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Abstract
Background

This study aimed to develop and externally validate an instruction-tuned multimodal large language model (MLLM)
for early warning and early diagnosis of dry eye disease (DED) using routinely obtainable clinical data.

Methods

A total of 874 participants were enrolled, including an internal development cohort (n = 743) from Peking University
Third Hospital (October 2024 to August 2025) and an independent external validation cohort (n = 131) from three
additional centers. Participants included both DED and non-DED individuals, diagnosed according to the Chinese
Expert Consensus (2020) and TFOS DEWS Il criteria. We developed DED-MLLM on the basis of Qwen2-VL and
constructed a domain-specific instruction-tuning dataset integrating Ocular Surface Disease Index (OSDI),
Standard Patient Evaluation of Eye Dryness (SPEED), self-reported questionnaires, ophthalmic imaging, and clinical
examination data. Model performance was evaluated for risk stratification and diagnosis under both diagnostic
frameworks, with ablation analyses used to examine the relative contributions of visual and structured clinical
modalities.

Results

Based on the international diagnostic criteria for DED, the model achieved an accuracy of 0.8232 for early warning
(specificity: 0.6873, sensitivity: 0.9558) and an accuracy of 0.9203 for diagnosis (specificity: 0.8776, sensitivity:
0.9720). According to the Chinese diagnostic criteria for DED, the model achieved an accuracy of 0.9584 for early
warning (specificity: 0.9112, sensitivity: 0.9927) and an accuracy of 0.9327 for diagnosis (specificity: 0.8742,
sensitivity: 0.9851). External validation showed AUCs of 0.910 and 0.957 for early warning and 0.960 and 0.893 for
diagnosis. Ablation analyses indicated that structured clinical information contributed most strongly to diagnostic
performance, whereas image-based information provided complementary, interpretable ocular-surface evidence.

Conclusion

The proposed DED-MLLM demonstrates excellent performance in both early warning and diagnosis of DED.

Key points

Problem: Can a multimodal large language model (MLLM) integrate subjective patient-reported outcomes and
objective clinical and imaging data to enable comprehensive early warning and diagnosis of dry eye disease (DED)
across diverse healthcare settings?

Findings: In a multicenter study of 874 participants (internal cohort n=743; external validation n=131 across three
independent centers), DED-MLLM achieved robust discriminative performance for both early warning (AUCs 0.91-
0.96; sensitivity >95%) and diagnosis (AUCs 0.89-0.96) under international and Chinese diagnostic criteria.
Ablation studies confirmed that the integration of structured tabular data—including subjective questionnaires
(OSDI/SPEED) and objective clinical metrics—was essential for diagnostic accuracy (AUC decreased by 0.3 when
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removed). The model demonstrated strong generalizability across external validation sites with varying patient
demographics and clinical workflows.

Significance: These findings suggest that instruction-tuned multimodal large language models can effectively
synthesize heterogeneous subjective and objective data sources for comprehensive DED assessment, providing a
scalable and clinically robust solution to enhance early detection and diagnostic accuracy in both specialized and
community-based ophthalmic care.

1. Introduction

Dry eye disease (DED) is a multifactorial, chronic disorder of the ocular surface that manifests as a spectrum of
symptoms, including dryness, burning sensation, and blurred vision(1, 2). Beyond physical discomfort, DED
substantially impairs visual function, quality of life, work productivity, and psychological well-being(3-6). Its
etiology is complex and involves a wide range of risk factors, including advanced age, systemic comorbidities (e.g.,
diabetes, thyroid disorders, and hypertension), as well as lifestyle-related factors such as poor sleep quality and
depression(3, 5-7). Consequently, DED assessment often depends on the combined interpretation of patient-
reported outcomes, clinical history, and objective ocular surface examinations, including the Ocular Surface
Disease Index (OSDI)(8) and the Standard Patient Evaluation of Eye Dryness (SPEED) questionnaire(9).

The high prevalence and variable presentation of DED create a practical challenge for early recognition and
standardized assessment. Epidemiological studies have reported a wide global prevalence of DED, ranging from
5.8% 10 85.6% (10-12), with a pooled prevalence of 17.0% in China (13). In many regions, high-quality diagnostic
resources, including ocular surface analyzers and tear-related testing devices, remain concentrated in tertiary
centers. Low disease awareness may further delay clinical consultation(14). A body of economic research further
verifies that DED brings heavy financial burdens to patients and healthcare systems, with average annual direct
costs over 400 USD per patient worldwide(15-20). Combined, these clinical, resource and economic barriers
emphasize the critical necessity of efficient early screening and diagnostic tools to deliver timely intervention.

Al-based approaches have been applied to multiple ophthalmic tasks,, including keratitis (21), keratoconus (22)
and glaucoma(23). In DED, Al-based approaches have been developed for automated analysis of tear film breakup
time (24), lipid layer classification (25), meibomian gland morphology(26), and corneal nerve structure(27).
Although these methods are valuable for targeted image or signal analysis, their clinical use may be limited when
DED evaluation requires simultaneous consideration of symptoms, risk factors, examination results, and images.
Therefore, a clinically useful Al framework for DED should not only classify ocular images, but also integrate
structured and patient-reported data that clinicians routinely use in decision-making.

Recent advances in Multimodal Large Language Models (MLLMs) have demonstrated strong reasoning
capabilities in complex medical tasks (28—31). However, conventional fixed-resolution visual encoders (e.g., CLIP
and Vision Transformer (ViT) (32)) may fail to capture fine-grained ocular features, such as corneal punctate
staining and subtle meibomian gland alterations. While domain-specific models such as VisionFM are effective for
image analysis, they lack the capacity to process and integrate clinical text data(33). In contrast, Qwen2-VL
addresses these limitations through its 2D Rotary Position Embedding (RoPE), which enhances spatial awareness
for precise visual interpretation (34), and its strong language understanding abilities for processing unstructured
clinical information. By effectively aligning visual and textual modalities for comprehensive analysis(35), Qwen2-

Page 4/23



VL provides an ideal foundation for multimodal medical applications. Accordingly, this study utilizes Qwen2-VL to
develop a unified framework for the early warning and diagnosis of DED.

In this study, we developed DED-MLLM, an instruction-tuned model designed to integrate ophthalmic imaging with
structured and unstructured clinical information for DED risk stratification and diagnostic support. The study
focused on two practical questions: whether heterogeneous clinical inputs can be organized within a unified MLLM
framework, and whether the resulting model maintains performance across internal and external cohorts under
both Chinese and international diagnostic criteria.

2. Methods
2.1. Ethics

This study was approved by the Medical Science Research Ethics Committee of Peking University Third Hospital
(Protocol Number: M20241030) and was conducted in accordance with the principles of the Declaration of
Helsinki. All applicable ethical guidelines were strictly followed. Written informed consent was obtained from all
patients after a full explanation of the study's purpose and potential implications.

2.2. Patient Selection and Data Collection

Clinical data were collected from four hospitals and organized into two cohorts. The training internal development
cohort comprised 743 patients (1,486 eyes) from Peking University Third Hospital, which was used for model
training and testing. An independent external validation cohort included 131 patients recruited from three centers:
The Second Hospital of Jilin University, Fushun Eye Hospital, and Zhangjiakou First Hospital. Baseline
characteristics were summarized separately for the internal development cohort and the external validation
cohort.

Based on the Chinese Expert Consensus on Dry Eye: Examination and Diagnosis (2020) (36) and the TFOS DEWS Il
Diagnostic Methodology report (37), patients were classified as non-DED or DED by experienced ophthalmologists
using clinical history and ophthalmic imaging findings. Each case was independently reviewed and confirmed. The
ophthalmologists were blinded to the outputs of the deep learning model, including both early warning and
diagnostic results.

Exclusion criteria included active bacterial or viral ocular infection; active or chronic allergic, bacterial, or viral
ocular adnexal infection; infectious keratitis; blepharitis; lagophthalmos; any history of ocular surgery within the
preceding 6 months; and long-term use of ocular medications.

During data collection for the early warning model, all patients attending the dry eye specialist clinic were required
to complete a self-assessment questionnaire, the OSDI questionnaire, and the SPEED questionnaire. The self-
assessment questionnaire collected demographic information, medical history, symptom profiles, and lifestyle
factors (see Supplementary Table S1). A secondary verification step was performed to ensure diagnostic accuracy.
For minor participants, questionnaires were completed with assistance from a parent or legal guardian.

Diagnostic data were derived from OSDI and SPEED questionnaire scores in conjunction with clinical examination
findings. The following objective ophthalmic parameters were collected: morphology of the upper and lower
meibomian glands, anterior segment photography, slit-lamp examination, upper and lower eyelid margin
assessment, anterior segment staining, and other relevant clinical features.
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Ocular images were acquired using a photo slit-lamp system (BX 900, Haag-Streit, Bern, Switzerland) and a corneal
topographer (OCULUS Optikgerate GmbH, Germany). Corneal staining was performed using sodium fluorescein
ophthalmic strips (Meizilin Pharmaceutical Co, Liaoning, China). All images were initially captured in RAW format
to preserve maximal information, then transferred to a personal computer and converted to JPG format
(3456x2304 pixels, 24-bit, RGB). To assess model generalizability, external validation datasets were collected from
three representative clinical centers using heterogeneous imaging systems. Fushun Eye Hospital and Zhangjiakou
First Hospital used slit lamps (Model SLM-6E) and dry eye analyzers (Models DED-2M and DED-1L, Chongging
Kanghua Ruiming, China), while the Second Hospital of Jilin University employed a Takagi anterior segment
imaging system (Takagi Seiko, Japan; equipped with iki-image software at 20-megapixel resolution) and a corneal
topographer (Model 77000, OCULUS, Germany). To ensure consistency of model input, all external images
underwent standardized preprocessing and were resized to match the resolution and RGB format of the internal
set

2.'3. Construction of the Multimodal Deep Learning Model

The MLLM developed in this study comprises three primary feature extraction modules: visual, tabular, and
language embedding modules. Features from these modalities are fused through a Transformer backbone(38). We
adopted the open-source Qwen2-VL as the base architecture, inheriting its advanced visual and language encoding
modules. To accommodate structured medical data (e.g., patient questionnaires and ophthalmic examination
records), we designed a dedicated tabular embedding module. Structurally aligned with the language module, this
component processes tabular inputs that are first converted into JSON format. However, raw structured clinical
data containing specialized terms and numerical values (e.g., ‘OSDI": 34.09, ‘CFS’: 1) present challenges for direct
semantic interpretation. To address this, tabular entries were transformed into natural language descriptions (see
Supplementary Materials), thereby aligning domain-specific medical information with the model’s input space.

Following feature extraction, embeddings from each modality are converted into tokens and concatenated into a
unified multimodal input sequence. The visual embedding module, based on ViT, employs self-attention
mechanisms to capture long-range spatial dependencies in ocular surface images. These image tokens are then
jointly processed with tokenized textual and tabular inputs within the shared Transformer backbone. Through
cross-modal attention, the model learns fine-grained associations between localized image features and
corresponding clinical indicators. This design enables task-oriented feature fusion and decision-making under the
guidance of task-specific prompts, thereby facilitating the joint optimization of heterogeneous data sources. The
resulting model, termed DED-MLLM (Dry Eye Disease-Multimodal Large Language Model), utilizes this integrated
representation to perform multimodal reasoning for both early warning and diagnosis of DED. The overall model
construction workflow is illustrated in Fig. 1.

2.4. Model Tasks

Four tasks were defined: early warning and diagnosis of DED under both international and Chinese diagnostic
criteria. For the early-warning tasks, questionnaire-based and patient-level risk-factor data were used as inputs. For
the early-diagnosis tasks, ophthalmic examination findings and imaging data were additionally incorporated. All
samples were randomly divided into development and test sets at a ratio of 8:2. The overall workflow of model
development is presented in Fig. 2. In addition, ablation studies were conducted to quantify the contribution of
each modality, and external validation was performed to assess model robustness and generalizability. External
validation was conducted after completion of model development, validation, and internal testing. The external
cohort was not used for training, model selection, or threshold determination.
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2.5. Statistical Analysis

Model performance was evaluated using standard metrics derived from the confusion matrix including sensitivity,
specificity, accuracy, and F1-score. All analyses were conducted in Python 3.12. Data processing was primarily
performed using pandas and NumPy, model performance metrics were computed using scikit-learn, and data
visualization was carried out with Matplotlib and Seaborn.

3. Results

We evaluated the performance of our DED-MLLM framework in early warning and DED diagnosis based on both
international (TFOS DEWS Il) and Chinese (2020 Chinese Expert Consensus) diagnostic criteria. Following a
summary of the cohort characteristics (Table 1), the diagnostic efficacy of the model was analyzed, with results
and ROC curves detailed in Table 2 and Fig. 3.
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Table 1

Baseline demographic and ocular surface characteristics of the internal and external validation cohorts. Data are
presented as median (interquartile range) or number (percentage), unless otherwise indicated. Patient-level
variables include age, sex, and revisit status. Eye-level clinical variables were analyzed separately for the internal
cohort from Peking University Third Hospital and the external validation cohort. Abbreviations: DED, dry eye
disease; NIBUT, non-invasive breakup time; FBUT, fluorescein breakup time; IOP, intraocular pressure. Meibomian
gland loss was graded based on the proportion of gland dropout at the eyelid margin: grade 1, loss < 1/3; grade 2,
loss >1/3; grade 3, loss > 2/3.

Characteristic Peking University Third Hospital External validation

Demographics

Age, years 53 (32-69); n =743 60 (52-67); n =131

Sex Female: 502 (67.6%); Male: 241 (32.4%) Female: 94 (71.8%); Male: 37 (28.2%)

Revisit Yes: 101 (13.6%); No: 642 (86.4%) Yes: 13 (9.9%); No: 118 (90.1%)

Clinical examination Eye-level variables; total n = 1,486 eyes vs 262 eyes

Current DED severity Mild: 837 (56.3%); Moderate: 271 Mild: 128 (48.9%); Moderate: 80 (30.5%);
%18.2%) Severe: 342 (23.0%); None: 4 Severe: 30 (11.5%); None: 1 (0.4%); Not
0.3%); Not recorded: 32 (2.2%) recorded: 23 (8.8%)

Corneal fluorescein Right: 1 (0-2), n =731, Left: 1 (0-2),n= Right: 1.0 (0-3), n = 109; Left: 0.5 (0-3),

staining score 729 n=108

Non-invasive breakup  Right: 6.72 (4.59-10.71), n = 582; Left: Right: 1.0 (1.0-1.0), n = 124; Left: 1.0

time (NIBUT), s 6.66 (4.76-10.92), n = 580 (1.0-1.0),n =125

Fluorescein breakup Right: 3.00 (3.00-4.00), n =717, Left: Right: 3.0 (2.0-4.0), n = 56; Left: 3.0

time (FBUT), s 3.00 (3.00-4.00), n =717 (2.0-4.0),n =56

Tear meniscus height  Right: 0.18 (0.15-0.22), n = 713; Left: Right: 0.20 (0.16-0.25), n = 123; Left:

(NIBUT), mm 0.18 (0.14-0.22),n=714 0.21 (0.16-0.25), n = 123

Non-contact Right: 14.90 (13.00-16.00), n =699; Left:  Right: 16 (15-18), n=125; Left: 17 (15—

intraocular pressure, 15.00 (13.00-16.00), n =699 18),n=125

mmHg

Meibomian gland Right: grade 1 (< 1/3): 524 (70.5%); grade  Right: grade 1 (< 1/3) 50 (38.2%); grade

loss at the eyelid 2 (>1/3): 156 (21.0%) rade3 (>2/3):42  2(>1/3):38(29.0%); grade 3 (>2/3): 6

margin 5.7%); no Ioss 4 (0. 5"/% not recorded 17  (4.6%); no loss: 27 20. 6%); not recorded:
2.3% 10 (7.6%)

Left: grade 1 (< 1/3; 521 (70.1%); grade 2 Left: grade 1 (< 1/3): 50 (38.2%); grade 2
>1/3): 159 (21.4%); grade 3 (> 2/3): 43 §>1/3) 40 (30.5%); grade 3 (> 2/3): 4

58%; no loss: 4 (0.5%); not recorded: 16
2.2%

3.1%); no loss: 27 (20.6%); not recorded:
10 (7.6%)
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Table 2

The discriminative performance of DED-MLLM was evaluated on tasks of early warning and diagnosis for dry eye
disease (DED) according to both the international diagnostic criteria (TFOS DEWS Il) and the Chinese diagnostic
criteria (2020 Chinese Expert Consensus). The case proportions are as follows: in the early warning task, 50.87%
(378/743 patients) meet the international criteria and 58.82% (437/743 patients) meet the Chinese criteria; in the
diagnosis task, 43.07% (640/1486 eyes) comply with the international criteria and 52.62% (782/1486 eyes) comply
with the Chinese criteria.

Task Criteria Sample Cases,n AUC Sensitivity  Specificity Accuracy F1-
(n) (%) (95% CI) (95% ClI) (95% Cl)  score
(95%
Cl)
Early International 743 378 0.929 95.58% 68.73% 82.32% 84.36%
Warning patients  (50.87%) (90.61- (44.50- (72.70- (78.48-
100.00) 92.96) 91.95) 90.78)
Chinese 743 437 0.953 99.27% 91.12% 95.84% 96.72%
patients  (58.82%) (96.16— (89.97- (94.08- (95.40-
100.00) 92.28) 97.60) 98.04)
Diagnosis  International 1486 640 0.925 97.20% 87.76% 92.03% 91.49%
eyes (43.07%) (94.71- (85.55- (90.51- (89.88-
99.68) 89.96) 93.54) 93.10)
Chinese 1486 782 0.944 98.51% 87.42% 93.27% 93.89%
eyes (52.62%) (97.69- (85.66- (93.27- (93.06-
99.34) 89.18) 93.27) 94.72)

3.1. Performance in Early Warning and Diagnosis Tasks

In the early-warning task (n = 743 patients), the model demonstrated promising performance based on
questionnaire and risk-factor information. Under the Chinese criteria, DED-MLLM achieved an AUC of 0.953, with a
sensitivity of 99.27% (95% Cl: 96.16—100.00%), a specificity of 91.12% (95% Cl: 89.97-92.28%), and an overall
accuracy of 95.84% (Table 2). Under the international criteria, the model achieved an AUC of 0.929, with a
sensitivity of 95.58% (95% Cl: 90.61-100.00%) and an accuracy of 82.32%.

For the early-diagnosis task (n = 1,486 eyes), the model additionally incorporated ophthalmic examination and
imaging data and maintained robust performance across both standards. According to the international criteria,
DED-MLLM achieved an AUC of 0.925, with a sensitivity of 97.20% (95% Cl: 94.71-99.68%), a specificity of 87.76%
(95% Cl: 85.55-89.96%) and an accuracy of 92.03%. Under the Chinese criteria, the model achieved an AUC of
0.944, with a sensitivity of 98.51% (95% Cl: 97.69-99.34%) and an accuracy of 93.27% for distinguishing DED from
non-DED eyes.

3.2. Interpretability of DED-MLLM

To assess model interpretability, we assessed attention weights assigned to different input features (Fig. 4). In the
early-warning task, "patient age" and "history of ocular diseases" emerged as the most influential predictors under
both diagnostic frameworks. The model also demonstrated adaptive behavior by weighting additional risk factors
differently depending on the diagnostic criteria. For example, under the international criteria, greater importance
was assigned to "occupational environment" and "short-term electronic device use," whereas under the Chinese
criteria, the model emphasized "chronic comorbidities” and "contact lens wear". In addition, attention heatmaps
were generated to visualize the model's focus on ophthalmic images. As shown in Fig. 4c-f, regions with close
attention weights (highlighted in warm colors) corresponded closely to clinically relevant pathological features.
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The model accurately localized hallmark signs of DED, including conjunctival vascular dilation, meibomian gland
obstruction or atrophy, and corneal punctate staining.

3.3. Ablation Studies and External Validation

To further investigate the contribution of different modalities and evaluate model generalizability, we conducted
ablation studies and external validation experiments. The ablation analysis focused on the diagnostic task (Fig. 5
and Table S1). Removal of the image module resulted in only marginal decreases in AUC (0.021 and 0.004 under
the international and Chinese criteria, respectively), with overall accuracy remaining above 91%. In contrast,
removal of the tabular module led to a substantial decline in performance, with AUC values decreasing by
approximately 0.3, highlighting the critical importance of structured clinical data.

For external validation, data were collected from three independent hospitals using heterogeneous imaging
systems. Utilizing the dynamic resolution capability of the Qwen2 backbone, images were processed without
additional preprocessing. As shown in Table S2 and Fig. 6, the model demonstrated strong and consistent
performance across all tasks. In early warning tasks, AUCs reached 0.910 (international criteria) and 0.957
(Chinese criteria). In diagnostic tasks, the model maintained high discriminative ability, achieving AUCs of 0.960
(international criteria) and 0.893 (Chinese criteria), confirming its robustness and effectiveness in diverse real-
world clinical settings. These results describe the relative contribution of each modality and do not independently
assess the relationship between model inputs and the diagnostic reference criteria.

Discussion

In this study, we propose an innovative tabular embedding module specifically designed to integrate structured
clinical data with MLLMs such as Qwen2-VL. This module effectively "translates" structured clinical variables into
natural language representations that are interpretable by the MLLM, enabling semantic-level fusion with
ophthalmic imaging data. The resulting multimodal framework demonstrated excellent performance in both early-
warning and diagnostic tasks for DED, achieving AUC values exceeding 0.92 under both international and Chinese
diagnostic criteria. Moreover, evaluation on an independent external validation cohort confirmed the robustness
and generalizability of the model. By addressing the heterogeneity inherent in multimodal clinical data and utilizing
the strong cross-modal reasoning capabilities of Qwen2-VL, the proposed DED-MLLM provides a viable technical
pathway toward accurate and interpretable Al-assisted diagnosis of DED.

Previous Al research in DED has primarily focused on unimodal analysis, such as blink patterns, corneal staining
images, or tear film breakup time(39-43). Although these approaches perform well in specific settings, they may
not fully reflect real-world clinical reasoning, where physicians integrate symptoms, risk factors, examination
findings, and imaging features. In contrast, DED-MLLM was developed under two widely used diagnostic
frameworks: the TFOS DEWS Il Diagnostic Methodology report37 and the Chinese Expert Consensus on Dry Eye:
Examination and Diagnosis (2020)36. Both emphasize that DED diagnosis requires multimodal assessment rather
than reliance on isolated indicators. Consistent with this principle, our results indicate that integrating
complementary clinical information improves disease representation, in line with prior evidence supporting
multimodal learning in medical Al (44, 45).

The model showed particularly strong performance for early warning under the Chinese diagnostic criteria, with an
internal AUC of 0.953 and an external AUC of 0.957. This is clinically relevant because DED is highly prevalent,
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especially among older adults (10, 46). In addition, discordance between symptoms and signs may delay
consultation and intervention(47). Interpretability analysis identified age, ocular disease history, recent electronic
device use, and occupational environment as influential variables. These factors are consistent with known
epidemiological and behavioral risks for DED(48). Therefore, DED-MLLM may help use patient-reported
information, including OSDI, SPEED, and self-assessment questionnaires, to support low-barrier risk stratification
before comprehensive hospital-based imaging is available.

The ablation results deserve careful interpretation. Removing the tabular module caused a substantial
performance decline, whereas removing the image module produced only a modest decrease. This pattern is
consistent with the clinical nature of DED, which is strongly influenced by subjective symptoms and structured
measures such as OSDI and SPEED. It also indicates that, in the current dataset, the value of DED-MLLM lies
primarily in integrating and interpreting structured clinical information, with imaging acting as a complementary
source for diagnostic confirmation and interpretability. This result should not be viewed as weakening the
multimodal framework, but rather as clarifying which modality carries the greatest diagnostic signal for DED.

Despite these limitations, attention heatmaps indicate that the model successfully focuses on clinically relevant
regions, including scleral vasculature, meibomian gland obstruction, and corneal staining areas, thereby enhancing
its diagnostic capability. Interestingly, the model also identified additional features not traditionally emphasized in
clinical assessment, such as eyelash texture and density, iris pigmentation patterns, and limbal vasculature,
suggesting the potential to uncover novel imaging biomarkers for DED.

Several limitations of this study should be acknowledged. First, the dataset lacks sufficient geographical and racial
diversity, as it was derived from a limited number of centers. Second, due to regional characteristics and the
demographic composition of the study population (predominantly older adults)(49, 50), moderate-to-severe DED
cases were overrepresented, while mild cases were relatively underrepresented. This imbalance may limit the
model's sensitivity to early-stage disease and its ability to capture features across the full severity spectrum. Third,
further improvements in image modality representation and recognition are needed. Future work will focus on
expanding multi-center collaborations to increase data diversity and optimize the model, thereby enhancing its
generalizability and enabling more personalized diagnostic applications. Fourth, Because OSDI, SPEED, and some
ocular-surface findings may overlap with components of the diagnostic criteria, the reported results should be
interpreted as agreement with predefined clinical criteria rather than independent diagnostic superiority.

Conclusion

The proposed DED-MLLM demonstrated promising performance for early warning and early diagnosis of DED. The
model integrated questionnaire and risk-factor information for early warning and incorporated ophthalmic
examination and imaging data for early diagnosis.

Abbreviations

Al

artificial intelligence

AUC

area under the receiver operating characteristic curve
CFS
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corneal fluorescein staining

Cl

confidence interval

DED

dry eye disease

DED-MLLM

dry eye disease multimodal large language model
FBUT

fluorescein breakup time

IOP

intraocular pressure

JSON

JavaScript Object Notation
MLLM

multimodal large language model
NIBUT

non-invasive breakup time

0SDI

Ocular Surface Disease Index
RGB

red-green-blue

ROC

receiver operating characteristic
RoPE

rotary position embedding
SPEED

Standard Patient Evaluation of Eye Dryness
TFOS DEWS I

Tear Film and Ocular Surface Society Dry Eye Workshop Il
UsD

United States dollars

ViT

Vision Transformer.
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Figure 1

(A) This study integrated multimodal data, including images, text, tabular data, and ophthalmological expertise, to

construct a large language model named DED-MLLM. (B) The construction process of the DED-MLLM model is

illustrated. (b1) The modeling strategy and workflow are described. Multimodal fusion techniques were first

employed, followed by multi-task learning methods to further optimize model performance. (b2) The architecture

of the DED-MLLM model for dry eye disease (DED) early warning and diagnosis is shown. DED-MLLM comprises

three feature extraction modules, each specifically designed for a particular data type. (b3) The backbone, visual
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embedding module, and language embedding module of the MLLM were directly inherited from the base model
(Qwen2VL), ensuring consistency and efficiency in processing multimodal data. (b4) (b5) The initial structure and
parameters of the tabular embedding module were derived from the language embedding module. However, due to
the high specialization and complexity of tabular data, fine-tuning was required to ensure alignment between the
tabular data and the knowledge-enhanced text data. (C) Model validation encompassed two primary tasks: DED
early warning and diagnosis. The accuracy of the model in these two tasks was evaluated, and attention values
were utilized to analyze the key influencing factors in the early warning task.
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Figure 2

The flowchart illustrates the development and testing processes for the warning task and diagnosis task. All
experiments were independently repeated 5 times. For each repetition, data splitting and model training were
performed anew, and the final results are reported as the mean values from the 5 repeated experiments, followed
by testing and internal validation testing.

AUC Curves of DED-MLLM Across Four Tasks
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Figure 3
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These figures present the AUC curves of the model across four tasks. Panels (a) and (b) display the results of
early-warning tasks based on international diagnostic criteria and Chinese diagnostic criteria, with AUC values of
0.929 and 0.953, respectively. Panels (c) and (d) illustrate the results of diagnostic tasks based on international
diagnostic criteria and Chinese diagnostic criteria, with AUC values of 0.925 and 0.944, respectively. The results

indicate that the model exhibits excellent diagnostic and early-warning performance, with higher predictive
accuracy when using the Chinese diagnostic criteria.

(a) Attention values of the early-warning model (©)
(Chinese)
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Figure 4

Interpretability analysis of the DED-MLLM. (a-b) Attention weights of patient characteristics in the early-warning
task under Chinese (a) and International (b) criteria. "Patient age" was the most prominently attended feature in
both scenarios. Differences in other weighted features (e.g., electronic device usage behavior vs. comorbid chronic
disorders) reflect the model's adaptation to population heterogeneity across different contexts. (c-f) Visualization
of model attention on ophthalmic images using heatmaps. (c) Full ocular view; (d) Lower eyelid margin; (e)
Meibomian glands; (f) Corneal fluorescein staining. Warm colors (red/orange) indicate regions with high attention

weights. The model focused on pathological signs such as conjunctival vascular dilation, meibomian gland
obstruction/atrophy, and corneal punctate staining.
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AUC Curves for Different Ablation Settings

(a) International Criteria (w/o Imaging) (b) Chinese Criteria (w/o Imaging)
ROC Curve ROC Curve
1.0 G 1.0 1
0.8 0.8
E 0.6 E 0.6
: 2
o o
g 04 g 04
0.2 0.2
— ROC curve (AUC = 0.904) — ROC curve (AUC = 0.940)
rY) 02 04 06 08 1.0 ) 02 04 06 08 10
False Positive Rate False Positive Rate
(c) International Criteria (w/o Tabular) (d) Chinese Criteria (w/o Tabular)
ROC Curve ROC Curve
101 y. 10
08 0.8
k] ]
::'t 06 % 0.6
g 04 € 0.4
02 0.2 1
/ = ROC curve (AUC = 0.624) ',"- = ROC curve (AUC = 0.661)
0.0 T T T 0.0 T T T
0.0 0.2 0.4 0.6 0.8 10 0.0 02 04 0.6 08 10
False Positive Rate False Positive Rate
Figure 5

The figures above present the ROC curves of the model in diagnostic tasks after removing a specific module.
Panels (a) and (b) correspond to the diagnostic task (International) and diagnostic task (China), respectively, after
removal of the image module. The AUC values are 0.904 and 0.940, respectively. Compared with the multimodal
model, the decreases in AUC are minor, at 0.021 and 0.004. Panels (c) and (d) represent the diagnostic task
(International) and diagnostic task (China), respectively, after removal of the tabular module. The corresponding
AUC values are 0.624 and 0.661. In comparison with the multimodal model, the AUC values are reduced by 0.301
and 0.283, respectively.
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AUC Curves for External Validation

(a) Early-Warning Task (International Criteria)  (b) Early-Warning Task (Chinese Criteria)
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Figure 6

The figure above presents the AUC curves of the model across four tasks in external validation. Panels (a) and (b)
display the results of the early-warning tasks according to international standards and Chinese standards, with
AUC values of 0.910 and 0.957, respectively. Panels (c) and (d) illustrate the results of the diagnostic tasks
according to international standards and Chinese standards, with corresponding AUC values of 0.960 and 0.893.
These findings indicate that the model exhibits strong robustness.
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