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Abstract

BackgroundIn 2015, Collins and Varmus articulated a vi-
sion for precision medicine emphasizing molecular char-
acterization of illness to identify actionable biomarkers
to support individualized treatment. Researchers have
argued for a broader conceptualization, precision
health. Precision health is an ambitious conceptualiza-
tion of health, which includes dynamic linkages between
research and practice as well as medicine, population
health, and public health. The goal is a unified approach
to match a full range of promotion, prevention, diag-
nostic, and treatment interventions to fundamental and
actionable determinants of health; to not just address
symptoms, but to directly target genetic, biological, en-
vironmental, and social and behavioral determinants of
health.

Purpose The purpose of this paper is to elucidate the role
of social and behavioral sciences within precision health.
Main body Recent technologies, research frameworks,
and methods are enabling new approaches to measure,
intervene, and conduct social and behavioral science
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research. These approaches support three opportunities
in precision health that the social and behavioral sci-
ences could colead including: (a) developing interven-
tions that continuously “tune” to each person’s evolving
needs; (b) enhancing and accelerating links between
research and practice; and (c) studying mechanisms
of change in real-world contexts. There are three chal-
lenges for precision health: (a) methods of knowledge
organization and curation; (b) ethical conduct of re-
search; and (c) equitable implementation of precision
health.

Conclusions Precision health requires active coleadership
from social and behavioral scientists. Prior work and evi-
dence firmly demonstrate why the social and behavioral
sciences should colead with regard to three opportunity
and three challenge areas.

Keywords: Precision medicine - Precision health -
Social and behavioral sciences - Research methods -
Implementation science - Research ethics

Introduction

In 2015, Francis Collins, current director of the National
Institutes of Health (NIH), and Harold Varmus, former
director of the National Cancer Institute (NCI), articu-
lated their vision for “precision medicine” as the develop-
ment of “prevention and treatment strategies that take
individual variability into account” [1]. Subsequently, a
central thrust of precision medicine research efforts has
emphasized identification of actionable genetic markers
that predict response to treatment in some patients by
addressing genetically driven mechanisms of cancer pro-
gression [2].
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There is excitement about the potential of precision
medicine to move prevention and treatment beyond ap-
proaches focused on average unit (e.g., person, community,
healthcare system) responses [3], to create more specific,
effective, user-friendly, and implementable interventions
[4-6]. As observed by others [4-16], the full potential of
precision efforts will be achieved only if precision is ap-
plied across the spectrum of health including population
health and public health [17], not just medicine. In line
with other definitions [10, 11, 13, 16], precision health is
an ambitious conceptualization of health, which includes
dynamic linkages between research and practice as well as
medicine, population health, and public health. The goal
is a unified approach to match a full range of promotion,
prevention, diagnostic, and treatment interventions to
fundamental and actionable determinants of health; to
not just address symptoms, but directly target genetic, bio-
logical, environmental, and social and behavioral deter-
minants of health. A comprehensive vision of precision
health will only be realized through engagement and inte-
gration of the social and behavioral sciences.

The purpose of this paper is to elucidate the foundational
role of the social and behavioral sciences in advancing pre-
cision health. First, we provide an overview of the history
and potential future of precision health. Then, we discuss
present-day changes in technologies, research frameworks,
and methods within the behavioral sciences that make
both precision health possible and enable the social and
behavioral sciences to be actively involved. We conclude
with three opportunities (i.e., new types of interventions,
enhancing and accelerating linkages between research
and practice, and mechanistic science in real-world con-
texts) and three challenges (i.e., knowledge curation, eth-
ical conduct, and equitable implementation) to precision
health that the social and behavioral sciences could take a
coleadership role with others to advance precision health.

From Evidence-Based Medicine to Precision

Maedicine to Precision Health

Both precision medicine (called personalized medicine
in the UK) and precision health are related extensions
of evidence-based practice. To illustrate, it is valuable
to examine varying conceptualizations of these inter-
related concepts. Sackett [18] defined evidence-based
medicine as:

... the conscientious, explicit, and judicious use of
current best evidence in making decisions about
the care of individual patients. The practice of
evidence-based medicine means integrating indi-
vidual clinical expertise with the best available ex-
ternal clinical evidence from systematic research.

As illustrated in a report from the UK’s National Health
Service report [19] on precision/personalized medicine,
new technologies afford new possibilities:

The concept of personalised medicine is not
new. Clinicians have been working to personalise
care, tailored to people’s individual health needs,
throughout the history of medicine. But never be-
fore has it been possible to predict how each of
our bodies will respond to specific interventions,
or identify which of us is at risk of developing an
illness. New possibilities are now emerging as we
bring together novel approaches, such as whole
genome sequencing, data and informatics, and
wearable technology. It is the interconnections be-
tween these innovations that make it possible to
move to truly personalised care.

Based on this, new technologies enable increased capacity
for the external evidence, foundational to evidence-based
practice, to be used not only to identify “one size fits all”
approaches but also interventions that are matched, with
increasing specificity, to the characteristics and context
of specific persons. Thus, evidence-based clinical prac-
tice would rely less on trial and error. For example, 1st,
2nd, and 3rd line cancer therapies [20] could be shifted to
selection of treatment based on a combination of disease
presentation characteristics. While not new, particularly
when considering behavioral medicine’s tailoring inter-
ventions [21], this vision is a more comprehensive and
integrated approach that includes individuals and their
context when selecting interventions [22].

The National Research Council report [23], which was
the progenitor to the Collins and Varmus conceptualiza-
tion, offers a revolutionary challenge to evidence-based
practice. The National Research Council focused on under-
standing opportunities that could be advanced through
changes in how science is conducted. Their charge was to
explore “a new taxonomy of human disease based on mo-
lecular biology.” The National Research Council working
group defined the vision for this new taxonomy as:

a comprehensive disease taxonomy that brings the
biomedical-research, public health, and healthcare-
delivery communities together [emphasis added]
around the related goals of advancing our under-
standing of disease pathogenesis and improving
health. Such a New Taxonomy would:

*  Describe and define diseases based on their intrinsic
biology [emphasis added] in addition to traditional
physical “signs and symptoms.”

* Go beyond description and be directly linked to
a deeper understanding of disease mechanisms,
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pathogenesis, and treatments [emphasis added].

*  Be highly dynamic, at least when used as a research
tool, continuously incorporating new emerging dis-
ease information [emphasis added].

The National Research Council committee distinguished
the vision of their taxonomy from the taxonomy of
today (i.e., the International Classification of Diseases
[ICD]) by highlighting that, within the ICD, there are
two interrelated problems: (a) many conditions with dis-
tinct causes are classified as the same disease and, con-
versely, (b) multiple conditions are identified as different
diseases when they share a common cause. From the
perspective of the National Research Council, the cre-
ation of such a taxonomy would be foundational for a
new type of science that undergirds precision medicine.
Based on their definition, precision medicine departs from
evidence-based practice via a new science that would en-
able the selection of interventions that are directly linked
with underlying causal factors, not just symptoms. While
the task of the National Research Council was focused
on molecular biology, the committee alluded to the im-
portance of bringing together the biomedical research,
public health research and practice, and healthcare de-
livery communities toward advancing understanding of
disease pathogenesis and health promotion.

Going beyond the National Research Council’s focus
on biology but continuing its questioning of scientific
practices, an overemphasis on molecular biology as the
fundamental determinant of health is too limiting [10,
11, 13, 16] and could be problematic [24]. The science
of genetics and epigenetics is increasingly illustrating the
importance of context and behavior, even if the view of
determinants is limited only to “biological” determin-
ants [25]. Current estimates indicate that genetics explain
an important but incomplete portion (e.g., ~30%) of an
individual’s variability in health [26-28]. Health behav-
iors (e.g., physical inactivity, diet, tobacco use) explain
an additional 40% of variance, with the remaining 30%
of variance attributed to environment factors, social
circumstances, and healthcare utilization and delivery
[26-28]. Within sociology, some have argued that an
overemphasis on biological determinants within health
sciences can be damaging to individual and public health
[24]. For example, when race is treated as a biological
construct, it is viewed as a causal driver of suboptimal
health. When race is viewed as a sociocultural construct,
it is the social context that influences “race.” Thus, cor-
relations between race and health outcomes do not equal
causation; instead, third variable sociocultural mechan-
isms (i.e., racism) explain the association [24]. If racism
is the causal issue, interventions are needed to target ra-
cism, not to do treatment matching to race, which is the
likely decision one would make if viewing it as biological
construct. As Roberts points out, there is clear evidence

that racism is the underlying driver and that treating race
as a biological construct is not only problematic, but
dangerous [24]. This example, coupled with the relatively
small portion of variance explained by biological deter-
minants, establishes a major risk of precision medicine if
nonbiological determinants are not treated with equal,
and possibly even greater importance.

This broad view on determinants of health estab-
lishes the need for a diverse repertoire of interventions
appropriate for different determinants of health, such
as behavioral, public health, community organizing,
social and built environment changes, and, of course,
pharmaceuticals and medical devices when appropriate
[29]. Broadening the repertoire is not only essential for
advancing health but it is also practical. If behaviors or
social and environmental exposures are more actionable
than trying to change one’s biology, it is more pragmatic
to target the determinants of behavior and environ-
mental exposures over biological processes, even with the
goal of influencing biological processes.

Precision Health Requires the Social and Behavioral
Sciences

Figure 1 provides a visual summary of the expanded vi-
sion of precision health, using the Collins and Varmus
conceptualization as an initial referent. The expansions
across key areas provide clear justification for the foun-
dational importance of the social and behavioral sciences
in precision health as related to: determinants of health
(i.e., from biological to a full representation of key de-
terminants of health), targeted health domains (from
disease-focused to the World Health Organization’s def-
inition of health), and intervention strategies (i.e., from
interventions traditionally used in medicine to inclusion
of the full repertoire of intervention strategies that span
medicine, population health [17], and public health). The
history and active research of the social and behavioral
sciences related to tailoring interventions (illustrated in
the intervention classes area of Fig. 1), data analytics,
stakeholder engagement, and implementation science
point to future areas of growth that could help to make
precision health a reality.

What Has Changed in Technology, Methods, and
Research Frameworks?

Technology

As is the case across society, digital technologies are
influencing sectors including health. Many of these are
not merely one-off tools but, instead, platforms [30].
Digital platforms are tools that provide an essential
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Collins & Varmus, Precision Health Vision
Precision Medicine 2015

Genetics All modifiable & actionable
(environment, & lifestyle informs determinants of health
ne/environment interaction) (social, behavioral, environmental, and
biological , such as genomic,
metabolomic, & microbiome)

Targeted
Determinants

Disease-focused WHO definition of health
(treatment & prevention, (striving for "state of complete physical,
particularly cancer) mental, and social well-being and not
merely a lack of disease or infirmity.")

Targeted
Health Domain

Strategies Used
to Intervene/
Provide Support

Medicine Medicine, Population Health & Public Health
(diagnostics, pharmaceuticals, (diagnostics, pharmaceuticals, surgery, medical
surgeries, & medical devices) devices, healthcare design, behavior change,
community-based, environmental, and policy)

. i Generic, targeted, adaptive, & continuous tuning
Intervention Generic & targeted

(selected based determinants (support to an individual unit over time, driven

Classes not symptoms) by determinants, not merely symptoms)
Data Analytics (data are used from prior participants ) . ~ (Big data analtyics +
to support the next cohort primarily) Small data"/n-of-1/idiographic/time series

analytics used to support decisions for

whom the data are about

+ Science of Causality)

- Integration of research-led and public-led science

Stakeholder %edsclence_ . "All of Us" as research participants & definers of need +
("All of Us" as research participants & integration of DIY, citizen/patient/‘community-led design

Engagement definers of need and personal science
Ethical Extend Common Rule for big data Common rule to big data plus precision/self consent
Practices (Belmont Principles via IRB) Common Rule, Belmont Principles via IRB + stakeholder review, or

self-review

Revised standard of care guidelines Imlementation practices to advance equitable benefit

(align insurance to precision diagnosis and treatment) (Focus on equitable resource distribution dictated by determinants
of health; Revised standard of care guidelines; Align insurance
to precision diagnosis and treatment)

Implementation
Science

Fig. 1. A vision of precision health, with precision medicine as a referent. Collins and Varmus [1] provides an initial referent, which
is then expanded to illustrate the potential future target of precision health. /RB Institutional Review Board; WHO World Health
Organization.
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function and act as a building block upon which other
technologies can be built. One classic platform is
Microsoft Windows but, of course, there are now a
wide range of platforms such as the Internet/world wide
web; smartphones (Android or i0S), social media plat-
forms (e.g., Facebook, Twitter, Instagram), commerce
platforms (e.g., Amazon, eBay), information platforms
(e.g., Google Search), “gig economy” platforms (e.g.,
Airbnb, Lyft, and Uber), and, more recently, health and
research platforms (e.g., Fitbit or Apple Smartwatches,
ResearchKit, HealthKit). While these platforms provide
a core service, these services are created modularly and
are interconnected [31], which enables end-users to use
these tools for a much wider range of purposes than the
original creators may have envisioned.

These digital platforms have created new oppor-
tunities for measuring, intervening, and, thus, con-
ducting research in real-world contexts related to
health. Temporally appropriate time series measurement
(e.g., frequent measurement for constructs that rapidly
change, such as motivation, and less frequent measure-
ment for constructs that change more slowly, such as
the built environment) is required to enable precision ef-
forts. It is possible to gather a vast amount of ecologic-
ally valid raw data and then, using algorithms, translate
those data into meaningful measurement of social, be-
havioral, and health phenomena. These data are often
obtained via smartphone sensors, tracking systems when
one uses digital tools (e.g., cookies in the Internet), and
contextually embedded technologies such as wearable
devices [32].

These digital platforms enable an impressive array of
social and behavioral data to be inferred in real-world
contexts; what might be thought of as digital phenotypes
[33, 34]. For example, it is now possible to do passive
measurement of: a person’s health behaviors such as
physical activity, eating habits [35], and smoking [36-38];
a person’s emotions, stress, mood, or depressive state [39,
40]; social interactions [41-44]; colocation of individuals
[45]; driving style [46]; traffic accidents [47]; diagnostic
tests such as tremors among patients with Parkinson’s
[48, 49]; inferring heart rate or blood oxygen [49]; and so-
cial status and personality characteristics [S0-56]. These
platforms also support delivery of interventions [57],
enabling delivery of support in real-world contexts, when
and where it is most needed [57]. From a technical stand-
point, we can measure, intervene, and conduct research
within real-world environments using today’s technolo-
gies with a great deal of precision.

Research Frameworks

New research frameworks provide organizational struc-
tures on how a series of studies, when combined, produce

desired outcomes such as empirical evidence that sup-
ports intervention matching to individuals in context,
better insights about mechanisms of behavior change,
and more robust knowledge accumulation. Two com-
plementary examples are the multiphase optimization
strategy (MOST) and the Science of Behavior Change
(SOBCQ).

Pioneered by Dr. Linda Collins [58], MOST is an
engineering-inspired framework for optimizing be-
havioral and biobehavioral interventions. The MOST
framework has a very practical goal; to improve inter-
ventions. MOST includes three key phases: preparation,
optimization, and evaluation. The preparation phase
includes steps to specify and define an empirically test-
able research question, such as creating a conceptual
framework, selecting intervention components, con-
ducting a feasibility study, and defining optimization
criteria. Optimization criteria include measures and
clinically meaningful trade-offs such as cost, time, or
minimal effectiveness targets, with success (or failure)
on each metric specified before running an optimiza-
tion trial. For example, one optimization criteria could
be that each intervention component must be signifi-
cantly better, statistically, than a comparator, AND the
entire intervention package must be deliverable for less
than US $500. Once these criteria have been determined,
the optimization phase can proceed using an optimiza-
tion trial, such as factorial trial [59-62], sequential mul-
tiple assignment randomized trial (SMART [63-66]),
microrandomization trial [67, 68], or system identifi-
cation experiment [69-75] (we expand on each method
below). If an intervention meets the optimization cri-
teria (e.g., an intervention package can be produced that
has only effective components and costs less than $500),
then that “optimized” intervention can be evaluated in
the evaluation phase via a randomized controlled trial
(RCT) compared with a meaningful comparator, such as
current standard of care.

Central to precision health, optimization criteria can
be defined in relation to intervention matching. For
example, within a factorial trial, one could include a
demographic variable as a factor (e.g., equal sampling
of men and women) within the factorial experiment. An
optimization criterion could be that intervention com-
ponents produced statistically meaningful effects among
men or women as subgroups, without any requirement
that the same components be used across men and
women. Thus, different optimized intervention pack-
ages could be specified for different groups, with mod-
erator analyses used to clearly test differential impact.
The SMART design, which is another form of a fac-
torial trial and, thus, supports baseline matching to dif-
ferent groups, can also support additional optimization
of stepped-care decision-making. For example, SMART
can test the decisions one might make when a person is
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nonresponsive to an initial intervention or if an intensive
treatment can be replaced with a less intensive interven-
tion when a person is responsive. As these two optimiza-
tion trials illustrate, the integration of optimization into
intervention development enables greater precision by
producing clear evidence on selection of initial treat-
ment packages for different groups and also stepped-care
decision-making. This is made possible via the MOST
research framework.

While MOST focuses on the practical goal of inter-
vention optimization, SOBC [76] has a scientific goal,
“...to promote basic research on the initiation, person-
alization and maintenance of behavior change.” SOBC
applies an experimental medicine approach to under-
stand processes or mechanisms that influence change
in behavior and health outcomes [76, 77]. In the first
step, a hypothesis about a putative mechanism or pro-
cess driving behavior change is posited. Then, evidence
for the validity of the mechanism is supported if: (a)
the process can consistently and reliably be measured,
and (b) those mechanistic targets can be engaged (i.e.,
meaningfully changed) through an intervention/experi-
mental manipulation. Finally, the initial approach can
then be expanded to test the strength and durability
of findings: (a) in different subgroups of individuals
based on specific measured characteristics, such as age
and gender, that might be associated with a differen-
tial effect; and (b) under a variety of contexts, such as
community versus healthcare settings or using different
modalities of delivery such as face-to-face, technology
delivered or some combination. The final step produces
meaningful results on intervention matching and, thus,
precision health. Further, as SOBC is ultimately fo-
cused on underlying causal mechanisms of change, it is
very well matched to precision health and, specifically,
the emphasis on matching interventions to underlying
causal factors that drive desired outcomes and not just
symptom alleviation. In summary, the SOBC experi-
mental medicine approach systematically identifies and
promulgates common mechanisms/processes of be-
havior change that are robust and allows for delineation
of what change processes are important for whom and
under what circumstances, thus making it well matched
to precision health.

These are two of a wide range of research frame-
works being explored to improve the efficiency, rigor,
and robustness of social and behavioral scientific re-
search. These frameworks also illustrate two different,
but, ideally, complementary goals: improving interven-
tions (e.g., MOST) and advancing understanding of
underlying mechanisms of change (e.g., SOBC). A goal
of precision health is to match interventions to indi-
viduals in context, with the match established, ideally,
to underlying causal factors instead of symptoms. As
such, MOST and SOBC provide an avenue for a robust

precision health research pipeline (a point we expand
on in the opportunity section). Other frameworks po-
tentially useful for articulating an appropriate research
pipeline for precision health include, but are not limited
to: the dynamic sustainability framework [78], disrup-
tive innovations models [79], rapid relevant and respon-
sive research model [80], the Obesity-Related Behavioral
Intervention Trials model [81], the behavior change
wheel [82], agile science [31, 83-85], and accelerated
creation-to-sustainment model [86]. Collectively, these
frameworks promote new thinking about research that
are synergistic with precision health.

Research Methods

Driven by these technologies and research frameworks,
there has been a similar explosion in new research
methods. These include: (a) the optimization trials men-
tioned as part of MOST [32, 58, 87]; (b) single case
experimental/“N-of-17/idiographic experimental and
quasiexperimental designs [70, 88-94]; and (c¢) methods
to simultaneously investigate both intervention efficacy/
effectiveness and implementation in real-world con-
texts, such as hybrid implementation trials [86]. While
space precludes a detailed account and we have already
discussed factorial trials and SMART, we expand on
microrandomization trials and N-of-1 methods for pre-
cision health.

While there is great potential with digital health tools
[95-99], there is a gap between what digital health prom-
ises and intended results [36, 83, 100-104]. The concept
of a just-in-time adaptive intervention (JITAI) was ad-
vanced to improve the potency of digital interventions.
JITAIs provide support when a person is receptive to
support and has the opportunity to act [105, 106]. Thus,
JITAIS fit squarely within the precision health vision.

For JITAIs, a key optimization trial is
the microrandomization trial [67, 84, 107].
Microrandomization trials are another variation of fac-
torial trials and, thus, can produce the same types of in-
sights for matching that are possible with between-person
factorial trials and SMART (i.e., baseline demographics
can be specified a priori to do test baseline intervention
matching and insights on stepped-care decision-making
can be produced). Microrandomization trials can pro-
duce additional insights to optimize the decision rules
used for adapting intervention components to individ-
uals in context [108]. A decision rule is an algorithm that
defines when, where, and how an intervention compo-
nent should be delivered over time and, thus, is the foun-
dational feature of a JITAI. Microrandomization trials
work by randomizing delivery of intervention options
(e.g., sending or not an encouraging message) at deci-
sion points (e.g., each morning) on the basis of tailoring
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variables (e.g., goal achievement). A proximal outcome
is measured after each decision point, both when the
intervention option is delivered and not, to enable causal
inference of intervention component impact at decision
points and test if intervention components work in cer-
tain states (e.g., only during weekdays) via time-varying
moderation analyses [67, 84, 107].

To make the promise concrete, we describe HeartSteps
[67, 84, 107]. HeartSteps targeted healthy sedentary
adults (ages 18-60) to increase daily steps based on a
combination of pull interventions, which participants
could access on demand (previous activity suggestions,
self-monitoring) and push interventions (contextually
tailored activity and daily prompts to write implemen-
tation intentions). HeartSteps participants were ran-
domized to receive or not receive an activity prompt 5
times per day (i.e., up to 210 decision points per partici-
pant). Providing a prompt (compared with random as-
signment to no prompt) initially increased step counts
by 167 steps (66%) in the 30 min following the decision
[107]. Preliminary results illustrated that context cues
were particularly valuable during the first few weeks of
the trial but were not as effective by week 6 and that they
were more effective when delivered while a person was
at home or office compared with when offered while a
person was in some other location. Based on this, one
could enact an evidence-based decision rule to the use of
context cues during the first few weeks of an interven-
tion and only deliver when a person was clearly at home
or in their office. Implementation intentions (i.e., setting
specific plans on when, where, and how to be active) were
also tested within HeartSteps as a second intervention
component. Results illustrated that writing a plan for
how to be active on the next day versus not writing a
plan, added 523 steps to the next day’s step count, and
effects stayed stable throughout the study. Preliminary
results also showed that writing plans produced mean-
ingful change on weekdays but not weekends (903 steps
on weekdays). Thus, information about day of the week
should be incorporated into the implementation inten-
tion decision rule. Interestingly, via the use of repeated
randomization, all insights were gleaned from a prop-
erly powered [68] small sample (N = 44) within a short
time period (6 weeks). Thus, microrandomization trials
can produce valuable insights that directly align with the
goals of precision health efficiently and in context.

A recent advancement of N-of-1 methods is the use
of system identification [69-75], which evolved from the
field of control systems engineering, for understanding
human health. System identification is an experimental
and analytic suite of methods to generate/validate dy-
namical models for future predictions on a per unit (e.g.,
person, system, community) basis [93, 109-111]. System
identification “excites” variance within a unit/person
via plausible intervention options to test what happens

in different states and contexts of the unit/person over
time. For example, a system identification study was con-
ducted to improve steps per day among adults [74] using
adaptive step goals and points received when meeting
goals as intervention components. Points translated into
financial rewards, which were systematically varied over
time and across different states, such as different days
of the week or when stressed or not [73]. Results illus-
trated: (a) system identification can be used to generate
individualized dynamical models that are predictive of
each person’s steps/day over time; (b) different variables
(e.g., weekend/weekday, stress, busyness) appeared to be
predictive for different individuals; and (c¢) compared
with an aggregate-based model (i.e., traditional mixed
model analyses), the individual-based models identi-
fied unique tailoring variables to use for each person,
suggesting a potential mismatched tailoring variable
for 75% of the sample if a nonindividualized tailoring
variable were used [74]. This trial and other N-of-1 trials
[112-114] show increased capacity and rigor with which
the social and behavioral sciences are able to systemat-
ically account for individual differences and use those
insights for advancing precision behavioral interven-
tions. Collectively, these methods, particularly when also
including implementation science methods, showcase a
much wider range and deeper sophistication of research
questions that social and behavioral scientists can now
address to advance the goals of precision health.

Opportunities for the Social and Behavioral Sciences
Within the Realm of Precision Health

Clearly, new technologies, research frameworks, and
methods afford opportunities for social and behavioral
sciences to drive facets of the precision health agenda.
The next section highlights how the social and behav-
ioral sciences, particularly the behavioral medicine com-
munity, provide the basic building blocks to advance
three opportunities: (a) building “continuous-tuning
interventions” that match the complexity of some health
phenomena; (b) integrating research within practice to
enable equitable, robust, rapid, iterative learning; and (c)
enabling mechanistic science in real-world contexts.

Building Interventions That Match Complex Behavioral
and Health Phenomena

The first key opportunity is to expand our capaci-
ties in matching interventions to people and contexts.
Many health issues, such as obesity, diabetes, cardio-
vascular disease, and cancer, are highly complex [94].
Complexity can be unpacked in terms of the degree to
which a problem is dynamic, multicausal, and manifests
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idiosyncratically. For example, obesity is dynamic, in that
a person’s weight fluctuates; it is multicausal as a variety
of factors influence a person’s weight in any given mo-
ment [115]. Further, while universal mechanisms, such
as energy balance, exist, how these mechanisms manifest
is idiosyncratic (e.g., each person “eats less” differently
based on issues like food preference, culture, and avail-
ability). These three factors (dynamic, multicausal, and
idiosyncratic) are orthogonal; the more each is true, the
more likely there will be a need for complex interventions
and, by extension precision health. And, as an aside, the
less complex a phenomenon is, the less likely precision
health is needed. As discussed above, only now are the
technologies, frameworks, and methods being developed
to match the complexity of some of our most intractable
health issues.

Prior work on tailoring [22] provides a solid founda-
tion both conceptually and methodologically. Tailoring
is defined as:

Any combination of information or change strat-
egies intended to reach one specific person, based
on characteristics that are unique to that person,
related to the outcome of interest, and have been
derived from an individual assessment. [Note, italics
were in the original].

Prior work offers distinctions in types of interven-
tions from generic [22] and targeted [22] to adaptive
[116] interventions (see Table 1), which exist on a con-
tinuum. The distinctions are illustrative and particu-
larly valuable from the perspective of precision health.
Briefly, targeted interventions support matching based
on relatively static traits, such as demographics or per-
sonality characteristics. Empirical work about moder-
ation from factorial trials or RCTs is needed to generate
evidence-based targeting interventions. Adaptive inter-
ventions support dynamic decision-making of match
over time with the adaptation algorithms generated
based on insights from prior individuals from previous
studies. Developing evidence-based adaptive interven-
tions can use moderation, rigorous empirical testing
of decision rules, as in SMART, or time-varying mod-
eration related to when/where an intervention compo-
nent may produce desired effects versus not, which can
be gleaned from microrandomization trials, as illus-
trated with the HeartSteps study. Arguably, most pre-
cision medicine efforts focus on targeted interventions
only and do not leverage methods, such as SMART and
microrandomization trials, for optimizing intervention
packages and stepped-care decision-making. Because
behavioral scientists have addressed these complexities,
they can play a leadership role in creating targeted and
adaptive interventions.

Work on JITAIs [105, 106] and individualized and
perpetually adapting behavioral interventions driven
by control systems engineering methods [70] provide a
conceptual and methodological foundation for a new
class of interventions, continuous-tuning interventions
(see Table 1). While the definition of tailoring empha-
sizes providing the right strategies of change for an in-
dividual, methodologically, adaptive interventions select
options based on responses from prior individuals in pre-
vious studies, not the individual themselves. Continuous-
tuning interventions can technically achieve the logical
extreme of evidence-based tailoring to a specific indi-
vidual, which was postulated by Kreuter [22]. By con-
tinuous tuning, we mean interventions that adjust and
"tune" the intervention to the changing needs of individ-
uals, based on their own data, not merely prior partici-
pants' responses to interventions.

The key distinction between adaptive and continuous-
tuning interventions is how data are used to define
adaptation over time. Adaptive interventions are driven
by prespecified adaptation algorithms generated and
evaluated based on the response of prior individuals.
For example, the Extending Treatment Effectiveness of
Naltrexon (ExtENd) study, which used a SMART design
to test a decision rule, produced an if/then algorithm to
guide adaptation for when individuals are nonresponders
to first-line treatment (i.e., if a person does not respond
to first-line support of Naltrexon + medical manage-
ment within 8 weeks, then provide more-intensive behav-
ioral treatment, as second step response [108]). Adaptive
interventions are valuable for providing a “warm start”
initial decision when no data about a specific individual’s
response is available. However, once data from an indi-
vidual are available, it becomes possible to go beyond
warm start decisions and deploy continuous-tuning
techniques and deliver interventions based on the
individual’s own data. Specifically, continuous-tuning
interventions include real-time optimization algorithms,
which can further adjust intervention support to a spe-
cific individual, using methods such as reinforcement
learning [117] control systems engineering [70, 75], and
N-of-1 study methods [94]. An example is MyBehavior
[117], which used reinforcement learning to identify and
deliver message types a person actively responded to in-
stead of messages the person tended to ignore.

Continuous-tuning interventions match the dynamic,
multicausal, idiosyncratic complexities of behavior
change and health far more effectively than prior work.
For example, the previously discussed study to improve
steps per day among adults [74] illustrated the potential
for tailoring variable mismatch for 75% of the sample
if using aggregate-based statistics (i.e., those used for
generic, targeted, and adaptive interventions) compared
with individual-derived tailoring variable (i.e., used for
continuous tuning). A recent paper examining six studies
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that used a repeated measures design (what we have been
calling time series data) suggested that insights gleaned
by aggregating across groups versus individuals was very
different [118], establishing that it is not necessarily ap-
propriate to generalize insights gleaned from a group to
an individual.

Social and behavioral scientists are uniquely suited
to drive application of continuous-tuning interventions
within precision health. We can advance continuous
tuning by:

1) Increasing the collection of time series data (i.e.,
same variables measured repeatedly, ideally multiple
variables across the determinants of health).

2) Using small data/N-of-1 study designs and idio-
graphic data analytic methods to glean insights from
time series data to move beyond warm start decisions,
particularly microrandomization trials + reinforce-
ment learning, control engineering methods, and N-
of-1 study designs (see [94, 119, 120] for similar calls
to action).

3) Cultivating partnerships with researchers with ex-
pertise in these analytic methods, particularly control
systems engineers, computer scientists, and statist-
icians working on idiographic data analyses [119,
120].

Integrating Research into Practice

Precision health challenges the basic assumption that
research and practice should remain separate. The
National Research Council report actively called for the
integration of research and practice [23] such as through

Traditional research approach

Produce
transportable
knowledge

Disseminate
to clinics &
communities

learning healthcare systems [8]. Scientifically, the ad-
vantage of integrating research into practice is to speed
the pace of learning, such that health sciences can more
quickly contribute to improving care. Practically, preci-
sion health will only be valuable if it can be advanced
equitably. One could easily imagine top-tier research in-
stitutions making rapid advancements in precision health
that, because of the individuals who have access, contexts
they exist within (e.g., wealthier neighborhoods), and re-
sources available to the institution, are difficult, if not
impossible to implement elsewhere. To be of value, pre-
cision health must be prioritized among underresourced
settings for underserved, marginalized, and rural popu-
lations. Doing this will very likely require respectfully
and ethically integrating research within practice, par-
ticularly with the communities being served playing
coleadership roles if we wish to advance precision health
(a point we return to in the challenges section).

Two tasks to advance integration will involve aligning
goals and realigning cultures. For the former, the social
and behavioral sciences have a robust science to build
on. For the latter, the social and behavioral sciences
can facilitate the transition by using methods such as
community-based participatory research [121, 122] and
capacity building as well as insights from sociology to
equitably cultivate productive shifts in belief systems,
cultural norms, and embedded worldviews engrained in
disciplines and communities of practice.

Starting with goals, research classically seeks gen-
eralizable knowledge first, with the hope that this will
eventually translate into helping future people. Practice,
in contrast, is focused on the people who need support
right now, including people helping themselves. As such,

Approach that aligns
research & practice goals

Identify clusters
across people
& change
mechanisms

Produce
transportable
knowledge

Fig. 2. Two pathways to generalizable/transportable knowledge. The above visualizes two pathways to generalizable (labeled “transport-
able”) knowledge. The left pathway is the traditional research approach, which starts with generalizable knowledge as the target. The
right pathway is an alternative strategy, which would enable better alignment of initial goals between research and practice. Image from

Hekler et al. [94].
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research and practice share the same broad goals, but re-
search supports that goal in a delayed fashion.

The implied pathway whereby research translates
eventually into helping individuals involves three broad
steps (Fig. 2, left side pathway [94]). First, research is
conducted to produce generalizable knowledge relevant
to clinical practice (e.g., intervention A, on average, influ-
ences outcome B for population C, in context D). These
results enable the creation of “evidence-based” inter-
ventions and, ideally, insights about how they “work”
in general. With this evidence base, the second step of
translation can occur, whereby the intervention is dissem-
inated and implemented in similar contexts compared
with where the intervention was studied. Assuming suc-
cessful implementation, these evidence-based practices
can produce meaningful real-world results (step 3). This
pathway hinges on the assumption that differences be-
tween people and contexts are only minimally important
for the translation of evidence-based interventions into
practice. When that is true, the process works well (e.g.,
matching blood transfusions to different blood types).
However, for complex behaviors and health phenomena,
differences between people and contexts can very likely
influence if an intervention will produce desired effects
or not. Therefore, the three steps for translating research
to practice may not be appropriate for some types of
interventions, particularly those targeting complex phe-
nomena, as argued by implementation science. Indeed,
the entire field of dissemination and implementation sci-
ence is a response to this problem as it investigates inter-
vention adaptations to context to explain why real-world
results vary [78].

One alternative pathway is to embed research into
practice, by aligning research and practice goals initially
and then enabling researchers to build on top of that
foundation (Fig. 2, right side pathway [94]). In brief, both
research and practice could start with the goal of helping
individuals, groups, and communities first. This is similar
to “positive deviant” research [123-125] whereby those
individuals or groups who are achieving meaningful
success are carefully monitored and documented, with
those insights used to guide future work for others. This
approach also aligns very well with continuous-tuning
interventions as, ultimately, continuous-tuning interven-
tions are adjusting to each individual’s need, just like in
practice [94]. As clinically meaningful results are pro-
duced, the second step can occur whereby researchers
use methods from machine learning and statistics to
cluster intervention and intervention components that
produce favorable effects in relation to differences in
people, place, and time. With sufficient clusters of suc-
cessful interventions identified across different people
and contexts, causal hypotheses about matching different
interventions to different people or contexts can then
occur. Using the emerging science of causality [126, 127],

systematic tests of the transportability of findings from
one group or context to the next can take place, thus pro-
ducing generalizable knowledge. While only a concept,
the alternative pathway illustrates a viable, complemen-
tary approach to generalizable knowledge that would
align early efforts of researchers, patients/people, and
practitioners as everyone would be seeking to achieve
meaningful, real-world outcomes for the people being
supported right now.

Beyond advancing methods that enable goal align-
ment, the social and behavioral sciences can play a role
in shifting the cultures of practice and research toward
a more equitable and inclusive and also open and trans-
parent process that honors the value and insights from
all stakeholders in medicine, population health, and
public health. Patient-centered outcomes research [128],
community-based participatory research [121, 122],
youth participatory action research [129], lead user in-
novation [130], participatory design, and citizen science
[131], all establish the foundational importance of those
people being served by science being given voice and
coleadership roles within research endeavors.

This also points to the opportunity to broaden con-
ceptualizations on who can act as a scientist and how
their voices can be meaningfully integrated into scientific
discourse. The work of Eric Von Hippel [130] on “lead
user innovation” illustrates a long history of those with
lived experience coupled with technical expertise solving
their own problems. The movement of self-innovation is
being applied in the health domain across biological to
behavioral to social and environmental determinants of
health [132-135]. It is quite plausible that finding ways
to meaningfully include those with lived experience into
scientific discourse will strengthen the trustworthiness of
any consensus that emerges on the topic [94] and the de-
gree to which scientific priorities align with the priorities
of the people being served.

The social and behavioral sciences, with its long history
in single case experimental designs (for aligning goals and
supporting the alternative pathway), community-based
research (for building inclusive cultures), and capacity to
work and think at multiple levels of the social ecological
model, can play a critical role in helping to explore new
approaches to science that better align efforts of research
and practice and facilitate more inclusive cultures of di-
verse stakeholders. While there are many plausible next
steps, three concrete ones could be:

1) Embed research within real-world contexts of prac-
tice. This would involve first, aligning the goals and
success criteria of researchers and practitioners.
Second, the use of time series data (as discussed
with continuous-tuning interventions) as one key
referent to evaluate progress toward desired success
criteria. Third, the use of more advance methods,
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research frameworks, and methods that support
this type of work. In light of the high risk of propa-
gating inequities if poorly implemented, it is essen-
tial that precision health research be conducted with
historically marginalized communities first, instead
of high resource settings. If that does not occur, it
is quite likely that precision health will exacerbate
inequities.

2) Expanding patient/participant-centric efforts to in-
clude patient-led research and innovation, with
the goal of developing understanding on how
nontraditional scientists with lived experience of a
phenomena could meaningfully add to scientific dis-
course and reallocating research resources to support
these types of contributors.

3) Advancing “deimplementation” efforts to enable
more stakeholders (e.g., clinicians, people formerly
known as patients) the time and energy to reflect,
cultivate community-academic partnerships that
support patients, care for all stakeholders, and pro-
vide insights needed to integrate more of a research
mindset into practice.

Mechanistic Science in Real-World Contexts

As implied by the classic separation between research and
practice, the health sciences, broadly, balance two separate
but complementary goals; to improve: (a) understanding
of fundamental determinants of health; and (b) individual
and population health. These two goals have been separ-
ated in the past with “basic” science occurring, often in
labs and controlled settings, and “applied” science seeking
to translate insights into real-world impact. It is quite likely
that differences in people, place, and time matter causally,
for a wide range of complex health phenomena, such as
obesity. The more likely that a phenomenon is causally
complexity, the less likely anything meaningful can be
learned about mechanisms and determinants of health
within lab-based “basic science” studies, which would lack
variance on differences in people, place, and time. Based on
this and the need to match interventions with underlying
determinants of health, there is a need for a third type of
research within precision health; what we call mechanistic
science in real-world contexts.

Mechanistic science in real-world contexts primarily
involves a change in study goals to those that explicitly
seek to advance both practical goals and mechanistic
science goals simultancously. Interventions, particularly
intervention component(s), play a dual role; they can
be used to support individuals to improve health out-
comes and, simultancously, these interventions could
be thought of as experimental manipulations meant
to activate hypothesized mechanisms of change for

influencing fundamental determinants of health. If the
dual purpose of interventions is recognized, then single
research studies can be designed that explicitly advance
these dual purposes and, thus, enact mechanistic science
in real-world contexts. Arguably, the dual role is impli-
citly present when evaluating pharmaceuticals within
double blind RCTs because the RCTs provide a clear
and robust isolation of the mechanistic impact of the
pharmaceutical agent upon targeted health outcomes.
Pharmaceuticals have had a distinct advantage, scientif-
ically, based on the power of the placebo as a control
condition to enable studies to inform the basic under-
standing of a phenomenon while also informing clinical
decision-making and practice. As such, for pharmaceut-
icals only, one could think of classic RCTs as mechan-
istic science in real-world contexts. Within the social and
behavioral sciences, the placebo is often not an appro-
priate control condition [136]. With new technologies
and methods, the social and behavioral science can begin
to localize effects in contexts to support both clinical
decision-making and mechanistic science (see earlier dis-
cussion of HeartSteps microrandomization trial in the
methods section, which illustrates this possibility).
Next steps include:

1) Increased focus on advancing digital phenotypes of
social and behavioral constructs [33, 34, 137, 138] to
enable measurement of mechanisms and determine if
interventions are activating mechanisms in context,
per the SOBC approach.

2) Increased use of appropriate research methods, par-
ticularly factorial trials, SMART, microrandomization
trials, system identification, and control optimization
trials [70] should occur as they enable far more local-
ized conclusions about intervention components and
dosing in context [84].

3) As the causal complexity of a phenomenon increases,
the behavioral science community will likely need to
adopt techniques from the emerging science of caus-
ality [126, 127]. The science of causality enables far
more complex causal models to be specified in an em-
pirically testable fashion compared with traditional
health sciences, which, within clinical evaluation
studies, implicitly biases toward simple causal link-
ages (e.g., intervention X — outcome Y).

4) It would be valuable to advance research frameworks
that honor and advance these dual roles, such as a re-
search framework that melds MOST and SOBC.

Summary of Opportunities and Next Steps

The vision of precision health, as outlined in Fig. 1,
is broad and will require robust collaboration and
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synergistic activities across diverse stakeholders. The so-
cial and behavioral sciences are well suited to:

1) drive advancement of an emerging new class of inter-
vention, continuous-tuning interventions, in part-
nership with control systems engineers, computer
scientists, and statisticians advancing idiographic
methods.

2) facilitate shifts in methods and cultural norms that
better align research and practice to enable more
equitable, rapid, iterative, and efficient learning across
stakeholders and to increase the likelihood that pre-
cision health can be used to reduce disparities, not
increase them.

3) conduct mechanistic science in real-world context,
with increased use of more advanced study designs
that enable localized effect estimates of intervention
components and, likely, in partnership with those
advancing the science of causality, the study of caus-
ally complex health phenomena.

Challenges to Precision Health and Ways the Social
and Behavioral Sciences Can Help

The vision of precision health introduces three chal-
lenges (see bottom of Fig. 1) briefly summarized as: (a)
knowledge organization and curation, (b) ethical impli-
cations, and (c) inequitable implementation.

Knowledge Organization and Curation Challenges

Accumulation of precision health research will fun-
damentally change how we organize and find relevant
information. Presently, scientific knowledge is largely or-
ganized and digested via scientific articles. Searching the
literature successfully may have occurred when a person
paid attention to a few key journals on focused topics
[139]. Precision health synergizes efforts across a wide
range of stakeholders, which makes the classic strategy
of staying informed untenable. For example, the same
scientific study would be described very differently de-
pending on the publication venue it is presented within,
be it medicine, psychology, computer science, control en-
gineering, and so forth. Interdisciplinary teams increas-
ingly publish across these diverse publication venues.
Depending on the discipline and venue, the insights
offered will be accessible to one audience (e.g., computer
science) but not others and, by extension, may not be
immediately found by other audiences (e.g., behavioral
science). If the goal of precision health is to integrate
medicine, population health, and public health, and
research and practice, then new forms of information

sharing are needed that supports translation between
groups.

While, of course, scientific articles will always have
value for sharing information within scientific commu-
nities, other forms of knowledge organization and cur-
ation are necessary for communicating information and
tools that will be necessary for precision health. One
concept is development of codifiable knowledge repre-
sentation tools that can effectively search, organize, and
curate large amounts of information to facilitate transla-
tion of evidence and insights gleaned from one discipline
or stakeholder to another discipline or stakeholder [139].
Without innovative tools to support cross-sector and
disciplinary access and curation, the vision of precision
health may become a proverbial Tower of Babel that is
largely inaccessible and, therefore, of questionable value.
Organizing and curating knowledge as complex as that
associated with precision health is no small task with no
simple answers. Space precludes a full discussion, but
interested readers looking for steps forward could review
the Human Behaviour Change Project out of University
College London [140] and results from a recent National
Science Foundation workshop in the USA focused on
advancing knowledge curation in the social and behav-
ioral sciences [139].

Ethical Challenges

The new technologies, frameworks, and methods sup-
porting precision health research require careful con-
sideration of the ethical, regulatory/legal, and social
implications (ELSI) throughout the process. The accepted
ethical principles of respect for persons, beneficence
and justice, first published in 1979 [141], have provided
a useful framework to assess whether the research will
generate knowledge and, subsequently benefit society—
but, whether they remain comprehensive and relevant is
in question. For example, the emerging and widespread
change in the research enterprise introduced by informa-
tion and communication technologies prompted leaders
in the Department of Homeland Security to propose an
additional principle of respect for law and public interest
[142]. As precision health advances, it is critical that so-
cial and behavioral scientists are supported to carry out
research to qualify and quantify related risks and risk
management strategies, including barriers to informed
consent and accessibility. In Table 2, we suggest research
questions against the backdrop of current ethical prin-
ciples described in the Belmont Report.

The novelty of emerging technology, methods and
tools associated with precision health naturally draws
diverse stakeholders who are learning to work to-
gether. Over the past decade, we have seen a rise in
patient-initiated research [143], citizen science [144],
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Table 2. Recommendations for research on research ethics

Principle Application

Considerations for precision health research

Autonomy, respect
for persons

The process of obtaining study information
to facilitate decision-making

Used to document voluntary participation

Protect persons who have diminished
capacity to make decisions

Beneficence Evaluation of the probability and magnitude
of potential harms to participants

Assessment of risks and mitigation strategies
against potential benefits to the individual,
persons represented by participants and

society

Justice Persons who participate should reflect those
most likely to benefit from the study
outcomes

Considerations for vulnerable populations

Are digital strategies for conveying study information appro-
priate?

Do participants understand the granularity and volume of data
collected?

Is the consent content and process appropriate for people with
limited technology and data literacy?

What consent process is useful for an N-of-1 study

What data management strategies (wireless transmission, encryp-
tion, etc.) are appropriate to ensure confidentiality of poten-
tially sensitive digital data?

What system-wide strategies are effective in capacity building?

When data are obtained using commercial products, what terms
of service and privacy protections are appropriate? Does the
technology have sufficient evidence to support the use of the
device/app?

What potential barriers to study access exist in digitally deployed
studies?

What methods increase participant representation and involve-
ment as partners?

Do preferences for privacy vary across lifespan or groups
identified as underrepresented in research?

and Do-it-Yourself [DIY] [145] types of research.
Major technology companies have launched large-scale,
longitudinal bio/behavioral research initiatives (e.g.,
Apple ResearchKit, Alphabet’s, Verily, and Microsoft
Research). All conceivably fall within the continuum of
precision health, but project staff may vary considerably
in terms of their formal research training and ethics so-
cialization, requiring that experts be identified to fill the
governance gaps [146].

New tools combined with variable ethics accultur-
ation may place strain on the traditional institutional re-
view board (IRB) model [147]. The IRB model, while an
essential perspective in human research protections, has
been criticized in recent years [148—150] for being ineffi-
cient and focused more on institutional protections over
that of participants. With precision health research, IRBs
must be able to evaluate several risk-to-benefit profiles as
well as a diverse set of tools, methods, and stakeholders.
Clearly, resources are needed to support risk-to-benefit
assessments and mitigation strategies, which will assist
those planning safe and ethical research as well as those
responsible for its review.

Related to the diversity of tools and methods used
in precision health, we have acknowledged the ability
to collect and combine granular multidimensional data
from genetic, behavioral and environmental sources.
How people consent to participate as well as how these
data are collected, transferred, secured, and shared
are, in some cases governed by regulations (i.e., Office
of Human Research Protections [OHRP] [151], Health
Insurance Portability and Accountability Act [HIPAA]
[152]) yet, there are regulatory gaps. For example, a

behavioral intervention carried out in a free-living en-
vironment using real-time using pervasive sensors
(e.g., Fitbit) and/or social media platforms (Facebook
[153]) lack clear guidelines for deploying these inter-
ventions. Regardless of the health focus of the research
(e.g., HIV, healthy pregnancy, sedentary behavior)
the data collected may not be part of the participant’s
health records and, as such, neither HIPAA nor Health
Information Technology for Economic and Clinical
Health Act (HITECH) regulations [154] may be relevant.
Researchers and IRBs have little guidance on how to
manage consent, expectations for privacy nor strategies
to reduce risks of a data breach. When using commercial
products, potential risks are introduced when the quality
of the device or app is unknown, the participant does
not use the technology correctly or the data are owned
by commercial entities. These complexities may not be
well understood by IRB members and, lacking relevant
expertise, can lead IRBs to a determination that a pro-
posal is acceptable, not based on a careful understanding
of risk. Alternatively, IRBs may reject a new and poten-
tially fruitful line of research by applying standards from
noncomparable research or fear of the “unknown un-
knowns” and, thus squelching innovation.

In addition to the fact that no one IRB member has all
the requisite knowledge, ever-changing technologies may
create potential harms that were not present or known
when a project first starts, out of no fault, conscious
action, or even awareness of the researcher. Clearly, we
are at a critical juncture whereby social and behavioral
scientists must continue to play an important role in
development of responsive ethical guidelines. This will



ann. behav. med. (2020) 54:805-826

819

involve conducting empirical research to inform how
best to obtain informed consent, calculate study bene-
fits and harms and promote inclusivity such that the re-
search is translational to practice (see Table 2). Likewise,
new models that authentically engage and promote com-
munity input are necessary, as we can no longer afford to
“outsource” ethics and hope for the best. All precision
health stakeholders must be actively involved in shaping
responsible practices.

Initiatives that can support a broader precision health
“ethical intelligence” are beginning to emerge. For ex-
ample, the Connected and Open Research Ethics (CORE)
initiative is a digital health ethics “learning” commons
where conversations about the ethical issues noted
above take place [155]. The CORE platform, developed
with support of the Robert Wood Johnson Foundation
(RWJF), was designed with input from scientists, tech-
nologists, regulators, and ethicists [156]. Features in-
clude a forum where community members can post
questions and offer expertise, a Resource Library that
includes IRB-approved protocols and consent language
and evidence-based Tools to support decision-making
[157]. There are other efforts underway to provide eth-
ical guidelines for areas such as unregulated research by
citizen scientists or data scientists in industry [158-160)].
Further, professional societies are launching efforts to
elevate awareness of the ELSI of precision health re-
search to support members [161, 162].

Given the potential personal and societal value of pre-
cision health, empirical research can inform responsive
standards of practice to ensure meaningful outcomes.
Social and behavioral scientists are already conducting
studies to better understand aspects of research that im-
pact scientific integrity and, subsequently research ethics.
For example, researchers are evaluating wearable sensors
to ensure they are measuring what they claim to measure
[163]. Likewise, studies are using wearable sensor tech-
nologies to gather “in the wild” behavioral data as an al-
ternative to self-report and lab-centered studies [164] and
researchers are also looking at adoption barriers [165],
which can influence data fidelity and inclusion of diverse
populations.

Inequitable Implementation Challenges

Implementation science can help assure that precision
health efforts are adopted into routine healthcare across
diverse settings and do not propagate health disparities.
The latter is of particular risk in the USA because of
our fragmented network for financing and delivering
healthcare that constrain individuals’ ability to access
healthcare resources. For precision health, disparities
may occur if particular geographic areas are able to de-
liver precision health initiatives better than others (e.g.,

urban vs. rural); similarly, disparities by socioeconomic
status and race/ethnicity may result if healthcare systems
and communities serving the poor and uninsured (i.e.,
safety-net providers) struggle to implement precision
health efforts [166].

In past decades, patients, providers, health systems,
community organizations, and policymakers, have often
been unprepared when interventions were deployed in
real-world settings because factors necessary to system-
atically deploy these interventions had not been tested.
Recognizing the implementation gap, social and be-
havioral scientists have developed new tools, including
theories and frameworks [167], measures, strategies to
balance implementation fidelity with the need for adapt-
ability, and new study designs like hybrid effectiveness—
implementation designs [168]. To avoid propagating
disparities, we illustrate below how implementation sci-
ence research needs to address: (a) valid measurement of
individual-reported risk factors; (b) patient-centered and
public health communication; (c) building capacity of
healthcare provider teams, low-resource healthcare set-
tings, and policymakers; and (d) reach of these new pre-
cision health approaches across diverse settings.

Putting precision health interventions into practice
will require that individuals/patients and healthcare
teams measure and document individual-risk factors to
deliver the right treatment, at the right time, to the right
individuals or local communities. Measuring risk fac-
tors often relies on patient self-report, which can present
challenges in obtaining valid and reliable measures [169,
170]. Further, accuracy of self-report measures may vary
across subgroups; some have shown lower sensitivity
and specificity estimates for racial and ethnic minorities
[171]. Many have recognized that individuals’ education,
literacy, culture, and past experiences influence how they
respond to risk factor measures [172-174]. Strategies
like cognitive interviewing [175] and other psychometric
methods will be needed to ensure that these measures are
conceptually equivalent (e.g., interpreted similarly) by
different subgroups. Incorporating validated measures
into existing electronic patient portals and population-
based health surveillance systems (e.g., Behavioral Risk
Factor Surveillance System) can improve reporting
of risk factors at the health system and community-
level (see extended discussion in Capturing Social and
Behavioral Domains in Electronic Health Records,
Phase 2 [176]). In addition, recent efforts to advance
digital phenotyping may enhance and complement self-
reported measures [33, 138]. Identification of particular
geographies with large numbers of individuals at risk
can inform the planning of policies supporting precision
health interventions. Integrating validated measures into
clinical information and population surveillance systems
will be critical.
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After obtaining reliable risk information, patient-
centered communication and shared decision-making
will be essential for delivering precision health interven-
tions. Treatment recommendations are likely to become
more complex and challenging for individuals with low
health literacy to understand and enact, which may in-
crease health disparities. We will need innovative strat-
egies to instruct and assess providers’ communication
skills particularly with respect to precision health [177].
Similarly, we will need to develop health communica-
tion strategies to explain to policymakers and the public
about genetic, behavioral and environmental risk factors
and the evidence supporting precision health interven-
tions. Clear communication can help policymakers de-
sign policies ensuring interventions reach all who could
benefit, and the public recognize the value of interven-
tions; thus, be willing to use the interventions (see [178]
for implementation challenges in lung cancer screening).
Future precision health initiatives should involve im-
plementation scientists early in the intervention devel-
opment process to ensure fit with the environmental
context and improve the quality of care.

We must also build capacity to support delivery
of precision health interventions particularly in low-
resource healthcare settings. Delivery cannot solely rest
on the shoulders of physicians, given the large number
of topics that must be covered during a primary care
visit [179]. Multidisciplinary teams have been shown to
improve the efficiency and effectiveness of cancer care
delivery [180-183]. Important considerations include
the roles and responsibilities of team members, coord-
ination among team members, and necessary resources
and support. Fortunately, midlevel providers, such as
physician assistants, nurse practitioners and navigators,
genetics counselors, and case managers, may be just as
well equipped to help deliver these services as physicians.
Tools embedded within electronic health records can as-
sess individual-risk factors to: (a) facilitate identifying
eligible patients; (b) provide clinical decision support
concordant with guidelines; (c) document provider re-
commendations and patient decisions; and (d) track
management of results and health outcomes. Ensuring
electronic health records systems have these capabilities
will be imperative to prevent disparities when deploying
precision health interventions [184—186].

Application of models like the Consolidated
Framework for Implementation Research [187] highlight
that the range of stakeholders should be expanded be-
yond healthcare providers and include government agen-
cies, nonprofit community organizations, faith-based
organizations, and other groups involved in case man-
agement. Attention to the social determinants of health
by these stakeholders can illuminate the larger societal
context that hinders effectiveness of interventions. To

call attention to this issue, the RWIJF created a research
initiative on how organizations, institutions, and leaders
outside of healthcare systems can collaborate and build
a national culture of health. To avoid exacerbating dis-
parities, precision health research needs to use models
that describe how upstream determinants may support
or undermine precision health interventions and how
various sectors of society could collaborate to deploy
strategies addressing these upstream determinants.

As one final note on implementation, it is important
that anyone interested in precision health think through
the intended and unintended consequences of this work.
For example, shifting toward precision health could be
highly disruptive to a wide range of people and health
sectors. Based on this, it is important to think carefully
on when and where it is most appropriate to advance
precision health versus not. One key consideration is
the inherent complexity of the phenomenon being tar-
geted. Precision health will only really be needed and
appropriate for complex health issues, such as obesity.
Beyond complexity, inequities should also be con-
sidered. We contend that the benefits would be greatest
and, thus, likely be worth the disruption, if historically
marginalized communities were prioritized over more
well-resourced areas as a mechanism to reduce inequi-
ties. That said, that type of work should only be done
when historically marginalized groups agree and play
coleadership roles in advancing the vision. Precision
health will fully and equitably realize its potential only
if the right intervention is effectively delivered to all
population members who would benefit. Engagement
of social and behavioral scientists with expertise in im-
plementation science research can ensure broad, equit-
able reach.

Summary and Next Steps

Precision health is an ambitious conceptualization of
health, which includes dynamic linkages between research
and practice as well as medicine, population health, and
public health. The goal is a unified approach to match
a full range of health promotion, prevention, diagnos-
tics and treatments to fundamental and actionable de-
terminants of health that cut across genetic, biological,
environmental, and social and behavioral determinants
(see Fig. 1). The research necessary to advance precision
health requires the social and behavioral sciences to take
part alongside others.

As with the history of precision medicine, new tech-
nologies, frameworks, and methods are enabling new
ways to measure and intervene in real-world contexts.
With these technologies, frameworks, and methods, the
next generation of social and behavioral sciences offers
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three opportunities to help lead in precision health: (a) a
new intervention type, continuous-tuning interventions,
that match the inherent complexity of some behavioral
and health phenomena; (b) strategies to integrate re-
search into practice that enable more efficient, iterative
learning across stakeholders interested in health; and (c)
conducting mechanistic science in real-world contexts
that supports improved understanding of underlying
determinants of health. While there is great excitement,
there are also challenges to precision health that the so-
cial and behavioral sciences could mitigate: (a) know-
ledge organization and curation; (b) ethical conduct of
research; and (c) equitable implementation of the vision.
For those places where the benefits overcome the dis-
ruptions, social and behavioral scientists working in the
health sector can help to ethically and responsibly ad-
vance precision health with others.
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