,
distg(idy, idy), if idy — idy,
DiS(id], ldz) = distg(idy, idy), if idy — idy,
diStG(LCA(id1, idz), ldl) +diStG(LCA(id1, idy), idz), if LCA exists,

max D, otherwise.

Here, Lowest Common Ancestor (LCA) (idy, id,) denotes the lowest common ancestor
of the two nodes within the SNOMED-CT hierarchy, defined as the ancestor with maximal
depth in G. The constant max D defines the upper bound of dissimilarity for concept pairs
that are semantically disconnected. Lower dissimilarity values indicate greater semantic
proximity, whereas unrelated concepts approach max D. Shortest-path distances were
obtained through standard graph traversal methods on the SNOMED-CT DAG to quantify
semantic deviation between predicted and reference diagnoses.

This framework allows for an accurate and structured evaluation of model perfor-
mance, ensuring that clinically relevant relationships between diagnoses are effectively
captured. A worked example of the DAG-based dissimilarity metric is shown in Table 2.
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Table 2. Worked examples of diagnostic dissimilarity scores based on the DAG-based dissimilarity
metric. The total dissimilarity score calculated is the sum of the distances from reference (Ref)
diagnosis to LCA term, and the predicted (Pred) diagnosis to LCA term.

Reference Predicted LCA Term Distance Distance Total
Diagnosis Diagnosis (Ref - LCA) (Pred —+LCA) Dissimilarity
Rhegmatogenous Retinal Detachment  Retinal Detachment 0 1 1
Retinal Detachment
Non—p.rohfe'ratlve Dlabetlc Diabetic
Diabetic Retinopathy, Retinopath 1 1 2
Retinopathy Macular Edema paty
Bilateral Benign Intracranial Disorder .Of
. . Intracranial 1 1 1
Papilledema Hypertension P
ressure

2.7. Statistical Analysis

Descriptive statistics (mean, median, variance) were computed for the dissimilarity
scores across all experimental conditions. Subgroup analyses were performed to examine
the effect of each imaging modality (fundus, anterior segment, external, etc.) and the
additional benefit of the chain-of-thought approach in cases with ambiguous visual cues.

An ablation study was performed to demonstrate the contribution of each individual
component (pre-processing, textual consistency filtering, imaging, CoT) to the overall
performance gain. Accuracy was also computed at varying prediction thresholds. As
the dataset represents a multi-class, multi-candidate diagnostic task rather than a binary
classification problem, accuracy was assessed to be a more interpretable performance metric
over conventional measures of sensitivity and specificity.

For inferential analysis, the Wilcoxon signed-rank test was applied for paired compar-
isons of dissimilarity scores between configurations.

During the preparation of this manuscript/study, the author(s) used LLaMA 3 8B
Instruct model (version 3, Meta Platforms, Inc., Menlo Park, United States) for the purpose
of sentence reconstruction, and GPT-4 (version 4, OpenAl, San Francisco, CA, USA) for the
purpose of synthetic dataset generation. The authors have reviewed and edited the output
and take full responsibility for the content of this publication.

3. Results
3.1. Clinical Dataset

AA full list of the collected clinical data can be found in Supplemental Table 54. The
distribution of diagnoses in the clinical dataset is represented in Figure 3.

Of the 56 patient records in the clinical dataset, 40 had complete entries in 3 fields:
Emergency Department (ED) History, Specialist Outpatient Clinic (SOC) history, and
final diagnosis. The remaining 16 patient records had missing documentation in the ED
history field.

Using the MPNet textual consistency cosine similarity threshold of 0.8, a total of 8 of
the 96 reconstructions were found to have textually inconsistent outputs, resulting in a
rejection rate of 8.33%.
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Distribution of Final Diagnoses in Synthetic Dataset
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Dry Age-Related Macular Degeneration (AMD)
Vitreous Syneresis
Pseudomembranocus Conjunctivitis
Anterior Uveitis (AAU)

Blunt Trauma with Orbital Fracture
Conjunctivitis (non-specific)

Retinal Nerve Fiber Layer (RNFL) Defect

Diagnosis

Homonymous Hemianopia (Post-CVA)

Macular Telangiectasia / Vitelliform Dystrophy

Macular Scar / Dry Maculopathy

Non-Proliferative Diabetic Retinopathy (NPDR)

Operculated Retinal Tear (Treated)

Corneal Abscess with Perforation

Herpetic Keratouveitis (Suspected)

Traumatic Iritis

Scleritis (sectoral)

Chemical Injury (Roper Hall Grade 1)

Angle-Closure Glaucoma / PACS

Dry Eye Syndrome / MGD

Microhyphaema
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Figure 3. Distribution of diagnoses in Clinical dataset.

3.2. Synthetic Dataset

The synthetic dataset of 100 ophthalmic triage cases was designed to closely represent
the variety and depth of cases encountered in the emergency and outpatient settings. The
distribution of cases is represented in Figure 4, and included anterior segment (n = 40), pos-
terior segment (1 = 35) and extraocular (n = 25) diagnoses. Each case included standardised
clinical history, physical examination findings, and ophthalmic imaging in one of several
modalities: fundus photography, anterior segment with fluorescein staining, gonioscopy,
Humphrey visual field testing, external ocular photographs, or 9-gaze photographs. This
distribution enabled subgroup analyses by both diagnosis category and image modality.



J. Clin. Transl. Ophthalmol. 2025, 3, 25 10 of 19

Final Diagnosis
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Dry Age-Related Macular Degeneration (AMD)

Distribution of Final Diagnoses in Synthetic Dataset
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Third Nerve Palsy
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Allergic Conjunctivitis
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Cytomegalovirus (CMV) Retinitis
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Cortical Cataract

Fourth Nerve Palsy

Sixth Nerve Palsy

Chronic Angle-Closure Glaucoma
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Nuclear Sclerotic Cataract
Intermediate Uveitis

Fungal Keratitis
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Figure 4. Distribution of diagnoses in Synthetic dataset.

3.3. By Image Modality

Dissimilarity scores were grouped by image type and compared between image-
assisted and non-image prompts to better understand how different ophthalmic image
modalities influence diagnostic performance. As depicted in Figure 5, image-assisted
prompts generally yielded lower median dissimilarity scores across most modalities.

Notably, the largest decrease in mean dissimilarity score was observed in the Anterior
Segment with Fluorescein modality, from 10.31 (non-image) to 4.99 (image). A similar
trend was noted for the median scores in this imaging modality, which decreased from
12.19 (non-image) to 3.39 (image). The largest mean dissimilarity scores were noted for the
Humphrey Visual Field Result image modality, at 13.61 (non-image) and 12.51 (image). The
only image modality where image assisted diagnoses yielded a higher mean dissimilarity
score than text-only was External Photo, with a score of 3.55 (non-image) and 5.04 (im-
age). Likewise, in this category, median scores also increased from 2.24 (non-image) to
4.43 (image).



J. Clin.

Transl. Ophthalmol. 2025, 3, 25

11 0f 19
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Dissimilarity Comparison for Each Image Type
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%
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Figure 5. Box Plot of Dissimilarity Scores by Image Modality and Model Type (Non-image vs. Image).
The @ symbols in the Anterior Segment Photo And External Photo diagrams represent outliers
(occurring below the lower bound of Q1—1.5xIQR or above the upper bound of Q3+1.5xIQR).

3.4. By Diagnosis Category

Dissimilarity scores were then grouped by diagnostic categories, to assess performance
across different groups of ocular diagnoses. As seen in Figure 6, image-assisted prompts
again produced lower dissimilarity scores across most categories.

The largest decrease in mean dissimilarity score with image-assisted diagnosis was
noted in the Anterior Segment (5.75 vs. 4.10) and Anterior Segment/Posterior Segment
(8.51 vs. 6.82) diagnosis group. Similar trends were noted for the corresponding median
scores of: Anterior Segment (5.59 vs. 3.20) and Anterior Segment/Posterior Segment
(10.68 vs. 8.75). The only category where image assisted diagnosis resulted in a higher
mean dissimilarity score was the Extraocular (7.39 vs. 7.56) diagnosis group. However,
a converse trend was noted in the median scores of this group, with a decrease of 9.01
(non-image) vs. 6.86 (image).

In terms of specific diagnoses, visual data was noted to reduce diagnostic accuracy
in specific cases. For anterior segment photos, dissimilarity scores were higher in Acute
Angle Closure Glaucoma (+5.01), Cortical Cataract (+2.80) and Allergic Conjunctivitis
(+2.22). For fundus photos, dissimilarity scores were notably higher in Arteritic Anterior
Ischaemic Optic Neuropathy (+2.20). For gonioscopic imaging, the highest increase was
noted for Chronic Angle Closure Glaucoma (+5.60). For External /Ocular Motility Photos,
reduced accuracy was observed in Fourth Nerve Palsy (+8.12), Third Nerve Palsy (+5.00)
and Surgical Third Nerve Palsy (+3.00).
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Figure 6. Box Plot of Dissimilarity Scores by Diagnosis Category and Model Type (Non-image vs.

Image). The ® symbols in the Anterior Segment Photo diagram represent outliers (occurring below
the lower bound of Q1—-1.5xIQR or above the upper bound of Q3+1.5xIQR).

3.5. Impact of Chain-of-Thought Reasoning

A total of 14 cases across 10 different diagnoses were identified to have ambiguous

visual features. These cases underwent the additional CoT approach, which was noted to

reduce dissimilarity scores. The Average Dissimilarity scores with and without CoT are

depicted in Table 3.

Table 3. Average Dissimilarity Scores between Image-only and Image + Chain-of Thought (CoT)

Approaches for Selected Diagnoses.

Final Diagnosis

Number of Cases

Average Dissimilarity

Average Dissimilarity

(Image) (Image + COT)
Acute Angle-Closure Glaucoma 3 5.01 0.00
Allergic Conjunctivitis 2 3.02 1.70
T Optc Nouropathy 2 1050 520
Hyphaema 1 12.50 7.50
Chronic Angle-Closure Glaucoma 1 12.20 1.40
Cortical Cataract 1 3.40 0.00
Fourth Nerve Palsy 1 10.00 0.00
Sixth Nerve Palsy 1 6.00 3.00
Surgical Third Nerve Palsy 1 3.00 1.00
Third Nerve Palsy 1 5.00 3.40
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Across the board, the inclusion of CoT prompts resulted in a consistent reduction
in the dissimilarity scores. This was particularly notable in conditions such as Chronic
Angle Closure Glaucoma (12.20 to 1.40) and Arteritic Anterior Ischaemic Optic Neuropathy
(10.50 to 5.20). In addition, notable reductions in dissimilarity scores were seen for all
diagnoses based on 9-gaze photographs.

3.6. Inferential Analysis of Model Comparisons

To determine whether differences in dissimilarity across prompting configurations
were statistically significant, paired Wilcoxon signed-rank tests were applied. Sub-tests
were applied to each diagnostic category (Anterior segment, Posterior segment, Extraoc-
ular) to provide insight on diagnostic accuracy for conditions from each of these groups.
The comparison of dissimilarity scores between Direct vs. Image, and Image vs. CoT
configurations, is represented in Table 4.

Table 4. Paired Wilcoxon Signed-Rank Tests comparing Dissimilarity Scores between Direct and
Image input configurations, and between Image and CoT image configurations.

Diagnosis Category Sample Size Test Statistic p-Value
Direct vs. Image
Overall 100 2068.0 0.116
Anterior Segment 40 179.00 0.271
Posterior Segment 35 215.00 0.719
Extraocular 25 33.50 0.0133
Image vs. CoT

Overall 14 0.0 0.001
Anterior Segment 8 0.0 0.0078
Posterior Segment 2 0.0 0.500
Extraocular 4 0.0 0.125

The addition of image inputs was not found to have a statistically significant improve-
ment in diagnostic accuracy compared to the Direct input configuration for the Overall,
Anterior Segment and Posterior Segment categories. On the contrary, the addition of images
caused a significant increase in the mean dissimilarity score for the extraocular category.

The addition of CoT inputs, however, caused a significant reduction in dissimilarity
scores for both the Overall and Anterior Segment categories. This reduction was not found
to be significant in the Posterior Segment and Extraocular categories.

3.7. Ablation Analysis and Top-k Diagnostic Accuracy Evaluation

An ablation analysis was conducted to evaluate the contribution of visual and rea-
soning components to model performance. We also evaluated diagnostic accuracy using
top-k metrics, where we measure whether the correct diagnosis appears within the model’s
top-k ranked predictions. Specifically, Top-1 accuracy captures the proportion of cases
where the model’s first prediction matches the reference diagnosis, while Top-3 and Top-5
accuracies assess whether the correct diagnosis is present within the top three or five predic-
tions, respectively. Table 5 summarizes the quantitative results across five configurations,
displaying the Top-1, Top-3 and Top-5 accuracy readings.
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Table 5. Summary of Ablation analysis results. Lower dissimilarity and higher accuracy are indicative
of better performance.

Condition Dissimilaritypmean  Top-1 Acc Top-3 Acc Top-5 Acc
Text-only 6.41 +£5.27 0.28 0.42 0.50
Text + Image 5.35 4+ 4.08 0.27 0.50 0.62
Text-only + CoT 747 +4.14 0.35 0.51 0.60
Text + Image + CoT 2.15 4+ 2.55 0.57 0.71 0.71
No Similarity Check 6.49 4+ 6.42 0.28 0.28 0.28

In our ablation study, the full multimodal configuration (Text + Image + CoT) achieved
the highest Top-1 and Top-3 accuracies at 0.57 and 0.71, respectively, compared to 0.28 and
0.42 for the baseline text-only model. Intermediate configurations—such as Text + Image
and Text + CoT—showed incremental gains, while omission of textual consistency filtering
(“No Similarity Check”) resulted in degraded Top-3 accuracy (0.28).

4. Discussion

This pilot study provides three preliminary insights: firstly, that LLMs have the po-
tential to play a supportive role in ophthalmology triage; secondly, that incorporating
multimodal inputs appears to improve diagnostic accuracy; and lastly, that structured CoT
prompting potentially improves diagnostic performance, particularly in visually ambigu-
ous cases. These findings suggest solutions that are important in addressing limitations
in existing LLM use in ophthalmology triage, including inconsistent clinical image inter-
pretation, and inaccurate diagnostic reasoning processes. With recent reviews of LLMs
reporting a rapidly expanding application area but noting heterogeneity in benchmark
design and limited image-based input studies [15], this study offers notable findings which
could significantly influence the way forward for LLMs in ophthalmology triage.

Multimodal inputs were noted to potentially improve diagnostic accuracy in LLM-
assisted triage, as reflected by lower dissimilarity scores compared to text-only prompts.
The average dissimilarity score dropped from 6.353 with text-only inputs to 5.235 when
images were included. While this difference did not reach statistical significance, it does
align with prior findings that multimodal systems can improve clinical decision-making
when images are meaningfully integrated with clinical context [16,17].

However, the benefits of image-assisted diagnosis were not universal, with certain
image modalities showing higher dissimilarity scores than text-only inputs. For example,
the addition of external ocular photographs in image assisted diagnoses resulted in a
statistically significant increase in dissimilarity scores, representing worsening diagnostic
alignment. This phenomenon has been demonstrated in prior studies as well—Mikhail
et al. demonstrated that GPT-4’s diagnostic accuracy was significantly lower when images
were included, compared to text-only inputs [18]. A possible explanation is that LLMs
trained only on general information may lack the depth of domain-specific knowledge
necessary for a specialized task [19]—including the interpretation of complex ophthalmic
images, such as complex or multi-panelled images. Other studies with similar findings give
alternative explanations—such as the reliance of models on textual clues due to modality
dominance rather than grounding in the visual evidence, leading to sidelining of the visual
inputs [20].

4.1. Influence of Image Modality and Diagnosis Category on Dissimilarity

Dissimilarity scores varied across modalities, with anterior segment imaging demon-
strating the greatest improvements. Specifically, fluorescein-stained images led to the
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most pronounced reduction in dissimilarity from 10.31 (text-only) to 4.99 (image-assisted),
highlighting the utility of detailed, high-contrast imaging in surface-level pathologies. Con-
versely, image-assisted diagnosis of conditions requiring complex spatial interpretation,
such as visual field defects, showed smaller improvements in diagnostic accuracy. This
pattern is consistent with recent evaluations of VLMs, which reported that while they
can leverage clear, structured imaging, they perform poorly on neuro-ophthalmic tasks
such as optic disc swelling classification, even when domain-specific models or advanced
prompting strategies are applied [21].

By diagnostic category, the greatest gains were observed in anterior and mixed an-
terior/posterior segment pathologies. On the other hand, diagnostic performance was
diminished for extraocular conditions, such as cranial nerve palsies. A possible expla-
nation is that clinical symptoms of extraocular conditions, such as diplopia or ptosis,
are better conveyed through clinical history and examination findings rather than an
ophthalmic image.

While our study demonstrates the value of a multimodal approach, it is important
to acknowledge that the contribution of imaging may vary significantly across different
ophthalmic sub-specialties. For instance, in neuro-ophthalmology, a sub-specialty with a
heavy emphasis on patient history and neurological signs, a comprehensive analysis of
clinical text alone can be highly effective. A study by Wang et al. found that a simple combi-
nation of patient history and chief complaint could predict a correct neuro-ophthalmology
diagnosis with an accuracy of approximately 90% [22]. This suggests that for certain sub-
specialties like neuro-ophthalmology, focusing on a robust text-only model may be more
efficient and equally accurate, even reducing the risk of misinterpretation of ambiguous
imaging prompts.

4.2. Chain of Thought Reasoning and Its Effect on Diagnostic Dissimilarity

The addition of CoT prompting consistently improved diagnostic accuracy across all
tested conditions. Subgroup analysis revealed that this effect was the most pronounced in
anterior segment diagnoses, while posterior segment and extraocular diagnoses did not
reach statistical significance, likely due to limited sample sizes. Nonetheless, all non-zero
differences favoured the CoT-enhanced approach, suggesting that structured reasoning may
enhance consistency even in anatomically diverse conditions. These results corroborate
earlier studies demonstrating that CoT enhances clinical reasoning by enforcing a stepwise,
hypothesis-driven approach [7,23] capable of mimicking the diagnostic thought process
utilized by specialists in a real-world clinical setting.

In the context of ophthalmology, CoT appears particularly effective in tasks involving
complex diagnostic pathways or ambiguous visual findings, where simple visual-text
alignment is insufficient. While no prior studies have assessed the use of CoT-augmented
LLMs in the specific field of ophthalmology, other studies have verified the utility of CoT in
improving the performance and consistency of LLMs in general diagnostic reasoning [24].

Our results further suggest that CoT may partially mitigate the limitations of
VLMs in underperforming image modalities, such as external eye photographs or vi-
sual fields, by compensating for the lack of granular visual understanding with structured
textual inference.

4.3. Significance of Study Findings

Our multi-modal diagnostic framework, while exploratory in nature, produces results
which signal its potential utility in the future of ophthalmic triage. Firstly, the consistent
improvement in diagnostic accuracy with addition of visual prompts suggests that multi-
modal inputs would achieve superior diagnostic alignment with real-world ophthalmic
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reasoning. With future validation on larger, real-world datasets, VLM-based systems may
show promise as reliable front-line triage tools in the emergency departments or primary
care settings.

Secondly, the study identifies certain ophthalmic diagnoses and imaging modalities in
which the addition of imaging prompts degrades diagnostic accuracy. This underscores the
importance of selecting appropriate modalities when deploying Al models in the real-world
setting. It also reinforces that the deployment of Al-assisted triage should be tailored to
align with the diagnostic utility of specific image types, while highlighting potential areas
for model refinement such as in diagnosis of complex motility disorders, or interpretation
of gonioscopic images.

Thirdly, the integration of CoT prompting further improved diagnostic alignment
especially in cases with ambiguous visual cues or overlapping diagnoses. CoT-augmented
models may thus be of utility to support decision-making in complex referrals, or during
after-hour evaluations where subspecialty expertise is limited.

Lastly, the novel evaluation metric based on SNOMED-CT derived DAG accounts for
semantic and clinical proximity between diagnoses. While still experimental in nature, it
better reflects the realities of diagnostic uncertainty and interrelatedness in ophthalmic
conditions. With the ability to capture this nuance, the model evaluation becomes more
aligned with real-world triage needs where identifying the general category and disease
urgency outweighs the need to diagnose a potentially rare or esoteric condition. The dissim-
ilarity metric further serves as a quantitative indicator of diagnostic concordance between
automated and clinician-assigned labels. While lower dissimilarity scores correspond to
higher triage confidence, higher dissimilarity scores could indicate lower triage confidence,
prompting secondary clinician review.

4.4. Limitations

While the findings of this study are promising, the following limitations must
be acknowledged.

Firstly, the real-world clinical dataset only comprised only 56 cases from a single
restructured hospital. Given the small sample size, the clinical cases were selected con-
secutively rather than via a specific randomized criterion. A small, geographically and
institutionally constrained sample may not reflect broader patient populations, referral
patterns, or documentation styles. External validation on independent cohorts across
multiple centres is needed to assess robustness and transferability.

Secondly, the clinical dataset was also insufficient in terms of the quality of textual
records, precluding its use in the experiments conducted. This prevented us from assessing
the entire pipeline from pre-processing and textual consistency filtering to the performance
of our model in terms of diagnostic triage.

Thirdly, our textual consistency filtering pipeline was based on textual similarity rather
than factual verification and may therefore fail to identify subtle or domain-specific hallu-
cinations. Future work incorporating fact grounding against structured ophthalmology
databases may provide more rigorous hallucination detection.

Fourthly, this study’s reliance on a predominantly synthetic dataset introduces poten-
tial distributional bias. Although each synthetic case was reviewed by ophthalmologists,
generative model phrasing may not fully capture the variability, noise, and incomplete
documentation common in real-world triage notes. This limits the generalisability of our
findings to routine clinical settings. The validation of synthetic cases was also performed
through consensus review rather than independent double review, which precludes the
computation of inter-rater agreement statistics. Future work could incorporate blinded
dual validation to quantify reviewer concordance.
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Fifthly, we did not include a clinician comparator arm or prospective assessment
in actual triage workflows. Without head-to-head evaluation against human graders or
assessment of real-time triage decisions, it remains unclear how the pipeline would perform
under the time pressures and incomplete data of emergency care, limiting conclusions
regarding its readiness for clinical application.

Lastly, while our SNOMED-CT DAG-based dissimilarity metric provides a nuanced
measure of semantic proximity, it has inherent constraints. Uniform edge weighting ignores
varying clinical significance across hierarchical jumps; polyhierarchical concepts may yield
multiple LCAs, and our rule to select the deepest ancestor may not align with all clinical
use cases. Manual mappings were required for a minority of terms not covered by the
ontology, introducing potential mapping errors. A formal sensitivity analysis of the metric
to synonymy, homonymy, and mapping inconsistencies remains for future work.

4.5. Clinical Perspectives and Future Developments

Given the exploratory nature of this study, several areas of future research remain
before the proposed pipeline is ready for clinical deployment in ophthalmology triage. Key
methodological enhancements include the development of a true hallucination detection
workflow capable of identifying subtle or domain-specific factual inconsistencies, and the
integration of continual learning mechanisms to enable adaptation to new disease entities
and evolving diagnostic terminology, thereby maintaining long-term clinical relevance.

A proposed follow-up study would be a prospective, single-centre evaluation of
the pipeline in a real-world setting. This study could be conducted in a tertiary centre
over a defined period, enrolling a minimum of several hundred consecutively selected
emergency eye cases. Unlike the present feasibility study, the prospective phase would
rely entirely on clinician-generated free-text and fundus image data, hence assessing the
model’s performance under operational conditions.

Through a silent deployment of the pipeline in which the model operates concurrently
with routine clinical workflows without influencing triage decisions, comparison of auto-
mated and clinician-assigned diagnoses could be made. This provides a direct measure of
real-world accuracy, interpretability and systemic reliability. Data from this phase would
be useful in calibration of dissimilarity thresholds corresponding to acceptable levels of
diagnostic concordance. Successful completion of this step would provide the necessary
evidence to transition from pilot feasibility to a clinically ready deployment.

5. Conclusions

This pilot study demonstrates feasibility of a multimodal diagnostic framework us-
ing real and synthetic cases, with preliminary results suggesting that image integration
and CoT reasoning may improve diagnostic alignment. Larger real-world datasets and
benchmarking with standard metrics are needed before clinical application. The novel
use of a SNOMED-CT-based DAG metric to evaluate diagnostic dissimilarity shows po-
tential as a more nuanced and clinically relevant performance metric than conventional
classification accuracy.
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