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Digital medicine
Artificial intelligence, bias, and patients’ perspectives
Some of the most exciting applications of machine
learning to medicine involve the kinds of data that cannot
be analysed with traditional statistical models: medical
imaging, waveforms, and videos. Researchers are training
algorithms to take in these complex signals, and output
a doctor’s interpretation—eg, given a particular retinal
fundus photograph, would an ophthalmologist identify
diabetic retinopathy? Algorithms based on datasets
that pair images or waveforms with “labels” assigned
by a doctor have the potential to drive improvements in
efficiency and diagnostic accuracy. However, the strength
of this approach can also be its weakness: by matching the
performance of doctors, algorithms will also incorporate
their inherent limitations.
Take the example of pain. Decades of research have shown
poor correlation between so-called objective findings
on imaging and patients’ reports of pain. There is much
research on how stress and other contextual factors can
mediate experiences of pain. This work is often cited in
relation to the “pain gap” between Black and White patients,
above and beyond radiographic severity, and the part
played by factors such as socioeconomic determinants and
the way pain is managed in an unjust medical system. But
what do we mean by radiographic severity? One commonly
used grading system for defining knee osteoarthritis, for
example, is largely based on data from coal miners in the
UK during the 1950s. Tellingly, the original reports do not
even mention the sex or ethnicity of the cohort, presumably
because all the participants were White men.
Could algorithms that use imaging data overcome some
of the limitations of such a grading system? The standard
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machine learning approach, however, will falter for such a
task. By training an algorithm to predict what a radiologist
would say about the image—eg, its Kellgren and Lawrence
grade—we are also constraining it. We are preventing
the algorithm from seeing past the doctor’s limitations
and biases. The performance of artificial intelligence (AI)
algorithms has typically been compared with doctors’
performance, but what about patients’ experiences?
Research by one of us (ZO), with colleagues, has produced
an algorithm trained to predict the knee pain reported by
the patient, rather than the x-ray interpretation of the
doctor. This approach explained more of all patients’ pain
compared with standard measures of radiographic severity,
and its explanatory power for pain was particularly useful
for underserved groups of patients, such as Black patients
or patients with low income and low education. Relative to
standard measures of radiographic severity, the algorithm’s
better performance was rooted in the diversity of the
patient population from which it learned. The algorithm
could also potentially be useful in relation to addressing
disparities in access to knee replacement surgeries. In this
study, we replicated clinical guidelines for eligibility for
knee replacement surgeries but replaced the radiologist’s
judgment with the algorithm’s severity score. Doing so
doubled the proportion of Black patients’ knees that were
eligible for knee replacement.
There are two key lessons here for medical applications
of AI. First, algorithms can scale up racial bias—or they
can fight against it. Which one depends on the technical
choices we make and the values we instantiate when
training our algorithms. Do we teach them to listen to the
doctor or the patient? The closer we can align algorithms
with patient experiences and outcomes, rather than the
way patients are treated by the health-care system, the
more algorithms will work to redress inequities rather than
reinforce them.
Second, by training algorithms to predict labels related
to clinical outcomes, rather than doctors’ judgments, we
can start to push forward a new kind of clinical science.
For example, by grounding patient reports of pain in
objective radiographic features, we might develop a more
comprehensive understanding of what causes pain. By
not being doctor-centric and incorporating the patient’s
perspective, machine learning has added potential for
unravelling important mysteries of medicine.
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