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Abstract

Purpose To compare two artificial intelligence (Al) models, residual neural networks ResNet-50 and ResNet-101,
for screening thyroid eye disease (TED) using frontal face photographs, and to test these models under clinical
conditions.

Methods A total of 1601 face photographs were obtained. These photographs were preprocessed by cropping to a
region centered around the eyes. For the deep learning process, photographs from 643 TED patients and 643 healthy
individuals were used for training the ResNet models. Additionally, 81 photographs of TED patients and 74 of normal
subjects were used as the validation dataset. Finally, 80 TED cases and 80 healthy subjects comprised the test dataset.
For application tests under clinical conditions, data from 25 TED patients and 25 healthy individuals were utilized to
evaluate the non-inferiority of the Al models, with general ophthalmologists and fellowships as the control group.

Results In the test set verification of the ResNet-50 Al model, the area under the receiver operating characteristic
(ROQ) curve (AUQ), accuracy, sensitivity, and specificity were 0.94, 0.88, 0.64, and 0.92, respectively. For the ResNet-101
Al model, these metrics were 0.93, 0.84, 0.76, and 0.92, respectively. In the application tests under clinical conditions,
to evaluate the non-inferiority of the ResNet-50 Al model, the AUC, accuracy, sensitivity, and specificity were 0.82, 0.82,
0.88, and 0.76, respectively. For the ResNet-101 Al model, these metrics were 0.91, 0.84, 0.92, and 0.76, respectively,
with no statistically significant differences between the two models for any of the metrics (all p-values > 0.05).

Conclusions Face image-based TED screening using ResNet-50 and ResNet-101 Al models shows acceptable
accuracy, sensitivity, and specificity for distinguishing TED from healthy subjects.
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Introduction

Thyroid eye disease (TED) is a common orbital disease
that can be sight-threatening and significantly impact the
quality of life, particularly in moderate to severe cases
[1, 2]. The diagnosis of TED relies on specific clinical
and paraclinical criteria [3]. The initial step in diagnos-
ing TED is a thorough ophthalmological examination,
with exophthalmos and eyelid retraction being two key
diagnostic signs. Active TED cases may also present with
signs such as eyelid swelling, chemosis, and conjunctival
injection [4].

The use of facial images for screening TED can poten-
tially reduce the time required for patient visits and refer-
rals. This technique has certain limitations, such as the
inability to assess all clinical signs or perform specific
examinations. Nonetheless, it facilitates timely diagnosis
and management, thereby reducing the risk of unfavor-
able disease progression in TED [3-5]. This is particu-
larly relevant in developing countries where access to
expert ophthalmologists or oculoplastic surgeons may be
limited [6]. Given the relatively high prevalence of TED
and its controllable natural course, it is both logical and
necessary to develop simple, low-cost screening tools for
the general population [4, 6].

Computer-aided facial diagnosis systems offer an auto-
mated, rapid, and non-invasive method for screening
and diagnosing diseases [7]. The application of artificial
intelligence (AI), particularly deep learning technol-
ogy, has significantly improved the diagnostic accuracy
for several diseases, including eye diseases [7, 8]. Recent
reports have demonstrated the use of Al tools for diag-
nosing TED based on facial images, showing acceptable
accuracy, sensitivity, and specificity [9]. These diagnostic
methods vary. Some focus on detecting specific ocular
and periocular signs of TED, while others use heat-map
analysis to examine facial image pixels [10, 11].

In this study, we compare two residual neural net-
works (ResNet-50 and ResNet-101), which have superior
performance in image recognition tasks compared to
traditional convolutional neural networks [12, 13]. Fur-
thermore, previous studies showed although the deeper
networks may have stronger learning ability, but as the
networks get deeper, degradation issues begin to arise
[14-16]. To resolve this problem, ResNet models were
introduced residual connections. We conducted applica-
tion tests under clinical conditions to verify the robust-
ness and reliability of our AI models.

Methods

Data acquisition and labeling

Photographic and clinical data were collected from the
medical records of patients evaluated by experienced
orbital specialists from March 2020 to February 2024 at
the oculoplastic department of Farabi Eye Hospital in
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Tehran, Iran. The study adhered to the principles of the
Declaration of Helsinki, and written informed consent
was obtained from each study participant. Approval for
the study protocols was obtained from the ethics com-
mittee of Tehran University of Medical Sciences, Tehran,
Iran (Ethics Code: IR TUMS.MEDICINE.REC.1403.024).

Two groups of participants were enrolled in this study:
(1) patients diagnosed with TED (including mild, mod-
erate-to-severe, and sight-threatening cases) according to
their medical records and (2) a control group of healthy
subjects with no evidence of TED. The definition and
severity of TED was based on the criteria of the European
Group on Graves’ Orbitopathy (EUGOGO), as described
in detail elsewhere [3]. The diagnosis of TED was based
on typical ocular signs, such as eyelid retraction, propto-
sis, restrictive strabismus, eyelid erythema or swelling,
chemosis, or compressive optic neuropathy, in combina-
tion with immune-related thyroid dysfunction and radio-
graphic evidence from orbital computed tomography
(CT) imaging [17]. TED severity was categorized as mild,
with lid retraction <2 mm, mild soft-tissue involvement,
proptosis <3 mm, and no or intermittent diplopia. Mod-
erate-to-severe, characterized by lid retraction of >2 mm,
moderate-to-severe soft-tissue involvement, proptosis of
>3 mm, or constant diplopia. Sight-threatening, defined
by the presence of compressive optic neuropathy or cor-
neal breakdown [3].

Patients with incomplete medical records, equivo-
cal diagnoses, non-TED orbital conditions, or Graves’
endocrine abnormalities with no evidence of orbitopathy
were excluded. Photographs taken at each patient’s initial
consultation were collected and screened. These photo-
graphs were taken using a Canon EOS 7D digital single-
lens reflex (DSLR) camera (Canon, Inc., Tokyo, Japan),
ensuring that the images included both eyes, eyelids,
canthi, brows, forehead, temples, glabella, and nasal dor-
sum. Images were stored as uncompressed tagged image
format files (TIFF). Participants were excluded if the
image quality was insufficient, if the photos were poorly
focused, or if one or both eyelids were closed. For each
participant, a single front-facing photograph with the
patient’s gaze in the primary position was selected. Each
image was preprocessed by cropping to a region centered
around the eyes, extending from above the eyebrows to
below the lower eyelids, including part of the nasal dor-
sum and both temples, to exclude irrelevant areas and
speed up training. This cropping preprocessing was per-
formed manually by one investigator (E.R.). The images
were then scaled to 280 x 460 pixels.

Deep learning of residual neural networks

Two neural networks, ResNet-50 (a residual neural net-
work with 50 layers) and ResNet-101 (a residual neural
network with 101 layers), were trained to diagnose the
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presence or absence of TED based on the training data-
set, which included 643 photographs of TED patients
and 643 of healthy individuals. The validation dataset
(81 TED and 74 normal) was used to determine when to
stop training and prevent overfitting. In the test setting,
80 normal and 80 TED photographs from the test dataset
were used to evaluate the models.

Deep neural networks are capable of automatically
learning features at various levels from images. In this
study, we utilized residual neural networks with 50 layers
(ResNet-50) and 101 layers (ResNet-101), implemented
in Python programming language using PyTorch [14].
The models were pretrained on ImageNet, a dataset of
general images designed for object recognition tasks,
and then fine-tuned on our training and validation data-
sets for the specific task of classifying images as TED or
healthy subjects. The Adam algorithm was employed
to adjust the network weights while minimizing cross-
entropy loss [18]. The learning rate was set to 0.0001, and
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the images were processed in batches of 32. Before being
input into the network, the intensities of each image
were normalized by subtracting the mean value and then
dividing by the standard deviation. The training process
used epochs as units, meaning all images in the training
set were processed once per epoch. At the end of each
epoch, the internal validation set was used to test the
model, generating validation-accuracy and validation-
loss values. Training stopped if the validation-loss did not
decrease for 50 consecutive epochs. The epoch with the
lowest loss on the validation set was selected as the final
model, which was then used to predict the independent
test set (Fig. 1).

Application tests

To evaluate the performance of our AI models, an appli-
cation test was designed involving 50 cases (25 TED and
25 normal), assessed by the AI models (experimental
groups), and by three general ophthalmologists and three
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Fig. 1 The schematics illustrate the training process for the residual neural networks. The baseline photographs were manually cropped around the eye
region, as described in detail. The neural networks then automatically learn features at different levels (each represented by a rectangle) from the images.
Residual connections (curved arrows) were used to mitigate degradation issues. After global average pooling of the features from different levels, the
model predicted a weight for a binary thyroid eye disease (TED) or healthy diagnosis

TED: 0.3
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Table 1 Demographics and clinical characteristics among the
TED and healthy groups
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Table 2 Performance of TED ResNet-50 screening model on the
training set, validation set, and testing set

Variable TED (n=643) Healthy P
(n=643)
Age (years), 50.64+12.01 (23-78) 4892+1253 0917
mean+SD (range) (20-75)
Gender, n (%) Female: 332 (51.6) Female:412  0.192
Male: 311 (48.4) (64.1)
Male: 231
(359
Severity of TED, Mild: 81 (12.6)
n (%) Moderate-to-severe: 476
(74.0)
Sight-threatening: 86
(13.4)

TED: Thyroid eye disease, n: number

fellowships of oculoplastic surgery (control groups). The
aim was to demonstrate the non-inferiority of the Al
models compared to general ophthalmologists and fel-
lowships in distinguishing TED from healthy subjects
based on facial photographs. With a non-inferiority mar-
gin of 10% and a standard deviation of 10%, and consider-
ing a one-sided type I error of 5.0% and 80% power, the
sample size was estimated to be 50 face photos, consider-
ing a 95% confidence interval [19].

Interpretability of the models

To address the inherent black-box nature of deep learn-
ing models, we applied the occlusion sensitivity method
on test set images used in the application tests to demon-
strate model interpretability [20, 21]. Briefly, this method
systematically occludes various regions of an input image
and observes the effect on the model’s output. By assess-
ing the changes in the model’s predictions when different
parts of the image are occluded, this approach provides
insights into the importance of various image regions.
The method generates heatmaps that visualize which
areas of the image contributed most to the model’s pre-
diction for a specific class [20, 22].

Statistical analysis

Statistical analysis was performed using SPSS software
version 24 (Chicago, IL). The demographic characteris-
tics of the TED and healthy groups were compared using
a t-Test for age and a chi-square test for gender. A general
linear model was applied to compare accuracy, sensitiv-
ity, and specificity metrics among the experimental and
control subgroups during the application test. Pairwise
comparisons with Bonferroni correction were used for
further analysis. A p-value of <0.05 was considered sta-
tistically significant.

AUC  Accuracy  Sensitivity Specificity
Training Set 0.94 0.87 0.87 0.88
Validation Set 0.96 0.89 091 0.86
Testing Set 0.94 0.88 (CI: 0.64 (Cl: 0.92 (CI:
0.83-0.93)  0.57-0.71) 0.88-0.96)

TED: thyroid eye disease, ResNet: residual neural network, AUC: area under the
receiver operating characteristic curve, Cl: 95% confidence interval

Results

Demographics and clinical characteristics

A total of 643 frontal face photographs were included in
both the TED and healthy groups. The demographic data
are summarized in Table 1. The mean age in the TED
group was 50.64 +12.01 years, compared to 48.92+12.53
years in the healthy group, with no statistically significant
difference (P=0.917). Additionally, no significant differ-
ence was observed in gender distribution between the
TED group (51.6% female) and the healthy group (64.1%
female) (P=0.192). Regarding TED severity, 81 cases
(12.6%) were classified as mild, 476 cases (74.0%) as mod-
erate to severe, and 86 cases (13.4%) as sight-threatening.

ResNet-50 Al model

After 30 epochs of training, the ResNet-50 TED Al
screening model achieved an accuracy of 0.88 on the
test set, with sensitivity and specificity of 0.64 and 0.92,
respectively. Additionally, the receiver operating charac-
teristic (ROC) curve and the area under the ROC curve
(AUC) were used to evaluate the model’s performance.
The algorithm achieved an AUC of 0.94, 0.96, and 0.94
on the training, validation, and test sets, respectively. The
performance of the model on the three datasets (training,
validation, and test) is summarized in Table 2.

ResNet-101 Al model

After 100 epochs of training, the ResNet-101 TED Al
screening model achieved an accuracy of 0.84 on the
test set, with sensitivity and specificity of 0.76 and
0.92, respectively. The ROC curve and AUC were also
employed to evaluate the model’s performance. The algo-
rithm achieved an AUC of 0.93, 0.96, and 0.93 on the
training, validation, and test sets, respectively. The per-
formance of the model on the three datasets is summa-
rized in Table 3.

Application tests

In the evaluation of 50 face images (25 TED and 25
healthy individuals), the general ophthalmologist group
had false positive and negative rates of 9.3% and 13.3%,
respectively. The fellowship group had false positive and
negative rates of 5.3% and 10.7%, respectively. For the
ResNet-50 Al model, the false positive rate was 24.0%,
and the false negative rate was 12.0%. For the ResNet-101
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Table 3 Performance of TED ResNet-101 screening model on
the training set, validation set, and testing set

AUC  Accuracy  Sensitivity Specificity
Training Set 093 086 0.86 0.86
Validation Set 0.96 0.86 0.78 0.95
Testing Set 093  084(Ch 0.76 (Cl: 0.92 (CI:
078-0.90)  0.69-0.83) 0.88-0.96)

TED: thyroid eye disease, ResNet: residual neural network, AUC: area under the
receiver operating characteristic curve, Cl: 95% confidence interval

Table 4 Performance of TED screening using face photographs

in experimental (ResNet-50 and ResNet-101 Al models) and

control (general ophthalmologists and fellowships) groups
ResNet-50 ResNet-101 General Fellow- P*

ophthalmologists ships

Ac- 820 84.0 88.7 920

cu-

racy

(%)

Sen- 880 92.0 86.7 89.3

sitiv-

ity

(%)

Spec- 76.0 76.0 90.7 94.7

ificity

(%)

TED: thyroid eye disease, ResNet: residual neural network, Al: artificial

intelligence

0413

0.947

0.052

* general linear model with pairwise Bonferroni corrections

Al model, the false positive and negative rates were 24.0%
and 8.0%, respectively. The accuracy rates were 88.7%
and 92.0% in the general ophthalmologist and fellowship
groups (control groups), respectively. For the ResNet-50
and ResNet-101 AI models, the accuracy rates were
82.0% and 84.0%, respectively. According to the general

.. |125
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linear model with pairwise Bonferroni corrections, no
statistically significant differences were observed in
accuracy, sensitivity, or specificity metrics between the
ResNet-50 AI model, ResNet-101 Al model, general oph-
thalmologists, or fellowship groups (all p-values>0.05,
Table 4). Confusion matrices showing breakdown by
class are shown in Fig. 2. The algorithm achieved an AUC
of 0.82, and 0.91 on the application test for ResNet-50
and ResNet-101 models, respectively (Fig. 3).

The occlusion sensitivity method was used to identify
which areas of the facial photographs were most impor-
tant for TED detection by the Al models. According to
the heatmap analysis, the pixels corresponding to the
periocular regions were most strongly associated with
TED detection by the models (Fig. 4).

Discussion

Our study demonstrated the high diagnostic performance
of the Al models in identifying features of TED relevant
to disease assessment. We showed that face image-based
TED screening using both ResNet-50 and ResNet-101
Al models achieved acceptable accuracy, sensitivity, and
specificity for distinguishing TED from healthy subjects,
when compared to the control subgroups (general oph-
thalmologists and fellowships). Furthermore, we found
no statistically significant differences in the performance
of the two tested AI models.

Various Al models have been developed for TED
screening, with some based on face photographs and oth-
ers on paraclinical diagnostic tools like orbital CT imag-
ing [9]. Song et al. showed that ResNet-18 is an accurate
model (87%) with considerable sensitivity (88%) and
specificity (85%) for screening TED patients using orbital

22.5
20.0
Normal

17.5

15.0

F12.5

True label

r 10.0

TED 1 7.5

5.0

r2.5

Normal TED
B Predicted label

Fig. 2 Confusion matrices for the classification of Thyroid Eye Disease (TED) using the ResNet-50 (A) and ResNet-101 (B) models on a clinical application
test set of 50 face images. The numbers indicate the counts for each actual and predicted class
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Fig. 3 Receiver operating characteristic (ROC) curve for application test of ResNet-50 (A) and ResNet-101 (B) models. The area under curve (AUC) was

0.82 for ResNet-50 and 0.91 for ResNet-101
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Fig.4 Visual interpretability of cropped frontal face photographs using the occlusion sensitivity method. Two representative photos from the test dataset
are shown. Cooler (yellow) colors indicate areas with little to no activation for TED detection. In a healthy case (A), the heatmap predominantly displays
cooler (yellow) tones in the periocular region. In contrast, in a case with bilateral TED (B), these cooler (yellow) tones are notably reduced around the eyes,

emphasizing the areas most relevant to TED detection

CT imaging [23]. However, CT imaging has limitations as
a screening tool, including availability, exposure to ion-
izing radiation, high variability in imaging techniques
and quality, and cost. In contrast, screening TED via
face photographs is generally more available, low-cost,
non-office-based, and potentially more generalizable
through the development of self-evaluation applications
as new tools in promoting public health. Furthermore,
Al models have been used to predict postoperative facial
appearance after orbital decompression surgery in TED
patients, showing promising results [24].

Previous studies have used different criteria to diagnose
TED with AI models based on facial images [9]. Karlin
et al. used a gradient-weighted class activation mapping

(Grad-CAM) AI model with heat-map analysis of face
photographs for TED detection. This technique high-
lighted the pixels in the ocular and periocular areas that
were most affected by the disease. Their model achieved
a test set accuracy of 89.2%, specificity of 86.9%, and
sensitivity of 93.4% [10]. Shao et al. developed an auto-
matic system to measure eyelid position in TED cases by
assessing margin to reflex distance (MRD) for both upper
(MRD-1) and lower (MRD-2) lids [11]. They compared
the repeated automatic (by their AI model) and manual
(by experts) measurements of MRD1 and MRD?2 in both
TED and normal subjects. They found the intraclass cor-
relation coefficients (ICCs) between repeated automatic
measurements of MRDs were up to 0.998 (P<0.001),
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showing the high repeatability of their Al model. Huang
et al. developed a diagnostic method based on modules
evaluating eye location (Module I), ocular dyskinesis
(Module II), and other TED signs (Module III), showing
a mean AUC of 0.85, sensitivity of 80%, and specificity
of 79% [25]. Images of three face positions and nine eye
positions are included in their study. However, we used
just a single front-face photograph for screening of TED
for each subject in our study. In our study, TED was diag-
nosed by two Al models (ResNet-50 and ResNet-101)
using facial images to detect several TED signs after deep
learning. Regardless of the methods used for TED detec-
tion in our study and previous studies, the AUC, accu-
racy, specificity, and sensitivity of our test dataset were
comparable with those reported in similar studies. In this
study, we utilized deeper ResNet models compared to
previous researches to enhance performance in detecting
TED using facial photographs. ResNet architectures are
widely recognized for their effectiveness in image recog-
nition tasks, owing to their ability to train deep networks
efficiently [13]. Additionally, the residual connections
in ResNet models address concerns about degradation
and overfitting, especially in deeper architectures like
ResNet-50 and ResNet-101 compared to ResNet-18. This
feature significantly mitigates validation challenges that
are often encountered with traditional neural networks
[14-16].

In the study by Karlin et al., compared to expert clini-
cians, the AI model demonstrated higher sensitivity (89%
vs. 58%) but lower specificity (84% vs. 90%) in detect-
ing TED using facial images [10]. However, in our study,
the sensitivity, specificity, and accuracy rates were simi-
lar between the AI models and the control group (gen-
eral ophthalmologists and fellowships). Discrepancies
between our findings and previous literature may be due
to differences in the Al models used, characteristics of
the face photos of TED and healthy subjects, factors used
for TED detection via Al, and the experience level of the
control groups.

Deep convolutional neural networks can automati-
cally learn features from images; the deeper the net-
work, the stronger the learning ability. However, deeper
networks face degradation and overfitting issues [14, 16,
26]. ResNet addresses these problems through residual
connections [27]. In this study, we used ResNet-50 and
ResNet-101 without significant errors in training, valida-
tion, or test sets. We found that the ResNet-50 model had
a lower testing error than the ResNet-101 model (12% vs.
16%), with nearly similar train and validation errors. Fur-
thermore, the AUC for ResNet-50 and ResNet-101 mod-
els were similar to each other (0.94 vs. 0.93) in our test
dataset. Karlin et al. showed that a ResNet-18 ensemble
model achieved a test set accuracy of 89.2% for distin-
guishing TED from non-TED in face photographs [10].
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Huang et al. reported similar mean AUCs for detecting
different TED signs between ResNet-50 and ResNet-101
(0.91 vs. 0.92) [25]. These negligible discrepancies can be
explained by previously mentioned factors.

In the application tests under clinical conditions, we
showed that the ResNet-50 AI model, the accuracy, sen-
sitivity, and specificity were 0.82, 0.88, and 0.76, respec-
tively. For the ResNet-101 Al model, these metrics were
0.84, 0.92, and 0.76, respectively. Furthermore, the occlu-
sion sensitivity method confirmed that the models accu-
rately localized clinically relevant areas for TED detection
in the photographs. As shown in the representative heat-
maps, the model focused on the periocular region, which
clinicians consider important for diagnosing TED based
on facial photographs [3].

We observed no significant difference in the perfor-
mance metrics of ResNet-50 and ResNet-101 for TED
detection using face photographs. Therefore, increas-
ing the number of layers and deepening the model
(ResNet-101) does not negatively impact the performance
of ResNet models in our study, even with the potential
risk of overfitting. As previously mentioned, this phe-
nomenon can be attributed to the residual connections
inherent in ResNet architectures [14]. Karlin et al. found
that their ResNet-18 ensemble model for screening TED
based on face photographs achieved accuracy 0.86, sen-
sitivity 0.89 and specificity 0.84 at application test step
after completing deep learning processes [10].

In this study, we compared the performance of two Al
models for TED screening to that of trained specialists
using only frontal face photographs, without additional
diagnostic tools like exophthalmometry or orbital imag-
ing. While this basic screening method may have lower
performance compared to comprehensive assessments, it
offers a potential solution in regions with limited access
to specialists and advanced diagnostic equipment. The
future goal is to develop Al-based self-evaluation appli-
cations, promoting public health and facilitating earlier
detection of TED, particularly in underserved areas.

This study had some limitations. First, we did not clas-
sify TED cases by disease severity or activity. Perform-
ing stratified analysis based on TED severity or activity
would further clarify the performance of these AI mod-
els, particularly in distinguishing mild or non-active
disease. However, as mentioned previously, the focus of
our study was to introduce Al models for distinguishing
TED from healthy subjects; with an emphasis on their
potential as screening tools, especially in regions with
limited access to ophthalmologists or paraclinical inves-
tigations. Second, we used just a single front-face pho-
tograph for screening of TED. Using images of nine eye
positions may increase the performance of the AI models
for screening of TED as a disease with various ocular dis-
kynesis presentations. Third, the model’s generalizability
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to other clinical centers was not evaluated. Future stud-
ies should test the accuracy and sensitivity of our ResNet
TED AI screening models using new collections of TED
patient images from different centers. Fourth, although
our evaluated ResNet models had good accuracy with
sufficient external validation, there is a gap between
these models and real clinical challenges in diagnosing
TED [28]. To address this, combining face photograph
data with other examinations necessary for TED evalu-
ation, such as exophthalmometry measurements, thyroid
function tests, and orbital CT imaging in AI models, may
improve the sensitivity and specificity of TED detection
and diagnosis.

In conclusion, promising face image-based TED
screening ResNet-50 and ResNet-101 AI models were
established and passed application tests under clinical
conditions. Both models had acceptable accuracy, sensi-
tivity, and specificity for distinguishing TED from healthy
subjects based on face photos. Therefore, applications for
self-evaluation using these AI models could be developed
as new tools in promoting public health.

Abbreviations

TED Thyroid eye disease

Al Artificial intelligence

ResNet  Residual neural network

ROC Receiver operating characteristic curve

AUC Area under the receiver operating characteristic curve
cT Computed tomography

MRD Margin to reflex distance
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