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The goal of precision medicine (individually tailored treatments) is not being achieved for neurobehavioural conditions such as psychiatric
disorders. Traditional randomized clinical trial methods are insufficient for advancing precision medicine because of the dynamic complexity of these conditions. We present a pragmatic solution: the precision clinical trial framework, encompassing methods for individually tailored treatments. This framework includes the following: (1) treatment-targeted enrichment, which involves measuring patients’ response
after a brief bout of an intervention, and then randomizing patients to a full course of treatment, using the acute response to predict longterm outcomes; (2) adaptive treatments, which involve adjusting treatment parameters during the trial to individually optimize the treatment; and (3) precise measurement, which involves measuring predictor and outcome variables with high accuracy and reliability using
techniques such as ecological momentary assessment. This review summarizes precision clinical trials and provides a research agenda,
including new biomarkers such as precision neuroimaging, transcranial magnetic stimulation–electroencephalogram digital phenotyping
and advances in statistical and machine-learning models. Validation of these approaches — and then widespread incorporation of the
precision clinical trial framework — could help achieve the vision of precision medicine for neurobehavioural conditions.

The burden of neurobehavioural illness and
need for precision medicine
Neurobehavioural conditions comprise psychiatric,
neurologic and behavioural syndromes such as depressive,
anxiety and psychotic disorders; developmental and agerelated cognitive impairment or decline (e.g., dementia);
substance use disorders; complex neurobiobehavioural
conditions such as obesity;1 and somatic disorders such as
bothersome tinnitus and chronic pain. These disorders
contribute substantially to disability,2 mortality3 and increased
health care costs. Treatments for these disorders include
medications, neuromodulation devices and behavioural
and lifestyle interventions, all of which target the brain and
behaviour to improve symptoms and reduce cognitive and
functional impairments.4,5
The persistently high burden of neurobehavioural illness
results from a lack of highly effective treatments, a barrier
that can be attributed at least in part to poorly understood
pathophysiology. In conditions whose pathophysiology is

better understood, such as cardiovascular disease and stroke,
comprehensive targeted prevention strategies can be
developed and disseminated.6,7 Prevention approaches that
target multiple cardiac risk factors — such as combination
statin and antihypertensive therapy8 and advances in revascularization —have yielded sharp reductions in morbidity
and mortality. In contrast, “blockbuster drugs” for neuro
behavioural conditions have not yielded blockbuster improvements. For example, placebo-controlled trials in depression and anxiety disorders have shown very small average
effect sizes.9,10,11 Schizophrenia rarely remits completely with
antipsychotics, and these medications also produce neurologic and cardiometabolic side effects.12 Behavioural treatments such as cognitive behaviour therapy may have some
advantages over medications (e.g., cost-effectiveness over
long-term follow-up13), but real-world implementations result in poor fidelity of treatment delivery14,15 and compromised adherence.16,17 Mobile health interventions promise improved access and therapeutic reach, but utilization studies
report that treatment engagement for most interventions
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wanes after approximately 2 weeks.18,19 Finally, neurobehavioural disorders tend to be chronic and relapse even after a
positive response to treatment in the short term.20,21

Precision medicine defined
Precision medicine (also referred to as personalized or stratified medicine) is conceptualized as a treatment approach that
accounts for individual variation,22 with the primary goal of
providing an individually tailored course of treatment. It is
an approach that seeks to provide the right treatment to the
right patient, at the right dose, at the right time, with the
expectation of better health at a lower cost.23 Precision medicine would be a compelling solution to reducing the burden
of neurobehavioural disorders, because it would involve giving drugs, neuromodulation devices and behavioural treatments to the patients most likely to benefit, as well as optimizing these benefits.
The Precision Medicine Initiative from the US National Institutes of Health (NIH) defines precision medicine as an approach for disease treatment and prevention that accounts
for individual variability in genes, environment and lifestyle.24 It contends that extensive biobehavioural assessment
of individual patients will reveal treatment-relevant heterogeneity within diagnostic categories. For example, “depression” is not a single disease, but a heterogeneous syndrome
with many underlying neurobiological, behavioural and
environmental causes. If subtypes could be distinguished,
providers could personalize treatment for depression.25,26 In
this scenario, health care providers can characterize patients
based on their biological, environmental and behavioural
parameters — using genomic and other biomarker tools
along with behavioural phenotyping via patient-reported
data and sensors — and choose treatments tailored to the
needs of individual patients.

Shortcomings of the current precision medicine approach in
randomized controlled trials
Research into individual variability has not translated into
more effective treatments for neurobehavioural syndromes,
despite heavy investment in the fields of molecular diagnostics, neuroimaging and genomics.27 Evidence of this is the
lack of clinically validated biomarkers in mood,28 anxiety,29
psychotic,30 substance use31 and eating disorders32 to guide
treatment. A similar lack of progress has been noted for behavioural markers in guiding and individualizing behavioural treatments such as psychotherapy.33 We argue that the
lack of progress is due to a flawed approach for how precision medicine paradigms are conceptualized and tested in
neurobehavioural randomized controlled trials (RCTs). This
flawed approach fails to take into account the complexity of
neurobehavioural disorders in 3 ways.9,34–37
First, patient subgroups are defined by baseline pre
randomization markers that are hypothesized to modulate
the effect size of the intervention (i.e., modulators), an approach commonly used in cardiovascular disease, for example. This approach assumes that the disorder’s pathophysiol-

2

ogy is well-known, such that a static baseline marker (such as
a genotype or other biomarker) can reliably enrich the sample (i.e., distinguish a patient subgroup that is most likely to
benefit from a treatment). However, a treatment course in
neurobehavioural conditions is a complex, dynamic interplay
between a patient and their treatment, including neurobiology that is altered by treatment exposure, expectancy effects,
tolerability and engagement with treatment providers. Pretreatment variables are probably not good predictors of these
many patient–treatment interactions.
Second, RCT treatment arms typically focus on providing
a specific exposure (or dose) of treatment. When flexibility
is permitted, it is limited in extent and is typically ad hoc.
Clinical medicine has a habit of depicting treatment response as a dose–response curve, a unidimensional pre- to
post-treatment change as a function of treatment exposure.
However, neurobehavioural treatment response may not
obey a dose–response curve; it could evolve in complex,
nonlinear ways both acutely and in the longer term, as patients’ needs, preferences, psychosocial context and neurobiology change over time.33
Third, RCTs for neurobehavioural disorders measure outcomes infrequently with imprecise assessments. Our ability
to identify individually relevant brain and behavioural
changes depends on a high level of measurement accuracy,
combined with appropriate statistical modelling, neither of
which is widely used in RCTs.38 Imprecise assessment can
also interfere with predictor measurement, such as behavioural markers with high variability39 or neuroimaging markers with poor reproducibility.40
As a result of these flaws, RCTs do not dynamically or accurately determine the best treatments and tailored regimens,
which may change as patient behaviour and neurobiology
evolves during the course of treatment.41

Precision clinical trials
To overcome these design flaws, we propose a framework
that we have termed the precision clinical trial (PCT). This
framework comprises of a set of clinical trial design decisions
aimed at delivering optimized interventions to individual
patients who are most likely to benefit (Fig. 1). The key point
is that the PCT is a pragmatic framework that acknowledges
that neurobehavioural disorders are complex and their
pathophysiology is largely unknown, so that the path to optimized treatments for individual patients requires different
clinical trial methods than standard RCTs.
The PCT framework encompasses many clinical research
methods that have emerged over the past several decades.
These advances have emerged in isolation and are poorly
understood by many neurobehavioural researchers, limiting
their wide use. We argue that a “tipping point” has been
reached because of the convergence of 3 advances: the feas
ibility of precision measurements via smartphones; the emergence of highly promising biomarkers and statistical methods to model treatment effects in individuals; and new
regulatory guidance that provides a clear pathway for precision medicine in treatment development and testing. As a
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r esult, methods for dealing with individual variation are now
ready for broader use in clinical trials to advance precision
medicine. Some methods are clinical trial designs that arose
from treatment models aimed at personalizing treatment to
the individual, such as N-of-1 trials (e.g., a patient is randomized to acute bouts of various treatment options to determine
the best long-term option for that patient)42 and stepped-care
models (in which patients who do not respond to an initial
treatment receive an alternative treatment or an intensification of the initial treatment, such as an additional level of care
or support).43 Other methods arose from conceptual innovations in trial design, such as doubly randomized preference
trials (in which patients are randomly assigned to receive
either the treatment of their preference or a randomly chosen
intervention)44 and designs that tailor the treatment to the individual patient (e.g., just-in-time adaptive intervention trials
and micro-randomized trials in mobile health research,
wherein an intervention is individually optimized according
to when and how it is needed;45,46 and sequential multiphase
adaptive randomized trials [SMART],47 in which patients
who do not respond to an initial course of treatment are rerandomized to an augmentation or a switch condition). These
novel designs not only contribute to the development of
treatments that are more efficient, economical and scalable,
but also simultaneously enable treatment parameters to be
empirically examined and refined through treatment development.46 As well, advances in measurement of predictors
and outcomes allow researchers to obtain precise, granular
and individualized measurements via ambulatory smartphone and sensor-based assessments, as well as from preci-

Traditional
RCT

sion brain-mapping and neurophysiological techniques. New
statistical methods allow researchers to model the temporal
dynamics of illness at an individual level.33,48,49
The PCT framework merges these many methodological
advances into 3 linked and complementary features: (1)
treatment-targeted enrichment, in which PCTs provide a
brief bout of the treatment to probe individual patients’ brain
and/or behavioural response, followed by randomization to
a full course of treatment and examination of how patients’
response to the brief bout predicts their outcome to the full
course; (2) adaptive treatment, in which PCTs test interventions whose parameters change over time to optimize
response, in both the short and long terms; and (3) precise
measurement, in which PCTs carry out highly accurate,
highly reliable brain and behavioural measurements of individual patients, for predictors and for outcomes. To advance
precision medicine, all 3 features should be implemented in
concert. Figure 2 provides an example of how a clinical trial
of cognitive training would use the PCT framework.

Feature 1: treatment-targeted enrichment
The traditional method of testing for precision medicine in
RCTs has been a search for baseline enrichment factors: pretreatment biobehavioural measurements that predict (or
moderate) a treatment outcome. These predictors are called
enrichment factors following genetics parlance,50,51 but they
can just as easily be neuroimaging, peripheral molecular
(e.g., proteomic), symptomatic (e.g., comorbid anxiety) or
behavioural. However, this “baseline-only” approach to

Three basic design flaws:
• Predictive markers, if any, are measured prior to treatment
• Goal of active treatment arm is to give a defined exposure (dose) of treatment
• Infrequent and imprecise measurement of outcome variables

PCT feature
Treatmenttargeted
enrichment

Example

Participants who respond to an acute bout of the
intervention are most likely to respond to the full
course of treatment

Study of medication: give acute bout of medication,
measure patients’ response and then randomize;
stratify randomization by acute bout response

Adaptive
treatment

Treatment adapts according to participant-level
data (such as behaviour, engagement, preferences
or treatment response) to get to an optimized
outcome

Study of mobile health intervention: use patient-reported
interim outcomes to make real-time, patient-specific
microadaptations to the treatment

Precise
measures

Use frequent sampling, passive-use data from
personal mobile devices, and neuroimaging and
neurophysiological studies to precisely assess
individual predictors and outcomes

Study of TMS: use ecological momentary assessment to
measure treatment outcome; use TMS-EEG to measure
brain physiological changes

Fig. 1: The precision clinical trial framework. EEG = electroencephalogram; PCT = precision clinical trial; RCT = randomized controlled trial;
TMS = transcranial magnetic stimulation.
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e nrichment factors has been largely unsuccessful in neuro
behavioural disorders, as exemplified by the lack of progress
in determining genetic predictors of antidepressant response.52
We believe that this lack of success probably reflects the
likelihood that neurobehavioural treatment outcomes are a
complex interaction between patients and their treatments.
Because of this complexity, baseline pretreatment characteristics, whether biological or behavioural, are insufficient to predict patient–treatment interactions, and hence, the treatment
outcome. Although it is likely that some interventions are
weak, we suspect that sample enrichment based only on pretreatment variables has insufficient sensitivity and specificity
to predict treatment response to a high degree.
In contrast, PCTs predict treatment outcomes by directly
measuring the interaction between the patient and the treatment. The most straightforward way to do this is to briefly
expose all patients to the intervention before randomization
and measure their acute response (brain and/or behavioural);
examples include cognitive performance changes in response
to an acute bout of cognitive training; rapid symptomatic
changes in response to a single dose of a medication; or digitally measured behavioural change during a brief exposure
to mobile health intervention and self-reported motivation
for continuing the treatment. Some of these would be con
sidered run-in clinical trials,53 in which the response becomes
part of the eligibility criteria. Then, patients are randomized
and the acute response is used as a predictor variable for
post-randomization outcomes.
This design feature, which we term “treatment-targeted
enrichment,” is built on the concept that an individual’s

early response to an intervention is likely to predict their
subsequent response to that intervention. Patients tend to
respond to treatments that worked before, and they tend to
stay well on treatments that got them well.54 For example, a
patient’s initial acute response to antidepressants or other
psychiatric medications predicts longer-term responsivity,
such as prevention of relapse.55 Similarly, N-of-1 trials have
evolved in behaviour-modification studies and clinical medicine56 to optimize a patient’s long-term response by randomizing them to brief courses of different treatments and
then providing them with a long-term course of the most
favourable treatment.57
Treatment-targeted enrichment is possible when an individual patient’s initial brain or behavioural response to an
intervention has the potential to predict their overall longerterm response. Neuromodulation treatments have this potential; for example, 1 dose of repetitive transcranial magnetic
stimulation (rTMS) can produce putatively beneficial cognitive effects.58 Similarly, behavioural treatments such as exposure therapy guide treatment based on initial patient
reactions to acute exposures. Many pharmacological treatments with the ability to effect rapid symptom response
(such as ketamine and neurosteroids) could feasibly serve as
acute predictors of long-term response.59 Even when rapid
effects cannot be detected using traditional outcome assessments, many treatments under investigation have mech
anisms that can be tested in humans using noninvasive
neurobiological measures (including electroencepalography
[EEG]60 and functional MRI [fMRI]),61 and cognitive and
b ehavioural phenotyping with mobile technology, 62

Example: A novel, 12-week course of computerized working memory training, designed to improve
cognitive dysfunction in anxiety disorders
Traditional randomized controlled trial
Randomize to either working memory training or sham, fix treatment parameters throughout the 12-week
intervention, and measure outcome with a single neuropsychological battery and a single anxiety assessment
at baseline and end of treatment
Precision clinical trial
1. Treatment-targeted enrichment: Participants complete a baseline working memory task while undergoing
fMRI, followed by an acute bout of in-scanner working memory training. After the scan, randomize participants
but stratify by degree of increased inactivity in the dlPFC after training. Hypothesis: those with greater activity
increases in the dlPFC will show greater cognitive benefit from training
2. Self-adapting treatment: Participants who are randomized to treatment perform the working memory training
in-scanner again 2 weeks after treatment initiation. Participants with evidence of low target engagement (little or
no change in dlPFC activity from baseline) have their treatment adjusted, either by increasing the difficulty of
the working memory training or switching to an alternative treatment. Participants with declining engagement in
the training receive a phone call from a coach with motivational feedback to encourage continuation
3. Precise measurement of outcomes: Ten days of smartphone-based brief cognitive assessments and ecological
momentary assessment of anxiety symptoms, 3 times daily, at baseline and end of treatment

Fig. 2: Example of a precision clinical trial of cognitive training. dlPFC = dorsolateral prefrontal cortex; fMRI = functional MRI.
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 otentially yielding robust predictors of treatment response.
p
Treatment-targeted enrichment could also assess patient adherence and engagement during an acute bout as predictors
of longer-term adherence, engagement and response.
Focusing trials on patients who are most likely to respond
is conceptually appealing, and it may increase trial success
rates and improve power for the analyses that will help to
determine why participants respond.63 In this way, the PCT
framework is concordant with the experimental therapeutics
agenda of the NIH, which requires target engagement tests in
clinical trials.64 It will be important to first explore and then
validate these treatment-based enrichment factors, including
how and when to test them and how to use them in a clinical
trial or a sequence of trials (e.g., initially exploratory, then as
stratification variables and ultimately as inclusion criteria).
These strategies to develop, explore and validate enrichment
strategies are actually encouraged under current guidance
from the US Food and Drug Administration (FDA).65
One source of resistance to the concept of treatmenttargeted enrichment is that if such predictive factors exist, why
have we not discovered them already? One answer is that, in
spite of the existence of individual differences in response,66
little neurobehavioural research has examined treatment-
interactive effects as predictors of ultimate response; this
stands in contrast to robust and even transformative work
from other fields (such as oncology) with treatment-targeted
enrichment.67–69 As well, we have an increasing ability to precisely measure acute brain and behavioural changes using
emerging techniques such as precision brain-mapping or
digital phenotyping as described later. A second source of resistance is concern about the notion of excluding participants
who need treatment but who are unlikely to respond. The silver
lining here is that such participants are needed for other studies
focusing on treatments thought to work via different mech
anisms. In fact, focusing participation on treatment-targeted
enrichment factors could lead to less reliance on other inclusion criteria, including diagnostic or symptomatic criteria.
This could lead the neurobehavioural field to use basket and
umbrella clinical trial designs (randomizing patients based
on acute response but with a multitude of allowable diagnoses) akin to those seen in medical oncology, where patients
are recruited based on genetic enrichment but with a multitude of affected organ systems allowed.70 For example, a new
behavioural treatment might be developed for use in a variety of presentations of anxiety and depression, but patients
entering the trial would be limited to those who show a
specified acute response to the treatment. In summary, the
concept of treatment-targeted enrichment is a well-supported
one that has great promise for identifying patients who are
most likely to benefit from neurobehavioural treatments.
Including treatment-targeted enrichment factors need not
come at the expense of traditional (i.e., pre-treatment) enrichment factors, where there are recent promising findings in
mental health (e.g., depression26,71) and addiction (e.g., nicotine
dependence72). However, given the dynamic complexity of
treatment for neurobehavioural disorders, it is probable that
treatment-targeted factors will be necessary to predict treatment outcome to an extent that would be clinically valuable.

Feature 2: adaptive treatments
Evidence-based treatments are adapted to different contexts
(e.g., different subpopulations or settings), and there is a growing interest (emerging from implementation science) on systematically characterizing the many ways a treatment adaptation improves or reduces intervention effectiveness in a
subpopulation.73 To be optimally effective, however, a treatment must also be individually adaptive: that is, it adjusts to
individually dynamic changes, such as new or persistent
symptoms; changing needs and preferences; or behaviours or
life stressors that lead to chronicity or relapse. In the setting of
a PCT, treatment is responsive to iterative measures reflecting
individually dynamic symptoms, needs and contexts.
Traditional clinical trials often have minimal flexibility, if
any (e.g., fixed-dose drug trials, fixed-protocol behavioural
interventions), perhaps because of a conservative interpretation of the guidance of “adequate and well-controlled studies” to support a drug’s approval.74 In contrast, adaptive treatment is commonplace in clinical care: medications and doses
are adjusted based on individual patients’ tolerability and
symptom severity; behavioural treatments progress session
by session, with clinicians choosing how to proceed and what
to emphasize based on patient response; and stepped-care
and collaborative care models have built-in intensification of
treatment when symptoms persist or worsen. However, such
adaptations are typically ad hoc, and data related to adaptation effectiveness, timing and type are often not systematically
collected, limiting the ability to assess whether such adaptations actually improve individual treatment outcomes.
Once a patient has been randomized to a treatment
(v. control), many methods can be used to adapt the treatment. Clinical trial designs such as SMARTs rigorously test
the adaptation by introducing a second randomization for
treatment of nonresponders, explicitly testing a specific,
predefined treatment augmentation (e.g., dose escalation or
timing of delivery) or treatment substitution. Similarly,
stepped-care interventions 75 test a treatment sequence
rather than a single unchanging intervention, although usually not with subsequent randomizations for each step. The
just-in-time adaptive interventions46 seen in mobile health
intervention research iteratively assess response and automatically shift treatment parameters in cases of apparent
failure. These are examples of outcome-based adaptation,
where changes to treatments are made based on prespecified measurements of treatment response. Such changes
typically include dose adjustments and treatment augmentations. Preference-based adaptation, on the other hand,
elicits patient needs and preferences and then adapts the
intervention to accommodate them. An example of this
would be a mobile health intervention that continuously
elicits a patient’s preferred contact times throughout the
day and then sends notifications only during those times.
Engagement-based adaptation, common in digital and
Internet behavioural treatment, adjusts the treatment to
optimize a patient’s participation or interaction with the
intervention; these could include adjustments to increase
either intrinsic or extrinsic (incentive-based) motivation.76
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Adaptive interventions are meant to maximize individual
response in the short term by overcoming barriers to treatment engagement, and in the long term by early detection
of clinical deterioration, leading to intensification or change
of the intervention to strengthen response. The scientific
motivation behind adaptive treatment is to optimize treatment capacity by providing the right amount of treatment
at the right time, while eliminating treatment parameters
that are not beneficial to an individual patient.46,77
Initially, PCTs to optimally compare and test the effectiveness of adaptation strategies may involve stepwise changes
or intensifications in treatment and microrandomizations.78
More advanced trials will include autoresponsive versions of
adaptive strategies: what we term “self-adaptive treatments”
based on the concept of a self-adaptive system (such as computer software) from engineering and computer science.79
Self-adaptive treatments will require rich and continuous
data inputs, involving both objective or passively collected
data (via wearable devices) and subjective or actively collected data direct from participants (via ecological momentary assessment on a mobile or wearable device), as well as
machine-learning algorithms that incorporate data in real
time to predict an individualized treatment. This scenario has
the highest likelihood of success in mobile health treatments
for now, but other treatments could be self-adaptive, potentially using smartphone and sensor data integrated with electronic health records and leading to automatic prompts for
treatment adaptations.
Precision clinical trials that aim to develop and test selfadapting treatments will require data analytic approaches to
model treatment response. Such approaches could illustrate
why we should reject the (false) assumption that treatment
change is always linear and nomothetic (group-level) and
accept that it is often a multidimensional dynamic and idiographic (person-specific) process. For example, some have
argued that a dynamic approach with experimental analyses
at the individual (or idiographic) level is needed in treatment
research.33 New inferential methods allowing nomothetic
findings to serve as prior beliefs for optimal idiographic
search procedures provide a potential path forward.80 We
recommend that at minimum, researchers use intuitive treatment adaptations in PCTs, using the growing knowledge on
contextual adaptations from implementation science and
prospectively testing the benefits of adaptation strategies
(e.g., preference-based v. outcome-based) to advance our
fundamental knowledge of the most robust strategies.
One final scenario addresses a challenge with device-based
treatments: the large number of potentially relevant param
eters at the outset of treatment. For example, rTMS pulse
timing options alone include high-frequency stimulation,
low-frequency stimulation, θ burst stimulation and brainoscillation-synchronized stimulation;81 individual patients
may preferentially respond to one stimulation frequency and
not others. It makes little sense to deliver the treatment at
suboptimal parameters and only later adjust them based on
ongoing nonresponse. An option, then, is to briefly test each
paradigm in each patient, identify each patient’s optimal personalized parameters based on acute response and then pro-
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vide a full course at these optimal parameters. This testing,
akin to N-of-1 trials, may be necessary to increase the effect
size of devices such as rTMS for conditions such as depression and cognitive decline. As noted previously, cognitive
and neurophysiological measures (such as EEG) change
acutely (e.g., within 1 rTMS session) and could guide choice
of parameter optimization.

Feature 3: precision measurement
Behaviour is difficult to measure precisely, and a change in
behaviour is even more difficult to measure precisely (i.e.,
with high resolution and reliability). Both the predictor and
outcome variables must have a very high degree of reliability
to test factors that influence or mediate response.38
Measuring change in an outcome is particularly difficult
when measurement is infrequent.38,82 Traditional psychiatric
measures attempt to address the challenge of reliability via
intensive assessment in the clinic on relatively few occasions.
Unfortunately, the result is often a failure to generalize to
functioning in real-world settings.83 As well, these assessments tend to rely heavily on retrospective reporting and
averaging (i.e., “In the past 7 days …”). This reliance introduces multiple cognitive biases, such as recency and availability bias, removing the measure from the phenomena of
interest by several steps.84 Infrequent, retrospective assessments are unable to provide the temporal resolution necessary to assess dynamic changes in neurobehavioural symptoms over time (i.e., within and between days) and across
different contexts (e.g., home, community and workplace).
Further intensifying assessments on a limited number of
occasions has not solved these problems, and it is implausible
that it would do so.36 The remaining promising strategy is to
increase the frequency of measurement, focusing on a smaller
number of high-quality items.85
Accordingly, PCTs use precise, repeated, real-time, con
textually valid assessments. Ecological momentary assessment86 (EMA) is an ambulatory data-collection technique that
queries present-moment experiences multiple times per day
or week, permitting frequent, real-time sampling of thoughts,
feelings and behaviours. This approach has many advantages87 over “one-time, in-clinic” measures, including the
generation of more stable estimates of neurobehavioural
symptoms for outcomes research;88 the assessment of dynamic changes among theoretically linked constructs;89 the
reduction of recall bias for patients with neurobehavioural
disorders;90,91 and the ability to model causal intra-individual
relationships.92 More specifically, EMA gives researchers the
ability to monitor treatment response in real time and in realworld settings. Because EMA allows for the precise measurement of moment-to-moment changes in symptoms and behaviours, it can also be used to measure acute changes for
treatment-targeted enrichment, and to intensively monitor
the course of treatment, facilitating adaptations and treatment optimization based on ongoing EMA data.
Additionally, the use of EMA in clinical trials allows for
precise estimates of associations between variables. For
example, we might design an intervention to block people’s
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tendency to transition into a depressed mood after the ex
perience of a stressor. Then, we are interested not only in the
level of a variable, but also in the association between 2 or
more variables (e.g., depressed mood and a stressor). Welldesigned EMA studies can precisely measure both variables
and their temporal alignment; therefore, they can generate
and test interventions designed to affect these associations,
examining whether the association changes over time and
whether that change predicts treatment outcome.93 Doing so
is responsive to large-scale initiatives such as the Science of
Behaviour Change initiative at the NIH94 and the experimental therapeutics focus and Research Domain Criteria initiative
at the National Institute of Mental Health (NIMH).95
The history of science shows that improved measurement
drives new discoveries. Use of EMA has a clear conceptual
superiority to standard measurement,96 because we want to
find out what helps patients in their daily lives. This approach has been used in clinical trials,97 but only to a very
limited extent, leading some to describe it as a “neglected
methodology.”98 For example, a search of clinicaltrials.gov
(performed July 20, 2019) for completed phase 2, 3 or 4 clin
ical trials that included the term “ecological momentary assessment” anywhere in the registration found only 43 studies, compared to 7820 studies found in the same search with
“depression” instead of EMA. A review of these studies
found that a modest number focused on smoking (n = 10)
and mood disorders (n = 9), and handful focused on anxiety
and stress (n = 6), eating disorders and obesity (n = 3), or HIV
(n = 4). A vast number of neurobehavioural conditions were
not represented at all. This may not be surprising, because
EMA has traditionally been viewed as an expensive and burdensome measurement technique without a clearly articulated benefit. However, these barriers have fallen with the
explosion of smartphones and multitude of low-cost EMA
options;99 we argue that a tipping point has been reached,
and the time to shift toward EMA is now.

Advances in measurement and analytic
methods for precision medicine
Another advance pushing the field toward this tipping point
for PCTs is emerging techniques in measurement and statis
tical analysis that will lead us to the next generation of individualized assessment and treatment.

Emerging measurement methods
Digital phenotyping
Digital phenotyping is the passive gathering of continuous
multimodal smartphone sensor data, such as accelerometry,
global positioning system data and keyboard use.100 Data
streams automatically generated from smartphones and
wearable devices can be combined with collateral data (such
as clinical end points or self-report EMA) to generate predictive models of clinical deterioration or treatment response.
Because sensor data are passively and continuously collected,
often from devices patients already own, this approach is
amenable to long-term, real-world monitoring with minimal

burden for patients and capable of capturing dynamic and
subtle shifts in behaviour that may serve as early warning
signs of relapse or recurrence.
Digital phenotyping is in its infancy; more research is
needed to support scalable passive sensor data collection, processing and analyses and to integrate this approach into the
clinical assessment and treatment of neurobehavioural disorders.101 For example, using digital phenotyping to detect behavioural changes that presage worsening depressive symptoms, a PCT could be designed to deliver tailored intervention
content when these changes are detected to prevent further
clinical deterioration. Depression’s presentation tends to be
heterogeneous interindividually but stereotypical intraindividually, so patients could be assessed starting at baseline when
they are actively depressed and then followed into remission
and into the maintenance or relapse prevention stage. Longi
tudinal data collected as the patient goes out of and then back
into depressive states could be used for personalized prediction of depression relapse, and this could be used to trigger
intensification of the intervention to forestall relapse.102 Ultimately, digital phenotyping could provide an individual signature for treatment-based enrichment, aid in response-driven
adaptations of treatments and complement (but not likely replace) EMA for precision measurement. For now, PCTs using
mobile health technology should also consider collecting digital phenotyping data, using these data to create and validate
such digital markers of illness course and response. Employing phenotyping data collection by mobile technology in PCTs
that depend less on active patient participation may lead to
greater consistency, frequency and accuracy, and may be more
amenable to standardization, with incremental potential for
the advancement of precision medicine.103
Neuroimaging
Neuroimaging refers to a broad class of techniques, but here
we focus on fMRI, which indirectly measures neuronal activity across the brain over time at high spatial resolution. Taskbased fMRI is a measurement of evoked brain activity in response to an external task, and resting-state fMRI measures
correlations in brain activity between different brain areas
while a person lies quietly at rest.
Recent advances in neuroimaging data collection and an
alysis techniques permit highly precise measurement of brain
function, making it possible for neuroimaging studies to
be incorporated into precision medicine. Precision brainmapping, which involves the collection of several hours of
imaging data from individual patients, has shown individual
differences in the organization of functional networks across
the cerebral cortex,104–107 as well as in subcortical structures
such as the amygdala.108 Studies with these long scan times
have revealed that both task-based and resting-state brain
activity measures can be obtained with high reliability and
precision, allowing researchers to focus on individuals rather
than on groups. As well, this approach allows for robust and
reliable measurement of changes in brain function that occur
acutely in response to an intervention.109
Neuroimaging-based treatment targets should be defined a
priori, because post hoc derivation of treatment targets over a
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search space as large as the human brain leads to overfitting
to the current data set and limits generalizability to clinical
practice. Specific neuroimaging-based treatment targets for
depression might include evoked activity in response to a reward (task-based fMRI110), connectivity of the default mode
network (resting-state fMRI111) or a complex multivariate
algorithm that uses patterns of activation across the entire
brain.26 Precision imaging techniques naturally lend themselves to the PCT framework by testing whether neural targets are being modulated by treatment, providing potential
treatment-targeted enrichment factors. Functional MRI can
measure many such targets at once, such as the resting-state
connectivity and interconnectivity of multiple brain networks. Specific treatments can then be targeted to individual
patients based on their personalized pattern of brain network
dysfunction.112 In one example, a specific package of cognitive training programs could be designed for a patient withdepression to correct their pattern of activity in reward and
default network circuitry. Patients could be selected for treatment based on their brain response to an acute in-scanner
bout of the treatment, consistent with the PCT principle of
treatment-targeted enrichment. The treatment could be updated periodically based on a person’s neural response to
treatment, consistent with the PCT principle of adaptive
treatments. Figure 2 depicts these scenarios. An additional
possibility would be to use fMRI as the treatment itself, by
using real-time measures of brain activity as a source of
neurofeedback: patients could be trained to directly modulate their own brain activity, with the training technique
adapted to their personalized version of pathology.113
TMS-EEG
Concurrent transcranial magnetic stimulation and electroencephalography (TMS-EEG)60 is another precision technique:
the combination of single or paired-pulse TMS with EEG can
measure the function and integrity of brain circuits and
probe neuroplasticity. In this technique, TMS is used as a
probe, rather than as a treatment. Using EEG, we can meas
ure the cortical excitability induced by a single TMS pulse
targeting different brain areas, including the motor cortex
and the dorsolateral prefrontal cortex. We can also assess
how the brain’s response to a TMS pulse (equivalent to the
individual’s motor threshold or a subthreshold pulse) can
affect (suppress, for example) its response to a subsequent
TMS pulse with various interpulse intervals.114 This allows
inference about N-methyl-d-aspartate receptors, and cortical
excitability mediated by γ-aminobutyric acid receptors A and
B.115 Indeed, TMS-EEG is an emerging technique with an explosion of interest because of its potential to provide both
mechanistic and highly reliable assessments.114,116 Therefore,
TMS-EEG fits well within the PCT framework: it can be used
to identify the brain’s acute response to an intervention,117
potentially allowing for the rapid optimization of treatment
parameters or adaptations.
For example, imagine a treatment designed to improve
cognitive functioning with a putative mechanism of improving neuroplasticity (including TMS itself, such as θ burst
stimulation rTMS). Using TMS-EEG before and after an acute
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bout of the intervention will objectively test target engagement of the proposed mechanism and give an early and objective measure of the effect of the intervention on neuroplasticity, predicting end-point response. This early response can
be used to adapt the intervention, change its parameters, add
a modality or identify nonresponders who will need a completely different intervention.

Advanced analytic techniques
Currently available analysis techniques can already handle
the innovations we suggest if they are adapted to the
following: intensive longitudinal data with significant
missing data despite a high volume of data overall (i.e.,
measures repeated many times, but some measures given
together only a minority of the time); multiple predictors that
change value within and between participants; and the
ability to specify expected effects ahead of time and
determine when data already collected either support or
refute the expected effects. One method that includes all of
these features is multilevel dynamic structural equation
modelling.118 The key to such methods is likely to be the use
of a Bayesian estimator, because they involve vast amounts
of data and a high number of parameters. Machine-learning
approaches and other Bayesian modelling approaches could
be added to this framework so that modelling is conducted
automatically throughout the trial instead of at specific times.
Advanced machine-learning algorithms should be de
veloped along with digital phenotyping and other data-rich
measurement techniques. Machine-learning models, as opposed to rule-based models, learn from examples and are
able to make predictions on previously unseen data.119,120
Machine learning typically uses hundreds of features (or
variables) in a model to make precise predictions about target
outcomes. Machine-learning models have been successfully
used in a variety of clinical domains, from image-processing
in radiology and pathology to predicting clinical outcomes
(e.g., early detection of sepsis, readmissions). A recent scoping review identified that more than 300 articles used
machine-learning approaches to characterize mental health
conditions, including depression, Alzheimer disease, cognitive decline, schizophrenia and suicide.121 These studies relied on a variety of data sources, including imaging data, surveys, wearable and mobile phone sensors, and data from
social media (Twitter, Facebook). However, these studies
have mostly been exploratory, and their clinical utility needs
further validation. Precision clinical trials using digital phenotyping and other novel measurements as described above
(imaging and TMS-EEG) could explore data collected using
machine-learning algorithms to provide nuanced and tem
poral insights into a participant’s brain and behavioural response to an intervention; this, in turn, could inform the next
PCT to conduct treatment-targeted enrichment and deliver
individually tailored interventions. At present, machinelearning approaches are being used for the secondary analysis of data collected from trials — for example, data from
wearables or mobile phones — that can provide large
amounts of temporal data on patient activities. Such
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temporal data from trials have a considerable advantage, because corresponding structured outcomes data are collected
as part of the trial, allowing for robust predictive analytics.122
With respect to Bayesian estimation, the PCT concept suggests not only that more data should be collected in patients, but also that the importance of particular data will
vary across patients. What we need is not knowledge about
1 or 2 key predictors for everyone (the previously practised
method), but knowledge about the best predictors for each
patient, allowing that this combination may differ person by
person. Determining the best predictors for each individual
in a group is a complex proposition. Bayesian estimators are
particularly efficient for such complex problems, and a
novel set of Bayesian estimators has been developed for this
purpose.80,123 These algorithms converge quickly to accurate,
predictive behavioural models, telling us what we can expect of individuals rather than what we should expect of the
group overall. Further, these novel frameworks can learn
from new information, because they use an estimation process that improves automatically as data accumulate in individuals. Because these methods are Bayesian, we can start
using them with our best guess (e.g., a “prior”) about the individual, which may be based on our knowledge of a group,
a theory or data we already have from the individual. The
fundamental task is then to evaluate how the person in
question differs from our best guess about him or her. This
process is termed “differential inference,” and it can be performed rapidly when an active learning process optimizes
the precise data collected.124
One of the advantages of the statistical, machine-learning
and Bayesian approaches described above is the ability to
apply results directly to individuals. That is, typically when
we make statements about one variable predicting another,
we make this statement based on group-level designs, so that
what we are really saying is that these variables covary
across group members. The alternative is an idiographic approach, which examines whether variables covary across
time within a single person. Recent years have seen marked
increases in calls for such research, along with advances in
our ability to conduct such modelling.33,125 Researchers, as
well as research-minded clinicians, should be aware that they
need not wait for machine-learning or Bayesian approaches
to “come to them”—they should begin thinking about statistical tests and models as applying to individuals instead of
only to groups. These approaches are increasingly available
and viable for current use.49

A research agenda for precision clinical trials
Congruence of PCTs with NIH, FDA and sponsor initiatives
The PCT framework contends that all 3 features —
treatment-targeted enrichment, adaptive treatments and precision measurement — are necessary in a trial for advancing
precision medicine. In particular, using treatment-targeted
enrichment or tailoring without also increasing the precision
of measurement is unlikely to succeed in identifying
treatment-relevant subgroups or treatment adaptations that

increase effect size. Implementing these features may be a
wholesale departure from the traditional approach for many
trialists. It is important to note, then, that this framework is
congruent with several large-scale initiatives within the
NIH, particularly in those institutes that deal primarily with
neurobehavioural conditions (e.g., NIMH, National Institute
on Drug Abuse, National Institute on Alcohol Abuse and
Alcoholism, National Institute on Aging, National Center for
Complementary and Integrative Health, National Center for
Medical Rehabilitation Research). For example, this article
has already described how the PCT framework is concordant with the NIH Science of Behaviour Change program
and the NIMH experimental therapeutics agenda, which require target engagement tests within clinical trials.64 As well,
the PCT framework is responsive to the NIH Precision
Medicine Initiative, although as argued earlier, the framework does call for a focus on in-treatment variables, which is
a major departure from the NIH’s current focus on baseline,
primarily genetic, variables.
Pharmaceutical and device clinical trials for neurobehavioural conditions are largely conducted from companies and
are closely tied to the treatment’s intellectual property life
cycle. To date there has been little interest in moving from
business as usual — namely, conducting small and then large
trials within FDA-defined conditions (e.g., major depression),
toward the goal of demonstrating a significant (and usually
small) group-based treatment effect. However, there are
signs of strain in this business-as-usual model.126 The first
sign comes from the high failure rate of new treatments.127
Precision clinical trials could improve this failure rate; a recent example is the approval of esketamine, the first FDAapproved non-monoaminergic pharmaceutical for major depression. The approval resulted from 1 pivotal trial with PCT
features: a randomized withdrawal study in responders with
individually optimized dosing.128 This trial, which demonstrated a large treatment effect size, was conducted along
with 3 traditional RCTs, 2 of which failed to show efficacy for
their primary end point; esketamine was approved based on
the 1 positive traditional trial (of 3) plus the positive PCT.
The second sign comes from novel treatments being approved but still underused, probably in part because their
expense results in rationing (e.g., through limitations on insurance coverage). Limiting the use of an expensive treatment may be more fruitfully done based on treatment-
targeted enrichment (giving the treatment only to those
highly likely to benefit) and not arbitrary factors such as having failed numerous less expensive treatments. Third, leaders
in industry have made calls for experimental techniques consistent with the PCT framework, stimulating the experimental therapeutics agenda of NIH.129 Finally, the FDA is encouraging precision medicine. At conferences and in guidance
documents, they have described many features of the PCT
framework, including lead-in phases for patient enrichment, 65 machine-learning methods to define treatment-
relevant patient populations and predict outcomes,130 and
digital technology for more precise assessment (“greater assay sensitivity”) in RCTs.131 As a result, there is now a clear
regulatory path for precision medicine using PCT features.
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We also note that charitable foundations have innate interests in PCT methodology because of their mission to
rapidly translate scientific discoveries into effective neurobehavioural treatments, reducing the morbidity of neurobehavioural disorders. In summary, the PCT framework should be
of great interest to funders and regulators of neurobehavioural clinical trials, and trialists can capitalize on this congruence to implement PCT methods into their research.

Implementation of PCTs
Trialists can immediately use the 3 PCT features: an acute
phase before randomization with in-depth data collection
during that acute phase; the optimization of treatment
through step-wise adaptations; and the increased precision of
measurement using EMA versions of existing measures,
while testing validity and reliability to confirm that the accuracy of measurement is improved. Widespread use of these
techniques will advance our application of PCT methodology
while creating the conditions to develop newer, more robust,
more feasible methods for specific disorders and patient
populations. Nevertheless, we do not advocate discarding
simple-to-understand heuristics such as “remission” until
considerable validation is done for more precise outcome
assessment; for now, traditional measures should be carried
out alongside PCT features.

Validation of PCT methods and principles
The PCT framework is proposed not as axiomatic but as a
wide-open frontier that will need rigorous exploration and
testing. Ultimately, wide-scale adoption and acceptability of
PCT methods will require demonstration that they advance
treatment response at an individual level while improving
our understanding of treatment mechanisms, treatment effects and individual-level variability. Paramount for driving
implementation of the PCT framework is the validation of its
suite of strategies and tools (i.e., determining the reliability
and adequate sensitivity and specificity of treatment-based
enrichment, self-adapting therapies and precision measurement). Approaches capable of providing high-quality information about individuals at the neurophysiological and
behavioural levels, as well as associated data analytic techniques, need both development and testing.132 Once this outcome is achieved, precision trialists will have a toolbox to
draw on rather than only a wide-open frontier to explore. To
achieve this goal, each PCT should test not only the effect
size of the treatment, but also the validity of the enrichment
and parameter optimization strategies.
The PCT framework principles need validation as well.
Much of the framework relies on the hypothesis that acute
changes are predictive of longer-term changes, which may
not be applicable to all treatments. For example, in interpersonal therapy, early gains have not predicted long-term treatment impact, although this scenario may be an artifact of
imprecise measurement of change.133
The broader deployment of PCT into clinical practice will
require advances beyond clinical innovation. Ultimate vali-
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dation of the PCT approach will lie in its wide-scale use and
acceptability to regulators and sponsors. Some PCTs may
need large sample sizes to validate these strategies sufficiently to overcome skepticism. Solutions to the large sample
size requirement have been proposed, such as decentralized
clinical trials.134 In such studies, where the research investigative site is remote from the participants, some of the same
data-collection techniques advocated here — EMA and digital phenotyping — are viewed as the solution to remote outcome assessment. In other words, PCTs and decentralized
clinical trials have shared methods and may synergize each
other’s evolution and implementation.

Pragmatism and feasibility as guides for PCTs
No less important in furthering the goal of PCT implementation in the testing of treatments for neurobehavioural disorders is pragmatism: currently, the amount and quality of data
required for precision research can be obtained only with
intensive measurements, from hours-long fMRI sessions to
the hundreds of EMA measurements in an individual that
may be needed for some dynamic analytic models.135 Even
the paradigm of managing the data files produced when
using EMA and digital phenotyping may seem overwhelming. These measurement burdens stand in contrast to the
“large simple trial” philosophy of making data collection as
lean and low-burden as possible in RCTs.
Yet there are reasons to believe that the measures that
seem daunting today will be pragmatic in the future. This is
because PCTs will highlight the data that are most useful for
drawing conclusions about a patient. Although PCTs require
working with vast amounts of data at first, they should help
us isolate the most informative data and prioritize obtaining
and analyzing it in subsequent projects. In other words, the
more data we collect initially, the less we will need to collect
in the future.
This strategy could easily evolve within the developmental
lifecycle of a single treatment. Imagine a new drug developed
for depression. Preliminary small patient trials (akin to phase
2a) would invest in measurement with EMA and other techniques relevant to the drug’s mechanism, such as TMS-EEG.
Intensive measurement would occur within an acute openlabel phase to discern how and when treatment-targeted
enrichment is most robust, and then in the randomized phase
to discern how each patient’s course varies and how and
when to adapt treatment (e.g., dose changes, augmentation
or as-needed counselling). An ensuing trial (phase 2b) would
validate these strategies, confirming by replication their
value in increasing the effect size of the treatment (as well as
other important outcomes such as patient satisfaction). Then,
large phase 3 studies could use more parsimonious data collection, assessing each patient only when necessary to inform
the likelihood of benefit or treatment adaptation and produce
evidence acceptable to regulatory agencies. Finally, by the
time the treatment reaches the clinic, these targeting, adaptation and measurement strategies would be made userfriendly for both patient and clinician, with much of the data
management and algorithms occurring in the background.
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This call for pragmatism and feasibility means that technological changes to improve ease of use are as important
as advances in concepts or methods. An example of this is
the widespread use of smartphones in the last decade, lowering the barriers to implementing EMA and paving the
way for digital phenotyping. Another emerging example is
the development of electronic health record–integrated
infrastructure for the delivery and collection of patientreported outcomes), which has opened new avenues for
measurement.136,137 Relying on NIH’s Patient-Reported Outcomes Measurement Information System (PROMIS) infrastructure, these patient-reported outcomes can be administered via patient portals on most Internet-enabled devices,
and patient responses are incorporated into the electronic
health record, allowing it to be used for routine clinical
use.138 Biomarkers such as fMRI and TMS-EEG require continued development so that they could be feasibly conducted
in the real world.

Conclusion
The strongest argument for PCTs is ultimately a patientcentred one: we can change what clinical medicine will look
like if we adopt PCTs now. An optimist’s view is that in
1 generation, the methodological tools in PCTs will be well
validated, streamlined and feasible to implement in clinical
settings. Clinicians could rapidly assign patients to treatments
that they are likely to benefit from and use adaptive
algorithms to optimize treatment parameters to individuals.
In this scenario, patients would no longer need to embark
on a lengthy trial-and-error process that often leads to sub
optimal or ineffective treatment. Instead, treatment at first
would be more like an optometry appointment, where a
thoughtful process of “which is better, A or B?” determines
an optimal treatment choice. Then, the course of treatment
would be individually tailored, so that the intervention assesses the patient’s needs and outcomes and automatically
self-adjusts to optimize positive outcomes, both acutely and
over the long term. Finally, patients would benefit from a
wider range of treatment options, because treatments with
small overall population effects could be discovered to have
a large effect in a certain subgroup, particularly when optimized to individual patients.
If this scenario is correct –– and individual tailoring of
neurobehavioural treatments is possible –– then the public
health benefits from PCTs would be enormous, given the
high burden of these disorders and the suboptimal results of
treatment at present. The RCT is long due for an overhaul for
neurobehavioural disorders, and the adoption of PCTs will
get us, and our patients, to precision medicine.
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