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Abstract

Conventional randomized controlled trials (RCTs) compare treatment effectiveness to provide a 

basis for evidence-based treatments that can be generalized to the average patient. However, this 

information may not always be useful for treating individual patients. We present an alternative 

approach to identifying optimized treatments using experimental designs that focus on individuals. 

Personalized designs, or N-of-1 designs, provide both a functional analysis demonstrating that 

changes in patient symptoms are due to the treatment implemented and a comparative analysis 

of treatments. This approach is relevant in the zeitgeist of personalized medicine and provides 

clinicians with a paradigm for investigating optimal treatments for rare diseases in which RCTs 

are not feasible, identifying optimal treatments for patients with comorbidities who would be 

excluded from most RCTs, handling clinical situations in which patients respond idiosyncratically 

(either positively or negatively) to treatment, and shortening the gap between identification 

and implementation of an evidence-based treatment. These designs merge experimental analysis 

of behavior methods used for decades in psychology with new methodological and statistical 

advances to assess significance levels of change in individual patients, and they can be generalized 

to larger populations for meta-analytic purposes. This paper presents a case for why these models 

are needed, an overview of how to apply personalized designs for different types of clinical 

scenarios, and a brief discussion of issues associated with interpretation and implementation of 

personalized designs. Our goal is to empower pediatricians to take personalized trial designs into 

clinical practice to identify optimal treatments for their patients.
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Overview

One of the tenets of personalized experimental medicine is the idea that treatments that 

best benefit each patient should be identified. Parallel-group randomized controlled trials 

(RCTs) either (1) provide evidence on how groups of patients respond to a treatment versus 

a control or (2) compare alternative treatments, but they do not allow the identification 

of optimized treatments for an individual. An alternative experimental method and clinical 

decision approach is the personalized (N-of-1) trial, which is a multiple-time-period, active

comparator crossover trial that is frequently randomized and can be masked. Some consider 

such designs to be the pinnacle of the strength of evidence hierarchy (Table 1),1 as 

they provide evidence for the net benefit of treatments for individual patients. Educating 

clinicians and clinician-scientists about personalized trials provides a novel approach 

to improving pediatric care. Unique benefits of these designs are their usefulness in 

determining optimal therapy for patients with rare diseases, patients with comorbidities who 

do not meet criteria for usual RCTs, or patients with unusual side effects or idiosyncratic 

treatment responses. The approach may also be useful in accelerating the time from 

identification of evidence-based treatment to implementation of effective care.

Parallel-group, randomized efficacy trials usually compare alternative treatments, or 

treatments to controls, and maximize the internal validity of findings across treatment 

groups. Parallel-group effectiveness trials are conducted with a wider range of participants, 

often in real-world settings, with the goal of bolstering external validity or extending the 

applicability of findings to broader populations. While different in their emphases, both 

types of RCTs compare the average response in the treatment versus comparator conditions

—thereby accounting for variability in treatment response—with the goal of extrapolating 

optimal treatment for patients with characteristics similar to those of 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 individual patient will be that estimated from the 

overall trial—or 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 subgroups and individuals, included in the RCT.2 HTE 

may include some patients having idiosyncratic treatment responses to initial treatments, 

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 the majority of participants did not receive the reported 

treatment benefit.3 This type of finding from parallel-group RCTs is ubiquitous and suggests 

that there is substantial uncertainty about extrapolating net treatment benefit for each 

patient.4

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 they are 

thus conducted infrequently on patients with rare diseases. Second, many RCTs have 

strict entrance criteria, which a specific patient may not meet. This may be due to age, 
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gender, race, or comorbidities and may force clinicians to extrapolate results from one 

population to another with little evidence to guide such decisions. Finally, there is a wide 

temporal window between identification of an evidence-based treatment and adoption of that 

treatment in practice. RCTs are often take extraordinary time to be completed.5 This means 

that discovery of potential benefits (or harms) are delayed for years before they are available 

for care. Personalized trials can provide tools for individual clinicians to test new treatments 

with patients under 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 or N-of-1 trials are single-participant, multiple-time-period, active-comparator 

crossover trials that are frequently randomized and can be masked.6,7 As an alternative to 

extrapolating the results of a conventional trial to an individual, personalized 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, as systematic reviews still 

require clinicians to extrapolate results to their current patient.8

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.9–11 Single-case designs 

use experimental methods to ensure that changes in outcome variables are caused by 

the intervention. These methodologies have been adapted into personalized trial designs, 

which are a specific form of randomized or balanced experiments, characterized by 

periodic and pre-planned switching from active treatment to placebo or between active 

treatments (“withdrawal-reversal” designs).12 Whereas conventional RCTs randomize 

persons, personalized trials randomize time periods within a patient. This type of design 

addresses concerns with regard to averaging treatment effects across many patients in the 

presence of known or unknown HTE, external validity-extrapolation issues, the exclusion of 

those with rare diseases or comorbidities, and the time lag between treatment discovery and 

implementation.

General Principles of Personalized (N-of-1) Designs

There are several common characteristics of personalized trial designs. Personalized designs 

trade collecting a few data points from many people for a detailed examination of the 

relationship between treatment and outcome for a single individual. Because of this, 

an outcome measure that can be measured frequently and shows rapid change when a 

treatment is implemented or withdrawn is needed. 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 both prevention and patients who have chronic, stable, 

or slowly deteriorating conditions. They can also be used to identify an optimized treatment 
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plan for a patient as they begin a treatment regimen or when a change in an established, 

but ineffective, treatment is being considered. However, given that these are experimental 

designs and treatment comparators are delivered serially over randomly varying time 

periods, patients who require immediate treatment or have urgent medical needs may be 

inappropriate for this type of experiment.

Uses for a Personalized Trial

One broad category for use of a personalized trial is for patients with common conditions 

that do not have a universally beneficial or evidence-based treatment. Consider obesity, pain, 

asthma, irritable bowel syndrome, or a variety of behavioral problems—each of these is 

amenable to a personalized trial because there is clinical uncertainty as to the best treatment, 

conflicting evidence, known idiosyncratic responses to common treatments across individual 

patients, and clinically important endpoints that are easily measurable over a predictable 

timeframe.

A second broad use of personalized trials is for rare diseases for which (1) there are 

insufficient numbers for a clinical trial to provide stable findings for evidence-based 

solutions and (2) effective treatments are not known. As we later note, data from 

personalized trials can often be combined to provide an evidence base for treatments of 

children with rare diseases.

Third, personalized trials can be employed when a child has multiple comorbidities and 

consequently is on a polypharmaceutical regimen with suspected iatrogenic effects. In this 

case, the family 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 comorbidities. Finally, concerns about the efficacy of brand-name versus generic 

medications, or new adaptation of conventional treatments, can be tested with a personalized 

trial. While the goal of most experiments is to test whether treatments differ in their 

outcomes, there are instances in which a non-inferiority comparison would be useful, such 

as when evaluating a generic formulation or lower dose of a medication.

Fourth, personalized trials also can serve as pilot studies to test new interventions that 

speed up development of innovative treatments to test in RCTs. In this way, there can 

be beneficial feedback loops between personalized trials designed for discovery and the 

conduct of parallel group RCTs to ensure a generalizable treatment benefit. Personalized 

trials are thus recognized as important steps in translating basic science into new clinical 

interventions.13

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 presenting results to non-clinicians to help them understand 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 

be sufficient to make conclusions about optimal treatment. In most instances, however, 
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statistical analyses are needed to compare the treatments. Time series analyses can be 

used to leverage the frequent outcome assessments in a personalized trial.14 For example, 

autoregression models evaluate treatment effects while accounting for the correlation 

between successive outcomes and may be used to estimate the extent of carryover effects.15 

Advanced time series methods have also been developed for trials with high-volume data 

measured via wearable devices16—such as actigraphs, step counters, heart rate monitors, 

and other wearables—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 correlation across outcomes as well as 

the magnitude of treatment effect. Generally, a larger number of measurements in a time 

series is required with higher correlation across outcomes. In trials involving more than two 

treatments, it is necessary to adjust for multiple comparisons. Using a gate-keeping test can 

safeguard against false positive findings,17 while traditional methods such as Bonferroni’s 

adjustment is known to be over conservative and unnecessarily reduce power.

Finally, while a personalized trial focuses on developing optimized treatment for an 

individual patient, data can be combined across multiple patients to generate meta-analyses 

of personalized trials—just like conventional meta-analyses.9,11,18 Specifically, results from 

individual patients can be combined in random effects models and have the advantage of 

incorporating variability from various sources, including the overall treatment effect and 

patient-by-treatment interactions.19 In addition, when combining several personalized trials 

series that compare treatments, it is possible 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 three cases of attention 

deficit-hyperactivity disorder (ADHD). In the first case, the pediatrician is determining if 

pharmacological treatment is useful for a 12-year-old child newly diagnosed with ADHD 

based on daily parent ratings of the IOWA Conners Rating Scale (ICRS).20 To ensure 

that any improvements in ADHD symptoms are due to the pharmaceutical treatment, the 

pediatrician includes a baseline that precedes the experimental periods (drug or placebo), 

ideally randomizing experimental periods and masking parent and child to the type of 

pharmaceutical intervention (drug or placebo)—thus creating a multi-period crossover 

design. The baseline is critical because it serves as a control for the trial. If a drug or 

treatment that has a long half-life is being tested, unlike those typically used to manage 

ADHD, then additional washout periods may be needed to ensure a return to baseline 

symptom level in the interval between the periods. A graphical presentation of daily ICRS 

subscales in such an ABCCB trial are shown in Figure 1. With relatively high inattentive 

scores during baseline and placebo conditions, it is clear that the scores are consistently 
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improved (i.e., lower) during the drug period. This is an example where visual inspection 

may be sufficient to determine that pharmaceutical treatment has benefits.

In the second case, a 9-year-old girl is recently diagnosed with ADHD following a history of 

school problems. However, this family has concerns about long-term use of pharmaceutical 

treatment and wants to determine if a behavioral intervention might be effective. To ensure 

that the behavioral intervention works as well or better than medication, the pediatrician 

chooses to use a similar design as before, and so includes a baseline and four experimental 

periods (i.e., drug, drug placebo, contingent reinforcement intervention, non-contingent 

reinforcement) and, ideally, randomizes said periods. In this case, masking or blinding 

to condition is not possible for the behavioral intervention, but it is possible for the drug

versus-placebo periods. As treatments should ideally be reversible, the pediatrician chooses 

a contingent reinforcement behavioral intervention and a non-contingent control. During 

the contingent reinforcement condition, when the child achieves a score of 6 or lower on 

the ICRS in a four-hour block, they are provided with a skipping rope and 20 minutes of 

physical activity reinforcement. In the non-contingent reinforcement condition, the child was 

provided with the physical activity reinforcer, independent of their behavior, on a randomly 

chosen schedule. In other periods of the trial, the activity reinforcer was not available. A 

sticker reward system could have been used as an alternative to physical activity reinforcers. 

Figure 2 depicts this trial wherein both drug and behavioral intervention clearly improve the 

over placebo. Fitting an autoregression model demonstrates significant effects of both drug 

and contingent reinforcement when compared to placebo with respective reductions in ICRS 

score of 2.8 and 3.2 (P < 0.001). Furthermore, a 95% confidence interval for comparing the 

scores during behavioral intervention and drug periods is −1.4 to 0.5, suggesting equivalence 

of the two modalities and providing empirical evidence for the family’s preference for 

contingency management for their child.

Additionally, a few practical considerations should be noted in this case. First, since a 

behavioral program involves parent training for administration of a positively reinforcing 

contingency, plans for that education must be included in the overall treatment plan. Second, 

unlike testing drugs, it is impossible to test a behavioral technique in a double-blind design, 

and it will be clear to the provider and patient that a behavioral intervention in being 

implemented. Third, we have illustrated a relatively stable baseline, but in reality, symptoms 

may wax or wane prior to intervention, thereby requiring extending or reducing the duration 

of the baseline.

The third case is a 7.5-year-old patient who weighs 34 pounds and is diagnosed with 

nonorganic failure to thrive and ADHD with both inattention and oppositional defiant 

components. He is on 60 mg/day of methylphenidate, the FDA-approved maximum dosage. 

His pediatrician, recognizing methylphenidate may have the off-target effect of appetite 

suppression, wants to increase the methylphenidate dose as an off-label use. In the 

absence of a best course of treatment for this patient and a lack of RCT evidence due to 

comorbidities, a double-blind, randomized personalized trial dose finding trial is conducted. 

A personalized trial offers the flexibility to compare different modalities. Figure 3 shows the 

inattention scores and weights of the patient in a hypothetical trial of usual drug, a higher 

dose alternative, a placebo, and a behavioral contingency intervention. Since this child was 
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already taking 60 mg/day of methylphenidate, that would be the baseline condition. Visual 

inspection demonstrates behavioral intervention as the optimal treatment for both inattention 

improvement and weight gain—after the drug was tested to be significantly worse than 

placebo baseline in terms of the inattention scores (1.5 and 1.2 respectively higher for 20 mg 

and 30 mg, with P<0.001) and had no impact on weight. Such a change in treatment for this 

child might not have been possible without the personalized trial, as he might have remained 

on a drug that had adverse impact on his weight while having little to no benefit for his 

attention symptoms. One of the strengths of personalized trials is that they can empirically 

inform the discontinuation of a current treatment that has no evidence for its effectiveness.21

Implementation Considerations for Personalized Trials

Personalized trials require close coordination between a research-oriented pharmacy/

pharmacist who can implement a randomized sequence of drug, drug doses, and placebo 

phases. Personalized trials also benefit from statistical analysis to determine whether 

differences in patient symptoms are significantly different. Having a biostatistician is useful, 

but many have not been trained to analyze individual subject data. Statistical programs or 

online statistical consultation that only require entry of an individual patient’s data, often 

without the needs for disclosing protected health information, can be developed to make 

analysis as easy as possible. Personalized trials also require collection of a lot of patient 

data, requiring staff who can collect data, check data quality control, and organize/present 

data. This challenge is not unique to personalized trials, but a greater use of transducers 

and reliable patient reporting methods to collect blood glucose, blood pressure, activity, 

sleep, and body weight as examples have been adapted for clinical work with the same 

requirements on staff.

In this type of trial, there are complex issues of patient consent for engagement that may 

be different depending on the motivation underlying the initiation of the trial. Treatment 

discovery is clearly considered research while optimal treatment identification may be 

considered best clinical practice. Questions of payment for engaging in a personalized trial 

may be appropriate in some use cases and not in others. Informed consent always is needed 

as is extended measurement.

Conclusion

Personalized or single-subject 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 diseases, for specialists who are working on developing new and 

innovative treatments for their patients, or 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 treatments in patients with comorbidities or suspected 

side-effect 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 discovery to clinical 

implementation.
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Figure 1. 
Inattention symptoms as assessed by Parental IOWA Conners Rating Scale20 scores during 

baseline (A) and repetitions of randomized drug (B) and placebo (C) time periods for an 

ABCCB design of a child to determine drug efficacy.
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Figure 2. 
Inattention symptoms as assessed by Parental IOWA Conners Rating Scale20 scores during 

randomized baseline (A), drug (B), drug placebo (C), contingent (D), and non-contingent 

(E) reinforcement (ABCDE) conditions.
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Figure 3. 
Inattention symptoms as assessed by teacher IOWA Conners Rating Scale20 scores and body 

weight during usual drug dose (A), randomized higher drug dose (B), placebo (C) and 

behavioral contingency (D) conditions (ABCD).
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Table 1.

Original Hierarchy of Strength of Evidence for Treatment Decisions (Guyatt et al 2002).1

N-of-1 Randomized Trial

Systematic reviews of randomized trials

Single randomized trial

Systematic review of observational studies addressing patient-important outcomes

Single observational study addressing patient-important outcomes

Physiologic studies

Unsystematic clinical observations
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