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Summary

Background AI models have shown promise in performing many medical imaging tasks. However, our ability to
explain what signals these models have learned is severely lacking. Explanations are needed in order to increase the
trust of doctors in Al-based models, especially in domains where Al prediction capabilities surpass those of humans.
Moreover, such explanations could enable novel scientific discovery by uncovering signals in the data that aren’t yet
known to experts.

Methods In this paper, we present a workflow for generating hypotheses to understand which visual signals in
images are correlated with a classification model’s predictions for a given task. This approach leverages an
automatic visual explanation algorithm followed by interdisciplinary expert review. We propose the following 4
steps: (i) Train a classifier to perform a given task to assess whether the imagery indeed contains signals relevant to
the task; (ii) Train a StyleGAN-based image generator with an architecture that enables guidance by the classifier
(“StylEx”); (iii) Automatically detect, extract, and visualize the top visual attributes that the classifier is sensitive
towards. For visualization, we independently modify each of these attributes to generate counterfactual
visualizations for a set of images (i.e., what the image would look like with the attribute increased or
decreased); (iv) Formulate hypotheses for the underlying mechanisms, to stimulate future research.
Specifically, present the discovered attributes and corresponding counterfactual visualizations to an
interdisciplinary panel of experts so that hypotheses can account for social and structural determinants of
health (e.g., whether the attributes correspond to known patho-physiological or socio-cultural phenomena, or
could be novel discoveries).

Findings To demonstrate the broad applicability of our approach, we present results on eight prediction tasks across
three medical imaging modalities—retinal fundus photographs, external eye photographs, and chest radiographs.
We showcase examples where many of the automatically-learned attributes clearly capture clinically known
features (e.g., types of cataract, enlarged heart), and demonstrate automatically-learned confounders that arise
from factors beyond physiological mechanisms (e.g., chest X-ray underexposure is correlated with the classifier
predicting abnormality, and eye makeup is correlated with the classifier predicting low hemoglobin levels). We
further show that our method reveals a number of physiologically plausible, previously-unknown attributes
based on the literature (e.g., differences in the fundus associated with self-reported sex, which were previously
unknown).

Interpretation Our approach enables hypotheses generation via attribute visualizations and has the potential to enable
researchers to better understand, improve their assessment, and extract new knowledge from Al-based models, as
well as debug and design better datasets. Though not designed to infer causality, importantly, we highlight that
attributes generated by our framework can capture phenomena beyond physiology or pathophysiology, reflecting
the real world nature of healthcare delivery and socio-cultural factors, and hence interdisciplinary perspectives are
critical in these investigations. Finally, we will release code to help researchers train their own StylEx models and
analyze their predictive tasks of interest, and use the methodology presented in this paper for responsible
interpretation of the revealed attributes.
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Research in context

Evidence before this study
We searched Google Scholar and PubMed for published
articles and book chapters available in English related to
manifestation of systemic disease and demographic
information in chest radiography, external eye and fundus
photography and related to interdisciplinary domain expert
panels for explainable Al in health, up to May 22, 2023. Our
specific search terms were “cxr”, “race”, “ethnicity”, "bone
mineral density”, “eyelid margin”, “meibomian glands”,
cataract”, “diabetes”, “anemia”, “retinal

mou
nou

“conjunctiva”,
arteries”, “retinal veins”, “choroid”, “smoking”,
“cardiovascular”, “sex”, and “gender”. Additional search terms
included “interdisciplinary”, “domain expert”, “health”, “bias”,
“equity”, and “social determinants”. Prior studies identified
well known signs of or associations with systemic disease in
fundus photography and chest radiography, either by human
observers or Al based models. Our previous work established
that Al based models could predict systemic medical
conditions from external eye photographs. Although various
explainability approaches have been used to interrogate
medical models, there have been no studies to date which
employed a generative model to identify independent visual
attributes that are most relevant for Al model classification.
While prior studies highlight the need for domain expertise in
explainability, there is a paucity of practical methods for
implementing multidisciplinary expert review, which
specifically includes social scientists and sociotechnical experts
who contextualize factors related to the social determinants
of health and human-computer interaction.

Added value of this study
We developed an approach to investigate medical imaging
models and datasets where a StyleGAN-based model (StylEx)

Introduction

Interest in developing Artificial Intelligence (Al)
models, particularly deep learning based models for
medical prediction tasks has grown considerably over
the past several decades. The hope is that Al-based
models can help medical providers and researchers
rapidly and accurately analyze complex medical data,
particularly medical imaging (e.g., radiography, endos-
copy, fundus photography). Many machine learning
models have performed as well as highly trained
physicians,'* while others have reportedly achieved
higher performance than their human counterparts.**
While many of these prediction tasks are based on

is first used to generate visualizations of independent
attributes which influence a medical imaging-based classifier,
followed by a multidisciplinary expert review of each
attribute. To demonstrate this approach, we applied it to a
number of classifiers across multiple image modalities
(external eye photographs, fundus images, and chest
radiographs) and prediction targets ranging from
demographic information, such as race and sex, to systemic
conditions such as elevated blood pressure. Our expert panel
review consisted of technical, medical, and socio-technical
subject matter experts who critically evaluated and discussed
the highlighted features and demographic or medical
association. This unique approach unearthed associations that
would not likely be identified from review by technical or
clinical experts alone. Our study demonstrates a new
approach for distinguishing the most relevant, and
sometimes novel, visual attributes and holistically evaluating
for bias as well as directions for future research.

Implications of all the available evidence

Our work shows how a generative model can be used to
identify discrete medical imaging features associated with
demographic information and systemic conditions. This
approach allows researchers to improve their understanding
of Al based models and extract new knowledge not previously
identifiable by human experts. Further, we outline a
multidisciplinary approach for attribute evaluation that takes
into consideration the pathophysiologic and socio-cultural
factors that inform healthcare delivery and thus impact our
datasets, diagnosis or labels, and model development. To
enable further research using this generative model, we will
release the code to allow other researchers to utilize it for
their modeling tasks.

reproducing tasks that human experts are capable of,
several Al models surprisingly can identify diseases and
patient characteristics far beyond what the imaging
modality was known to reveal.” In some cases this is
due to the model picking up on confounders,' selec-
tion/information bias in dataset selection'"'"” or struc-
tural, cultural, and historic biases reflected in data''*;
whereas in others the model is picking up on previously
unknown manifestations of a condition.”'®
Explainability methods help provide insights into Al
models” and the data on which these models are
trained. In the medical domain, one desirable property
of an explainability method is an ability to enable a panel
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of experts (e.g., clinicians, statisticians, social scientists,
and human factors engineers) to investigate the visual
cues that the model learns to perform its task. The panel
can determine whether these cues are expected given
the task, or whether the cues warrant further investi-
gation, for example, because the dataset is reflecting
systematic or structural bias,”® confounding,” or risk
factors.”” Such cases are of particular interest when
developing a model which determines healthcare access,
and might require steps to modify the model or the
dataset on which the model was trained to ensure ac-
curacy and limit bias. Alternatively, such a technique
might lead to hypotheses for novel research directions
that could improve our understanding of physiology and
disease.

Among explainability methods in computer vision,”
the output of most techniques* is a heatmap of per-
pixel importance, for instance based on the saliency of
the image features. While these explainability methods can
provide information about the spatial location (the “where”)
of important features, they do not typically explain higher-
level features of the pixels in the highlighted region is
predictive, such as texture, shape, or size (the “what”),
limiting their utility in explaining possible underlying
mechanisms. Recently a new line of research”* showed
how generative models can be used to transform images of
one class into another, i.e., creating counterfactual images
for these classes. While these methods show how an im-
age changes when the cdass is changed, they cannot
disentangle individual fine-grained attributes.

To address these challenges, in this paper we build
on a StyleGAN-based approach called StylEx,* which is
able to generate visualizations of fine-grained attributes.
A notable benefit of this StyleGAN-based approach
beyond that of CycleGAN-based approaches is that at-
tributes are generated using different axes of the style
space. This separation enables the extraction of separate
attributes that may otherwise have been merged into
one, thus avoiding issues with some attributes being
hidden by the most visually striking or familiar change.
These attributes can potentially enable exploration of
new avenues of scientific inquiry for Al models that
have been found to identify surprising associations
beyond what is identifiable by humans. In this study, we
suggest a framework to use Al classifiers to learn new
insights from medical data (Fig. 1). Our approach is
based on 4 fundamental steps that encompass both
technical and interpretation tasks: (i) Train a classifier
on a given image dataset to perform the desired ma-
chine learning task. If the overall accuracy of the trained
classifier is high, then the information for visual
assessment is assumed to be present in those images.
(ii) Train a “StylEx” model—a StyleGAN-based image
generator guided by the classifier—on this dataset of
images. The loss function encourages the GAN to
generate images which both resembles the original
input and are correctly classified by the classifier,
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forcing the generator to put an emphasis on the visual
attributes which are most relevant for classification. (iii)
Automatically extract the top attributes which affect the
classifier. (iv) Generate a visualization of these attributes
for subject matter experts’ evaluation, discussion, and
consensus. As part of this framework, an interdisci-
plinary panel including both data domain experts and
social scientists then interpret the attributes for consis-
tency with prior literature and reason about whether any
could be novel discoveries. Importantly, the interdisci-
plinary nature of the panel reduced blind spots based on
individual expertise.

To demonstrate this approach, we selected three
different imaging modalities and 8 different prediction
tasks based on recent literature, including both “positive
control’ predictions and predictions that clinicians are
not trained to perform using these images. The tasks
were: elevated glycosylated hemoglobin (HbAlc), low
hemoglobin (Hgb), and cataract presence in external eye
photography; systolic hypertension, smoking status, and
self-identified sex in retinal fundus photography; and
abnormality and race/ethnicity in chest radiography
(CXR). Generated counterfactual visualizations (i.e.,
what that image would look like with the attribute
increased or decreased) for each attribute were reviewed
by an interdisciplinary panel of machine learning engi-
neers, social and socio-technical scientists, and
modality-specific clinical specialists: a comprehensive
ophthalmologist for fundus and external eye photo-
graphs, and a cardiothoracic radiologist for CXR. Based
on the attribute visualizations, our specialists formed
hypotheses as to what signals these attributes were
reflecting. This resulted in both expected findings (i.e.,
visual cues that one may expect to find for a given task,
which served as sound positive controls) and surprising
discoveries for each imaging modality. Hypotheses
generated by the interdisciplinary panel suggest future
areas for research needed to better understand the
observed results.

Methods

In this section we present our end-to-end framework for
automatic visual explanation of medical findings. Our
method consists of 4 stages, 3 algorithmic and a final
manual stage involving expert panel discussion (Fig. 1).

Stage 1: training a classifier

In order to verify that we can indeed extract the visual
information to explain the task at hand, we first train a
classifier C to predict the task label. Then we test its
performance on a held out set and measure its gener-
alization capability. We apply our method on classifiers
which achieve high performance (defined for the pur-
poses of this study as being approximately above 0.8, a
threshold described qualitatively as “excellent”). The
motivation behind this decision is that we want to
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Fig. 1: Our method consists of 4 stages: (1) train a classifier on the predictive task of interest, (2) train a StylEx model on the dataset using the
classifier as guidance, (3) automatically extract the top attributes which affect the classifier, and (4) generate a visualization of these attributes
for experts’ evaluation.
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ensure that the classifier has indeed learned informa-
tion relevant to the task of interest, so that it is mean-
ingful to visualize this learned information. Further
details are provided in Supplementary Note 3.

Stage 2: StylEx
We used StylEx* to generate counterfactual visual ex-
planations. StylEx relies on the fact that StyleGAN2
contains a disentangled latent space called “Style-
Space”,”” which contains semantically meaningful attri-
butes of the images. We train a StyleGAN2 model on the
same dataset that is used to train the dassifier, to
generate realistic looking images from that domain.
However, the original formulation of StyleGAN2
training does not depend on the classifier C (from Stage
1), and so it may not necessarily represent and generate
subtle attributes that are important for the decision of
the specific classifier C which we wish to use for
explainability. Therefore, we train a StyleGAN2-like
generator G to preserve the decisions of the classifier
C on the training images, encouraging its StyleSpace to
explicitly represent classifier-relevant attributes.

This is achieved by training the StyleGAN2 generator
G with three additional changes: (i) Instead of using a
mapping network from a noise vector to the latent space
W, we replaced it with an encoder E, trained together
with the GAN with a reconstruction-loss. This forces the
generated output image to be visually similar to the
input, and allows us to apply the generator on specific
input images to generate counterfactuals. (ii) Together
with the reconstruction loss, the classifier-output simi-
larity loss encourages that both the generated image it-
self and the neuronal activations through the
classification model for the generated image resemble
that of the original input images. Thus, visual features
important for the classifier C (such as those used to
identify medical conditions) should be included in the
generated image, and our expert panel’s (detailed next)
goals are to interpret for the presence of known and
possibly novel visual features. (iii) In addition, we use a
conditional version of StyleGAN2 architecture, which
concatenates the classifier output of the original image
to the latent vector W. This ensures that the StyleSpace
vector, which is a linear mapping of this concatenated
vector, uses the information from the classifier directly.
To automatically find attributes which are correlated
with the labels and some pre-existing set of confounding
variables, we used a slightly modified method to the
original StylEx work, as described in Supplementary
Note 1.

Stage 3: automatic attribute selection

After training the StylEx model, we search the Style-
Space of the trained generator G for attributes that affect
the output of the classifier C. To do so for a given image,
we manipulate each StyleSpace coordinate of G by
increasing and decreasing it by a fixed factor times the
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standard deviation of this feature, and measure its effect
on the classification prediction (henceforth “CP” for
brevity), and select the top k attributes that maximize the
change in CP, in a way which resembles Individual
Conditional Expectation (ICE).** This provides the top k
image-specific attributes. We can then regenerate the
input image while modifying one attribute at a time,
visually displaying the meaning of each individual
attribute (i.e., a counterfactual visualization). The class-
specific top k attributes are obtained by repeating this
process for a large number of images per class and
measuring the percentage of images where CP was
changed by more than some threshold (0.15), which was
the same for all classifiers. To avoid outlier attributes
which transformed the image out of the domain distri-
bution, we filtered out attributes which changed the
classifier prediction in opposite directions.

Stage 4: evaluation by interdisciplinary human
experts

In our final stage, the interdisciplinary expert panel re-
view allows us to critically assess the model findings and
identify areas of bias as well as directions for future
research. We visually display the top k attributes to a
panel of human experts by generating counterfactual
images where each attribute individually is increased or
decreased for a set of example images (Fig. 1). For each
domain, we consult with clinical, socio-technical, social
science specialists in that domain, and machine
learning engineers to inspect the attributes (see
Supplementary Table S3). For each attribute our clinical
specialists hypothesize what visual signal is captured by
the attribute and the full expert panel hypothesizes
possible interpretations for why the signal is useful to
the classifier. The panel discusses all attributes, with
specific focus being paid to attributes the panel has
identified as potentially being representative of bias due
to systematic or structural factors present in the dataset
or confounding not accounted for in the model. Finally,
the full panel reviews and identifies a list of research
and validation hypotheses. These research and valida-
tion hypotheses can be tested either by comparing them
to known phenomena from the literature, or via further
studies to prove or disprove them. Without these kinds
of interdisciplinary review and discussion, certain social
or environmental factors may be assumed to be or
perpetuated as biological /physiological phenomena (see
Supplementary Note 5).

For interpretation and hypothesis generation, we
draw from the socio-ecological theory** and social and
structural determinants of health framework.” These
models argue that health is not simply biologically
determined, but rather it is shaped by myriad social,
political and environmental factors across the lifecourse.
These models are particularly useful for the interpreta-
tion of socially-constructed attributes such as race.
However, much social science research has illustrated
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the ways in which social, political, and environmental
exposures are physically embodied and can change our
biology*® and so we apply our theoretical framework to
all attributes. Additionally, research in the human fac-
tors engineering and human-computer interactions
fields have demonstrated the myriad human and envi-
ronmental effects, such as human error, maintenance of
the technology, and environmental conditions (lighting,
temperature, storage”’ *’) the accuracy and validity of the
results produced by the technology. Using this infor-
mation as our theoretical underpinning, prompts to the
expert panel (Supplementary Note 6) are created to aid
in hypothesis generation and group discussion of in-
terpretations. As such, interpretations may consist of
both biologically and socially constructed criteria. This
includes physiological conditions related to the predic-
tion task at hand, specific ways the imaging device and
participants interact, representativeness of the study
population, social and structural determinants of health,
or a combination of them all.

Datasets and prediction tasks

We tested our method on three different input imaging
modalities, and a variety of tasks. For each modality, we
used datasets from prior research studies and retrained
a classifier using the methods used in these works with
minor modifications (more details are included in
Table 1 and Supplementary Note 2). These classifiers
are oftentimes trained in a multi-task fashion, such
that they can predict many different targets (i.e., there
is a common “backbone”, and a different “head” for

each prediction task). For the purposes of our work, we
selected a subset of tasks that had a sufficiently high
AUC to ensure that the classifier C learned a mean-
ingfully strong signal. In all cases, we trained the
StylEx model on the same training data that was used
to train the classifier models. Specifically, for fundus
photos, we follow the approach reported in Poplin
et al.,” using the UK Biobank dataset; the prediction
tasks in this domain include self-reported sex, systolic
blood pressure (SBP)>140, and smoking status. For
external eye photos, we use the model reported in
Babenko et al.,*' which was trained on the EyePACs/
LACDHS dataset; the prediction tasks in this domain
include presence of cataracts, HbAlc > 9, Hgb < 11.
Finally, for CXR we explore two prediction tasks: CXR
abnormality and race. For the former we follow the
approach described in Nabulsi et al.,”” using the IND1
and CXR-14 datasets. For the latter we trained a model
similar to that described in Gichoya et al."® For uni-
formity across tasks and setups, all tasks were framed
as binary classification problems.

Overall, most datasets were collected in a healthcare
setting, and thus skewed older. The datasets also had
unequal proportions of sex, and had racial/ethnic dis-
tributions which may not precisely represent the coun-
tries from which data were collected. While all the
datasets used here have been previously described in the
literature, because nuances of the populations and data
collection processes affect the interpretation of the at-
tributes, we include a brief summary of these datasets in
Supplementary Note 2.

Imaging modality External eye Fundus photograph Chest radiograph (CXR)

Dataset EyePACS/LACDHS UKBiobank Apollo & CXR-14 MIMIC 1114°

Geography Los Angeles, CA, USA United Kingdom India/USA Boston

Number of patients 49,025 62,631 228,108 47,621

Number of visits 76,458 64,173 249,558 69,626

Number of images 151,267 119,092 282,604 162,639

Age (median/IQR) 57.8/12.5 59.5/13.0 48.0/21.0 63.0/26.0

Race/ethnicity Data available for: 42,715 Data available for: 62,255 N/A Data available for: 47,621

Self-reported sex = Male

Hispanic: 31,708 (64.7%)

Black: 4504 (9.2%)

Asian/Pacific islander: 3457 (7.1%)
White: 2375 (4.8%)

Other: 610 (1.2%)

Native American: 61 (0.1%)

19,267/49,014 (39:3%)

White: 57,344 (91.6%)
Other: 2309 (3.7%)

Black: 688 (1.1%)

28,633/62,631 (45.7%)

Asian/Pacific islander: 1914 (3.1%)

White 33,552 (70.5%)
Black 8840 (18.6%)
Hispanic 3315 (7.0%)
Asian 1914 (4.0%)

140,872/228,081 (61.8%) 22,620/47,621 (47.5%)

Task-specific statistics Cataract presence  HbAlc > 9 Hgb < 11 Sex = Male Smoker Systolic BP > 140  Abnormal Race = Black

Label

Train counts [positive/total 2798/62,213 5273/19,324 2001/26,289 25,032/54,771 4769/55,976 23,162/55,935 79,444/245,065 7972/42,849

(%)] (4.5%) (27.3%) (7.6%) (45.7%) (8.5%) (41.4%) (32.4%) (18.6%)

Tune counts [positive/total 308/14,245 1188/4165 451/5831 3601/7860 681/8021 3278/8018 2285/4493 868/4772

(%)] (2.2%) (28.5%) (7.7%) (45.8%) (8.5%) (40.9%) (50.9%) (18.2%)

AUC [% (CI)] 873 70.2 79.1 93.9 70.8 778 96.9 96.1
(85.8-88.9) (69.0-71.5) (77.6-80.7) (93.6-94.2) (69.3-72.3) (77.0-78.5) (96.5-97.4) (95.6-96.7)

Table 1: Dataset characteristics.
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Ethics

Given this study was retrospective and used de-
identified datasets, the need for further review was
waived by the Advarra Institutional Review Board (IRB).

Role of funder

Google was involved in the design and conduct of the
study; management, analysis, and interpretation of the
data; preparation, review, and approval of the manu-
script; and decision to submit the manuscript for
publication.

Results

Across the imaging domains and prediction tasks
explored in this paper, our method unveiled a number
of attributes, leading to several novel areas for additional
scientific inquiry according to interdisciplinary expert
consensus. Tables 2, 3 and 4 lists a sample of the
discovered attributes, and the full list can be found in
the Supplementary Material. For each attribute, we
provide a “visual explanation”, by showing two gener-
ated versions of an image with increased/decreased
values of the detected attribute (animated images

showing these changes are attached as Supplementary
Material), along with the panel’s description and inter-
pretation of the attribute, and directions for future
exploration. In addition to their primary task, we trained
our classifier to also predict additional variables (such as
sex and age if not already being predicted), which
enabled us to explore potential confounding effects (see
Methods and Supp. Note 1). These results illustrate the
breadth and diversity of data types and attributes for
which our method is applicable and the variety of
research hypotheses inspired by it. We review the
highlights of these findings for each modality below,
noting that while our results suggest testable hypotheses
generated by the interdisciplinary panel, they do not
establish causality (further discussed in the Discussion).

Fundus photo

For the fundus photo modality we explored three tasks:
predicting smoking status, systolic blood pressure over
140 mmHg, and sex.’ For the first two tasks, our method
produced attributes related to retinal vasculature. Spe-
cifically, retinal vein dilation was correlated with a
higher CP of being a smoker, whereas arteriolar nar-
rowing was correlated with higher CP of elevated

Image Modality

CXR

Images of
increased /
decreased
attribute
magnitude

\

-l

Prediction task Normal / Abnormal

Race

Attribute location | Left ventricle

Bones

Human
description of the
attribute
(“What”)"

abnormal CXR.

Left ventricular enlargement, demonstrated by leftward
displacement of the left heart border, with increasing CP of

increasing CP of Black race.

Decreased skeletal lucency and increased conspicuity of ribs,
scapulae, humeri, or thoracic vertebral bodies on CXR with

Consolidated

Left ventricular enlargement often occurs in the setting of

Increased bone mineral density results in bones that

appear

panel notes

congestive heart failure, ischemic heart disease, or
hypertension. This attribute is unlikely to represent a
regular beating of the heart because the enlargement is
focal. There are severe racial disparities in heart disease
and hypertension, which should be considered in the
context of the dataset demographics.

more conspicuous (relative to background) on CXR. Average
bone mineral density varies among racial and ethnic groups
and by age. A higher average bone mineral density in Black
populations may explain the association for this model;
however, we cannot conclude whether the underlying cause
of this is related to biological differences or environmental
exposure, nutrition, or structural artifacts that are not
measured.

Please see Supplementary Tables S2a and S2b for more details.

Table 2: A sample of attributes for the CXR domain.
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Image Modality

Fundus photography

Images of
increased /
decreased
attribute
magnitude

Prediction task

Smoking Status (yes/no)

Sex

Attribute location

Retinal vessels

Choroid

Human
description of the
attribute
("What")"

Retinal vein dilation with increasing CP of being a smoker

Increase in nasal, temporal, and inferior choroidal
vasculature visibility with increasing CP of male gender

Consolidated
panel notes

Retinal venular caliber is associated with cardiovascular
disease, which is strongly associated with smoking. Since
smoking, cardiovascular disease, and diabetes are difficult
to disentangle, it would be challenging, for example, to
find datasets with smokers who do not have
cardiovascular disease. Even if such datasets exist, social,
cultural, and environmental factors between participants

This attribute associates greater choroidal vasculature
visibility with increased probability of male sex, which is
the converse of what previous research in this area has
suggested. There may be differences in the dataset, such as
the distribution of myopia and fundus pigmentation within
male and female populations, which may drive the
differences identified by the model.

would likely vary greatly, creating additional confounders.

Please see Supplementary Table S2c for more details.

Table 3: A sample of attributes for the fundus domain.

systolic blood pressure. Both of these associations have
been reported in the literature.”

For the sex prediction task, our method found an
attribute that associates greater choroidal vasculature
visibility with increased CP of male sex. This is the
converse of what previous research in this area has
suggested.*” Our panel hypothesized that dataset-
specific factors, such as that related to distribution of
axial length/myopia or fundus pigmentation within
male and female populations, may drive the differences
identified by the model, and further investigation is
warranted. Further research into the association be-
tween sex, myopia,” and fundus pigmentation in this
dataset may help understand this link.

External eye photo

In the external eye domain,** we explored three
tasks: cataract presence, low Hgb (<11 g/dL), poor
glycemic control (HbAlc > 9%). The cataract pres-
ence task acted as a positive control since unlike the
other tasks explored, cataract presence is feasible for a
human to perform (and indeed is part of the reason
these images were captured in this dataset). Indeed,
our method found two attributes that are known to
clinicians®: presence of cortical cataract spokes,
extending from peripheral to central lens, and

dimmer red reflex were both associated with higher
CP of cataract presence.

For the low Hgb task, our method found an attribute
showing that decreased conjunctival vessel prominence
was correlated with increased CP of low hemoglobin,
which our panel noted as being consistent with known
biological phenomenon.’* Another attribute appeared to
show that increased eyeliner (a cosmetic used around
the base of the eyelashes) thickness and density was
associated with higher CP of low Hgb. Abnormally low
hemoglobin levels is known to be a common condition
in females of reproductive age.”* Indeed, the CP of fe-
male sex was also correlated with this eyeliner attribute.
Hence our panel hypothesized this may represent the
presence of confounding picked up by the classifier that
would need to be mitigated before considering the use
of such a model.

Finally, for the poor glycemic control task, we report
on two noteworthy attributes. The first shows that
increased corneal arcus thickness from the limbus is
associated with lower CP of elevated HbAlc. Generally,
corneal arcus is associated with increased age,” and
indeed we found this correlation between this attribute
and CP of age above 60. The direction of the correlation
with HbAlc and the attribute is therefore surprising
since HbAlc tends to increase with age.”* However,
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Image Modality

External eye photograph

Images of
increased /
decreased
attribute
magnitude

Prediction task

HbAlc>9

Hgb

Attribute location

Eyelid margin

Eyelid

Human
description of the
attribute
(“What”)"

Increasing eyelid margin pallor with increasing probability
of elevated HbAlc

Increasing upper eyelid makeup eyeliner thickness and
density with increasing CP of low Hgb

Consolidated
panel notes

The eyelid margin attribute may be depicting
pathophysiologic signs of meibomian gland disease (MGD),
which is associated with diabetes. Signs and symptoms of
MGD or dysfunction are noted with increased frequency in
individuals with diabetes. There are several other potential
confouders which should be considered, such as toxic
exposures to medications or environmental irritants, social
and cultural practices that are related to hygiene and use of

The eyeliner attribute identifies a known cultural
association between makeup usage and low hemoglobin
levels with the same demographic factors of sex and age.
Additionally, the dataset was not racially and ethnically
diverse, warranting questions of whether this same
association would have been observed with darker skin
tones or with use of different colors of eyeliner.

makeup or other topicals.

Please see Supplementary Tables S2d and S2e for more details.

Table 4: A sample of attributes for the external eye domain.

closer examination of the dataset led our panel to hy-
pothesize that this may be due to survivorship bias—the
dataset comes from a diabetic retinopathy screening
program, where the sickest patients (i.e., with higher
HbA1c and referrable disease) are referred out of the
program, and hence older patients who are still in the
program tend to be healthier. The second attribute
shows that an increase in eyelid margin pallor was
associated with higher CP of elevated HbAlc. Our panel
hypothesized that this may be related to subtle signs of
changes in meibomian glands since meibomian gland
disease has been reported to be more prevalent in in-
dividuals with diabetes.”*** However, further investiga-
tion is required to determine the specific mechanisms
involved, and these findings would not signal the use for
this visual feature in isolation as a screening tool.

Chest X-ray

In the CXR domain we explored two tasks: predicting
abnormality and predicting race. For predicting abnor-
mality, StylEx highlighted three attributes, the first of
which was left ventricular enlargement being correlated
with higher CP of abnormality. Our panel categorized
this as a known clinical phenomenon as this type of
enlargement occurs in the setting of congestive heart
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failure, ischemic heart disease, or hypertension.”” The
second attribute showed that mediastinal widening or
prominent aortic knob was associated with increasing
CP of abnormality, which was also categorized as a
known phenomenon since an enlarged or tortuous
thoracic aorta is a common cause of mediastinal
widening or prominent aortic knob in elderly in-
dividuals, particularly those with atherosclerosis.”* The
final attribute showed that more apparent over-exposure
of images (i.e., darker images) were correlated with
higher CP of abnormality. Our panel hypothesized that
this correlation may be due to the differences between
portable, or anteroposterior (AP), imagery, which tends
to vary more in quality and exposure and is often taken
in-patient for sicker patients, versus standard poster-
oanterior (PA) imagery.” Other hypotheses and factors
to consider or warrant further investigation for this
attribute are listed in Table 2.

For the task of predicting Black race from CXR, we
report on three attributes. The first attribute shows that
increased skeletal conspicuity is associated with
increased CP of Black race. Increased skeletal conspi-
cuity may be a radiographic indicator of increased bone
mineral density, which studies have reported varies
among racial/ethnic groups.® However, our panel noted
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that due to the historical scientific racism still present in
medical literature and research today*"*> and the widely
accepted understanding that race is socially, rather than
biologically, constructed,”** we cannot conclude these
differences are related to biological differences. Differ-
ences in bone density may be the result of environ-
mental exposures or structural artifacts®® that are not
measured in our dataset, suggesting further investiga-
tion is required. The next two attributes our panel
categorized as being likely confounders. One showed
that increased upper lung volume was associated with
decreased CP of Black race. Increased upper lung vol-
ume is a sign of chronic obstructive pulmonary disease
(COPD), and although some studies have suggested a
lower prevalence of COPD among Black individuals,®
other studies have reported decreased COPD screening
in Black populations.” Our panel noted that there are no
known racial differences in lung volume—this variation
tends to be related to socio-behavioral and environ-
mental factors.””’? The final attribute showed that a
more superior clavicle position relative to the lung
apices was correlated with decreased CP of Black race.
Our panel hypothesized that this correlation could be
due to associations of race distribution and AP versus
PA chest radiography. A more superiorly positioned
clavicle is associated with portable AP CXRs, which are
usually obtained at the hospital bedside with a patient in
a recumbent position. As hospitalization rates are noted
to be higher in non-hispanic Black patients,”*”* a higher
frequency of AP CXR imaging was expected in Black
patients, relative to other groups. As a more superior
clavicle position is associated with AP imaging, a higher
CP of Black race would have been expected for this
feature, but was actually counter to our results. This
unexpected observation could have been due to the
unique characteristics of the training dataset which had
a greater relative proportion of White patients to Black
patients for AP images as compared to for PA images.
Alternatively, thoracic kyphosis (excessive curvature of
the thoracic spine often encountered in the setting of
low bone mineral density) can result in more inferior,
rather than more superior, clavicle position on CXR. As
low bone mineral density has a weaker association with
Black race than White race, one would also have ex-
pected that superior clavicle position would be associ-
ated with a higher CP of Black race-which was the
opposite of what was observed. Further investigation of
the dataset and model are needed to identify a complete
explanation of this attribute.

Discussion

In this paper we showcase a new explainability frame-
work incorporating generative AI and an expert
consultation process to interpret medical imaging
models and datasets. Our AI generates counterfactual
images using GANs, and is able to discover and

visualize attributes which affect the decision of a clas-
sifier model, and hence may represent an association
with the underlying task. We demonstrated our method
on multiple prediction tasks and imaging modalities.
Importantly, our method goes beyond an understanding
of what areas of an image (i.e., the “where”) are
responsible for a prediction (the goal of various saliency-
based methods), and helps understand what change in
those regions are associated with the predictions (i.e.,
the “what”), with an important interpretation step to
understand or generate hypotheses of physiological,
social or socio-technical mechanisms that link these
changes to the prediction task (i.e., the “why”). This
critical last step of hypothesis generation relies on the
expertise and collaborative interpretation of an inter-
disciplinary expert panel of clinicians, statisticians, so-
cial scientists, and human factors engineers.

Some of our tasks can be performed by human ex-
perts looking for specific visual features. The fact that
our method is able to rediscover such features serves as
positive control experiments. For example, car-
diomegaly is a known condition visible in (and defined
by measurements of the heart and chest width in)
CXRs, and is evident by the counterfactual for the
abnormal CXR model showing an increase in the size
of the cardiac silhouette. Likewise in external eye
photographs, cortical spokes are visible hallmarks of
one type of cataract, and thus its presence as an attri-
bute helps sanity check that the original classification
model had learned to recognize meaningful features
that define the prediction tasks. In addition, our
method also rediscovers known visual cues that are not
directly used to determine the ground truth label, but
are known to be associated with the underlying con-
dition. For instance, smoking increases the diameter of
the blood vessels,” which can be seen in the counter-
factual attribute showing dilated vessels, but smoking
status is not defined based on blood vessels’ dilation
status. More examples include arteriolar narrowing for
elevated systolic BP and conjunctival pallor in low Hgb,
both of which are known associations clinically; in both
cases the attribute can be a manifestation of but do not
define the respective condition. These rediscoveries
provide evidence for the potential of the proposed
method for scientific research.

For some of our tasks, our interdisciplinary expert
panel review concluded several associations may be ar-
tifacts of dataset demographics, human interactions
with technology, or the result of social and structural
determinants (i.e., access to healthcare or exposure to
racism and discrimination that is linked to differential
hospitalization risks and utilization). For example, our
method shows that low exposure increases the proba-
bility for a classifier to classify a chest X-ray as
“abnormal”, which could result from the patient orien-
tation and CXR view (PA versus AP), which is in turn
associated with patient mobility, inpatient versus
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outpatient status, and other factors. Because these fac-
tors often depend on local patient demographics, these
associations may be spurious. Another example is the
attribute which shows that adding eyeliner increases the
CP for low hemoglobin. This is likely a result of social
and cultural association between makeup usage and low
hemoglobin levels with the same demographic factors of
sex and age. Another example of social or structural
determinants is the prediction of race from decreased
skeletal lucency and increased conspicuity of ribs,
scapulae, humeri, or thoracic vertebral bodies: simply
put, bone mineral density as a predictor of race. Bio-
logical and even lifestyle factors cannot fully explain this
association.”” Further exploration is warranted regarding
the effect of factors such as age distribution, environ-
mental exposures, or nutrition. Additionally, because
race is socially, rather than biologically, defined and
often serves as a proxy for racism’ and there is greater
genetic variation within racial groups than between
them,” we feel it important to remind the reader that
associations with race do not represent a biological
phenomena. Uncovering attributes that indicate un-
wanted bias in the data is important in practice because
such bias should be mitigated before a model is
deployed. A practitioner may want to re-train the clas-
sifier with a different dataset or setup (e.g., in the case of
the normal/abnormal CXR model, we could train
separate models for AP and PA), or employ training
methods or auxiliary data from public health datasets
such as state-wide surveillance datasets, longitudinal
national health surveys, and national cohort studies
including factors at the individual, societal, political,
and geographical levels to add context and reduce
bias.”®”

The understanding that machine learning models
can extract unwanted signals has implications for
modeling and dataset design and transparency.® For
example, researchers may desire updating model cards®'
or other transparency artifacts to ensure awareness of
possible unexpected associations leveraged by the
model. Moreover, this awareness could enable targeted
improvements, whether by improving or modifying the
training processes using custom losses or augmenta-
tions, or modifying dataset sampling during training to
remove these associations.®* Similarly, this knowledge
could more broadly improve awareness of hidden as-
sociations that exist in both retrospective data and pro-
spective data collection. For example, standardizing
prospective data collection protocols to remove makeup,
masks, jewelry, accessories, and more could help,
though such efforts would need to be balanced with
whether the target population during usage may not be
keen on removing these. For retrospective datasets
where protocols cannot be changed, more complete
documentation of the data collecting environment and
protocol could help researchers be more aware of po-
tential associations.
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An exciting product of our approach are attributes
that might inspire hypotheses for previously unknown
correlations. Such hypotheses have the potential to pave
the way for novel scientific understanding, similar to the
way Al techniques have been applied in non-medical
domains.”** For example, we found that increasing
eyelid margin pallor was associated with increasing
probability of elevated HbAlc. A possible explanation
for that attribute is that it is a subtle manifestation of
meibomian gland disease, which is more severe in pa-
tients with diabetes or elevated blood sugars, though the
mechanism is not well understood.***° Another attribute
discovered by our method is that retinochoroidal
pigmentation is associated with higher predicted likeli-
hood for female sex, which adds to the evidence that sex
differences have been observed in macular and peri-
papillary choroidal thicknesses.****” These attribute ex-
amples are consistent with such connections, and could
inspire research to better explore the underlying physi-
ological and pathophysiological mechanisms.

It is important to note that our method was not
designed to assess causality, and as such, the core as-
sumptions of consistency, exchangeability, and positiv-
ity do not hold.*® Prediction models are distinct from
causal models in several ways, most notably in the
considerations of temporality of the explanatory vari-
ables.*” Without close attention to whether the effect
truly occurred after the cause, assessing the relationship
of “cause” and “effect” is impossible. However, by
explicitly incorporating this understanding, interdisci-
plinary panel discussions helped reduce blind spots and
aided in identification of both potential hypotheses (see
previous paragraph) and potential confounding factors
and as a result suggested opportunities for model
improvement. Furthermore, it is worth noting that the
workflow we present in this paper is aimed at aiding
practitioners gain a better understanding of models and
datasets, rather than a tool that can be employed in
clinical practice (i.e., this approach as-is may not
consistently aid in understanding why a model produces
a particular output for a given input).

This new explainability framework contains several
other notable limitations. Firstly, after attributes are
extracted, their interpretation is not straightforward and
requires close collaboration between the machine
learning researchers and expert panel to generate hy-
potheses, conduct literature reviews, and even manually
engineer features to validate the hypotheses. Unsur-
prisingly, in contrast to some of the more visually
striking examples provided here, we have also found
cases where the experts cannot readily interpret the
counterfactuals described by our method. In other
words, while the smooth animations generated by this
approach render the (often subtle) change in the image
visible and detectable, experts are unable to clearly
describe or rationalize the change, whether from a
pathophysiological perspective or otherwise. Depending
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on the magnitude of the change in the latent space
applied to generate the counterfactual, it is also possible
for the generator to produce unrealistic-looking images.
Secondly, our method requires training a StyleGAN
model, which works well on structured, closed domains
such as images taken using standardized protocols and
backgrounds (CXR, fundus photographs, external eye
photographs), but can struggle in general open-ended
domains such as images with a wide variety of back-
grounds, poses, and distances (e.g., clinical photographs
in dermatology where the background and camera
orientation and lighting can differ substantially across
cases). Training StyleGAN models is also both compu-
tationally and data intensive at present, narrowing the
number of projects where this approach is feasible.
Additionally, this method is subject to selection bias,
measurement error, and other forms of confounding
unless explicitly accounted for. Along these lines, it is
important to consider the role of social and structural
determinants of health in shaping both the health out-
comes captured in datasets and its representativeness.
Datasets used in our analyses are not necessarily
demographically representative of their geographic
source populations and thus our findings about poten-
tial attributes and their associations are not always
generalizable to each respective country in which data
were collected. Furthermore, because social, political,
and economic circumstances vary vastly between coun-
tries, findings from data collected in one country cannot
be generalizable to another country (i.e., data from the
U.S. may not be generalizable to India).

In summary, we have presented a StyleGAN-based
method (StylEx) for generating counterfactuals to
explain AI models, and demonstrated its utility across
multiple imaging modalities and prediction tasks. StylEx
was able to rediscover known associations, detect con-
founders, and generate new insights that can be tested
in future studies. With this paper, we release sample
training code to aid researchers, and look forward to
more novel discoveries by the community.
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