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O ne of the tenets of personalized experimental medicine
is that treatments that best benefit each patient should
be identified. Parallel-group randomized clinical trials

(RCTs) either provide evidence on how groups of patients respond
to a treatment vs a control or compare alternative treatments, but
they do not allow the identification of optimized treatments for an
individual. An alternative experimental method and clinical deci-
sion approach is the personalized, or N-of-1, trial. Some consider
such designs to be the pinnacle of the strength of evidence hierar-
chy (Box),1 as they provide evidence for the assessment of net
benefit (total benefits minus total harms) of treatments for indi-
vidual patients. Educating clinicians and clinician-scientists about
personalized trials provides a novel approach to improving pediat-
ric care. Recent advances in remote, real-time passive monitoring,
data analytics, and statistical approaches as well as easy access to
placebo pills all warrant a resurgence of interest in these
designs.2,3 Unique benefits of these designs are their usefulness in
determining optimal therapy for patients with rare diseases and
improving care for patients with comorbidities who do not meet
criteria for usual RCTs4,5 or who experience unusual adverse
effects or idiosyncratic treatment responses. The approach may
also be useful in accelerating the transition from identification of
evidence-based treatment to implementation of effective care.

These designs can also test the effectiveness of combining differ-
ent types of interventions (eg, behavioral and pharmaceutical
treatments), as joint use of 2 treatments may need tailoring to be
most effective for an individual patient.

Parallel-group randomized efficacy trials usually compare alter-
native treatments, or treatments with controls, and maximize the in-
ternal validity of findings across treatment groups. Parallel-group ef-
fectiveness trials are conducted with a wider range of participants,
often in real-world settings, with the goal of bolstering external va-
lidity or extending the applicability of findings to broader popula-
tions. While different in their emphases, both types of RCT compare
the average response to the treatment with comparator conditions—
thereby accounting for variability in treatment response—with the goal
of extrapolating optimal treatment for patients with characteristics
similar to those of the study participants.

If there is minimal variability in response to treatment in an RCT,
the best prediction of the magnitude of treatment benefit for an in-
dividual patient will be that estimated from the overall trial—the so-
called main effect. However, there is almost always heterogeneity
of treatment effects (HTE) or variability in the balance of benefits
and harms of treatment found for different patients, both sub-
groups and individuals, included in the RCT.6 HTE may include some
patients with idiosyncratic treatment responses to initial treat-
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ments, and these are difficult to ascertain from reports of parallel-
group RCTs. In one empirical analysis, for example, only a minority
of participants in RCTs experienced the average treatment benefit
reported while most participants did not.7 This type of finding from
parallel-group RCTs is ubiquitous and suggests that there is sub-
stantial uncertainty about extrapolating net treatment benefit for
individual patients.8

In addition to the frequency of HTE in clinical trials, there are
several other reasons to consider alternative designs. First, RCTs
often require hundreds of patients to have enough statistical
power to precisely identify the treatment effect estimate and are
thus infrequently conducted on patients with rare diseases. Sec-
ond, many RCTs have strict entrance criteria, which a specific
patient may not meet. This may be because of age, sex, race/
ethnicity, or comorbidities and may force clinicians to extrapolate
results from one population to another with little evidence to
guide such decisions. Moreover, there is a wide temporal window
between identification of an evidence-based treatment and adop-
tion of that treatment in practice. RCTs often take an extraordinary
amount time to be completed.9 This means that discovery of
potential benefits or harms is delayed for years before treatment
is available. Personalized trials can provide tools for individual cli-
nicians to test new treatments with patients in their care more
rapidly and efficiently, and pediatricians may be more likely to
adopt effective treatments if they can prove to themselves that
these treatments work for their patients.

Introducing Personalized Trials
Personalized trials are single-participant, multiple-time-period,
active-comparator crossover trials that can be randomized and
masked.10,11 As an alternative to extrapolating the results of a con-
ventional trial to an individual, N-of-1 trials provide a clinician with
an empirical answer about an optimal treatment for a specific
patient. This type of personalized trial has been considered more
rigorous than a systematic review of multiple RCTs for making
evidence-based treatment decisions (Box), as systematic reviews
still require clinicians to extrapolate results to their current
patient.12

Personalized trials are part of a family of single-case designs
that derive from the experimental analysis of behavior, and they
have served as the platform for many current evidence-based
treatments in psychology and medicine.13-15 Single-case designs
use experimental methods to maximize the likelihood that
changes in outcome variables are caused by the intervention.
These methods have been adapted into personalized trial designs,
which are a specific form of randomized or balanced experiments
characterized by periodic and preplanned switching from active
treatment to placebo or between active treatments (withdrawal-
reversal designs).16 Whereas conventional RCTs randomize
persons, personalized trials randomize time periods for an indi-
vidual patient. This type of design addresses concerns with regard
to averaging treatment effects across many patients in the pres-
ence of known or unknown HTE, external validity–extrapolation
issues, the exclusion of patients with rare diseases or comorbidi-
ties, and the time lag between treatment discovery and imple-
mentation.

General Principles of Personalized Designs

There are several common characteristics of personalized trial de-
signs. Personalized designs trade collecting a few data points from
many people for a detailed examination of the relationship be-
tween treatment and outcome for a single individual. Because of this,
it is important to use outcome measures that can be evaluated fre-
quently and show rapid change when a treatment is implemented
or withdrawn. If a drug is studied, it should be administered under
randomized, placebo-controlled conditions with appropriate return-
to-baseline symptomatology or drug washout periods.

Personalized designs work well for patients who have chronic,
stable, or slowly deteriorating conditions. These designs can also be
used for prevention when there is a continuous risk that has not yet
crossed the diagnostic threshold, such as abnormal blood pressure
or hemoglobin A1c levels in the prediabetes range. Thus, these de-
signs can be used to prevent the clinical manifestation of a disease
in some circumstances. They can also be used to identify an opti-
mized treatment plan for a patient as they begin a treatment regi-
men or when a change in an established but ineffective treatment
is being considered. However, given that these are experimental de-
signs and that treatment comparators are delivered serially over ran-
domly varying time periods, patients who require immediate treat-
ment or have urgent medical needs may not be well suited for this
type of experiment.

Uses for a Personalized Trial
One broad use of personalized trials is for patients with common con-
ditions that do not yet have universally beneficial or evidence-based
treatments. Consider obesity, pain, asthma, irritable bowel syn-
drome, or a variety of for a variety of difficult-to-treat behavioral and
biomedical disorders—each of these is amenable to a personalized trial
because there is clinical uncertainty as to the best treatment, con-
flicting evidence, known idiosyncratic responses to common treat-
ments across individual patients, and clinically important end points
that are easily measurable over a predictable time frame.

A second broad use of personalized trials is for rare diseases for
which there are insufficient numbers for an RCT to provide stable
findings for evidence-based solutions and for which effective treat-
ments are not known. Data from personalized trials can often be

Box. Original Hierarchy of Strength of Evidence
for Treatment Decisions1

N-of-1 randomized trials

Systematic review of randomized clinical trials

Single randomized clinical trials

Systematic review of observational studies addressing
patient-important outcomes

Single observational study addressing patient-important
outcomes

Physiologic studies

Unsystematic clinical observations

Clinical Review & Education Special Communication Experimental Designs to Optimize Treatments for Individuals

E2 JAMA Pediatrics Published online February 15, 2021 (Reprinted) jamapediatrics.com

© 2021 American Medical Association. All rights reserved.

Downloaded From: https://jamanetwork.com/ by Piergiorgio Gigliotti on 02/22/2021

http://www.jamapediatrics.com?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamapediatrics.2020.5801


combined to provide an evidence base for treatments for children
with rare diseases.

Third, personalized trials can be used when a child has mul-
tiple comorbidities and consequently is taking a polypharmaceuti-
cal regimen with suspected iatrogenic effects. In this case, the fam-
ily and the clinician may want to investigate the safety of removing
suspected medications from the regimen. Children with multiple
morbidities are not often recruited for RCTs, and results of evidence-
based treatments may not generalize to patients with multiple co-
morbidities. Additionally, concerns about the efficacy of brand-
name vs generic medications and new adaptation of conventional
treatments can be tested with personalized trials. While the goal of
most experiments is to test whether treatments differ in their out-
comes, there are instances in which a noninferiority comparison
would be useful, such as when evaluating a generic formulation or
lower dose of a medication.

Fourth, personalized trials can serve as proof-of-concept stud-
ies to test new interventions that speed up development of inno-
vative treatments to test in RCTs. In this way, there can be benefi-
cial feedback loops between personalized trials designed for
discovery and the conduct of parallel-group RCTs to ensure a gen-
eralizable treatment benefit. Personalized trials are thus recog-
nized as important steps in translating basic science into new clini-
cal interventions.17

Statistical Considerations for Analyzing
a Personalized Trial
A basic step in analyzing data from a personalized trial is to examine
the results graphically. This first step is useful for understanding the
relationship between treatment and outcome or the relative efficacy
of various treatments. For some personalized trials, graphical analysis
may provide such obvious results as to sufficiently inform conclusions
about optimal treatment. In most instances, however, statistical analy-
ses are needed to compare the treatments. Time-series analyses
can be used to leverage the frequent outcome assessments in a per-
sonalized trial.18 For example, autoregression models evaluate treat-
ment effects while accounting for the association between successive
outcomes and may be used to estimate the extent of carryover
effects.19 Advanced time-series methods have also been developed
for trials with high-volume data measured via wearable devices20—
such as actigraphs, step counters, and heart rate monitors—as they
become available. These analytic approaches provide valid treatment
comparisons and contrast with comparative analyses in RCTs where
the focus is on estimating the average treatment effect based on few
data points collected from each individual.

Similar to parallel-group RCTs, statistical issues, such as power
and multiplicity adjustments, need to be addressed when planning
a personalized trial. The power to detect a treatment effect
specific to an individual depends on the association among out-
comes as well as the magnitude of treatment effect. Generally, a
larger number of measurements in a time series is required with
higher associations across outcomes. In trials involving more than
2 treatments, it is necessary to adjust for multiple comparisons. Using
a gate-keeping test can safeguard against false-positive findings,21

while traditional methods, such as Bonferroni adjustment, are known
to be overly conservative and to unnecessarily reduce power.

Finally, while a personalized trial focuses on developing opti-
mized treatment for an individual patient, data can be combined
across multiple patients to generate meta-analyses of personal-
ized trials—just like conventional meta-analyses.13,15,22 Specifically,
results from individual patients can be combined in random-
effects models and have the advantage of incorporating variability
from different sources, including the overall treatment effect and
patient-by-treatment interactions.23 In addition, when combining
several personalized trial series that compare treatments, it is pos-
sible to eliminate time trend when treatments are introduced in a
randomized sequence in different trials.

Cases for Personalized Trials
We illustrate the basics of personalized trial designs using 3 cases
of attention-deficit/hyperactivity disorder (ADHD)—2 hypotheti-
cal and 1 actual. In the first hypothetical case, the pediatrician is de-
termining if pharmacological treatment is useful for a 12-year-old child
newly diagnosed with ADHD based on daily parent ratings on the
subscale of inattention from the Inattention and Overactivity With
Aggression (IOWA) Conners Rating Scale (ICRS subscale; range, 1-20
points).24 To ensure that any improvements in ADHD symptoms are
due to the pharmaceutical treatment, the pediatrician includes a
baseline that precedes the experimental period, ideally randomiz-
ing experimental periods and masking parent and child to the type
of pharmaceutical intervention (drug or placebo), thus creating a mul-
tiperiod crossover design. The baseline is critical because it serves
as a control for the trial. If testing a drug or treatment that has a long
half-life, unlike those typically used to manage ADHD, then addi-
tional washout periods may be needed to ensure a return to base-
line symptom level in the intervals between periods. A graphical pre-
sentation of daily ICRS subscales of inattention in an ABCCB trial is
shown in Figure 1. With relatively high inattentive scores during base-
line and placebo conditions, it is clear that the scores are consis-
tently improved (ie, lower) during the drug period. This is an ex-
ample where visual inspection may be sufficient to determine that
pharmaceutical treatment has benefits.

In the second hypothetical case, a 9-year-old patient was re-
cently diagnosed with ADHD following a history of school prob-
lems. The family has concerns about long-term use of pharmaceu-
tical treatment and wants to determine if a behavioral intervention
might be effective. To ensure that the behavioral intervention works
as well as or better than medication, the pediatrician chooses a simi-
lar design as in the first example, including a baseline and 4 experi-
mental periods (ie, drug, drug placebo, contingent reinforcement
intervention, and noncontingent reinforcement), and ideally ran-
domizes said periods. In this case, masking or blinding to the con-
dition is not possible for the behavioral intervention, but it is pos-
sible for the drug vs placebo periods. As treatments should ideally
be reversible, the pediatrician chooses a contingent reinforcement
behavioral intervention and a noncontingent control. During the con-
tingent reinforcement condition, when the child achieves a score of
6 or lower on the ICRS in a 4-hour block, they are provided with a
skipping rope and 20 minutes of physical activity reinforcement. In
the noncontingent reinforcement condition, the child is provided
with the physical activity reinforcer at randomly chosen times, in-
dependent of their behavior. In other periods of the trial, the activ-
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ity reinforcer is not available. A sticker reward system could be used
as an alternative to physical activity reinforcers. Figure 2 depicts this
trial, wherein both drug and behavioral intervention clearly im-
prove the outcome over the placebo. Fitting an autoregression model
demonstrates significant effects with both drug and contingent re-
inforcement compared with placebo; reductions in ICRS score were
2.8 points for drug use and 3.2 points for behavioral intervention.
Furthermore, the 95% CI for comparing the scores during behav-
ioral intervention and drug periods is −1.4 to 0.5, suggesting equiva-
lence of the 2 modalities and providing empirical evidence for the
family’s preference for contingency management for their child.

A few practical considerations should be noted in this case. First,
because a behavioral program involves parent training for admin-
istration of a positively reinforcing contingency, parent education
must be included in the overall treatment plan. Second, behavioral
interventions often cannot be blinded, and it will be clear to the cli-
nician and patient that a behavioral intervention is being imple-
mented. Third, we have illustrated a relatively stable baseline, but
in reality, symptoms may fluctuate prior to intervention, thereby re-
quiring that the duration of the baseline be extended or reduced.
Fourth, it would be possible to assess how best to integrate phar-
macological and behavioral treatments if that is the goal of the
pediatrician.

The third, actual case is a 7-year-old patient who weighed 34 lb
and had been diagnosed with nonorganic failure to thrive and ADHD
with both inattention and oppositional defiant components. The
patient was taking 60 mg/d of methylphenidate, the maximum dos-
age approved by the US Food and Drug Administration. The pa-
tient’s pediatrician, recognizing methylphenidate may have the off-
target effect of appetite suppression, wanted to increase the
methylphenidate dosage as an off-label use to determine if the
child’s inattentive behavior was responsive to increased doses. In
the absence of a best course of treatment for this patient and a lack
of RCT evidence because of comorbidities, a double-blind, random-
ized N-of-1 dose-finding trial was conducted, offering the flexibility
to compare different modalities. Figure 3 shows the patient’s

inattention scores and weights in a trial of current drug use, a higher-
dose alternative, a placebo, and a behavioral contingency interven-
tion. Because this child was already taking 60 mg/d of methylphe-
nidate, that was the baseline condition. Visual inspection
demonstrates behavioral intervention as the optimal treatment for
both inattention improvement and weight gain. The drug was found
to be significantly less effective than placebo or the behavioral in-
tervention in terms of inattention scores and weight. Conse-
quently, the drug was discontinued. Such a change in treatment for
this child may not have been possible without the personalized trial,
as the patient might have continued to take a drug that had an ad-
verse effect on weight and little to no benefit for the attention symp-
toms. One of the strengths of personalized trials is that they can em-
pirically inform the discontinuation of a current treatment that has
shown no evidence of effectiveness.19

Implementation Considerations
for Personalized Trials
When drugs are being studied, personalized trials require close
coordination between a research-oriented pharmacist who can
implement a randomized sequence of drug use, drug dosage varia-
tion, and placebo phases. Personalized trials also benefit from sta-
tistical analysis to determine whether differences in patient symp-
toms are significant, thus requiring close collaboration with a
biostatistician. While the statistical analyses for individual patient
data may require sophisticated statistical methods, there is an
increased capability for a trained biostatistician to publish user-
friendly web-based software for nonstandard analyses, such
as the Shiny package (RStudio) for R versions 3.0.2 onward (The
R Foundation). These statistical software or online statistical con-
sultations that only require entry of an individual patient’s data,
often without the need for disclosing protected health informa-
tion, can be developed to make analysis as easy as possible and

Figure 1. Hypothetical Personalized Trial Results for a 12-Year-Old
With Attention-Deficit/Hyperactivity Disorder
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This model presents a hypothetical case of a 12-year-old patient newly diagnosed
with attention-deficit/hyperactivity disorder. Inattention symptoms are assessed
by parental Inattention and Overactivity With Aggression (IOWA) Conners Rating
Scale24 subscores using an ABCCB design to determine drug efficacy.

Figure 2. Hypothetical Personalized Trial Results for a 9-Year-Old
With Attention-Deficit/Hyperactivity Disorder
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This model presents a hypothetical case of a 9-year-old patient recently diagnosed
with attention-deficit/hyperactivity disorder. Inattention symptoms are assessed
by parental Inattention and Overactivity With Aggression (IOWA) Conners Rating
Scale24 subscores using an ABCDE design to determine drug efficacy.
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thereby lower the barriers to implementing personalized trials
because of lack of access to a local biostatistical collaborator. Per-
sonalized trials also require collection of a lot of patient data as
well as staff who can collect data, check data quality, and organize
and present data. This challenge is not unique to personalized
trials, but a greater use of transducers and reliable patient report-
ing methods to collect data on blood glucose level, blood pres-
sure, activity, sleep, body weight, etc have been adapted for clini-
cal work with the same requirements on staff.

In this type of trial, there are complex patient consent issues that
may be different depending on the motivation of the trial. Treat-
ment discovery is clearly considered research while optimal treat-
ment identification may be considered best clinical practice. Ques-
tions of payment for engaging in a personalized trial may be
appropriate in some cases and not in others. Informed consent is
always needed, as is extended measurement.

Conclusions

Personalized trials using N-of-1 designs have been used for decades
to identify effective interventions across disciplines, but they have
not yet found a home in pediatrics. This approach is useful for rare dis-
eases, for specialists who are working on developing innovative treat-
ments for their patients, and for pediatricians in primary-care settings
who want to ensure they are providing the best patient care given
the current state of knowledge. It may also be useful for testing treat-
ments in patients with comorbidities, suspected adverse effects
from current treatments, or idiosyncratic treatment responses. Using
these designs in clinical practice can empower clinicians to test
established and new evidence-based treatments for patients in their
practices, thus accelerating the time from treatment-benefit discov-
ery to clinical implementation.

ARTICLE INFORMATION

Accepted for Publication: June 6, 2020.

Published Online: February 15, 2021.
doi:10.1001/jamapediatrics.2020.5801

Author Contributions: Dr Cheung and Mr Paluch
had full access to all of the data in the study and
take responsibility for the integrity of the data and
the accuracy of the data analysis.
Concept and design: Davidson, Silverstein, Epstein.
Acquisition, analysis, or interpretation of data:
Davidson, Cheung, Paluch.
Drafting of the manuscript: Davidson, Silverstein,
Epstein.
Critical revision of the manuscript for important
intellectual content: Davidson, Silverstein, Cheung,
Paluch.
Statistical analysis: Cheung, Paluch, Epstein.
Obtained funding: Davidson.
Administrative, technical, or material support:
Davidson.

Conflict of Interest Disclosures: Drs Davidson and
Silverstein are members of the US Preventive

Services Task Force. No other disclosures were
reported.

Funding/Support: This work was supported by
the National Library of Medicine of the National
Institutes of Health grant R01LM012836; the
Eunice Kennedy Shriver National Institute of Child
Health and Human Development grants
RO1HD080292 and RO1HD088131; the National
Heart, Lung, and Blood Institute grant U01
HL131552; and the National Institute of Diabetes
and Digestive and Kidney Diseases grant UH3
DK109543.

Role of the Funder/Sponsor: The funders had no
role in the design and conduct of the study;
collection, management, analysis, and
interpretation of the data; preparation, review, or
approval of the manuscript; and decision to submit
the manuscript for publication.

Disclaimer: The views expressed in this article are
those of the authors and do not represent the views
of the National Institutes of Health, the US
Department of Health and Human Services,

or any other government entity. This article does
not represent the views and policies of the
US Preventive Services Task Force.

REFERENCES

1. Guyatt G, Haynes B, Jaeschke R, et al.
Introduction: the philosophy of evidence-based
medicine. In: Guyatt G, Rennie D, eds. Users’ Guides
to the Medical Literature: A Manual for
Evidence-based Clinical Practice. American Medical
Association; 2002:3-11.

2. Davidson KW, Cheung YK. Envisioning a future
for precision health psychology: innovative applied
statistical approaches to N-of-1 studies. Health
Psychol Rev. 2017;11(3):292-294. doi:10.1080/
17437199.2017.1347514

3. Davidson KW, Peacock J, Kronish IM,
Edmondson D. Personalizing behavioral
interventions through single-patient (N-of-1) trials.
Soc Person Psychol Compass. 2014;8(8):408-421.
doi:10.1111/spc3.12121

Figure 3. Personalized Trial Results for a 7-Year-Old With Attention-Deficit/Hyperactivity Disorder and Nonorganic Failure to Thrive

14

12

10

8

4

6

2IO
W

A 
Co

nn
er

s R
at

in
g 

Sc
al

e 
in

at
te

nt
io

n 
su

bs
co

re

Time, d
0 7 14 21 28

60 mg (20 mg
3 Times per day)

90 mg (30 mg
3 Times per day) Placebo

Behavioral
intervention

Inattention symptomsA

37

36

35

34

33

W
ei

gh
t,

 lb

Time, d
0 7 14 21 28

60 mg (20 mg
3 Times per day)

90 mg (30 mg
3 Times per day) Placebo

Behavioral
intervention

Body weightB
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