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Objective: To validate “Glandy LID,” a novel marker-free, deep learning—based software designed for the auto-
mated assessment of eyelid morphology using intrinsic corneal diameter for calibration.
Design: Multicenter retrospective study.
Participants: The internal validation cohort consisted of 119 patients with thyroid eye disease (TED) from Seoul 

National University Bundang Hospital (South Korea). The external validation cohort included 140 patients from Hos-
pital Universitario Virgen Macarena (Spain).
Methods: An artificial intelligence (AI) algorithm segmented eyelid and corneal regions from facial photographs. 

Eyelid metrics were calculated using population-specific corneal diameters as a reference scale for pixel-to-millimeter 
conversion. The internal cohort utilized digital single-lens reflex images compared against ground truth derived from 
physical markers. The external cohort utilized smartphone-captured images compared against clinical medical re-
cords to assess clinical generalizability.
Main Outcome Measures: Geometric precision was assessed using Intersection over Union. Accuracy of quan-

titative measurements (margin reflex distance 1 [MRD1] and 2 [MRD2]) was evaluated using Pearson correlation co-
efficient (PCC), mean absolute error, and mean absolute percentage error (MAPE).
Results: In the internal validation, the AI system demonstrated high geometric precision (Intersection over Union 

0.94). Quantitative measurements showed excellent agreement with the ground truth, achieving a PCC of 0.98 for 
MRD1 and 0.94 for MRD2, with low MAPEs of 5.69% and 4.57%, respectively. In the external validation using smart-
phone images without markers, the system maintained high reliability. For MRD1, it achieved a PCC of 0.94 and a 
MAPE of 9.06%. Although MRD2 showed a slightly higher MAPE (15.07%), likely due to manual measurement variability 
in clinical records, the correlation remained strong (PCC 0.93).
Conclusions: This AI system provides an accurate and robust automated solution for eyelid measurement without 

the need for physical reference markers. By overcoming the limitations of manual assessment and marker-based 
systems, this tool offers a practical and accessible method for objectively monitoring TED in both routine clinical 
practice and remote health care settings.
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Lid retraction is the most common clinical sign of thyroid 
eye disease (TED) and serves as a critical indicator of both 
its activity and severity. 1—3 The standard method for 
quantitatively assessing upper eyelid retraction is the mea-
surement of the margin reflex distance 1 (MRD1). 4 While 
standardized protocols for manual measurement can yield 
low intraobserver and interobserver variability, their 
reliability is subject to several challenges. These include a

learning curve for clinicians and numerous potential 
confounders, chief among which is the patient’s 
physiological response to light. 5,6 The direct shining of a 
light to measure MRD1 often causes patients to squint, 
altering the very measurement being taken. Although 
mitigation techniques like shining a penlight on the 
forehead exist, these procedural complexities and inherent 
potential for variability can lead clinicians to rely on
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subjective visual estimation, compromising the 
reproducibility and accuracy of the assessment.

To address these limitations, artificial intelligence (AI) is 
being increasingly leveraged, particularly in the field of 
ophthalmology where its potential is rapidly being recog-
nized. 7—12 “Glandy LID” (THYROSCOPE INC.) is an AI-
based medical device software developed to overcome the 
challenges of manual assessment. From a single frontal 
facial photograph, it automatically quantifies a comprehen-
sive set of metrics for lid retraction, including not only the 
conventional MRD1 but also the mid-pupil to lid distance 
(MPLD), mean upper eyelid height, maximum eyelid height, 
and the ocular surface area. Furthermore, it provides visuali-
zation of the eyelid contour, allowing for a more qualitative 
assessment of its shape and changes over time. These capa-
bilities are enabled by a deep learning algorithm that precisely 
segments the eyelid and corneal regions from the image. 

This study aims to comprehensively validate the AI soft-
ware, “Glandy LID,” through two distinct validation phases. 
First, we present the results of a pivotal internal validation (the 
domestic clinical trial) that served as the basis for regulatory 
approval by the Korean Ministry of Food and Drug Safety. 
This phase was designed to rigorously establish the core ac-
curacy and geometric precision of the algorithm within a 
controlled environment. Second, we present an external vali-
dation conducted on an independent Spanish patient cohort to 
evaluate the software’s generalizability across different eth-
nicities and its robustness in real-world clinical settings using 
smartphone photography. By combining these two distinct 
objectives, we seek to establish “Glandy LID” as a reliable 
and versatile tool for objective TED assessment.

Methods

Study Design and Data Set

This multicenter retrospective study was designed to validate the 
performance of the AI-based eyelid analysis software, “Glandy 
LID,” by addressing two primary validation objectives. Phase 1 
(internal validation) focused on verifying technical precision 
against a high-resolution digital gold standard (digital single-lens 
reflex with physical markers) to meet regulatory performance 
standards. The data set obtained from Seoul National University 
Bundang Hospital (SNUBH) in Seongnam, Korea, comprised a 
total of 519 patients diagnosed with, or suspected of having, TED 
who visited the clinic between August 2013 and July 2023. This 
SNUBH cohort was divided into a training set of 400 patients, 
used to develop and optimize the algorithm, and an internal vali-
dation set of 119 patients. For the internal validation set, digital 
facial images were captured using a digital single-lens reflex 
camera at a 1-m distance with a 5 mm circular reference marker 
attached to the patient’s face for precise ground truth calibration. 

Following this rigorous internal validation, phase 2 (external 
validation) was conducted to assess the system’s clinical gener-
alizability and performance in a variable environment using 
smartphone-captured images without external markers. For this 
phase, an initial pool of 1614 images was retrospectively screened 
from patients diagnosed with, or suspected of having, TED at 
Hospital Universitario Virgen Macarena in Seville, Spain, between 
September 2021 and May 2024. After a manual retrospective re-
view, 495 images were excluded due to inappropriate data types 
(e.g., electronic medical record [EMR] screen captures),

nonfrontal poses, or significant processing limitations such as 
blinking or insufficient contrast. This resulted in a final curated 
data set of 1119 images from 140 patients. Unlike the internal data 
set, these images were acquired using various smartphone cameras 
without reference markers, relying on clinical medical records for 
ground truth to reflect real-world clinical practice.

This study was approved by the Institutional Review Board 
(IRB) and Ethics Committees of SNUBH (IRB No. 2107-709-101) 
and Hospital Universitario Virgen Macarena (IRB No. SICEIA-
2025-000843). Informed consent was waived by the IRB due to 
the retrospective nature of the study. All experiments were per-
formed following the relevant guidelines and regulations. The 
study adhered to the tenets of the Declaration of Helsinki. All 
images and clinical data were anonymized prior to analysis.

Ground Truth Establishment

To comprehensively validate the AI system, we established the 
ground truth (reference standard) using the following two distinct 
methodologies, tailored to the specific objectives of the internal 
and external validations:

• Internal validation (precision assessment): for the internal 
validation at SNUBH, a rigorous reference standard was 
established to verify the algorithm’s geometric accuracy and 
adherence to regulatory performance standards. Prior to 
image acquisition, a circular sticker with a diameter of 5 mm 
was attached to the patient’s face. The physical diameter of 
the sticker was verified using medical calipers to ensure 
precise pixel-to-millimeter calibration. An experienced 
oculoplastic surgeon manually annotated the boundaries of 
the eyelids and cornea on the digital images. Based on these 
manual annotations and the 5-mm reference scale, the 
ground truth values for MRD1 and margin reflex distance 2 
(MRD2), MPLD at various angles, and ocular surface area 
were calculated. These values served as the gold standard 
for comparison with the AI outputs.

• External validation (real-world clinical assessment): for the 
external validation at Hospital Universitario Virgen Mac-
arena, the study aimed to evaluate the system’s perfor-
mance in a routine clinical environment where reference 
markers are not typically used. Therefore, images were 
captured without facial calibration stickers, reflecting 
standard outpatient photography. The ground truth was 
defined as the clinical measurements (e.g., MRD1 and 
MRD2) recorded in the patients’ EMR. These values were 
obtained by ophthalmologists using conventional manual 
measurement techniques (e.g., millimeter ruler) during 
clinical examinations. This approach allowed for the 
assessment of the AI’s agreement with standard clinical 
practice.

Development of AI Algorithm

The “Glandy LID” software was developed to precisely quantify 
palpebral fissure geometry, including lid contours and associated 
metrics such as lengths and areas. The core of the system consists of 
two independent semantic segmentation models based on the Bilat-
eral Segmentation Network architecture, a lightweight framework 
optimized for real-time, high-resolution semantic segmentation.

To ensure analysis reliability, the software incorporates a built-
in quality control module. This module targets images that meet a 
minimum resolution requirement of 7 megapixels and evaluates 
image suitability based on the Face Quality Score as defined in 
International Organization for Standardization 29794-5. 13 

Specifically, the system verifies image quality using quantitative
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metrics including lighting symmetry, brightness, contrast, Global 
Contrast Factor, exposure, blur, and sharpness. Images that fail 
to meet these quality thresholds are automatically rejected prior 
to segmentation to minimize measurement errors caused by 
suboptimal acquisition conditions.

Following quality verification, the independent semantic seg-
mentation models delineate the palpebral fissure and the cornea. 
The corneal segmentation model fulfills two critical functions: 
first, the segmented corneal contour provides an estimate of the 
pupil center, which is essential for calculating MRD1, MRD2, and 
MPLDs; second, the corneal radius derived from the segmentation 
enables pixel-to-millimeter conversion by applying population-
specific average corneal radii stratified by sex and ethnicity. 14,15 

Specifically, gender-specific averages were applied for the inter-
nal Korean cohort (11.47 mm for males; 11.17 mm for females), 16 

while a unified average of 11.86 mm was applied for both males 
and females in the Spanish cohort. 17

The palpebral fissure and cornea models were trained inde-
pendently using a dataset of 1350 facial images, comprising 400 
clinical photographs of patients with TED collected at SNUBH 
and 950 smartphone-based images from adult volunteers (pri-
marily healthy controls) affiliated with THYROSCOPE INC., 
following a standardized imaging protocol. This hybrid training 
approach was employed to simultaneously capture specific TED-
related pathological features from clinical data and ensure envi-
ronmental robustness against diverse smartphone imaging condi-
tions. All images were resized to 512 × 512 pixels, with a 448 × 
448 random crop used as the final input. For each task, the data set 
was randomly partitioned into training (85%) and validation 
(15%) subsets. Training was conducted for up to 200 epochs, 
selecting the model with the lowest validation loss as the final 
version. To supervise learning across Bilateral Segmentation 
Network’s three output scales (out, out16, out32), the Online Hard 
Example Mining Cross-Entropy Loss was computed for each 
output and summed to form the final objective; this loss function 
was chosen for its effectiveness in handling small and challenging 
anatomical boundaries. Finally, to ensure robustness against var-
iations in lighting, camera type, and facial presentation, extensive 
data augmentation techniques were employed during training, 
including random resizing with preserved aspect ratio, random 
cropping, horizontal flipping, random scaling, and color jitter ad-
justments for brightness, contrast, and saturation.

Statistical Analysis

The performance of the AI algorithm was evaluated by comparing 
its automated measurements against the established ground truth 
for each dataset. For the internal validation, the agreement be-
tween the AI-predicted values (calibrated using gender-specific 
corneal diameters) and the precise manual ground truth (cali-
brated using the 5-mm reference sticker) was assessed using the 
Pearson correlation coefficient (PCC), mean absolute error 
(MAE), and mean absolute percentage error (MAPE). Addition-
ally, the geometric accuracy of the segmentation masks for 
determining the ocular surface area was evaluated using the 
Intersection over Union. The performance criteria for regulatory 
approval were defined as a PCC ≥0.9, MAPE ≤0.1, and Inter-
section over Union ≥0.9. For the external validation, the agree-
ment between the AI-predicted values (calibrated using a unified 
corneal diameter) and the clinicians’ measurements recorded in the 
EMR was similarly analyzed using the PCC, MAE, and MAPE to 
verify the system’s reliability and precision in a real-world clinical 
setting. Additionally, a sensitivity analysis was performed using 
the internal validation data set to quantify the theoretical impact of 
corneal diameter variations on measurement accuracy (MAE).

Results

Baseline Characteristics

A total of 252 patients were included in this study, 
comprising 119 patients in the internal validation set 
(Korean cohort) and 140 patients in the external validation 
set (Spanish cohort). The baseline demographic and clinical 
characteristics of the study populations are summarized in 
Table 1. The mean age of patients was 44.7 ± 15.9 years 
in the internal set and 49.5 ± 13.4 years in the external 
set. Both cohorts showed a female predominance (73.1% 
and 77.1%, respectively), consistent with the known 
epidemiology of TED. The mean MRD1, serving as a 
primary indicator of lid retraction, was 3.99 ± 1.48 mm 
in Korean cohort and 4.81 ± 1.30 mm in Spanish cohort.

Validation of AI Performance

The internal validation assessed the algorithm’s absolute 
precision against a rigorous ground truth established by 
manual annotation and a 5-mm reference marker. The 
geometric accuracy of eyelid segmentation, measured by 
the intersection over union, was 0.94, surpassing the per-
formance goal of 0.90. Quantitative measurements also 
demonstrated high agreement with the ground truth 
(Table 2 and Fig 1). The PCC were 0.98 for MRD1, 0.94 for 
MRD2, 0.96 for angle-specific MPLD, and 0.92 for ocular 
surface area. In terms of error metrics, the system achieved 
an MAE of 0.20 mm for MRD1, 0.26 mm for MRD2, 
0.32 mm for MPLD, and 12.42 mm 2 for ocular surface area. 
The MAPE for these metrics was consistently low: 5.69% 
for MRD1, 4.57% for MRD2, 4.96% for MPLD, and 7.12% 
for ocular surface area. All parameters met the regulatory 
success criteria of PCC ≥0.9 and MAPE ≤10%. Further-
more, the Bland—Altman analysis confirmed minimal bias 
and narrow limits of agreement between the AI predictions 
and manual measurements for both MRD1 (bias: 
0.064 mm) and MRD2 (bias: 0.143 mm), reinforcing the 
system’s reliability (Fig 2).

To evaluate the system’s robustness in a real-world 
clinical environment, an external validation was conduct-
ed on the Spanish cohort using smartphone-captured images 
without calibration stickers. Notably, within the curated 
external validation dataset (n = 1119) that followed manual 
prescreening for pose and data type, 100% of the images 
successfully satisfied the software’s automated quality 
control thresholds for lighting, exposure, and focus. In this 
analysis, where the AI’s corneal-based measurements were 
compared against clinical values from medical records, the 
system maintained high accuracy (Table 3 and Fig 3). For 
MRD1, the analysis yielded a PCC of 0.94, an MAE of 
0.40 mm, and a MAPE of 9.06%. Similarly, for MRD2, 
the system showed a PCC of 0.93, an MAE of 0.79 mm, 
and a MAPE of 15.07%. The Bland—Altman analysis 
further visualized the agreement between the AI predictions 
and clinical measurements (Fig 4). Margin reflex distance 2 
was analyzed as a secondary finding, reflecting the 
challenges of obtaining consistent manual reference 
standards for the lower eyelid in routine clinical practice.
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Discussion

This study successfully developed and validated “Glandy 
LID,” a novel deep learning-based software designed for 
the automated, objective assessment of eyelid morphology 
in patients with TED. Our primary objective was to over-
come the limitations of conventional manual measurements 
and existing computer-assisted methods that rely on 
cumbersome physical markers. The results from the internal 
validation, conducted on a Korean cohort, demonstrated 
that the system achieves high geometric precision and 
measurement accuracy comparable to rigorous manual an-
notations referenced by a 5-mm sticker. Furthermore, the 
external validation on a Spanish cohort confirmed the sys-
tem’s robustness and generalizability across different eth-
nicities and image acquisition environments. Most notably, 
the algorithm maintained high reliability in a real-world 
clinical setting using smartphone-captured images without 
any external calibration markers. These findings collec-
tively suggest that “Glandy LID” serves as a reliable, ver-
satile, and accessible tool for quantifying eyelid retraction, 
a hallmark of TED severity.

The pursuit of automated eyelid measurement has been a 
longstanding goal in oculoplastic research, yet previous 
attempts have often been hindered by procedural con-
straints. While recent deep learning initiatives have shown 
promise, the majority of these systems―including those

proposed by Shao et al, 8 Lou et al, 18 and Nam et al 19 ― 
necessitate the attachment of a circular reference sticker 
on the patient’s forehead to establish a pixel-to-millimeter 
ratio. Similarly, smartphone-based algorithms developed 
by Chen et al 20 and Bodnar et al 21 also rely on fixed-size 
markers placed on the face. Although these marker-based 
methods can yield accurate measurements, the require-
ment for a physical reference object complicates the clinical 
workflow, introduces potential errors from marker place-
ment or detachment, and severely limits the utility of the 
software for retrospective analysis of archival photographs 
where markers are absent. In contrast, the “Glandy LID” 
system introduces a paradigm shift by utilizing an intrinsic 
biological reference: the horizontal corneal diameter. By 
leveraging an advanced segmentation algorithm that pre-
cisely detects the corneal limbus, our system automatically 
calibrates measurements without the need for external ar-
tifacts. This “marker-free” approach significantly stream-
lines the image acquisition process, making it as simple as 
taking a standard facial photograph. A critical concern with 
biological calibration is the natural variation in corneal 
diameter among individuals. However, our results confirm 
that the software’s calibration method based on population-
specific corneal diameter averages is sufficiently robust for 
clinical use. The successful validation on both the Korean 
data set (using gender-specific averages) and the Spanish 
dataset (using a unified average) underscores that this 
intrinsic calibration remains reliable despite ethnic differ-
ences in ocular anatomy. To further quantify this robust-
ness, we conducted a sensitivity analysis using the internal 
validation cohort, where the ground truth was established 
with a 5-mm physical reference marker for maximum pre-
cision (Supplementary Table 1). Our analysis confirmed 
that the system maintains a high level of reliability, with 
a predicted MAE below 0.5 mm for corneal diameters 
ranging from 10.53 to 12.24 mm. This range encompasses 
the vast majority of the normal adult population, offering 
higher precision than conventional manual assessment. 
Furthermore, even in cases of mild microcornea or 
megalocornea (ranging from 9.95 to 13.13 mm), the 
predicted MAE remained within 0.75 mm, which is

Table 1. Basal Characteristics of the Subjects from Internal and External Validation Data Set

Internal Validation Set (Korea) External Validation Set (Spain)

Number of patients 119 140 
Number of ocular images 119 1119 
Age (years)
Mean ± SD 44.7 ± 15.9 49.5 ± 13.4 
Range 10 — 83 19 — 83 

Sex, n (%)
Male 32 (26.9%) 32 (22.9%) 
Female 87 (73.1%) 108 (77.1%) 

Clinical metrics (ground truth) 
MRD1 (mm) 3.99 ± 1.48 4.81 ± 1.30 
MRD2 (mm) 5.55 ± 0.92 5.23 ± 0.89 

Device used DSLR Smartphone

Data are presented as mean ± standard deviation for continuous variables and number (%) for categorical variables.
MRD1 = margin reflex distance 1; MRD2 = margin reflex distance 2; DSLR = digital single-lens reflex; SD = standard deviation.

Table 2. Performance Metrics for Internal Validation 
(Korean Cohort)

PCC MAE (mm or mm 2 ) MAPE (%)

MRD1 0.98 0.20 5.58
MRD2 0.94 0.26 4.59
MPLD (angle-specific) 0.96 0.32 4.98
Ocular surface area 0.92 12.42 7.12

PCC = Pearson correlation coefficient; MAE = mean absolute error; 
MAPE = mean absolute percentage error; MRD1 = margin reflex distance 
1; MRD2 = margin reflex distance 2; MPLD = mid-pupil lid distance.
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sufficient for clinically meaningful longitudinal tracking. 
Furthermore, the system’s performance on the Spanish 
data set, which comprised images taken with various 
smartphone cameras under uncontrolled lighting 
conditions, demonstrates that our algorithm is resilient to 
the variations in image quality and resolution that are 
typical in mobile health applications. This robustness 
positions “Glandy LID” as a superior alternative to 
previous systems, offering enhanced usability without 
compromising accuracy.

The clinical utility of “Glandy LID” lies in its ability to 
provide a comprehensive topographic analysis of the eyelid, 
extending beyond simple metric calculation. By visualizing

the entire eyelid contour and quantifying it using radial 
MPLD, the software enables clinicians to objectively detect 
subtle shape deformities, such as the “lateral flare” char-
acteristic of TED (Fig 5). This automated visualization 
helps overcome the interobserver variability inherent in 
manual measurements using a ruler. Furthermore, the 
applicability of this technology extends to a broader 
spectrum of eyelid disorders, including blepharoptosis 
(ptosis). While previous studies have demonstrated the 
utility of AI for evaluating ptosis severity and surgical 
outcomes, 18,20 their reliance on physical markers has been 
a barrier to routine adoption. By offering a marker-free, 
smartphone-compatible solution, “Glandy LID” facilitates

Figure 1. Correlation between AI-predicted measurements and ground truth values in the internal validation cohort. Scatter plots illustrating the linear 
relationship between the AI-predicted measurements and the manual ground truth measurements for (A) margin reflex distance 1 and (B) margin reflex 
distance 2. The red dashed line represents the ideal 1:1 reference line. The blue circles represent individual data points. AI = artificial intelligence.

Figure 2. Bland—Altman plots of agreement between AI-predicted and ground truth values in the internal validation cohort. Plots displaying the dif-
ference between the manual ground truth and AI-predicted values against the mean of the two measurements for (A) margin reflex distance 1 and (B) 
margin reflex distance 2. The red dashed line indicates the mean bias (mean difference), while the gray dashed lines represent the 95% LoA (mean 
bias ± 1.96 standard deviations). AI = artificial intelligence; LoA = limits of agreement.

Moon et al • Marker-Free AI Eyelid Assessment in TED

5



seamless integration into general oculoplastic practice, 
enabling the objective evaluation of ptosis and post-
operative monitoring without the logistical burden of 
physical calibration.

The compatibility of our algorithm with smartphone im-
agery creates a foundation for telemedicine and comprehen-
sive disease management. 22 Patients can capture facial images 
at home, allowing for longitudinal self-monitoring of disease 
progression, which is particularly valuable for the chronic 
course of TED. Beyond its immediate application, future 
research may explore the potential synergy of integrating 
“Glandy LID” with other AI-based assessment tools, such as 
previously reported systems for automated exophthalmometry 
and clinical activity score prediction. 9—11,23 Such a combined 
approach could eventually support a more comprehensive 
digital evaluation of both disease activity and severity. 
Further studies are warranted to determine how integrated 
AI-driven toolkits might effectively complement existing 
clinical grading scales and contribute to more standardized, 
data-driven management of TED.

Despite these promising results, this study has limita-
tions that warrant consideration. First, while our sensitivity 
analysis confirmed that the corneal diameter-based

calibration is robust across a broad physiological range 
(9.95—13.13 mm), it inherently relies on the assumption of 
a stable reference. Therefore, automated analysis should be 
supplemented or replaced by manual measurement in cases 
of: (1) extreme anatomical outliers, such as severe micro-
cornea or megalocornea falling outside the validated range 
of 9.95 to 13.13 mm; (2) advanced ocular surface diseases 
or corneal opacities that obscure the corneal limbus; and (3) 
significant eyelid deformities or trauma that distort the 
palpebral fissure beyond the patterns represented in our 
training data set. Future iterations of the software could 
incorporate additional facial landmarks or iris diameter 
estimation to further refine this calibration. Second, 
regarding image quality, extreme lighting conditions, deep 
shadows, or low resolution remain potential challenges. To 
address this, “Glandy LID” incorporates an internal quality 
control module that automatically filters out suboptimal 
images prior to analysis. While 100% of the images in our 
external validation successfully passed this automated 
quality check, it is important to note that these samples had 
already undergone manual retrospective preselection for 
pose and basic visibility. This implies that in real-world 
clinical use, successful assessment is contingent upon 
capturing photographs that meet these baseline quality 
criteria. Third, in the external validation, the MAPE for 
both MRD1 (9.06%) and MRD2 (15.07%) was higher than 
in the internal validation. This general increase in error 
reflects the fundamental difference between the reference 
standards used; while the internal validation relied on a sub-
pixel digital gold standard, the external validation used 
clinical EMR records based on manual ruler measurements, 
which are typically limited to 0.5-mm increments. The 
inherent subjectivity and lower resolution of manual mea-
surement led to a higher MAPE across all metrics in a real-
world setting. Specifically, the even-higher MAPE observed

Table 3. Performance Metrics for External Validation 
(Spanish Cohort)

PCC MAE (mm) MAPE (%)

MRD1 0.94 0.40 9.06
MRD2 0.93 0.79 15.07

PCC = Pearson correlation coefficient; MAE = mean absolute error; 
MAPE = mean absolute percentage error; MRD1 = margin reflex distance 
1; MRD2 = margin reflex distance 2.

Figure 3. Correlation between AI-predicted measurements and clinical ground truth in the external validation cohort. Scatter plots illustrating the 
relationship between the AI algorithm’s automated measurements and the clinical measurements for (A) margin reflex distance 1 and (B) margin reflex 
distance 2. The red dashed line represents the ideal 1:1 reference line. The blue circles represent individual data points. AI = artificial intelligence.
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for MRD2 (15.07%) likely stems from the additional dif-
ficulty in accurately localizing the lower eyelid margin due 
to factors such as lower eyelash interference. 8,18,20 

Consequently, the elevated MAPE for MRD1, and

particularly MRD2 in the external validation, should be 
interpreted as highlighting the inherent limitations and 
variability of manual measurement rather than indicating 
an algorithmic failure. The clinical acceptability of the

Figure 4. Bland—Altman plots of agreement in the external validation cohort. Plots displaying the difference between the clinical ground truth and AI-
predicted values against the mean of the two measurements for (A) margin reflex distance 1 and (B) margin reflex distance 2. The red dashed line 
indicates the mean bias (mean difference), while the gray dashed lines represent the 95% LoA (mean bias ± 1.96 standard deviations). AI = artificial 
intelligence; LoA = limits of agreement.

Figure 5. Visualization of comprehensive eyelid analysis using “Glandy LID”. Representative output from the AI software demonstrating the automated 
segmentation and quantitative analysis of eyelid morphology. The upper panel shows the original facial photograph of a virtual person with overlaid 
segmentation masks delineating the eyelid margins (cyan lines) and radial measurement axes (cyan rays) originating from the pupil center. The lower 
panel displays the corresponding quantitative metrics, including MRD1 and MRD2 and radial mid-pupil lid distance measured at 15-degree intervals. 
Note: This figure features a virtual subject for illustrative purposes only and was not part of the quantitative validation data sets. MRD1 = margin reflex 
distance 1; MRD2 = margin reflex distance 2.
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observed 0.4-mm MAE for MRD1 is supported by estab-
lished management thresholds in TED. Considering that 
surgical intervention for eyelid retraction is generally 
indicated at 2 mm 1,24 and treatment success is defined as an 
interocular difference of <1 mm, 25,26 an MAE of 0.4 mm 
provides sufficient precision for therapeutic decision-
making. Finally, the retrospective nature of this study 
limits our ability to assess the software’s direct impact on 
clinical decision-making and patient outcomes. Prospective 
studies are needed to evaluate how the integration of this AI 
tool into routine practice influences treatment choices and
efficiency. 

In conclusion, this study demonstrates the feasibility and 
potential clinical utility of “Glandy LID,” a marker-free AI 
system for automated eyelid measurement. Key applica-
tions include telemedicine-based self-monitoring and 
serving as a screening tool for clinicians managing Graves 
disease to facilitate the early detection of eyelid changes 
and timely referrals to ophthalmology specialists. In

professional clinical settings, the software offers an objec-
tive alternative to manual measurements, enabling the 
quantification of subtle changes and complex eyelid contour 
deformities. Ultimately, this AI-driven approach represents 
a significant step toward more objective, accessible, and 
standardized management of TED.
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