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Not the Last Word: Big Data Will Make You Confront Big Ethical
Questions—Here’s Why

Joseph Bernstein MD

This column has its regular read-
ers, and I can count on both of
them to examine everything I

write. Some of you, though, are new
visitors and I’ll venture a guess that it
was the title of the column that drew you
in. I base my surmise on a study of 100
million Facebook and Twitter posts,
which found that placing the words
“will make you” in the title stimulated

users to open the link more than any
phrase [9]. The study also found that
teasers like “here’s why” were also
powerful lures.

Discoveries like that show some of
the power of big data [13]. Big data
can drive so-called machine learning:
Namely, using “modern computer and
mathematic algorithms to recognize
complex combinations of predictors
with the capacity of handling huge
amounts of data” [14]. Accordingly,
machine learning can uncover pre-
diction rules with seeming serendipity
and uncanny accuracy.

In orthopaedics, we are accustomed
to learning prediction rules from data-
sets. Consider the development and
validation of the Mangled Extremity
Severity Score (MESS) established by
Johansen and colleagues [6]. TheMESS
is a rating system used to help surgeons
identify “trauma victims whose irre-
trievably injured lower extremities
warrant primary amputation” (as op-
posed to an attempt at repair). The
authors developed the MESS by first
retrospectively evaluating charts of
patients presenting with lower ex-
tremity long bone fractures. They then
identified the variables that lead to
amputation: The extent of limb is-
chemia; age, the degree of shock; and
the energy imparted during injury.

Last, they proposed and prospectively
validated a weighting system that awar-
ded points in these categories to dis-
criminate between patients who had
salvaged limbs and those who had am-
putated limbs.

The development of the MESS cer-
tainlywas data-driven, but its creation is
more-accurately described as a “small-
data” approach. For one thing, the
sample size was modest (n = 51). But
more to the point, the researchers based
their investigation on a priori guesses of
which variables were likely to matter.
Big data methods, by contrast, not only
utilize a vastly larger population, they
do not begin with assumptions about
which parameters are important (and in
turn consider only those); rather, they
are empowered to consider every
known variable, including those that
might seem irrelevant.

The big-data approach—learning
prediction rules from large datasets,
without assumptions in advance about
which factors matter—is coming to or-
thopaedics, especially now that elec-
tronic medical record (EMR) systems
are ubiquitous. Methods driven by big
data might be used, for example, to re-
fine the indications of total knee re-
placement. Generally, we know that
total knee replacement is appropriate for
patients with end-stage arthritis, espe-
cially if other, less-drastic measures did
not result in adequate pain relief. Yet we
don’t really know which patients are
most appropriate for surgery—at least
one in five patients do not achieve a
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clinically important improvement after
knee replacement [1], and even experi-
enced surgeons are terrible at identify-
ing who those patients might be [3].

Perhaps amachine-learning program,
let loose on a trove of various sources
of medical big data (the administrative
claim record, billing information,
physician notes, and radiology reports,
among others), can deduce a rule that
anticipates preoperatively those who
will be dissatisfied [14]. Big data may
help us discover, hypothetically, that
patients older than 70 years of age with
slightly high blood pressure and slightly
low hemoglobin are 40% less likely to
be happy with their result. If such
patients choose surgery less frequently
(as they should), overall satisfaction
rates should rise.

Of course, not all of the deduced
rules will be a clean as the one just
suggested, and that’s where the ethical
issues arise. Let’s say our machine-
learning program examines patient sat-
isfaction in context of the full record and
discovers 100% dissatisfaction among,
say, HIV-positive men who have been
late to at least twomedical appointments
in the past year. (Recall that the program
examines everything in the record, not
only those attributes we suggest.) What
do we do with that information? Indeed,
you may deem this finding offensive
and oppressive. But your feelings do not
make it any less true.

It is not controversial to assert that if a
well-powered study discovered that
slightly high blood pressure coupled
with slightly low hemoglobin lead to a
100% failure rate, it’s reasonable to not
offer surgery to such a patient. (What
better defines the term “contraindicated”
than those attributes that point to uni-
versal failure?) Yet on the other hand, it
seems wrong to deny treatment to a
patient for seemingly irrelevant consid-
erations, especially when such action is
redolent of discrimination. And I don’t

think claiming “just tell the patients
about the risks and let them decide”will
do. Ultimately, the surgeon’s pre-
sentation dictates the patient’s response
[2]. Hence the ethical conundrum.

I am tempted to say, to paraphrase
Fermat [12], that I have discovered a
truly remarkable resolution to this
problem, but this this essay is just too
small to contain it. But if I did, I (like
Fermat, most likely) would be bluffing.
I’m not sure what the right answer is.

I’d guess that the ethical resolution
begins with a reminder that big data can
only reveal correlations, and that cor-
relations can be confused by con-
founding. Maybe all the HIV-positive
men are taking a medication that causes
both bone loss and forgetfulness—
explaining both the disappointments
and missed appointments. Such patients
might be ideal surgery candidates if they
were given a different medication. Also,
there are biases in our databases, in that
some information is collected, and other
information is not—and without these
missing data points, the confounding
features may remain undiscovered.

For now, we are left with a dilemma.
We know that big data can teach us
valuable things; we know that big data
might mislead; but we lack the ability to
discern always which rule applies.

Drake G. LeBrun MD, MPH
Orthopaedic Residency Program
Hospital for Special Surgery
It is hard to deny that big data holds

promise in orthopaedics. The capacity
to handle vast data sets with numerous
outcomes and exposures can (ideally)
lead to predictive models that are pre-
cise, accurate, and useful.

But big data, despite its promise, is not
without its risks. In particular, big data
posesmajor problems related to poor data
analysis and erroneous interpretation.

The advent of big data brings to
light an important issue in orthopaedic

clinical research regardless of the size
of the dataset—the need for rigorous
methodology and appropriate data
analysis. In fact, it is likely that inmany
cases, traditional statistical methods
using a conventional “small data” ap-
proach can actually be more accurate
and more appropriate than big data
techniques [5].

Big data analysis, and its control-
ling for confounding factors, missing
data, nonindependence, simultaneous
statistical tests, misclassification bias,
and lumping, among other statistical
complexities, can be challenging and
more complex than small data analysis,
particularly for those without a strong
background in biostatistics [8]. As the
complexity of data analysis grows, so
too does the statistical foundation re-
quired to understand big data. Indeed,
it is likely that the availability of large
datasets and the capacity of our statis-
tical software to analyze them are
growing at a faster rate than the bio-
statistical and epidemiological exper-
tise of orthopaedic surgeons. Thus,
there is a growing disparity between
the power of our data and our ability to
wield that power effectively. Such a
divide leads to a harrowing possibility:
An increased risk of drawing spurious
conclusions from incorrectly analyzed
data and using those conclusions to
affect clinical care.

How do we bridge that divide? The
answer is deceivingly simple: Train or-
thopaedic surgeons in clinical epidemi-
ology. Understanding the basic tenets of
epidemiology can help orthopaedic sur-
geons conduct studies more rigorously
and critique studies more effectively.
Indeed, the concepts underlying clinical
epidemiology are not going away with
the advent of big data. Rather, they are
even more important now than ever.

What does all this have to do with
ethics? When we conduct clinical re-
search, we generate or test hypotheses
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and make claims based on data. Those
claims, in turn, can and often do in-
fluence clinical decision-making. If
those claims are based on imprecise or
inaccurate data, then spurious con-
clusions may ultimately impact clinical
care. It is therefore incumbent on the
researcher, the reviewer, and the reader
to be aware of problems arising from
inappropriate data analysis [4]. Further-
more, it is our prerogative to critically
evaluate studies involving big data to
ensure that the author’s interpretation,
and our own, are epidemiologically and
statistically sound. In doing so,we avoid
any risk of applying spurious results to
our patients.

Charles Carroll IV MD
Orthopaedic Surgeon, NorthShore

Orthopedic Institute
Feinberg School of Medicine,

Northwestern University
Dr. Bernstein’s column defines a co-

nundrum of big data. It may not be the
only one, but one that warrants attention
and thought. As we spend countless
hours on EMRs, we all should wonder,
“What will happen with all of these
data?”At least Iwonder about it as I click
through the EMR. We will face clinical
decisions influenced or perhaps made by
artificial intelligence or derived from
large data sets. In some cases, the data
and the decisions will be concordant and
related to our clinical training and pro-
fessional expertise. That is the easy part.

When the data present a perceived
contraindication to accepted treatment
we may be in a difficult spot. Where do
we turn? How does it affect the doctor-
patient interaction? Do we use the data
to deny or alter accepted treatment?

I would offer that we turn to a
patient-centered approach that includes
consideration of the four pillars of eth-
ics: Autonomy, beneficence, non-
maleficence, and social justice. We
cannot send our patients home with a

set of facts and related data and ask them
to think about it and get back to us. We
should take the data and interpret it
taking into consideration the four pillars.
We can then offer a patient-centered
course of action, as well as discuss a
reasonable course of treatment.

A surgeon’s presentation does
matter. If one interprets and considers
conflicts, a process that promotes
shared decision-making and autonomy
can follow. A reasonable decision can
be then made for the care of the patient.

Seth Haberman BA
Chief Executive Officer
Sense Education (https://www.

sense.education/)
In the past, medical discoveries ar-

rived by observation, association, hy-
pothesis, and then when possible and
ethical, experimentation. While this
process is tried and true, the scientific
method fails with extensive datasets, as
our ability to make observations and
associations breaks down. This trend is
not confined to medicine. The particle
physics field, which once relied on
humans interpreting pictures of particles
colliding, now uses large-scale com-
puting power to analyze the interaction
of hundreds of thousands of particles to
reveal complex interactions, which are
ultimately tied to some fundamental
theory—and that’s the key. In physics,
big data is always a means not an end.

Perhaps it’s different in Medicine.
At a recent Google AI meeting Jeff
Dean PhD, the head of Artificial In-
telligence at Google Inc, discussed a
deep-learningmodel trained on 248,000
patients capable of discerning in retinal
scans cardiovascular risk factors,
gender, smoking, and systolic blood
pressure to within 11.23 mmHg [7].
Regarding gender detection from retinal
scans, the system is highly capable,
whereas the best humans are no better
than chance at this endeavor [10]. It also

has practical applications—from mak-
ing it more difficult to create a false
identity, to improving the speed of
searches in large iris databases, to po-
tentially counting the number of people
of different ethnicities who enter a
country without recording his or her
identity [10]. And it all works despite us
not even knowing the relevant features
that drive the model.

Dr. Bernstein is correct to point out
that deep-learning, the particular sub-
set of machine-learning that imitates
the workings of the human brain, is
mostly correlations with regressions
and data reduction. What’s critical is
that deep learning does not uncover
causality, and in some realms, that
would indicate we should wait to un-
derstand the underlying science.

But if machine-learning systems can
better predict all sorts of maladies than
our current methods, should we be ask-
ing new ethical questions? If we were to
impose the full scientific method on
today’s treatments, how many patients
would be denied care?

Ethics deal with the moral decisions
that govern our lives or professions. In
medicine, those are already well un-
derstood. In that regard, the Talmud
notes that a correct action, done for
the wrong reason, eventually becomes
a corrective action done for the right
reason [11]. Perhaps that applies in
medicine as well, but it’s hardly
assured.
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