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K E Y  P O I N T S

Idiographic clinical trials 
offer a rigorous alternative to 
randomized controlled trials 
when the latter are not feasible 
due to available sample size, 
funding, or early phase in clinical 
testing.

Idiographic clinical trials combine 
subject-as-own-control designs 
with hierarchical linear modeling 
that has been tailored specifically 
for small sample-intensive, 
within-person analysis. 

Idiographic clinical trials are 
flexible, have been used for a 
breadth of settings and clinical 
outcomes, and can be used 
to address complex treatment 
questions including safety, drug 
dosage, and comparative efficacy.

An innovative methodology — 
idiographic clinical trials (ICTs) —  
is introduced as a way to inform 

randomized controlled trials (RCTs) in terms 
of RCT planning (eg, sample size, effect 
size), use in research scenarios when RCTs 
are not feasible (eg, rare diseases with small 
populations), or use in applied settings such 
as clinical practice, where RCT parameters 
cannot be followed. ICTs can be conducted 
generally for lower cost with faster 
completion time than RCTs. ICTs should not 
be seen as replacements for RCTs, but as a 
way to help inform RCTs or provide insights 
for early product development without 
allocating the resources for an RCT for early 
evaluation of an asset. The term idiographic 

clinical trials comes from its emphasis 
on within-individual processes over time. 
Compared to RCTs, this approach is adept 
for early phase clinical trials, pilot studies, 
and testing whether efficacy from an RCT 
can be replicated in a specific clinical 
setting or subpopulation (eg, patients with 
RCT exclusion criteria). ICTs couple two 
well-known methodologies to yield rigorous 
results from small samples: subject-as-own-
control experimental designs (eg, crossover 
designs) with hierarchical linear modeling 
(or multi-level modeling) refined specifically 
for small samples.  

RCTs   
RCTs represent the “gold standard” 
for evaluating efficacy and safety of 
pharmaceuticals and biologics for regulatory 
purposes. RCT key features include 
randomization, blinding, comparison 
group(s), and isolation of key findings 
to treatment conditions, all of which 
contribute to RCTs’ high internal validity. 
RCTs frequently assess an intervention’s 
effect against alternative interventions 

or no intervention, while minimizing 
numerous types of bias. Conversely, RCT 
disadvantages include use of exclusion 
criteria (limiting their generalizability); 
unbalanced attrition (ie, patients in one arm 
are more likely to drop out, as when those 
in a usual care arm get sicker sooner and 
drop out); ethics (eg, it is unethical to give 
some patients placebo); and investigator 
discretion (eg, decisions about cross-over 
may be left to physicians/investigators 
potentially violating randomization), all of 
which can reduce an RCT’s external validity. 
Moreover, RCTs typically require large 
budgets, recruiting hundreds to thousands of 
participants, and up to 18-month follow-ups 
per participant.  

Hence, RCTs are often a balance between 
costs, time commitments, internal/external 
validity, choosing a comparator or no head-
to-head comparison, and so on.  
In early phase trials when establishing 
a new compound’s efficacy, safety, and 
potential dosing, an RCT may be too 
expensive or time-consuming or not even 
feasible (eg, for rare diseases). If the 
signal-to-noise ratio indicates treatment 
is not efficacious, a company could lose 
millions of dollars. A faster and less-
expensive option to an RCT could clearly 
benefit companies exploring new assets. 
Rigorous ICTs require rarely more than 
50 participants, less than 3 months’ 
duration per participant, can address 
multiple early trial questions in one sample 
(safety, efficacy, dosage, differences 
among subgroups), and offer individuals 
personalized efficacy (termed “impact”), 
which is a strong incentive to participate 
and not attrite, all of which may reduce 
costs. However, ICTs do have should be 
some limits and may be only used under 
under specific circumstances.

ICTs couple two well-known methodologies to yield rigorous results 
from small samples: subject-as-own-control experimental designs 
(e.g., crossover designs) with hierarchical linear modeling (or multi-
level modeling) refined specifically for small samples. 
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A COMPLEMENTARY ALTERNATIVE
Subject-as-own-control experimental 
designs (eg, crossover and staggered 
baseline designs) provide the data 
collection structure for ICTs. Time series 
data are collected from each participant 
during a control (or care as usual) 
time period/phase and experimental 
treatment(s) time period/phase(s). Many 
potential confounds are managed because 
the same participants provide control 
and experimental data (rather than 
randomization). To illustrate, random  
blood glucose test in patients with type 1  
diabetes might be observed repeatedly 
while receiving standard treatment 
(control phase) and then again during 
an experimental treatment (treatment 
phase) [6]. By randomizing length of 
control phases among participants and 
varying their study enrollment dates, 
potentially confounding factors of practice 
effects, disease natural history, human 
development, and historical events are 
controlled.  If efficacy estimates are 
desired from an ICT, participants ought to 
resemble the population heterogeneity. 
By coupling subject-as-own-control 
designs with statistical techniques such 
as hierarchical linear modeling that is 
tailored specifically for intensive within-
person analysis, they provide highly 
flexible, rigorous clinical trials. The analytic 
techniques account for well-known 
sources of bias including autocorrelation 
and limitations of visual inspection [1-4]. 
Introductory papers to ICTs provide more 
technical details using study illustrations 
[5-10].  

Several strengths of ICTs stem from their 
far smaller samples, shorter durations, and 
resultant less cost and time compared to 
RCTs. If an asset shows a strong enough 
effect, a company could then use a 
traditional RCT. If the asset effect is not 
strong, a decision to not pursue that asset 
means much less cost and time invested 
compared to using an RCT to reach the 
same decision. ICTs can often be used 
when RCTs are not feasible. ICTs can be 
used frequently in clinical settings where 
strict adherence to an RCT protocol may 
not be possible (eg, ICU patients receiving 
critical care or when every participant 
requires the treatment), take advantage 
of natural experiments, or using quasi-
experiments that occur during usual 
clinical care. Two recent examples were 
comparative studies between medications 
for emergency care sedation [5,11] and 

immunosuppression for recipients of liver 
or kidney transplants [12].   

ICT LIMITATIONS 
ICTs typically do not provide efficacy 
for large populations (intensive within-
person protocols preclude large samples). 
Rather, their strengths and limitations 
provide complementary, patient-centered 
evidence, much of which can inform 
subsequent RCTs. ICTs can raise the rigor 
of early phase trials, orphan drug testing, 
effectiveness replications of efficacy 
estimates, and comparative outcomes 
research involving rare diseases. In 
addition, ICTs offer limited utility for short-
lasting illnesses (common cold, influenza). 
To illustrate, repeated measurements are 
usually not feasible during the period of 
myocardial infarction thus precluding ICTs, 
whereas ICTs may be ideal for a novel 
treatment for recovery from myocardial 
infarction. The following illustrations 
demonstrate some ICT uses, ranges in 
complexity, data types, and treatment 
development stages.  

ILLUSTRATION 1: PILOT STUDY OF 
EFFICACY AND SAFETY  
While developing and testing a treatment, 
ICTs could inform resource allocation, 
human effort, and time. Erroneous Go/No 
Go decisions risk (a) costly investments in 
compounds that end up being unsuccessful 
or (b) missing lucrative opportunities to 
develop efficacious medications [13]. ICTs 
could inform decisions about whether to 
pursue subsequent clinical phases and 
provide estimates of effect sizes and patient 
variability to design them. Illustration 
1 demonstrated a pilot ICT that yielded 
evidence regarding efficacy, within- and 
between-person variability, and safety. Its 
small sample illustrates ICTs’ potential uses 
for pilot studies and orphan drug testing. 

Diabetic blood glucose is managed in 
nursing homes by using the sliding scale, 
which consists of adjusting insulin doses 
biweekly. Because of large spikes and 
drops in glucose that occur daily, sliding-
scale glucose management often leads to 
ketoacidosis, unconsciousness, and organ  
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Note:  X-axis is sequential observations at meals or snack times (4 per day).  Y-axis is blood glucose 
level (mg/dL).  The Care-as-Usual phase spans observations prior to “0” (on x-axis); Manual Pancreas 
was administered thereafter (phases also are indicated by “0” and “1” above each plot).

Figure 1: Manual Pancreas ICT Results Visualized at N=1 Level



damage. Contemporary glucose treatments 
are not used because of cost, potential 
damage to equipment (eg, glucometers), 
and a lack of incentives to change. A 
recently devised algorithm determines 
bolus insulin dosage based on a patient’s 
blood sugar level and food intake during 
a meal [6]. Termed “manual pancreas,” 
nurses draw blood to determine glucose 
levels, enter nutritional values of an 
anticipated meal, and administer bolus 
insulin based on the algorithm output. The 
nursing home where manual pancreas was 
pilot-tested admitted four patients during 
the study period.   

Figure 1 presents participants’ modelled 
trajectories superimposed on observed 
glucose levels 4 times per day over 100 
days. Each participant experienced an 
instant drop in blood glucose when 
manual pancreas was initiated, albeit 
to varying degrees. Variance in blood 
glucose illustrates how within-person 
patterns may interfere with interpretation 
of results and the importance of parsing 
out autocorrelation to obtain unbiased 
estimates. Relevant to this study is the 
circadian rhythm of blood sugar levels, 
which varies in periodicity among 
individuals. To test for interactions between 

manual pancreas and circadian rhythms, 
analyses were re-conducted separately 
for each time of day (Table 1). At certain 
meals, manual pancreas was associated 
with no improvement. Hence, to avoid 
safety risks associated with injections, 
manual pancreas could be skipped for 
patient A at breakfast and lunch whereas 
for patient C, manual pancreas could be 
limited to lunch.  

Figure 2 illustrates how an ICT can inform 
a subsequent RCT. The box-and-whiskers 
summary presents care-as-usual versus 
manual pancreas in terms of mean glucose 
levels, 95% confidence intervals (tops and 
bottoms of boxes), and standard deviations 
(whiskers). Inasmuch as the ICT sample 
resembles the clinical population of 
interest, results provide unbiased estimates 
for RCT planning.   

Regarding safety testing, two patients were 
admitted to an emergency department 
during care-as-usual phases due to 
complications from ketoacidosis. During 
manual pancreas phases, no patient 
required emergency care. Moreover, 
clinical staff observed one patient to be far 
more alert and responsive during manual 
pancreas, presumably due to lower blood 
glucose. No health risks were observed 
related to the manual pancreas; however, 
repeated use of injections merited caution. 

Also illustrated is ICT’s provision of 
person-centered data. Recent movements 
such as precision medicine and evolving 
methodologies such as genetic micro 
trials provide opportunities for ICTs. 
These methods also can be used for 
testing mechanisms of outcomes while 
a treatment is being administered. Far 
more sophisticated analytics (eg, state-
space modeling) are available for testing 
multivariate processes and outcomes [14].  

ILLUSTRATION 2: DIFFERENTIAL/
COMPARATIVE EFFICACY  
Comparative efficacy encompasses how 
outcomes differ between treatments or 
among subpopulations in response to a 
treatment. For example, if a large clinical 
trial demonstrates null or small efficacy, 
homogeneous subgroups may nevertheless 
respond well to the treatment. A subgroup 
also may respond poorly to a medication, 
thereby reducing the apparent overall 
efficacy. Traditional RCTs are frequently not 
designed to detail subgroup differences, 
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Table 1: Change in Blood Glucose with Manual Pancreas per Time of Day  

	 Breakfast 7:30am	 Lunch 11:30am	 Dinner 4:30pm	 Snack 8:30pm

Entire Sample	 -35.9 	 -43.3*	 -59.4	 -59.1* 
	 (9.8)	 (194.2)	  (9.7)	 (277.9)

Patient A	 0.2*	 1.8*	 -50.4	 -104.2 
	 (11.1)	 (24.4)	  (20.2)	   (19.4)

Patient B	 -32.2 	 -117.3	 -156.3	 -122.2 
	 (8.8)	 (23.0)	 (19.3)	 (17.0)

Patient C	 11.5*	 -66.6	 -35.5*	 3.0* 
	 (27.5)	 (26.8)	 (25.4)	 (27.7)

Patient D	 -112.1	 26.3*	 43.5	 -57.3 
	 (16.0)	 (17.6)	 (17.7)	 (24.3)

Note: *Change in glucose was NS (P>.01).  Parenthetical values are standard errors.

Figure 2: Manual Pancreas ICT Aggregate 

Note: Center of boxes represent mean blood glucose levels (mg/dL), 95% confidence intervals 
appear as upper and lower levels of boxes, and whiskers depict the standard deviations.
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especially if subgroups are not identified a 
priori. If during an RCT, insight is gained 
regarding a subgroup that responds 
differentially to a medication, an ICT could 
test the hypothesis. Illustration 2 presents 
results from a behavioral intervention 
to demonstrate ICTs’ potential utility to 
address differential efficacy.

Over 200,000 US citizens with diabetes 
are younger than 20, most of whom have 
type 1 diabetes (T1D) [15]. Adolescent 
management of blood glucose is especially 
important, given diabetes’ chronicity and 
cumulative health problems. However, 
as diabetes management shifts from 
parent to adolescent, glycemic control 
usually declines and is poor on average in 
adolescents [16]. A fundamental step in 
T1D management is taking four or more 

glucose tests daily; each additional daily 
blood glucose test is associated with 0.4% 
decreased glycated hemoglobin (A1C) 
[17] and in turn 10.5% decreased risk of 
diabetes-related complications [18,19].  

A program recently designed to increase 
daily blood glucose tests involved 
adolescents recording their glycemic tests 
over streaming video and entering test 
results at the study monitoring website 
(validated by glucometer readings) [20]. 
One study objective was to demonstrate 
the web program’s clinical utility over and 
above two interventions with previously 
documented efficacy (motivational 
interviewing, or MI, and contingency 
management, or CM). In addition, its 
differential efficacy was compared between 
ages 13 to 15 versus 16 to 18.  

A hybrid ICT-with-randomization design 
was used. Following a control phase with 
no intervention, MI was provided to all 41 
participants to account for its effects. Next, 
participants received the web program 
with randomized CM+ (monetary rewards 
were contingent upon completing glucose 
tests; n=23) or CM- (the same monetary 
amounts were provided, but randomly; 
n=18). Gender and age group stratified 
CM randomization.

Figure 3 presents results as trajectories 
among four subgroups. During the control 
phase, all subgroups averaged two 
glucose tests conducted per day. Following 
MI, all subgroups increased about one 
glucose test per day and maintained this 
improvement. When the web monitoring 
program (plus either CM+ or CM-) 
began, differential efficacy occurred as 
an interaction between randomization 
and age group. Older adolescents and 
CM+ were associated with more daily 
glucose tests compared to the alternative 
subgroups. Younger participants gradually 
lost the benefit of web monitoring, whereas 
older participants largely maintained 
their benefit. After withdrawing all 
interventions, each subgroup’s outcomes 
slightly decreased. Box-and-whiskers 
visualization of results more closely 
resembles traditional efficacy estimates 
(Figure 4) by depicting the signal-to-noise 
ratio similar to RCTs (e.g., for later phase 
clinical trials). 

CONCLUSIONS
This introduction demonstrated how 
early phase ICTs might inform efficacy of 
an intervention at lower cost and faster 
than RCTs. When assessing whether 
a new asset has a sufficient effect and 
further development is justified, ICTs may 
be a more efficient and less-expensive 
alternative to RCTs. Software, methods 
for data collection, and analytics for 
multi-episode data are readily available, 
so these methods can be implemented 
now. As noted earlier, ICTs cannot replace 
RCTs. However, given the rigor of ICTs, the 
amount of data collected per patient, and 
the ability to learn the effect of alternative 
interventions/doses (i.e., treatment-/
dose-switching becomes a time-varying 
covariate), ICTs can be a rich source of 
data for evaluating treatment effects as 
well as patient and disease progression. •
 

Note: The corresponding MMTA equation is Frequency of Daily Tests = 1.9885 - 0.00501 (per study 
day) + 0.9805 (for motivational interviewing) + 1.3240 (during treatment phase) - 0.06317 (per day 
of treatment phase) + 1.0430 (older teens during treatment phase) + 0.6598 (while receiving CS) 
- 0.05378 (per day of treatment phase for younger teens).  Each model parameter reached P<.01 
statistical significance.

Figure 3: Four-subgroup Trajectories of Tests Completed per Study Day

Figure 4: Mean Daily Glucose Tests by Phase / Condition
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