
How precision medicine and screening with big data
could increase overdiagnosis
Precision medicine based on big data promises to revolutionise disease prevention but increases
the challenge of determining which abnormalities will be clinically important, argue Henrik Vogt
and colleagues
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Since the Human Genome Project in the 1990s, there has been
discussion of how precision medicine (or personalised medicine)
might prevent morbidity and mortality by diagnosing disease
early or finding risk factors in apparently healthy people.1 At
first, the idea was mostly tied to genome analysis. However,
during the past two decades many other big data and machine
learning technologies have emerged to measure and analyse
other factors.2-7

“Big data” can mean many things.8 We use it to describe newer,
data intensive technologies that might enable precision
medicine.4 These include “omic” technologies such as genomics
(DNA), proteomics (protein), transcriptomics (RNA), and
metabolomics (metabolites).7 It also includes data from imaging,
electronic health records, social media, new biosensors,30 and
self tracking technologies such as the Apple smartwatch that
can detect arrhythmias.9 In future such sensors may be able to
pick up signals from blood, sweat, or environmental exposures.3

Proponents of screening based on these new technologies say
they enable unprecedented monitoring of the human body.2-7

However, we believe that their plans, which are still largely
theoretical, come with a high risk of overmedicalisation10-13 and
overdiagnosis.14 15

What is different about big data
screening?
Current screening typically involves measuring one variable or
a few variables, either once or at long intervals. Big data
screening differs from traditional screening because it can
measure many different types of variable (from the molecular
to the social). It can include many variables at the same time,

and measurement can be repetitive or continual, showing bodily
changes over time.
This may create a highly detailed description of each person’s
genotype and phenotype (biological traits).3 Large datasets from
various sources can be used to screen individuals for many
diseases and risk factors at once (box 1).5-7 9 16-18

Box 1: Three early big data screening studies
Pioneer 100 Wellness Project (P100)5

This project collected data from 108 apparently healthy people aged 21-89
over nine months, including whole genome sequences, results of 218 clinical
tests, and assays of up to 643 metabolites, 262 proteins, and 4616 microbes,
as well as sleep and activity measurements from wearable devices.
The study found vitamin D deficiency in 95 people, high mercury levels in 81,
diabetes or prediabetes (HbA1c ≥ 5.7%) in 52, cardiovascular risk
(dyslipidaemia) in 73, haemochromatis in 1 as well as several abnormalities
associated with inflammation and nutrition.5

Precision medicine screening study6

This study used clinical tests, whole genome sequencing, whole body magnetic
resonance imaging, dual energy x ray absorptiometry, metabolomics, a new
test for prediabetes (Quantose IR), echocardiography, electrocardiography,
and cardiac rhythm monitoring in 209 people.
It identified diabetes or risk of diabetes in 118 people, atherosclerotic disease
or risk in 29, non-alcoholic fatty liver disease in 28, early stage neoplasia in
4, atrial fibrillation in 2, other medically significant arrhythmias in 2, third degree
heart block in 1, primary biliary cholangitis in 1 and xanthinuria in 1.6

Longitudinal big data approach for precision health7

This study had a particular focus on diabetes and followed 109 people for a
median of 2.8 years. It used quarterly clinical measures; analysis of the
genome, immunome, transcriptome, proteome, metabolome, and microbiome;
and monitoring with wearable devices. Among its findings were diabetes or
prediabetes in 59 people, cardiovascular disease in 9, cardiac arrhythmias in
2, cardiopathy (genetic) in 1, obstructive sleep apnoea in 1, Lyme disease in
1, lymphoma in 1, myeloma in 1, monoclonal gammopathy of undetermined
significance in 1, and 15 genetic mutations thought to require action.7
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What does big data screening mean for
overdiagnosis?
Overdiagnosis is common in any medical screening and
generates waste and harm.14 15 It occurs when we diagnose
asymptomatic abnormalities that would not cause a problem.
This might be because they disappear spontaneously, do not
progress, or progress so slowly that people die from other
causes.14 15

The main problem for big data screening is that monitoring
many features of the body with highly sensitive technologies is
bound to detect many abnormalities but without the ability to
tell which, if any, will become clinically manifest. As a result,
more people may be labelled with more harmless conditions.
The risk of overdiagnosis in precision medicine screening is
illustrated by the three studies described in box 1. The Pioneer
100 study measured numerous variables repeatedly over nine
months in 108 people who had no known health problems. All
of the participants had multiple abnormalities detected (box 1).5

Similarly, a precision medicine screening study diagnosed
abnormalities in 164 of 209 participants,6 and a study presenting
“a longitudinal big data approach for precision health”
discovered “more than 67 clinically actionable health conditions
in 109 people and identified multiple molecular pathways
associated with metabolic, cardiovascular, and oncological
pathophysiology.”7

Such sweeping findings likely include substantial
overdiagnosis9-12 for reasons we set out below.
Screening multiple factors, multiple times for multiple
problems—Big data can observe “everything” that goes on in
a human body over time.2-7 However, if “everything” about the
body is registered, then everything that medicine defines as
abnormal will also be detected. Only some of these abnormalities
will become symptomatic. The rest will represent overdiagnosis.
The total risk of an individual becoming overdiagnosed increases
with the number of abnormalities screened for.
A culture of better, more and earlier—The vision of precision
medicine screening is driven by technological innovation and
associated with known cultural drivers of overdiagnosis, such
as the beliefs in healthcare that “more is better,” that “new is
better,” and that “prevention is better than cure.”2-7 19 Early
projects and visionary publications are also focused on
diagnosing abnormalities early,3 5-7 which drives
overdiagnosis.14 15 19

Screening in lower risk groups—Cheap genome testing and
monitoring technologies enable more widespread screening.
Thus more abnormalities in larger populations with low risk
may be picked up, increasing overdiagnosis.14 15 19

Expanded disease definitions—Overdiagnosis increases with
wider definitions of abnormality (low diagnostic thresholds) as
more people are defined with more problems that demand
medical attention but that may not develop symptoms.
Pioneering studies screened for low risk conditions such as
prediabetes.5-7

More sensitive technology—Unlike false positive results, which
depend on the specificity, overdiagnosis is increased by the
sensitivity of screening tests. New screening technologies such
as fine grained molecular tests may be more likely than older
tools to pick up more and milder abnormalities. The natural
course of previously undetected, mild cases of atrial fibrillation
picked up by a smart watch, for example, have not been studied
properly and may not carry the same risk as previously detected
cases.20 But our bias may be to treat these new cases like we

treat previously researched conditions in the high risk end of
the disease spectrum (spectrum bias).21

Challenge for precision medicine
If everything “abnormal” can be detected, precision medicine
screening faces a huge challenge. It must predict which of the
abnormalities will cause symptoms or death. We are currently
not able to predict which abnormalities will produce clinical
symptoms, but longitudinal research, better algorithms, machine
learning, and improved causal understanding may improve
future understanding. This understanding can inform definitions
of abnormality and guide decisions about what should be
screened for.
Early empirical results suggest that algorithms combining
multiple variables may improve risk predictions.16-18 For
example, one study showed that polygenic risk scores could
identify a substantially larger percentage of a population at
greater than threefold risk for five common diseases than
previous DNA analysis.18 However, when polygenic risk scores
were applied to five isolated diagnoses, 20% of the population
was found to be at “high risk” for at least one of them.18 If such
algorithms are applied to many diagnoses, everybody is likely
to be labelled at high risk of something.14

Such risk scores could also be used to redefine low risk
conditions as something harmless, which may reduce
overdiagnosis. Our view of conditions that have previously been
regarded as high risk may also need to be readjusted as
something that is relatively harmless and not to be diagnosed.
There are some specific challenges. A biological challenge is
that the complex systems of the body make it difficult to predict
the course of disease in individuals.22-24 A related statistical
problem is called the bias-variance dilemma (fig 1). When
creating predictive algorithms, it is tempting to include more
variables to increase the accuracy and the ability of the model
to reflect the real life complexity. However, because it is hard
to reliably estimate many variables at once, the greater accuracy
(reduced bias) gained becomes outweighed by an increase in
the variance or noise (loss of precision).25

Harnessing the benefits of precision
medicine
Big data provides a unique opportunity for increasing our
knowledge of disease development. But the creation of
beneficial precision medicine will require patience, tolerance,
and wisdom. The problem of overdiagnosis in big data screening
and precision medicine requires more attention from
professionals, funding agencies, ethical committees, and policy
makers.
We need to rethink risk. Our intolerance of risk and disease
increases the risk of overdiagnosis.14 15 19 Big data precision
medicine may seem to offer the prospect of eliminating
uncertainty, but the benefits may be overshadowed by waste
and harm resulting from identifying conditions that do not cause
real problems. We have to accept that there will always be some
degree of risk, morbidity, and mortality. The prospect of being
able to register “everything” that goes on in the body will clarify
just how much medicine defines as abnormal, and highlight the
need to discuss what should be regarded as important. We need
large prognostic studies with decade long follow-up that
investigate the natural course of different abnormalities and
quantify overdiagnosis.
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Shared decision making is often seen as the way to reduce
overdiagnosis as it includes a discussion of what is important
for individual patients as well as the potential benefits and risks
of screening. However, technological advances may mean that
empowered consumers will bypass the medical establishment
and screen themselves without full understanding of the
consequences, potentially driving the new preventive medicine.26

Companies such as Facebook, Apple, Amazon, and Google now
both use monitoring data and include consumers in studies to
perform big data health research.27 The medical profession and
regulatory bodies may lose their ability to regulate screening,
and it is unclear if citizen, consumer, and patient involvement
will increase or decrease overdiagnosis. In a context where
people are convinced that extensive self monitoring is useful,
leaving medical decisions to individuals may create as much
harm as benefit.28

One pragmatic approach to minimise the risks of big data
screening is for it to be guided by traditional screening
principles, such as those developed by Wilson and Jungner for
the World Health Organization.29 Targeting only serious
conditions for which there are effective treatments, for example,
would limit the number of abnormalities that are screened for
and thus reduce overdiagnosis. Everyone working to advance
the use of precision medicine for prevention must be alert to
the possible harms of overdiagnosis.

Key messages
Precision medicine based on big data promises to improve disease
prevention but entails a massive, new form of screening
The wide scope of big data screening also risks increased detection of
abnormalities that will never be clinically relevant
We need a clearer understanding of the natural course of multiple markers
and the value of repeated measurement of markers
Overdiagnosis should be a concern for anyone working to advance
preventive precision medicine
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Figure

Fig 1 The bias-variance dilemma—as more variables are included in algorithms (increasing model complexity), the accuracy
increases, but beyond a certain threshold the precision decreases (reduced bias, increasing variance). This results
in increasing total error and poorer overall predictive values (adapted from Scott Fortmann-Roe)25
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