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Background

Thyroid eye disease (TED), is an autoimmune disorder caused by the same antibody as autoimmune
thyroid disorder, causing inflammation, swelling, excess and scarring®. Diagnosis of TED is classically based
on clinical appearance, and radiologic imaging can be used for confirmation and/or preparing for surgery.
Early diagnosis via Artificial Intelligence (Al) can help clinicians quickly identify TED patients and provide
timely intervention by applying deep learning to facial images of patients. However, it is often hard to
obtain a large and diverse dataset of facial images for training deep learning models. At the same time,
facial images are highly sensitive and cannot be freely shared between institutions. In this work, we
address this challenge through collaborative training between institutions with federated training (FL). FL
enables collaboration across different institutions while preserving data privacy.

Data standardization is particularly relevant for FL since it streamlines processing of data across multiple
institutions, reducing the potential for inhomogeneity and manual errors arising from variations in data
collection methods, formats, and quality that can threaten the development of robust Al models. The
Observational Health Data Sciences and Informatics (ODSHI) initiative is working to address this issue by
promoting the use of the Observational Medical Outcomes Partnership (OMOP) Common Data Model
(CDM) to standardize data across institutions. Park and colleagues” developed robust image feature tables
for the use of DICOM metadata, but it remains untested. Part of our goal was to test the tables for PNG
metadata as well and understand how it would be used practically. With the development of new medical
technology such as portable OCT devices, it is necessary to have robust data standardization for image file
types outside of DICOM, such as PNGs and JPEGs.

Our work represents the first effort to integrate ophthalmic imaging into the OMOP CDM and address the
sensitivity of eye images, tackling problems uniquely difficult for ophthalmology. To test the tables and
their use for PNGs and JPEGs, we leveraged the OMOP CDM and deep learning to predict Thyroid eye
disease (TED) in a federated learning setting. This paper will discuss the results of both the image
standardization table and federated learning Al results.

Methods

Our FL model takes facial images as input, and predicts TED vs. control. We combine FL with masked
autoencoder (MAE)? pretraining to enhance model representations and robustness of our model. There



are two client institutions, Columbia and Stanford, each with 291 and 200 images, respectively, with
different data distributions. Federated Averaging is used as the main FL algorithm; both clients train for 10
epochs in each round, and we perform 10 rounds of FL training in total. ResNet-18 and ViT-B were used as
image encoders for MAE and SimCLR pre-training, respectively.

We extended the OMOP image_feature and image_occurrence tables to store relevant metadata
extracted from PNG and JPEG files such as the image occurrence date, path, and features. In an effort to
remain accessible to investigators at multiple sites with limited SQL knowledge, our data model was
simplified from the full OMOP CDM. However, the relationships between the image extension tables was
designed to mirror tables in the full CDM closely. Each image was linked to clinical features in the OMOP
CDM via person_id and visit_occurrence_id, enabling multimodal analyses. To simulate a federated
environment, we deployed our data model at two institutions and used a federated learning framework
(FLARE via Rhino Cloud Platform).

Data quality checks were implemented to assess metadata completeness, and a set of example queries
were used to validate the practical utility of the modified schema.

Results

We divide our experiment into two stages: local and FL. From our local experiments we found that the
same methods applied to both sites yielded different results, with highest AUC across methods being
88.35% for the Columbia dataset and 97.17% for the Stanford dataset with only one encoder. The
difference in model performance shows that datasets have different difficulties, with the Columbia
dataset having more diverse control conditions, further motivating the need of FL. Due to this reason, we
focused on personalization in FL, fine tuning FL models to better fit the needs of each institution while
benefiting from collaborative training. MAE combined with FL yielded the best results with 89.26% AUC
and 98.70% AUC for Columbia and Stanford, respectively (Figure 1).

To assess the practical utility of the schema, we simulated the process of building cohorts using the data
collected. Figure 2 shows the integration of the image extension tables into a simple data model. Cohorts
built on various demographic data such as race, ethnicity, age and gender allowed us to understand
generalizability based on parameters from different sites. Furthermore, by connecting diagnosis data from
non-TED patients, we are able to understand how different diagnoses may affect parameters. The image
extension tables afforded convenient storage of metadata and accessibility for retrieval.
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Figure 1: AUC Curves of Local and FL models on both clients sites. Left: Results on Columbia Dataset.
Personalized FL MAE has the highest AUC, and ensemble models do not improve local performance.
Right: Results on Stanford Dataset. Personalized FL MAE also achieves highest performance for a single

model.



image_occurrence
— image_occurrence_id INT
person_id INT
procedure_occurrence_id INT
visit_occurrence_id INT
anatomic_site_concept_id INT
wadors_uri TEXT
image_occurrence_date DATE
local_path TEXT
image_study_UID VARCHAR(250)
image_series_UID VARCHAR(250)
modality_concept_id INT
image feature
person_id INT
image_feature_id INT
N image_occurrence_id INT
image_feature_event field concept id INT
image_feature_event_id INT
image_feature_concept_id INT
image_feature_type_concept_id INT
image_finding_concept_id INT
image_finding_id INT
anatomic_site_concept_id INT
alg_system TEXT
alg_datetime DATETIME

Person

person_id INT

age INT

race VARCHAR(50)

ethnicity VARCHAR(50)

gender VARCHAR(20)

sex VARCHAR(20)
clinical_feature
image_feature_id |[INT
medgroup VARCHAR(50)
diagnosis VARCHAR(100)
severity VARCHAR(50)

procedure_occurrence

procedure_occurrence_id |INT

Figure 2: Integration of image extension tables in the data model. Constructed image extension tables
(highlighted yellow) and simplified tables representing collected data on TED/Control images. Red text

person_id INT
provider_id INT
[ provider
provider_id INT
provider VARCHAR(50)

represents manually collected/imputed data. Black text represents metadata or generated values.

Conclusion

We developed and evaluated a framework for FL in TED, integrated self-supervised pretraining to improve
model representation and robustness. The future vision for further improving not only TED detection but
also models for detection of other diseases would require multimodal data, where data standardization
would play a key role in enabling cross-institution collaboration. To that end, standardized image data

table integration for multiple file types is essential.

.
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