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Abstract

Bias in healthcare has been well-documented and results in disparate and worsened outcomes for
at-risk groups. Medical imaging plays a critical role in facilitating patient diagnoses but involves
multiple sources of bias including factors related to access to imaging modalities, acquisition

of images, and assessment (i.e. interpretation) of imaging data. Machine learning (ML) applied
to diagnostic imaging has demonstrated the potential to improve the quality of imaging-based
diagnosis and the precision of measuring imaging-based traits. Algorithms can leverage subtle
information not visible to the human eye to detect underdiagnosed conditions while mitigating
cognitive bias in interpretation or derive “new phenotypes” of disease that link imaging features
with clinical outcomes. Importantly, the application of ML to diagnostic imaging has the potential
to either reduce or propagate bias. Understanding the potential gain as well as the potential risks
requires an understanding of how and what ML models learn. Common risks of propagating

bias can arise from unbalanced training, sub-optimal architecture design or selection, and uneven
application of models. Notwithstanding these risks, ML may yet be applied to improve gain
from imaging across all three A’s (access, acquisition, and assessment) for all patients. In this
review, we present a framework for understanding the balance of opportunities and challenges
for minimizing bias in medical imaging, how ML may improve current approaches to imaging,
and what specific design considerations should be for introducing ML in an equitable manner to
maximize the quality of healthcare for all.
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Bias in healthcare is a pervasive problem and contributes to variations in process, delivery,
and outcomes across the care spectrum. In the context of patient care, data-rich diagnostics
provided by medical imaging can play a pivotal role in offering relatively balanced and
objective information on the health status of tissues, organs, and systems. However, medical
imaging workflows can also be subject to multiple sources of bias — many of which could
be mitigated by artificial intelligence (Al) and machine learning (ML). Conversely, some
disparities may be perpetuated by the AI/ML driven workflows if applied without thoughtful
planning (Figure 1 and Figure 2). In this review, we outline how Al/ML approaches to
conventional clinical care workflows offer both opportunities and challenges regarding
their potential effects on mitigating bias. Because medical imaging represents a forefront
area of Al innovation in healthcare, ongoing lessons can inform our understanding of Al
applications in other areas of medical care and their potential influence on bias.

Il. Bias in Medicine and Mitigation by Machine Learning

Biases propagate disparities based on socio-demographic traits such as age, sex, gender,
race, ethnicity, sexual orientation, socioeconomic status, education, profession, and type

of health insurance. Well-documented examples of racial bias in emergency care include
the trend that Black adults presenting with acute pain syndromes are less likely to receive
adequate analgesia than non-Black adults.> Gender bias between cis-gender patients is
similarly well-documented: women experiencing chest pain are less likely to be considered
for aggressive cardiovascular care and management compared to men.2 Medical bias can
also manifest from more subtle differences in individual characteristics: patients suffering
heart attacks in the two weeks after their 80t birthday were less likely to be offered bypass
surgery compared to their 79 year-old counterparts.3 Human medical decision making relies
on general impressions and fallible heuristics that can introduce bias. Even risk scores and
decision aids, meant to balance ease of use with risk evaluation (e.g. CHA,DS,-VVASC),
rely on a small set of input variables weighted routinely by clinicians. Less restricted
computer algorithms could both improve performance and minimize bias when calculating
the relationship between clinical variables and outcomes risk for informing treatment
decisions.

In the context of medical imaging, the usual types of bias seen in medicine can appear

in forms that are specific to clinical imaging workflows (Table 1 and Table 2).3-5 As in

the broader practice of medicine, bias in medical imaging can lead to diagnostic errors as
well as missed or inappropriate treatment opportunities.® For example, Black and Hispanic
children are less likely to receive emergency imaging compared to their White counterparts.’
Hospitalized compared to non-hospitalized patients are more likely to have their urgent
imaging findings interpreted as non-diagnostic.8 The drivers of bias in medical imaging can
be categorized as factors leading to variations in three areas: (1) access to imaging tests, (2)
acquisition of imaging data, and (3) assessment or interpretation of imaging findings (Table
2). In each category, Al and ML algorithms could potentially be used to mitigate the drivers.
Some methods are currently refined for deployment while others have yet to be developed,
tested for feasibility, or evaluated for effectiveness. On the other hand, we also recognize
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the risk of ML models propagating biases if engineers and clinicians are not careful in their
development and application.

l.a. Machine Learning Can Reduce Bias in Access to Imaging

As in other areas of healthcare, disparities related to imaging first begin with access (Table
2, Access — Section ). Relevant clinician practice patterns, which influence whether or not
an imaging test is ordered, are often based on an assessment of need, specialty training,
years in practice, experience encountering a given type of patient presentation, and local
practice patterns.910 More subtly, various “-isms” (racism, sexism, ableism, ageism, etc.)
can impact clinician practice patterns, resulting in disparities in access to imaging. Clinician
practice patterns also depend on whether a given imaging diagnostic is available locally

or regionally, within an payor network, covered in any part by any existing insurance, or
technically feasible based on the availability of appropriate equipment, material availability,
and personnel.1% Given the technological, financial, and human capital overhead required,
the availability of clinical imaging resources varies substantially across regions (Table 2,
Access — Section 11 & 111).10 For instance, multiple studies have shown that evidence-based
imaging (e.g. mammography) is often less accessible to economically disadvantaged patients
—not only due to referral bias but also due to travel distance and clinic wait times at
accessible centers. In particular, Black women tend to have to travel farther for MRIs,

and 2018 data showed that Black and Hispanic patients were more likely to face lack

of transportation to healthcare services when compared to their White counterparts.11:12
Geographic disparities in the ability to physically access imaging facilities are further
exacerbated by the uneven distribution of trained imaging personnel and specialists, with
some parts of the United States having 4 times fewer radiologists per 100,000 Medicare
beneficiaries than others (Figure 3, Section 1.1.1).13 Not surprisingly, urban compared to
rural communities are much more likely to have ready access to advanced imaging and
skilled interpretation.

Recognizing the complexity as well as breadth of factors driving variable access to imaging
diagnostics across the country, there are several areas where Al and ML algorithms may
assist. To initially identify geographic inequities, Al analyses of map data and satellite
images can determine disparate travel distances between neighborhoods and imaging
centers.1* For either urban or rural communities, existing intelligent transportation systems®
can be adapted to integrate with health resource maps to identify minimal travel time

and distance required for reach an imaging center. Given constrained options, data driven
algorithms have previously guided resource allocation before and during the COVID
pandemic as well as in other settings.1® To address geographic distribution issues, similar
algorithms can be developed to guide health systems and policy makers in selecting and
incentivizing allocation of scarce material resources in ways that could maximize utility
and benefit across a patient population. When considering shortages of personnel in certain
geographic areas, Al and ML algorithms can be used to facilitate workflows that allow for
some technical tasks to be automated or semi-automated; as further discussed the sections
below, these same processes can also be used to mitigate issues related to image acquisition
and image interpretation.

Circ Cardiovasc Imaging. Author manuscript; available in PMC 2025 February 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Vrudhula et al.

Page 4

Beyond regional access barriers are the yet omnipresent barriers posed by cost (Table

2, Access — Section V). As advanced cardiac imaging modalities such as CT and MRI

have become more integrated into routine care, their availability through more broadly
covering insurance plans has increased. However, certain patient subgroups (e.g. patients
with cardiovascular disease) may yet opt out of obtaining medically indicated imaging
while facing the costs of receiving an imaging test with or without insurance as well as

the costs incurred by taking time off and arranging transportation to an imaging center.1’
Although still in development, there are now Al algorithms that may assist with reducing
imaging related costs for patients. Multiple algorithms have been developed to guide clinical
decisions around which symptomatic patients should receive stress testing or be screening
for possible low EF,18:19 and these can be used to screen out patients in whom testing

is unnecessary. At some centers, Al algorithms are being developed to improve patient
throughput, increase transportation efficiency, and facilitate visit planning.20-23 Similarly,
advanced algorithms can be developed to enable not only evidence-based but also locale-
specific decision support tools that can guide clinicians on when and which diagnostic
imaging test to consider for a given patient. For example, the type of cardiac stress test with
imaging to order in a given situation may depend not only on patient factors but also on the
availability as well as accessibility of a more cost-effective imaging modality.10

I.b. Machine Learning Can Reduce Bias in Acquisition of Imaging Data

In patients who receive a diagnostic study, the quality of imaging acquired varies based on
multiple factors (Table 2). Quality of acquisition determines the quality of interpretation.
Multiple technical factors can impact image acquisition including the type of equipment
available and whether associated software is up-to-date and optimized for clinical use (Table
2, Acquisition — Section I). Al algorithms often are brittle and can behave unexpectedly

on different equipment and formats of input data, making it critically important to train

Al algorithms on diverse imaging datasets.2# Although some of these factors are not
readily improved without financial resources, democratization through open-source Al and
ML algorithms may assist in cost-effective and efficient ways. For instance, calculating a
coronary artery calcification (CAC) score conventionally requires acquiring images using a
cardiac-gated image acquisition protocol from a dedicated scan. Now, several Al and ML
advances have made it possible to derive a validated CAC score from archival chest CT
images acquired without a specific cardiac protocol.25:26

Beyond pure technical variables that affect quality and output of image acquisition are
patient factors (Table 2, Acquisition — Section I1). Patient body habitus, positioning, or
other physical variables can significantly affect image acquisition.2”-28 Almost all imaging
modalities have technical parameters that are set to optimally capture images of anatomical
tissue that tend to fall within a range of size, type, and distance from the image detector.
Ultrasound equipment settings are configured to capture images of tissue located within

a certain distance from the ultrasound probe and out-of-range tissue targets will be
sub-optimally imaged. Similarly, CT cannot ensure good quality image acquisition of

all anatomical structures for body sizes at the extremes. For all these reasons, imaging
technicians receive dedicated training on how to adjust parameters before, during, or after
image acquisition for a given patient. Many semi-automated tools already have been in
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use or in development to facilitate this tailoring process. These include gain and contrast
adjustment tools for ultrasound and attenuation correction tools for CT and nuclear imaging.
Given the shortage of trained MRI technicians, Al guided protocoling and acquisition of
cardiac MRI imaging has been in rapid development.2% Newer tools that rely more heavily
on ML and Al algorithms are already in development for application across all the major
imaging modalities and particularly those that traditionally have required substantial human
technical inputs for operational function, thus reducing the risk of operator bias in difficult-
to-image patients.30-34 Medical acuity of the patient may also affect the extent to which
image acquisition needs to be abbreviated and may cause sub-optimal patient positioning.
Fortunately, acceleration of acquisition and accommaodation for more variable clinical states
using AI/ML may reduce barriers to diagnostic imaging for patients with habitus at the
extremes, acute medical illness, or other characteristics that can impact image acquisition.

Population level variables such as disease prevalence and social determinants of health can
lead to variable quality of image acquisition even when patients can access imaging (Table
2, Acquisition — Section 111).10 For instance, default imaging protocols may be set up to
characterize disease entities that are more common for a given population and, thus, tend

to miss the opportunity to characterize less common or rare diseases that are optimally
imaged using specialized protocols. Even for imaging more common entities, incorrect
study protocols will require patients to be recalled for repeat examinations in up to 20% of
patients assessed in the outpatient setting, leading to wasted time, resources, and radiation
exposure.3 Improper protocoling also occurs in the inpatient setting, where inadequate
imaging can delay time-sensitive clinical decisions. Notably, suboptimal protocoling and
image acquisition appears more common among populations cared for in underserved areas
compared to other regions (Figure 3 — Section 1.1.2).10 To this end, Al algorithms can
integrate clinical data with provider inputs to provide more patient-centered protocoling
while also optimizing image acquisition procedures that may need to be implemented by
less trained personnel. Incorporation of Al into existing clinical workflows, especially at
understaffed or less specialized centers, can thus allow for more advanced imaging protocols
to be performed at these sites while supported by remote readings as needed.

I.c. Machine Learning Can Reduce Bias in Interpretation of Imaging

Interpretation has been the primary focus on Al and ML algorithm development in medical
imaging and is the area of greatest opportunity to reduce interpreter bias. In the absence

of any clinical decision support systems, the process of interpretation risks bias arising
from variables related to the interpreter, the patient, the imaging data, and the population
prevalence of any existing disease (Table 2, Interpretation — Section I). The opportunities
for Al and ML algorithms to mitigate biases fall into two overlapping areas: (1) automating
and standardizing traditional imaging feature measurement; (2) identifying novel disease
markers through computer vision approaches to feature analysis and pattern recognition.

l.c.i. Automating and Standardizing Measurement of Conventional Imaging
Features—Human measurement of standard structural and functional features suffers from
intra- and inter-observer variability, which is a well-recognized challenge to imaging core
laboratories (Table 2, Interpretation — Section 11).36:37 Small measurement variability can
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translate into large deviations of derived or calculated variables, and reclassify patients

from healthy to abnormal or vice versa. Human readers may adjust measurements in a
manner influenced by patient’s sociodemographic or clinical characteristics, unconsciously
driving a greater or lesser likelihood of a particular cardiac diagnosis (Table 2, Interpretation
— Section I11). Thus, unbiased measurement tools that automate standard measures may

be valuable not only for saving time, but mitigating this bias in a variety of contexts.

For instance, rapidly advancing algorithms can now auto-calculate a number of structural
features including ventricular wall thickness, chamber size, and ejection fraction (EF) on
echocardiography and cardiac MRI, atherosclerotic plaque size and characteristics on CT,
and myocardial perfusion as well as coronary flow reserve indices on SPECT and PET.38

Early generations of ML and Al algorithms for measuring structural and functional features
had poor performance in less than optimal quality images; however, performance has
dramatically improved over just the last few years, as algorithms such as the EchoNet
Dynamic now function well on low quality images (Table 2, Interpretation — Section
1V).3940 These facilitated assessments are especially relevant for closing diagnostic care
gaps between men and women — who tend to have smaller caliber coronaries and relatively
less cardiac mass — and whose heart disease is more likely to involve inflammation,
microvascular disease and dysfunction, and heart failure with preserved EF (Figure 3 —
Section 1.2.1.1 and Section 1.2.1.2).41 Importantly, recent studies have shown not only that
ML models reduce variability while also being concordant with human-made measurements,
but that the algorithms can leverage information even from poor quality images and
perform consistently in men and women.39:4042:43 | fact, recent randomized trial data

by our group have demonstrated non-inferiority and even superiority of deep learning
algorithms compared to conventional human-driven workflows for reproducibly measuring
EF from clinical echocardiograms.3® Beyond the left ventricle, ongoing work is focused

on developing algorithms that might facilitate measures of other cardiac chambers and
structures. These structures have greater variability in clinical practice, and thus while
more technically challenging, have higher potential to mitigate human variability and bias.
Notably, efforts are already under way to create a comprehensive Al driven workflow that
can facilitate processing and reporting of all standardized measures of cardiac structure
and function within a given imaging modality.*# Similar work is ongoing for advanced
measures such as myocardial strain on echocardiography and cardiac MRI, vascular caliber
and flow on CT, and microvascular perfusion on PET.#5-48 Because conventional imaging
measures and biomarkers may not fully capture disease heterogeneity across all patients,
particularly those who have been under-represented, the automated processing of novel
imaging phenotypes would allow for broadened investigations of disease phenotypes in
understudied populations (Figure 3 — Sections 1.2.2.1 & 1.2.2.2).

l.c.ii. Facilitating Interpretation by Computer Vision Image Assessment—
Computer vision assessment of medical images has effectively expanded and enhanced
the offerings of radiomics. Prior to the advent of Al, radiomics was able to at least
semi-automate approaches to quantifying image-based features such as pixel intensities,
their spatial distributions, and relationships with one another — allowing for relatively
reproducible measures of detailed and granular characteristics that could not be performed
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by a human. Radiomics techniques enabled a number of breakthrough discoveries

in cardiovascular imaging including myocardial texture analysis and coronary plaque
composition analysis.*®-52 However, practically employing radiomics techniques typically
still required human effort to facilitate the measurements (e.g. specify the region of interest)
and then manage the statistical analysis of the massive amounts of data generated. Now,

Al approaches offers not only complete handling of the data but also complete automation
the radiomic measures and, furthermore, directly analysis images to identify novel radiomic
features — all without need for any human intervention.53

Extending from radiomics, Al computer vision techniques can now detect imaging features
that are invisible to the human eye and yet specific to clinical disease phenotypes.

This capability arises from the high density of imaging data (e.g. multiple complex

images) within a single imaging study that computer vision can more efficiently and
comprehensively analyze than humans. In cardiology, discoveries have included the ability
to discern between amyloid and hypertrophic cardiomyopathy on echocardiography, predict
coronary artery calcium score from echocardiography, and predict circulating biomarker
levels of cardiac stress (e.g. BNP, troponin).#2:4-56 Ag in other fields, these models have
demonstrated strong performance even after having learned from limited datasets and
without involving segmentation or feature extraction. The potential benefit of deriving

equal or greater quality prediction from less or limited information can be seen from

studies demonstrating, for instance, adequate clinical prediction from a cardiac MRI study
that could not be performed with contrast due to presence of chronic kidney disease.>’
Thus, Al algorithms are promising for addressing health disparities related to comorbidity
profile or demographic characteristics or both. However, such algorithms are still considered
preclinical in their development, and their ability to perform across the range of imaging
quality and, moreover, to impact patient outcomes have yet to be evaluated. Nonetheless,
there is now growing potential for novel imaging biomarkers to mitigate bias that is intrinsic
or related to human interpretation inputs or provide new forms of decision support for
clinicians to self-monitor for bias.

While extending the benefits of radiomics, which generates imaging biomarkers of

disease, Al methods also offer benefits to multi-source data including genetic, epigenetic,
transcriptomic, proteomic, metabolomic, and other types of molecular biomarker data.

As recommended by experts in cardiovascular imaging as well as other fields,?8: the
contributions of Al methods applied to multi-omics data are at least two-fold. First,

Al methods add new computational capabilities for harnessing vast amounts of high-
dimensional data and analyzing their complex inter-relations. Second, Al methods can
effectively expand the overall dataset to be more inclusive such that missingness becomes
more meaningful as well as manageable. For instance, some patients in whom advanced
imaging data is missing due to limited healthcare access or other sources of bias can have
this missingness counted and correlated in analyses of comprehensive multi-source data that
allow for such complex relationships to be detected. In addition, more broadly available
biomarker data across a diversity of patients can allow for potentially understudied groups to
be analyzed through correlative analyses even in the setting of imaging data that are limited
or absent at the individual level. In turn, the fusion of Al with multi-omics data analyses
offers opportunities to leverage higher dimensionality of measures that can reflect broader
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variations in risk and treatment responses that not otherwise discernible by studies based on
lower dimensional data, and particularly those without diverse population representation.

Il.a. Challenges Amidst Opportunities: Risks of Propagating Existing Biases

Recognizing the many ways by which Al models can mitigate bias, we turn our attention

to the manners by which models may inadvertently propagate bias (Figure 3 — Section

2). These include: (i) limited or unbalanced training sets (Figure 3 — Section 2.2), (ii)
inadequate or incorrect labeling, (iii) incomplete accounting for correlative data, and (iv)
inconsistent or selective use. Given that the many potential sources of bias that permeate the
Al development and deployment life cycle have been detailed previously,® we will focus on
key examples relevant to cardiovascular imaging.

First and foremost, training and testing sets that are inherently limited or unbalanced

will introduce biases reflective of their limitations (Figure 2, Panel A). Given intrinsic
differences in normal ranges for cardiac structural features (e.g. LV mass, aortic root
diameter) between men and women, ML and Al models that are imbalanced by sex will

be imbalanced in their ability to generate accurate diagnostic measurements and predictions
for the under-trained group (Figure 2, Panel B). Similar effects will be seen with models
trained on healthy or screening populations applied in disease populations or vice versa.
Even imbalances between similar-appearing disease with different population rates will
result in bias, such as a model trained to identify amyloid heart disease using data enriched
with cardiac images from older patients may be biased to learning features of the TTR
amyloid type whereas a model trained using mainly younger patient images may be biased
to features of AL amyloid type. Sociodemographic and geographic disparities in data
availability for Al model training remains a major concern. Many U.S. cohorts used to
train deep learning models published from 2015 to 2019 do not uniformly represent patients
from across the U.S.24 It is now well recognized that many of the largest accessible open
source datasets in the world are not representative of the global population and even may
be missing demographic information altogether. For instance, the UK Biobank enables
correlation between structure, function, and genetics but is comprised predominantly of
healthy Caucasians aged 40-69 years living in the UK. Similarly, despite the fact that
minority patients have been under-represented in cardiology trials, minority patients can be
disproportionately affected by cardiac diseases. For example, non-Hispanic Black persons
have greater absolute risks for developing heart failure when compared to other racial
groups.81 Thus, either over-representation and under-representation of any given patient
group will pose challenges for any model attempting to derive generalizable results from

a skewed dataset. Not surprisingly, ML models trained on data with limited diversity have
demonstrated lower performance in minority racial, ethnic, and other underrepresented
demographic groups.52:63 Similarly, algorithms relying on binary categories of sex or
algorithms trained on datasets where transgender and gender diverse (TGD) patients are
under-represented can result in gender bias, even as sex-related bias is addressed. It is
noteworthy that although Al applications in cardiology have led to high-impact discoveries,
the majority of studies have failed to report race and ethnicity related demographic
characteristics or presented limited data on model performance in these demographic
subgroups (Table 3)l19,25,39,40,42,56,64—69
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Bias can also be incorporated into Al models based on inadequate or incorrect labeling.
Under- or over-recognized clinical conditions within a given population may also propagate
within models that depend on highly sensitive or specific labeling. As mentioned previously,
small measurement variations can result in large inaccuracies in calculated variables

(e.g., LVEF) with potentially significant clinical consequences wherein healthy patients

are reclassified as unhealthy or vice versa. Accordingly, it is important during model
development to have deliberate intentions around what should or should not be labeled to
maintain overall balance in model training towards a specific diagnostic goal. Full awareness
of algorithm decision factors should be explored using model explainability approaches to
ensure that prediction is based on consistent, biologically plausible findings.

Bias can be inadvertently produced by ML and Al models if there is incomplete accounting
for correlative data during model development. For instance, presence of an implanted
medical device on cardiac images may result in specification gaming, where a model
associates the presence in ways that are not biologically related to the given disease (e.g.
prevalence of certain devices may be higher in more versus less resourced patient care
environments). This concern is raised by reports of models being able to predict race

or ethnicity from biomedical images.’® Although these reports have considered potential
confounders, it is difficult account for every factor that a ML approach may recognize,

such as varying image quality or presence of medical devices associated with greater illness
acuity or comorbidity that may, in turn, correlate with race or ethnicity. Accordingly, we and
others have found that variable prevalence of comorbidities can serve as key confounders
for models that appear to predict race or ethnicity from biomedical imaging.’! These issues
emphasize the importance of context in imaging based models predicting sociodemographic
characteristics. Considerable caution in deploying these models should be taken to avoid
discrimination, and this issue is likely to grow for models leveraging genetic data in any
training set.’?

Beyond development of an Al model, selective application and individual feelings towards
Al can also introduce bias. This has been referred to as ‘automation bias’, the over-reliance
for at least some users in assuming model result is almost always correct, and this effect may
be exacerbated by user variability in either excessive or selective application of the model.”3
We anticipate that an engaged and expert human reader is still needed to overread images
because even if the automated result may align with the correct diagnosis for well-defined
clinical scenarios, any scenarios in which the algorithm is insufficiently trained is not likely
to process optimally. This phenomenon is likely to remain true even for zero-shot learning
systems, which offer the possibility of enabling diagnosis of previously unseen new disease
conditions and yet encountered methodological challenges when faced with the COVID-19
chest x-ray upon the start of the pandemic.’# Thus, even for models designed to solve
relatively complex high-dimensional image analysis problems, over-reliance may augment
or propagate subtle biases intrinsic to a given model.

II.b. Challenges Amidst Opportunities: Mitigating Present and Future Risks of Bias

Substantially biased Al models are easy to identify because they demonstrate obviously
poor performance in practice; less overtly biased models are harder to identify as they
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may appear to perform and yet produce erroneous results that can propagate harm. Thus,
an growing number of approaches have been proposed for mitigating potential bias of Al
algorithms developed for healthcare applications including medical imaging (Figure 3).
Similar to guidance that has been proposed by others,”® we can recommend a framework
for considering previously detailed approaches to minimizing bias when developing,
implementing, and managing an Al algorithm for medical imaging (Table 4).76-81

In the earliest stages of model development, careful anticipation and planning is always
required prior to any model training. An initial priority is to seek representative and
balanced datasets for training and testing, including external datasets for later validation.”®
For prospectively enrolling studies, such as clinical trials, multiple Al algorithms applied

to source cohort data can be used to facilitate patient selection and recruitment of
underrepresented populations and this, in turn, leads to more optimal training datasets.82 In
addition to prioritizing population balancing, upfront inclusion of non-imaging factors can
eventually improve model generalizability. Studies show that models trained using data on
imaging features and incorporating data from demographic, clinical, genetic, and cognitive
scores demonstrate less bias than those trained on imaging features alone.83 Such models
appear to generalize well across various demographic and clinical subgroups. It may well be
that including covariates related to image acquisition, geographic location, type of clinical
care setting, and other situational factors could also improve generalizability in parallel with
efforts to ensure overall balance across datasets.83 For this reason, diversity both in the
representation of individuals and in the range of variable types in datasets is recommended.

The next priority is to ensure comprehensive and rigorous data handling as well as
analyses.”” Exploratory data analyses, conducted with domain expertise, can identify any
data integrity issues while also ensuring no data leakage or improper feature removal,
rescaling, imputation during initial data management.”” If available datasets are found to be
imbalanced in the distribution of key variables, rebalancing may be needed. This issue is
relevant to cardiovascular imaging, for which there are still relatively few publicly accessible
datasets.”® Newer algorithms can leverage generative Al to produce more balanced synthetic
training datasets that involve oversampling of minority classes.84 Although computationally
intensive, these approaches have been developed to accommodate large volume imaging
data.8®

During model training, a number of bias mitigation strategies can be employed in addition
to data augmentation approaches (e.g. adversarial training).60.78.86.87 |mportantly, such
approaches may yet be subject to algorithmic bias and should be used with care. After initial
model training, a growing number of metrics are now available to assist with identifying and
minimizing bias that may appear for certain subgroups (e.g. equal opportunity difference,
disparate impact, FNR and FOR difference, general entropy index, statistical parity).88-

91 1t has been noted that employing multiple such methods may or may not improve

overall model performance.60.86.92 Thys, additional strategies include integrating data from
alternate sources such as laboratory, biomarker, multi-omics, and social determinants of
health variables in fusion models. Indeed, multiple studies have shown that unsupervised
learning approaches applied to a combination of clinical, genetic, and imaging data can
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identify novel distinct — and likely more inclusive — phenotypes of disease that can serve to
improve predictions of both disease outcomes and their responses to interventions.>®

As with any robust model development process, a comprehensive workflow will involve
iterative training and re-training to optimize performance as well as mitigate bias.%3 Upon
completion of a final model, initial and then routine reporting of model performance across
datasets can be facilitated using tools such as ‘model cards’ for algorithms and ‘datasheets’
for datasets — intended to provide optimal transparency and updated guidance on how to
employ, validate, and interpret results from a given model applied to a given dataset.”®-
81.94.95 | addition to routinely applied and updated evaluations of overall performance and
fairness metrics, these same tools are likely to add value for ongoing assessments of how
an algorithm operates in real-world settings. Transparency of differential performance will
also for interdisciplinary teams to iterate on and further optimize models across multiple use
scenerios, 9495

Given that transparency is essential for bias mitigation, concerns have been raised regarding
the black box nature of commercial datasets and algorithms. Ideally, even proprietary
models will have accessible documentation regarding training and testing dataset features,
model assumptions, and metrics of performance and fairness assessed across relevant
subgroups. In the absence of transparent model and dataset reporting, practitioners are
advised to consider any new algorithms with caution given that suboptimally developed
models — even when developed by prominent companies — have demonstrated poor
generalization. In some cases, because certain proprietary models may be too expensive for
deployment at some centers, generalization may be limited to only resourced environments
(Figure 3 — Section 2.1). In other cases, models have converged to use correlative
relationships and resulted in biased results that marginalize minority groups.96:97

While undergoing rapid evolution, both commercial and non-commercial Al applications in
medical imaging and medicine at large are widely recognized as warranting more attention
from the FDA and similar oversight agencies worldwide. To date, Al technologies have
gained approval without necessarily having robust external validation,%8 and the only high-
level guidance is provided to promote fairness without any specific requirements to ensure
mitigation of potential bias.5% Notwithstanding plans to establish processes for monitoring
of Al model performance in real-world settings,% there are growing calls for the FDA to
establish a more structured process for initial evaluation and approval of Al technologies
that are ideally aligned with how drugs and devices are regulated.?9-100 For this reason,

we offer a framework for considering approaches to bias mitigation that are based on
existing workflows for building new Al technologies while emphasizing transparency and
also approximating the conventional four phases of drug development and review (Table 4).
While undoubtedly more resource intensive, such a process is likely to assist with increasing
the rigor and, in turn, the practical utility and generalizability of any Al algorithm intended
to eventually serve as an application that improves human health.
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[1l. Conclusion

Rapidly advancing ML and Al methods offer tremendous promise regarding the potential
to mitigate biases that are intrinsic to workflows across all the ‘three A’ operational areas
of medical imaging: access, acquisition, and assessment. Using Al and ML approaches

to adapt high-resource imaging to be applicable in lower-resource settings may reduce
barriers to imaging care in underserved populations. Automation of image measurements
may reduce interpretation bias, and novel imaging biomarkers may help inform interpreting
physicians of under-recognized conditions. However, both developers and end-users must
be cognizant of how Al models can propagate biases just as easily as they can mitigate
them. This requires attention and care in the design, training, deployment, and use of the
models. Creating fair and equitable models is a goal that must be collaboratively addressed
by clinicians and engineers. While Al and ML approaches may seem unbiased, model
development will never be perfectly inclusive of all data types, data sources, and inputs.
Thus, developers and clinicians should understand the limitations of Al methods, as they do
for traditional diagnostic tools, so that decisions remain rooted in the clinical context and
serve all of our patients optimally.
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Opportunities for Bias

Patient Presentations Clinician Diagnostics Ordered Clinician Medical Interventions Clinical
« Signs Asséssients # + Laboratory tests Decision Making ‘ + Medications ‘ Outéories
* Symptoms « Imaging tests « Procedures

Imaging

Access > Acquisition -> Interpretation

Opportunities for Bias

Figure 1. Opportunitiesfor Biasin Clinical Workflows.
In addition to the multiple opportunities for bias that are recognized to exist throughout

the clinical workflow, from initial patient presentation to decision making and intervention,
there are additional and often overlooked opportunities for bias to be introduced as well as
mitigated in the process of obtaining medical imaging.
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Models Inherit Biases of Training Data
MODEL PERFORMS POORLY ON UNDER-REPRESENTED GROUPS

A
TPR
O O TESTING ON
UNSEEN DATA -
DEMOGRAPHICALLY T
UNBALANCED -

TPR

DATA EPR
MODEL TRAINING MEN

PR
" O @) TESTING ON .
- UNSEEN DATA T
DEMOGRAPHICALLY
BALANCED FPR
DATA MODEL TRAINING MEN

FPR
WOMEN

WOMEN

Figure 2. Imbalanced training data can lead to biased models.

Although it is unclear whether any under-representation in training data or under-
representation relative to the population proportion of a demographic group is a driver,
imbalanced training datasets (as shown in Model A) have led to models that perform worse
for select population subgroups compared to models trained where demographic groups
are better balanced (Model B). For this reason, investigating bias in model predictions and

imbalance in training data is key to creating equitable models.
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SECTION 2.1 SECTION 2.2

SECTION 1: ML MITIGATES BIAS IN IMAGING
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INTERPRETATION BY TECHNICIANS R
MODELS
SECTION 1.2: ML BRIDGES GAPS IN IMAGING’S VALUE IN CERTAIN GROUPS 3.1: BALANCED DATASETS LEAD TO EQUITABLE MODELS
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Figure 3. Challenges and Opportunities Inherent to Machine L earning Applicationsin Imaging.
Machine learning can both mitigate (Section 1) and propagate (Section 2) bias in medical

imaging. With appropriate care, providers can create models that are not only clinically
useful but that can also be equitable (Section 3).
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