Early prediction of multiple sclerosis using scanning laser ophthalmoscopy (SLO)
video sequence data with a Deep Learning (DL) based approach
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INTRODUCTIONS

Multiple Sclerosis (MS) is a chronic immune-mediated inflammatory disease (IMID) of the central nervous system (CNS). Early
identification of MS is crucial to delay disease progression and improve patient outcomes. In this work, we utilize scanning laser
ophthalmoscope (TSLO) video sequence to predict MS disease. While traditional Machine Learning (ML) methods have demonstrated a
strong predictive power [Mauro F. Pinto et al., 2020], we propose the use of a novel data representation of “Retinal Encoding” and a DL
based model that has much higher learning capacity in capturing different subtle eye motion patterns.

THE DATA RESULTS

Our approaches were tested using a 250-subject MS/control The trained model is used to predict the early MS disease versus
database. Patients with Expanded Disability Status Scale (EDSS)< healthy controls on validation dataset. The results are
4 are compared to healthy subjects. Both retinal images and benchmarked using Receiver Operating Characteristics (ROC)
frequency and spatial patterns of the eye motion are combined to and Precision-Recall (PR) curve, metrics. We showcase
construct a hybrid image [Joe Xing et al. 2017], denoted as “retinal prediction results when only eye data is used versus both eye and
coding”. clinical data, such as demographics, Timed 25-Foot Walk (T25-
FW), are used.
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Retinal Encoding Validation dataset Precision Recall F-1 Score
Class 0 (Healthy) 0.89 0.90 0.89
Class 1 (Disease) 0.90 0.89 0.89
AUC - ROC curve 0.92
AUC - PR curve 0.92

Table 1 Tabulated results of the binary classifications

Class 0 and class 1 indicates health control and MS disease events. True positive, false positive, precision and recall are computed by comparing
DL model output with annotation data.

Figure 1 An innovative approach to represent sequential retinal image data, “Retinal Encoding”
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.E predictions. The orange curves stand for when the input data only contains eye data, while the blue curves are for using both eye and clinical data as
input.
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Jre— Preliminary results were measured using Area-under-Curve (AUC)
[, vcomemion of the ROC curve, sensitivity, and specificity, as well as an F-1
et score. We observe an AUC of 0.920, sensitivity of 0.90, specificity
of 0.89 and F-1 score of 0.89 to distinguish MS from controls. The
results demonstrate the possibility of predicting early-stage MS
and understanding disease’s dynamics. Such end-to-end model
could be generalizable and trained on other disease states.
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Figure 2 DL based algorithmic system to model SLO video sequences.
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