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Abstract — This study examines the transformative potential of Artificial Intelligence (Al)
in the early diagnosis and prognostic evaluation of Dry Eye Disease (DED), aiming to
elevate the precision of clinical interventions for eye-care specialists. Despite Al’s
promising capabilities, its deployment is hindered by challenges such as diverse diagnostic
inputs, the multifaceted etiology of DED, and the integration of cross-disciplinary
expertise, all of which affect the transparency, reliability, and practical utility of Al-driven
detection systems. Through a thorough analysis of the past five years, we assess datasets,
diagnostic criteria, standardized benchmarks, and cutting-edge Al algorithms central to
DED detection. We organize DED diagnostic strategies into three categories based on their
alignment with Al technologies: (1) methods rooted in established benchmarks or
comparable standards, (2) pioneering Al techniques with distinct advantages, and (3)
supportive approaches enhancing Al-based detection. This research proposes refined
diagnostic protocols, promotes the synthesis of multiple evidence sources, and delineates
future research directions to guide subsequent investigations. By elucidating foundational
insights, innovative methodologies, persistent challenges, and prospective pathways, this
work advances ophthalmic disease detection, highlighting AI’s critical role in both
scholarly inquiry and clinical ophthalmology.

Index Terms — Artificial Intelligence (Al), Dry Eye Disease (DED) detection, multi-
source evidence, ophthalmology, advanced algorithms, diagnostic precision.
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LINTRODUCTION

1.1 Overview and Global Impact

Dry Eye Disease (DED) is a prevalent ocular disorder, widely acknowledged as a primary driver
of ocular surface dysfunction and chronic inflammation [1, 2]. Affecting 5%—30% of the global population
and over 15 million individuals in the United States, DED accounts for approximately 25% of visits to eye
clinics [3-7]. Its severity ranges from mild discomfort to severe impairment, propelled by a complex
interplay of causative factors that contribute to its high incidence and recurrence rates [1, 2, 5]. Beyond
physical symptoms, DED significantly compromises patients’ quality of life, with effects intensified
during the COVID-19 era due to mask-related airflow changes [12-15]. High-risk groups include frequent
digital screen users, contact lens wearers, habitual eye drop users, individuals with irregular sleep habits,
those over 30, and patients with demodex mite infestations [16, 17]. Early signs—such as dryness,
burning, and photophobia—can escalate to critical conditions like corneal ulcers or blindness if not
managed timely [4, 18, 19].

1.2 Pathophysiology and Clinical Relevance

DED results from imbalances in tear film homeostasis, marked by inadequate tear production,
excessive evaporation, or hyperosmolarity, leading to ocular surface damage and inflammation [1-3, 8§,
10]. The tear film, a thin protective layer over the cornea, conjunctiva, and eyelids, comprises three key
strata: the lipid layer (from meibomian glands), the aqueous layer (from lacrimal glands), and the mucin
layer (from conjunctival goblet cells) [21]. Each layer plays a vital role—lipids prevent evaporation,
aqueous fluid nourishes the cornea, and mucin ensures tear stability—and disruptions trigger DED
symptoms. Causes are diverse, including environmental stressors, hormonal shifts, and anatomical issues
like meibomian gland dysfunction [3]. Clinical management often employs anti-inflammatory agents (e.g.,
cyclosporine, corticosteroids) and lubricants, yet persistent challenges like corneal erosion highlight the
need for early detection [3].

1.3 AI’s Emerging Role in DED Management

Traditional DED diagnostics—such as tear break-up time (TBUT), Schirmer’s test, and
meibomian gland imaging—are resource-intensive and inefficient, often delaying effective treatment [20].
Al has revolutionized medical diagnostics, with notable success in ophthalmology for conditions like
myopia, diabetic retinopathy, and glaucoma [22-34]. By leveraging computational analysis of complex
datasets, Al promises rapid, accurate, and reproducible DED detection. This study explores 16 Al-driven
approaches, offering a comprehensive resource for advancing DED research and practice. It surveys recent
progress, categorizes diagnostic methods, compiles datasets and techniques, and addresses challenges and
opportunities, aiming to enhance clinical outcomes.
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Figure 1: Tear Film Structure and DED Progression (Graph)

II. LITERATURE SURVEY

Recent studies have explored DL for disease classification in humans and animals. Girmaw et al.
[9] applied data augmentation and transfer learning, evaluating EfficientNetB7, MobileNetV2, and
DenseNet201. EfficientNetB7 achieved the highest accuracy of 99.01% in multi-class skin disease
classification.

1. Title: "Deep Learning for Dry Eye Disease Diagnosis: A Review of Recent Advances"
Year: 2024
Author: Dr. Jessica Tran, Dr. Michael Hernandez

Methodology: This review paper provides an overview of recent advancements in applying deep learning
techniques for diagnosing dry eye disease. The authors evaluate various deep learning architectures,
including Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), used for
analyzing ocular images and patient data. They discuss different methodologies such as transfer learning,
feature extraction from medical images, and the integration of patient-reported outcomes with imaging
data to enhance diagnostic accuracy. The paper also highlights the integration of multi-source evidence to
improve model performance and address limitations of traditional diagnostic methods.

Demerits:

e The paper may be limited by its focus on a broad overview without in-depth analysis of specific
algorithms or their comparative performance.

e Additionally, it may not cover the latest unpublished or emerging technologies in the field.

e Variability in data quality can significantly affect model performance. Without a detailed
discussion on how to handle such issues, the review may overlook critical factors that influence
the robustness and generalizability of the models.

e Ignoring data quality can lead to a lack of awareness about potential biases in the training datasets,
which can impact the accuracy and fairness of diagnostic models.
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2. Title: "Evaluation of MobileNet for Real-Time Eye Disease Detection"
Year: 2024
Author: Dr. Arun Patel, Dr. Elena Gomez

Methodology: This study explores the application of MobileNet, a lightweight convolutional neural
network, for real-time detection of eye diseases from digital images. The authors preprocess images
through resizing and grayscale conversion, and then apply MobileNet for feature extraction and
classification. The study includes performance metrics such as accuracy, precision, recall, and F1-score to
evaluate the model’s effectiveness in distinguishing between affected and non-affected eyes. The
methodology also involves data augmentation techniques to improve model robustness and
generalizability.

Demerits:

e The study may face limitations related to the generalizability of the model to diverse populations
and varying image qualities.

e Additionally, MobileNet’s lightweight architecture may sometimes compromise classification
accuracy compared to more complex models.

e Challenges related to incorporating MobileNet into clinical workflows, including compatibility
with current diagnostic tools or electronic health record systems, might be overlooked.

e The study might not consider how user interface design and usability impact the practical
deployment and acceptance of the technology by healthcare professionals.

e A non-diverse dataset could lead to biased predictions, affecting the accuracy and reliability of the
model across different demographic groups.

III. TECHNOLOGY REVIEW FOR DETECTING DRY EYE

3.1 Technological Evolution in DED Detection

Al has transformed DED diagnostics by integrating statistical analysis, machine learning (ML),
deep learning (DL), and emerging methods like transfer learning and Generative Adversarial Networks
(GANS). This section explores these technologies, their applications, and their impact.

3.2 Statistical Analysis Methods

Statistical tools like SPSS and MedCalc underpin traditional DED detection, analyzing clinical
variables for insights [49, 50]. A proteomic study of 90 subjects (60 DED, 30 normal) used t-tests to
identify tear protein shifts (e.g., low lactoferrin), aiding early screening [53]. A larger study of 460,611
individuals employed logistic regression to link DED with anxiety (odds ratio 2.8) and depression (2.9),
informing comprehensive care [54]. These methods excel in risk factor analysis but lack AI’s predictive
power.

3.3 Machine and Deep Learning Innovations
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ML and DL enhance diagnostic precision through advanced data processing. Yabusaki et al. [57]
developed an ML model for Interfering Fringe Color images, achieving an F-score of 0.815 and high
clinician concordance. Chase et al. [39] applied VGG16 DL to 27,180 AS-OCT images, surpassing
traditional tests (sensitivity 86.36%, specificity 82.35%). Zhang et al. [61] used U-net and ResNet on 509
blink videos, achieving 96% accuracy in detecting DED-specific blink patterns. These approaches offer
consistency and scalability.

3.4 Cutting-Edge Al Techniques
o Transfer Learning: Abdelmotaal et al. [63] used ResNet50V2 on 244 Keratograph 5SM videos,
achieving an AUC of 0.98, identifying the lower paracentral cornea as a key region.
o Reinforcement Learning (RL): Though nascent in DED, RL’s success in medical imaging (e.g.,
lung cancer [66]) suggests potential for optimizing diagnostic workflows [65].
e Generative Adversarial Networks (GANs): Khan et al. [71] enhanced meibomian gland images
with GANs, improving quality for diagnosis.

3.5 Comparative Performance
Al methods outperform traditional diagnostics in speed and accuracy, though they require robust data and
computational resources.

B Accuracy M Precision Specificity
100 —

Score

| | | | I
NAS-Net Xception  Mobile Net VGG16 Proposed DFP

Figure 2: Performance Comparison of Al Techniques (Graph)
IV. RESULT & DISCUSSION

Classification Based on Multi-Source Evidence of AI Applied to DED Research

Based on the appropriateness of each test for integration and analysis with Al this study categorizes the
methods into three distinct groups. Category I includes ground truth and/or comparable criteria that serve
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as reliable measures for Al-based DED detection. Among these, TBUT, SIT, TMH, OSDI, and CFS scores
are widely recognized as acceptable, conventional, and representative methods for DED detection.
Category II comprises methods with the potential for Al-based DED detection. Al exhibits significant
advantages in medical digital data detection tasks compared to human beings, particularly when handling

large amounts of data. Al serves as a supportive tool for healthcare professionals, enabling rapid and

accurate processing and analysis of medical data on a scale that would be challenging for humans to
achieve.

4.1 Established Benchmark Methods
4.1.1 Definition and Scope

Methods rooted in established benchmarks rely on clinically validated metrics such as tear break-up time
(TBUT), Schirmer’s test, Tear Meniscus Height (TMH), and the Ocular Surface Disease Index (OSDI)
questionnaire [39]. These standards serve as the “ground truth” against which Al algorithms are trained
and evaluated, ensuring alignment with traditional ophthalmic practice. For instance, TBUT measures the
time taken for the tear film to destabilize post-blink, while Schirmer’s test quantifies tear production via
filter paper absorption—both are widely accepted diagnostic pillars [20].

4.1.2 Applications in Al

Al enhances these methods by automating data analysis and reducing subjectivity. Chase et al. [39] utilized
VGG16 deep learning (DL) models to analyze 27,180 anterior segment optical coherence tomography
(AS-OCT) images, benchmarking results against TBUT and OSDI scores. Their model achieved a
sensitivity of 86.36% and specificity of 82.35%, demonstrating how Al can replicate and refine traditional
outcomes. Similarly, statistical correlations between OSDI scores and Al-predicted DED severity provide
a bridge between patient-reported symptoms and objective measures [54].

4.1.3 Strengths and Limitations

The primary strength of benchmark-based methods lies in their reliability and clinical acceptance, offering
a trusted foundation for Al validation. However, they inherit the inefficiencies of manual diagnostics—
TBUT requires fluorescein dye and slit-lamp observation, while Schirmer’s test is invasive and time-
consuming [20]. Additionally, these methods may overlook subtle DED indicators not captured by
standard metrics, limiting their scope in early detection.

4.2 Advanced Al-Driven Approaches

4.2.1 Overview and Innovation

Advanced Al-driven techniques leverage cutting-edge imaging and computational methods—such as
meibomian gland images, optical coherence tomography (OCT), In Vivo Confocal Microscopy (IVCM),
and blink video analysis—to push the boundaries of DED detection [35, 41, 63]. These approaches harness
machine learning (ML), deep learning (DL), and transfer learning to identify patterns imperceptible to
traditional diagnostics, offering non-invasive, high-sensitivity alternatives
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4.2.2 Specific Examples and Techniques

e Meibomian Gland Imaging: The MGD-1k dataset, with 1000 infrared images, enables DL
models to detect gland dropout and morphological changes indicative of meibomian gland
dysfunction (MGD), a key DED contributor [45]. Khan et al. [71] further enhanced these images
using Generative Adversarial Networks (GANSs), improving boundary clarity for diagnosis.

o Blink Video Analysis: Zhang et al. [61] applied U-net and ResNet to 509 blink videos, achieving
96% accuracy in identifying incomplete blinks—a subtle DED marker linked to tear film instability
[41].

e OCT and IVCM: Abdelmotaal et al. [63] used transfer learning with ResNet50V2 on 244
Keratograph 5M surface videos, pinpointing the lower paracentral cornea as a critical DED region
(AUC 0.98), while IVCM images reveal corneal nerve damage [40].

4.2.3 Advantages and Challenges

These techniques excel in sensitivity, non-invasiveness, and the ability to detect early or atypical DED
signs, such as gland atrophy or blink anomalies. Their reliance on large, high-quality datasets and
computational resources, however, poses challenges. For instance, training DL models on MGD-1k
requires significant preprocessing to handle image variability [45], and generalizability across diverse
populations remains untested.

4.3 Supportive Diagnostic Techniques
4.3.1 Role as Complementary Tools

Supportive methods—such as tear osmolarity analysis, proteomic profiling, and demographic
correlations—act as auxiliary tools that enrich Al-based detection [53, 112]. While not standalone
diagnostics, they provide additional layers of evidence that enhance Al model accuracy and
interpretability.

4.3.2 Detailed Applications

e Tear Osmolarity: Measuring tear salt concentration (e.g., >308 mOsm/L in DED) correlates with
disease severity and complements imaging-based Al outputs [112]. Devices like the TearLab
Osmolarity System offer rapid, point-of-care data integrable with Al predictions.

o Proteomic Profiling: A study of 90 subjects identified tear protein alterations (e.g., reduced
lactoferrin, increased inflammatory markers) via mass spectrometry, providing molecular insights
for Al classification [53].

o Demographic and Lifestyle Data: Logistic regression on 460,611 individuals linked DED to
anxiety, depression, and screen time, offering contextual variables that Al models can incorporate
for personalized risk assessment [54].

4.3.3 Benefits and Constraints
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These methods add diagnostic depth—osmolarity reflects physiological changes, proteomics uncovers
biomarkers, and demographics contextualize risk. Their standalone diagnostic utility is limited, however,
requiring integration with imaging or benchmark data to maximize impact. Additionally, proteomic

analysis demands specialized equipment, restricting accessibility.

4.4 Multi-Source Integration Potential
4.4.1 Rationale for Integration

DED’s multifactorial nature—spanning tear film instability, gland dysfunction, inflammation, and
environmental triggers—necessitates a holistic approach. Integrating ground truth standards, Al-driven
techniques, and supportive methods could yield a comprehensive diagnostic framework, combining
clinical reliability, technological innovation, and molecular/contextual insights.

4.4.2 Proposed Framework

A multi-source model might fuse TBUT-validated DL outputs (e.g., from [39]) with meibomian gland
image analysis (e.g., [45]) and tear osmolarity data (e.g., [112]). For example:

o Step 1: Use TBUT and OSDI as initial benchmarks to establish DED presence.

o Step 2: Apply DL on OCT or blink videos to quantify severity and detect subtle signs.

o Step 3: Incorporate osmolarity and proteomic data to confirm inflammation and refine prognosis.
Such a system could achieve higher accuracy (e.g., >90%) and enable personalized treatment plans,
addressing gaps in single-method approaches.

4.4.3 Current Progress and Future Needs

Preliminary efforts show promise—e.g., combining OSDI with OCT-based DL [39] or proteomics with
imaging [53]—but full integration remains underdeveloped. Challenges include data harmonization (e.g.,
aligning video frames with osmolarity readings), computational complexity, and the need for
interdisciplinary collaboration. Future research should prioritize standardized protocols and multi-center
trials to validate this approach across diverse cohorts.

Table 1: Classification of AI-Based DED Detection Methods

Category Examples Strengths Limitations |Reference
Ground Truth TBUT, OSDI, Reliable, clinically Time-consumin [39]
Standards Schirmer’s validated g
AI-Dri.V6n M§ib0rr.1ian images, High .sensitivity, non- Data-intensive (35, 63]
Techniques Blink videos invasive
Supplementary Adds depth, molecular ||Limited standalone

Osmolarity, Proteomics [53, 112]

Methods
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The displayed Figure 6 are ROC (Receiver Operating Characteristic) curves, illustrating how well
different classification models perform at various threshold levels. Each colored line represents a distinct
model or validation fold, showing the relationship between the True and False Positive rates. The curves
in both figures indicate models with high predicted accuracy, which closely resemble the upper-left corner.
Compared to the other models, the green line suggests poorer performance and rises more slowly. Random
guessing performance is represented by the diagonal dashed line, which acts as a baseline. The second
plot shows more closely grouped curves close to the optimal top-left corner, indicating better model
consistency and less variability when comparing the two photos. Overall, the curves' high location
indicates excellent model performance, with few false positives and highly accurate favourable rates.
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FIG. 3: CLUSTER ANALYSIS IN NORMAL AND DED EFFECT PERSONS
V.DISCUSSION

The integration of Artificial Intelligence (Al) into Dry Eye Disease (DED) detection represents a paradigm
shift in ophthalmic diagnostics, offering unprecedented opportunities to enhance accuracy, efficiency, and
patient outcomes. This expanded discussion evaluates the current landscape of Al-driven DED detection,
highlights key achievements, dissects persistent challenges, and explores a wide array of future directions.
By synthesizing findings from datasets, technological advancements, and multi-source classification, this
section aims to provide a holistic perspective on AI’s role in addressing DED—a condition with significant
global health and economic implications.

5.1 Current Landscape and Achievements
5.1.1 Transformative Impact of Al

Al has fundamentally reshaped DED detection by transcending the limitations of traditional diagnostics
like tear break-up time (TBUT) and Schirmer’s test, which rely heavily on manual observation and
subjective interpretation [20]. Over the past five years, as evidenced by the 16 approaches reviewed, Al
has introduced consistency, scalability, and precision to the field. For instance, deep learning (DL) models
like VGG16 applied to 27,180 AS-OCT images achieved sensitivity and specificity exceeding 82%,
closely aligning with clinical benchmarks while reducing diagnostic time [39]. Similarly, machine
learning (ML) analysis of Interfering Fringe Color images yielded an F-score of 0.815, demonstrating high
concordance with expert assessments [57]. These advancements underscore Al’s ability to streamline
workflows and enhance diagnostic reliability.

5.1.2 Dataset Diversity and Accessibility

The proliferation of diverse datasets—such as the MGD-1k meibomian gland images [45], TBUT videos
[20], and blink video collections [41]—has been a cornerstone of Al’s success. Open-source repositories
like MGD-1k, with 1000 images freely available, have democratized access, enabling researchers
worldwide to develop and refine algorithms [45]. Meanwhile, specialized datasets like [VCM images from
177 participants provide microstructural insights into corneal nerve changes, enriching AI’s diagnostic
scope [40]. This diversity has facilitated the identification of subtle DED markers—e.g., incomplete blinks
or gland dropout—that traditional methods often overlook.

5.1.3 Broader Clinical Implications

Beyond technical achievements, AI’s impact extends to clinical practice. By linking DED to comorbidities
like anxiety and depression (odds ratios of 2.8 and 2.9, respectively, in a 460,61 1-person study [54]), Al-
driven statistical models inform holistic treatment strategies. Furthermore, non-invasive techniques like
blink video analysis [61] reduce patient discomfort, improving compliance and early intervention rates.
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Collectively, these advancements position Al as a vital tool for addressing DED’s high prevalence (5%—
30% globally [3-7]) and its associated quality-of-life burdens [12, 13].

5.2 Persistent Challenges
5.2.1 Data Heterogeneity and Quality

A primary obstacle to Al adoption in DED detection is the heterogeneity of diagnostic data. Datasets vary
widely in format (e.g., videos vs. static images), collection protocols (e.g., slit-lamp vs. OCT), and sample
sizes (e.g., 40 patients in CFS [44] vs. 1000 images in MGD-1k [45]). This variability complicates model
training and generalization, as algorithms optimized for one dataset (e.g., TBUT videos [20]) may
underperform on another (e.g., IVCM images [40]). Additionally, data quality issues—such as poor
lighting in meibomian gland images or motion artifacts in blink videos—necessitate preprocessing,
increasing computational demands [71].

5.2.2 Ethical and Privacy Concerns

The use of patient-derived data raises significant ethical challenges. Ophthalmic images and demographic
records, often containing sensitive information, require stringent privacy protections under regulations
like GDPR or HIPAA. The base paper’s datasets, such as those requiring author permission [46], highlight
access barriers that may exclude smaller research groups, potentially skewing innovation toward well-
funded institutions. Moreover, Al’s “black box nature—where decision-making processes are opaque—
poses trust issues for clinicians and patients, particularly in high-stakes diagnostics like DED, where
misdiagnosis could lead to severe outcomes (e.g., corneal ulcers [4]).

5.2.3 Lack of Universal Standards

The absence of standardized diagnostic criteria for DED hinders Al development. Traditional benchmarks
like TBUT and OSDI vary in application across clinics (e.g., TBUT cutoffs range from 5 to 10 seconds
[20]), and Al-driven methods lack consensus on performance metrics (e.g., accuracy vs. AUC). This
fragmentation limits interoperability and comparative evaluation, as seen in the differing focuses of
statistical [53], ML [57], and DL [39] approaches. Without unified standards, integrating multi-source
evidence into a cohesive system remains elusive.

5.2.4 Interdisciplinary Integration Barriers

DED’s complexity—spanning ophthalmology, data science, and engineering—demands collaboration, yet
disciplinary silos persist. Ophthalmologists may lack the computational expertise to refine Al models,
while data scientists may not fully grasp DED’s clinical nuances. This gap slows the translation of research
(e.g., GAN-enhanced imaging [71]) into practical tools, delaying real-world impact.

5.3 Opportunities and Future Directions

5.3.1 Multi-Source Evidence Integration
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A key opportunity lies in synthesizing the three classified method categories—ground truth standards, Al-
driven techniques, and supportive approaches—into a unified framework. Combining TBUT-validated
DL outputs [39] with meibomian gland image analysis [45] and tear osmolarity data [112] could enhance
diagnostic accuracy beyond standalone methods. For example, a hybrid model might use DL to detect

gland dropout, osmolarity to confirm inflammation, and OSDI to contextualize patient symptoms,

achieving a holistic view of DED severity and progression. Pilot studies integrating proteomics with
imaging [53] suggest this approach could reach accuracies exceeding 90%, warranting larger trials.

5.3.2 Advancements in Emerging AI Techniques

Emerging methods like reinforcement learning (RL) and Generative Adversarial Networks (GANSs) offer
untapped potential. RL, successful in optimizing medical imaging workflows (e.g., lung cancer detection
[66]), could adaptively refine DED diagnostic strategies—e.g., prioritizing blink analysis over TBUT
based on initial findings. GANs, already used to enhance meibomian gland images [71], could extend to
generating synthetic OCT or IVCM datasets, addressing data scarcity in underrepresented populations.
Expanding these techniques requires DED-specific research to validate their efficacy and scalability.

5.3.3 Personalized Diagnostics and Treatment

Al’s adaptability enables personalized DED management, a critical need given the disease’s diverse
etiologies (e.g., screen time vs. hormonal changes [16, 17]). By incorporating demographic data [54],
lifestyle factors, and molecular profiles [53], Al could tailor interventions—e.g., recommending lubricants
for screen users or anti-inflammatories for MGD patients. This precision approach could reduce recurrence
rates and improve patient quality of life, aligning with broader trends in personalized medicine.

5.3.4 Global Validation and Accessibility

Validating Al models across diverse populations—beyond the primarily Asian and European cohorts in
current datasets (e.g., China [41], Italy [44])—is essential for global applicability. Multi-center studies
spanning North America, Africa, and South Asia could address racial and environmental variations in
DED presentation. Additionally, developing low-cost Al tools (e.g., smartphone-based blink analysis)
could extend diagnostics to underserved regions, tackling the 25% clinic visit rate in high-prevalence areas
[3-7].

5.3.5 Ethical and Standardization Frameworks

Addressing ethical concerns requires transparent Al design (e.g., explainable models) and robust data
governance. Establishing universal DED diagnostic standards—e.g., a consensus TBUT cutoff or a
standardized AI performance metric—would facilitate benchmarking and integration. Collaborative
initiatives, such as an international DED-AI consortium, could drive these efforts, fostering
interdisciplinary synergy and accelerating adoption.

5.3.6 Economic and Societal Impact
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Beyond clinical benefits, Al-driven DED detection could reduce healthcare costs by minimizing
unnecessary tests and optimizing treatment timelines. Given DED’s economic burden—estimated at
billions annually due to lost productivity [13]—scalable Al solutions could yield significant societal

returns, particularly in aging populations where prevalence rises [16].

VI.CONCLUSION

This study highlights the transformative potential of Artificial Intelligence (Al) in advancing Dry
Eye Disease (DED) detection, presenting a comprehensive analysis of methodologies, datasets, and
technological innovations over the past five years. By reviewing 16 Al-driven approaches—ranging from
statistical analysis to deep learning and emerging techniques like GANs—and compiling critical datasets
such as MGD-1k and TBUT videos, this work underscores AI’s ability to enhance diagnostic precision,
uncover subtle disease markers, and improve clinical outcomes for a condition affecting millions globally
[3-7, 39, 45, 71]. The proposed classification of methods into ground truth standards, Al-driven
techniques, and supportive approaches offers a structured framework for integrating diverse evidence,
addressing challenges like data heterogeneity and ethical concerns, and setting the stage for future
advancements in ophthalmic care. Looking forward, Al promises to revolutionize DED management by
enabling personalized, globally accessible diagnostics through multi-source integration, advanced
algorithms, and validation across diverse populations. This study calls for collaborative efforts among
researchers, clinicians, and policymakers to overcome current barriers—such as standardization gaps and
interdisciplinary silos—while leveraging opportunities like low-cost tools and transparent Al design to
ensure equitable benefits [66, 112]. By bridging technical innovation with clinical practice, Al can
transform DED from a pervasive challenge into a manageable condition, ultimately enhancing patient
well-being and contributing to the broader evolution of technology-driven healthcare.
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