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Abstract

In this work, we address the challenge of lim-
ited data availability common in healthcare
settings by using clinician (ophthalmologist)
gaze data on optical coherence tomography
(OCT) report images as they diagnose glau-
coma, a top cause of irreversible blindness
worldwide. We directly learn gaze representa-
tions with our ‘GazeFormerMD’ model to gen-
erate pseudo-labels using a novel multi-task
objective, combining triplet and cross-entropy
losses. We use these pseudo-labels for weakly
supervised contrastive learning (WSupCon)
to detect glaucoma from a partially-labeled
dataset of OCT report images. Our natural-
language-inspired region-based-encoding Gaze-
FormerMD model pseudo-labels, trained using
our multi-task objective, enable downstream
glaucoma detection accuracy via WSupCon ex-
ceeding 91% even with only 70% labeled train-
ing data. Furthermore, a model pre-trained
with GazeFormerMD-generated pseudo-labels
and used for linear evaluation on an unseen
OCT-report dataset achieved comparable per-
formance to a fully-supervised, trained-from-
scratch model while using only 25% labeled
data.

Data and Code Availability This study uti-
lizes an internal dataset of optical coherence to-
mography (OCT) reports obtained from our insti-
tution that is not yet publicly available. It also
utilizes a dataset of OCT reports obtained from
our industry partners, Topcon, that is not yet
publicly available. The corroboration study pre-
sented in Appendix D utilizes a publicly available
data of chest x-rays and corresponding gaze data
Karargyris et al. (2020) Goldberger et al. Our

code is available here: https://github.com/AI4VSLab/
Expert-Gaze-4-Supervised-Contrastive-Learning

Institutional Review Board (IRB) This study,
AAAU4079, was approved by the Columbia Uni-
versity Irving Medical Center Institutional Review
Board on 12/22/2022 and is in accordance with the
tenets set forth by the Declaration of Helsinki. In-
formed consent was obtained from all study partici-
pants.

1. Introduction

One of the biggest challenges in artificial intelligence
(AI) for healthcare lies in the acquisition of large and
accurately-labeled datasets, essential for deep learn-
ing (DL) model training.

The scarcity of such labeled data hinders the devel-
opment of generalizable models that can perform well
on unseen data Xiao et al. (2018). Additionally, dis-
parities in expert opinions, for example disagreement
even among clinicians on the definition of blindness-
causing eye diseases like glaucoma, can impede estab-
lishment of reliable ground truths for training. To ad-
dress these issues, we propose to extract information
from other data modalities and use them to create
labels to help learn better representations for down-
stream tasks on different datasets. Specifically, we
consider the use of gaze data of medical experts as
they view medical images to extract pseudo-labels
that can be used for the task of optical coherence
tomography (OCT) report classification. The use of
pseudo-labels is then aided by contrastive loss to help
learn representations. In doing so, we showcase the
robust training of DL models via self-supervision and
contrastive learning derived from clinician gaze pat-
terns.
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Self-supervised learning (SSL) aims to learn robust
representations of a data distribution and allows ef-
�cient training for downstream tasks. SSL is also
robust in situations with smaller datasets with lim-
ited labels, as it enables learning of latent features
that are common between di�erent views of the same
image. Medical image data is rich in patterns that
may not be discernable by the human eye but that
can be elucidated by the power of SSL algorithms.

Eye tracking data o�ers a wealth of information
regarding the focus of attention and the expertise
level of individuals examining medical reports. Gaze
data from domain experts viewing images and videos
abounds especially in medicine. Spatial gaze infor-
mation encodes regions of importance, while tem-
poral information encodes image-region order of im-
portance for diagnostic decision-making. In contrast
to supervised algorithms which require large quan-
tities of hand-annotated or labeled data, weakly-
supervised learning relies on `inexact', coarse-grained
labels (e.g., human eye-tracking) that can be more
easily collected in bulk from which the label and
ground truth can be inferred in place of costly ex-
pert labeling.

While a few methods use spatial gaze data for diag-
nostic AI models Stember et al. (2019), very few have
been proposed to capture both temporal and spatial
relationships explicitly to supervise downstream DL
tasks. Deep neural networks were utilized to trans-
fer the eye �xation coordinate system for low-cost
eye tracking but not for further processing and un-
derstanding of �xations Rakhmatulin and Duchowski
(2020). There have been only structured methodolo-
gies available for machine learning (ML) techniques
used for analysis in di�erent types of eye-tracking
studies Kuang et al. (2023), making our DL explo-
ration pioneering. Previous eye tracking features such
as pupil size, rotating velocity, and saccades, used for
biometric AI applications, have been mostly static
and positional Lim et al. (2022). The successful in-
tegration of real-time gaze tracking in human neuro-
science domains such as psychophysics and neuromar-
keting Zdarsky et al. (2021), lays the foundation for
further eye-tracking exploration in ophthalmology.

In this study, we propose GazeFormerMD, a
region-based eye movement encoder to learn gaze
representations on medical images as pseudo-labels
for disease classi�cation. These pseudo-labels are
then used for Weakly-Supervised Contrastive Learn-
ing (WSupCon) based on Khosla et al. (2021) to
classify OCT reports as glaucomatous or not glau-

comatous. GazeFormerMD is a transformer based
model Vaswani et al. (2023) and is trained with
a novel multi-task objective that consists of triplet
loss Schultz and Joachims (2003); Weinberger et al.
(2005) and cross entropy loss for classi�cation. This
approach leveraging eye tracking `pseudo-labels' has
the potential to enhance the performance of DL mod-
els for glaucoma diagnosis from OCT reports even
with few explicit labels. Our work o�ers the follow-
ing three key contributions:

ˆ A new encoding scheme for gaze that retains spa-
tiotemporal relationships by modeling gaze data
as words.

ˆ GazeFormerMD , a transformer based encoder
that is trained with a multi-task objective
which learns useful representations, creating pos-
itive and negative pairs for contrastive learn-
ing. Its embeddings are used as pseudo-labels to
help learn image representations for downstream
tasks.

2. Related Work

2.1. Medical Expert Gaze Patterns

Expert gaze patterns have been used in di�erent ap-
plications in machine learning and medicine. They
have been found to contain useful information, such
as underlying di�erences between expert vs. novice
image viewers Akerman et al. (2023). Past work
Stember et al. (2019) has also attempted to use masks
generated from eye-tracking of experts while view-
ing radiology images vs. masks hand-annotated by
experts, to compare resulting Structures of Interest
(SOIs) segmented via AI. This past work showed that
eye-tracking isnot signi�cantly di�erent in quality to
hand annotations for segmenting SOIs. This �nding
provided evidence that even coarse, inexact eye move-
ments can provide the information necessary to train
AI systems to achieve accurate DL-based segmenta-
tion. Other work Li et al. (2019) has attempted to
speci�cally enhance glaucoma detection from fundus
images of the retina using labeled human attention
maps and region localization as well as classi�cation
via convolutional neural networks (CNNs).
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Figure 1: Overview of method: In (A), we take gaze data as input to pretrain GazeFormerMD using our
multi-task objective. Then in (B), all embeddings are gathered to generate pseudo-labels. These
labels are then used for WSupCon in (C). Eachei is assigned with neighborsE ; I f ei g now has
neighbors I E . More details about (B) are in section 3.3.4

2.2. Self-Supervised and Contrastive
Learning

In contrast to supervised learning, self-supervised
learning (SSL) has shown its potential to serve as
an e�ective pre-training strategy to learn better rep-
resentations Caron et al. (2021), thus enabling more
robust performance than supervised learning alone
especially when labeled data is limited. Balestriero
and colleagues Balestriero et al. (2023) o�ered a de-
tailed description of state of the art methods in SSL,
including BYOL Grill et al. (2020), SimSIAM Chen
and He (2020), and VICReg Bardes et al. (2022). SSL
has also shown success in various medical applica-
tions, such as for medical image segmentation Chai-
tanya et al. (2020) and for electronic health records
Krishnan et al. (2022). SimCLR Chen et al. (2020) is
a contrastive learning method that attempts to max-
imise agreement between two views of the same im-
age through NT-Xent loss. More recently, Khosla and
colleagues Khosla et al. (2021) extended the NT-Xent
loss introduced in SimCLR by leveraging labels dur-
ing contrastive pre-training, showing labels can be

incorporated into a contrastive learning framework,
yielding supervised contrastive learning.

2.3. Weak Supervision and Gaze Data

Gaze data has been used in various tasks in machine
learning for both weak supervision as well as gaze
generation.

Gaze generation's goal is to create realistic gaze
patterns that are similar to those of human viewers.
Models such as recurrent neural networks (RNNs)
and CNNs have been used to generate gaze patterns
Li et al. (2022); Assens et al. (2017); Xia et al. (2019);
K•ummerer et al. (2022); Yang et al. (2020), where
gaze was modeled via a reward function and repre-
sented as 3D volumetric input.

Weak supervision seeks to use weak labels to super-
vise a model instead of the actual ground truth. Saab
and colleagues Saab et al. (2021) also tried to extract
gaze features on biomedical images to aid supervising
image classi�cation models. While this approach is
most similar to ours, it also di�ers greatly: our goal is
to use gaze data to aid in classi�cation where only few
labels exist. We extract features using a DL model
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trained on gaze instead of using gaze statistics, and
we use gaze to generate weak labels to pre-train an
image classi�cation model.

3. Methods

3.1. Approach Overview

We propose a two stage approach to use gaze to aid in
classifying glaucoma. First, we train GazeFormerMD
with processed gaze data using a multitask loss func-
tion that includes triplet and cross entropy losses.
The processed gaze data consists of a vector where
each �xation is a unique word index. Positive ex-
amples for triplet learning are gaze from the same
clinician given the same glaucoma classi�cation rat-
ing. We then use the embeddings of GazeFormerMD
to generate weak labels by assigning closest neigh-
bors the same pseudo-labels. Second, these pseudo-
labels are used for training an image encoder through
weakly supervised contrastive learning (WSupCon).
The encoder is then frozen, and we attach a linear
layer for linear evaluation: classi�cation of a report as
glaucomatous or healthy. Our goal is to use gaze data
to learn an informative embedding that guides con-
trastive learning with OCT reports, thereby learning
more robust representations that can improve down-
stream glaucoma classi�cation performance. We hy-
pothesize that given the same clinician, their gaze
pattern should be more similar on OCT reports of
the same class than on OCT reports of a di�erent
class. Figure 1 shows the overall process of our ap-
proach.

3.2. Problem Setting and Datasets

We are given two datasets: a dataset of OCT re-
port images with their corresponding labelsDOCT =
f (x i ; yi )gN

i =1 and a gaze dataset of clinicians' gaze on
OCT reports Dgaze = f (gi ; ~yi ; ye

i ; ci )gM
i =1 . gi , ~yi , ye

i ,
and ci are the gaze time series data, clinician's diag-
nosis (glaucoma or healthy), expertise of the given
clinician, and the corresponding clinician, respec-
tively. DOCT could be incomplete or very small; in
our setting, we will consider a complete but small
dataset. In total, we have 177 Topcon Maestro (Top-
con Healthcare, Tokyo, Japan) OCT reports (LabSet)
and 467 eye-tracking �xation sequences (LabGaze-
Set) from 10 glaucoma experts. Eye-tracking �xa-
tions were collected with Pupil Labs Core (200 Hz)
and Tobii Pro Fusion (250 Hz) eye-trackers while

ophthalmologists viewed OCT images. Clinician ex-
perience level varied from resident to faculty; clin-
icians were asked to rate each OCT report from 0
(healthy) to 100 (glaucoma). Each OCT report im-
age x i has gaze sequencesGi = f gi 1; gi 2; :::g and
P N

i =1 jGi j = M . Each gazegij also has embedding
eij . I f gij g (or I f eij g) is the image that was looked at
by gij . We will use gi and ei only when discussing
gaze data alone for brevity. We will also call the
learned pseudo-labels ^y.

3.3. Gaze Representation Learning

3.3.1. Gaze-to-Word Region Encoding

We take inspiration from the recent success of BERT
Devlin et al. (2019) and Sentence-BERT (SBERT)
Reimers and Gurevych (2019) in learning represen-
tations in natural language. Particularly, SBERT
takes sequences/paragraphs of text and learns repre-
sentations that can meaningfully compare sequences
of text. Gaze data is a time-series from a participant's
viewing of a given image. Gaze contains spatiotem-
poral information; the order of eye �xations and du-
ration of each �xation contain information about rel-
ative importance that leads to the participant's diag-
nosis decision.

Our goal is to learn a good representationei 2 R d

of these sequences so we can distinguish similarities
between di�erent gaze sequences by modelling them
as words. In order to capture information from gaze
data for our language-inspired DL approach, for each
gaze time-series, we encode gaze in the following ways
(depicted pictorially in Figure 2, and a toy example
is given in A.1):

1. region-based:gregion
i , we convert each �xation to

the letter that corresponds to the current region
in which it falls (A, B, C, D, etc.).

2. region-based count vector: we convertgregion
i

into a count vector gregion cv
i , where each ele-

ment is the count of �xations in that region; total
length of this vector is equal to the total number
of regions, which is 7 (A-G).

3. region-grid: grg
i , we divide each region (A-G)

into sub-regions/patches (depicted by red, green,
blue, violet, yellow, magenta, and black grids in
Figure 2). Each �xation is then quantized to an
integer (0-109) corresponding to a patch. Since
each �xation has di�erent duration lengths, we
also bin �xations into 100ms bins such that each
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