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SUMMARY

Despite their increasing popularity, n-of-1 designs
employ data analyses that might not be as com-
plete and powerful as they could be. Borrowing
from existing advances in educational and psycho-
logical research, this article presents a few techni-
ques and references for rigorous data analytic
techniques in n-of-1 research.
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Although most medical research is concerned with
differences in group means or trends in a group,
modelling, analysing and understanding inter-
individual differences are as important as intra-
individual differences. For instance, when studying
the person-specific effects of individualised cognitive
therapy for depression in women with metastatic
cancer (Lévesque 2004), pharmacological treatment
for depression (Kronish 2018), stimulants for
attention-deficit hyperactivity disorder in children
(Mordijck 2018) or treatments for schizophrenia
(Marwick 2018) the clinician is more interested in
learning whether the personalised treatment has a
positive impact on the patient. In fact, studying
group effects may say nothing about how an individ-
ual progresses.
Consider, for example, a study that evaluates the

efficacy of cognitive therapy for depression among
women with metastatic cancer. Conducting a rando-
mised control trial (RCT) in this case would involve
recruiting women with metastatic cancer and ran-
domly assigning them to experimental and control
groups. There are several problems with this
approach. First, recruiting a sample that is large
enough to provide sufficient power in an RCT
could be prohibitive when it comes to women with
metastatic cancer. Second, there could be intra-indi-
vidual variations that might not be accounted for.
This could have a detrimental effect on validity.
Third and most important, what works for one
patient might not work for another. In such a case,
finding a group mean would be misleading and
would be associated with a large standard error.

Additionally, the arithmetic average is not the
most representative statistic in multimodal distribu-
tions. In fact, Schork (2015) gives examples of 10
most used drugs in America whose efficacy ranges
from helping 1 in 4 individuals to 1 in 25! Finally,
a snapshot measure of depression would provide
much poorer information about the progress of
depression than studying the individual across
time. An article by Zuidersma et al (2020) provides
more detailed information on why single-case
experimental designs (SCEDs) or n-of-1 designs
are appropriate and most suited for psychiatry
research. The purpose of this article is not to show
why or how they are important in psychiatric
research, but to provide a primer for related data
analytic standards that could be of value to that
research.
In contrast to RCTs, using an individual as his or

her own control (using baseline observations) and
comparing against this baseline, observing data pat-
terns across time, and controlling for baseline and
treatment condition provide for much richer and
more nuanced data. This is exactly what n-of-1
designs (as they are called in medicine), which are
special cases of single-case experimental designs
(SCEDs, as they are called in educational and psy-
chological research), are designed to address.
Although there are significant advances made in
setting the standards and analytical tools for
SCEDs, the current conduct of n-of-1 designs
leaves much to be desired. We can attribute the
lack of n-of-1 studies or their proper conduct to the
myths about n-of-1 designs, such as the study
involving only one participant, insufficient power,
unavailability of statistically sophisticated analyt-
ical approaches and lack of knowledge transfer
across subject domains. By the lack of knowledge
transfer across subject domans, I mean that there
are several tools and standards available not just
in n-of-1 designs but also in SCEDs from which the
medical research community can benefit. An
example is the What Works Clearinghouse stan-
dards (ies.ed.gov/ncee/wwc/Handbooks), which
discuss the design and analytical standards for
SCEDs that can help provide the highest level of evi-
dence of treatment effect. In the present article I
focus on how to analyse SCED data using the
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WWCstandards as a guide. I explain some available
statistical methods that mental health researchers
can use to safeguard against various threats to valid-
ity in n-of-1 designs.

N-of-1 designs
N-of-1 designs are especially important in experi-
mental designs where randomisation or collecting
large data-sets are inappropriate or impossible,
such as in mental health research, rare diseases
or comorbid conditions. Contrary to popular
belief, n-of-1 designs could include multiple parti-
cipants and the question of power in SCEDs with
small samples has been addressed in recent
research (e.g. Hedges 2023). As mentioned
above, methods currently used to analyse these
data in medical research leave much to be
desired. The parent design for n-of-1 designs, the
SCED, has gained prominence in educational and
psychological research and has a rigorous set of
standards set out by the What Works
Clearinghouse (ies.ed.gov/ncee/wwc/
Handbooks). There have been several methodo-
logical developments in SCED data analysis in
educational and psychological research. Although
there are recommended standards for n-of-1
designs (Porcino 2020), these do not include how
data should be analysed to address issues of valid-
ity. A recent systematic literature review (Natesan
Batley 2023a) shows that of the 115 n-of-1 medical
research articles published in the past 10 years,
only 4 met the criteria of the WWC standards
and only one study reported an appropriate effect
size.

WWC standards: analytical criteria
TheWWC standards require that the following ana-
lytical criteria bemet to declare a SCED as providing
strong evidence of treatment effect: (a) documenting
consistency of level, trend and variability within a
phase; (b) documenting immediacy of the effect; (c)
reporting an appropriate effect size; and (d) ruling
out external factors and anomalies. Level refers to
the phase mean, trend refers to the slope of the
phase and immediacy refers to how immediately
the treatment takes effect when introduced or the
data return to baseline following removal of the
treatment. Additionally, there must be at least
three demonstrations of the treatment effect to
provide strong evidence. To achieve this, we
examine level, trend, variability, immediacy,
overlap/effect size and consistency of data patterns
across phases. In this article we will consider only
these six pieces of evidence that can be estimated
statistically.

Data analytic considerations
SCED and, by extension, n-of-1 design data are
often autocorrelated and have small sample size.
This deadly combination renders most commonly
used parametric analyses inappropriate. In SCEDs
it has long been recognised that estimating and inter-
preting autocorrelations is important, and ignoring
autocorrelations leads to incorrect estimates and
inflated type I error rates (Huitema 2000).
Therefore, the model that is used must include and
account for autocorrelations. Researchers have
shown that the combination of autocorrelated and
small sample data can be effectively handled using
the Bayesian framework (Natesan Batley 2023b).

Immediacy, consistency and variability
Researchers could use the Bayesian unknown
change-point (BUCP) model (Natesan 2017) to
measure immediacy. In BUCP modelling, the
change point, that is, the time point associated
with the introduction or the removal of the treat-
ment, is assumed to be unknown. The algorithm
for an interrupted time-series design estimates the
‘unknown’ change point along with the autocorrel-
ation and the phase means and, if necessary, the
phase slopes. The strength of the evidence of the
change-point estimate (that is, the accuracy and its
credible interval width) can be used to determine
immediacy. This approach allows the data to
speak for themselves. It is possible that in some
n-of-1 designs, particularly in psychiatry, immediate
effect might not be possible. In fact, most psychiatric
treatments take at least a fewweeks to reach efficacy.
In those cases of latency, the change-point estimate
can be used to show when the treatment started
taking effect following its introduction or completely
stopped taking effect following its removal. Credible
intervals of Bayesian estimates of phase means and
regression coefficients of phases speak to the consist-
ency and the variability of the data between and
within phases. No statistically rigorous standards
exist on determining how much consistency and
variability are permitted. This is an avenue for
future research.

Level and trend
An analysis of small sample n-of-1 data that simul-
taneously estimates level, trend and autocorrel-
ation is often underpowered (Natesan Batley
2021). Therefore, researchers must choose
whether there is reason to believe that the data
show a trend and then decide on an appropriate
model. This could mean that the researcher
chooses at most two of the three statistics (level,
trend, autocorrelation) to estimate. The above-
mentioned BUCP models can be used for these
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analyses. For instance, in a psychiatry research
study that is measuring the impact of an anti-
depressant on post-traumatic stress disorder
(PTSD), the means of the phases and either the
slopes of the phases (if there is a reason to believe
in a trend across time) or the autocorrelation
could be estimated. The differences between the
means (levels) across phases and the differences
between the slopes across phases (trends) could
be reported.

Effect sizes
The crux of any experimental design is to estimate a
design-comparable and appropriate effect size. The
effect size must be appropriate in the sense that it
should consider the scale of the data and the auto-
correlation, and have an appropriate small sample
correction. The effect size must be design-compar-
able in the sense that it must be comparable across
studies to facilitate meta-analytic work. However,
a systematic review found that 99.1% of the
studies used incorrect effect sizes, such as the
mean difference, Cohen’s d and R (Natesan Batley
2023a). There are non-overlap indices in SCEDs,
but these are not design-comparable and they
suffer from other statistical drawbacks. Two solu-
tions (effect size computations) exist so far for
ABAB and multiple baseline designs, proposed by
Hedges et al (2012, 2013). Consider the previous
example of a psychiatry research study that is meas-
uring the efficacy of an antidepressant on PTSD. A
researcher could use the phasemeans, the autocorre-
lations and the intraclass correlations to compute
these effect sizes. These effect sizes are particularly
suited for psychiatry and n-of-1 studies because it
is not uncommon for such studies to include at
least three patients. This facilitates the use of multi-
level models to compute intraclass correlations. The
caveat, of course, is that computing these effect sizes
requires some statistical rigor, but this can be rela-
tively easily overcome using free software such as
R and packages such as lme4. However, these
effect sizes are appropriate only for continuous
data – commonly used ordinal scale data require
an extension of the odds ratio effect size for SCEDs.
Obviously, this brief article cannot discuss in

detail power considerations in n-of-1 designs.
Hedges et al (2023) showed that in ABAB designs
more phase reversals with fewer observations per
phase have more power than fewer phase reversals
with more observations per phase. That is, if the
researcher can obtain only 36 observations, an
ABABAB design with 6 observations per phase
has higher power than an ABAB design with 9
observations per phase. Also see Natesan Batley
(2023c) on this. This is another emerging area of
research that is essential in designing n-of-1 studies.

Conclusion
All n-of-1 designs must ensure highest quality of evi-
dence of treatment effect that is uncompromised; but
the ultimate purpose of n-of-1 designs is to be able to
be meta-synthesised across studies. For both pur-
poses, appropriate analytical techniques are neces-
sary. Currently, it seems that n-of-1 researchers are
not sufficiently focused on using an appropriate
index to quantify treatment efficacy. This article
has presented some techniques that have shown
rigor in analysing SCEDs and, by extension, n-of-1
designs. However, more methodological research
in n-of-1 designs is necessary to expand the applic-
ability and robust conduct of this promising experi-
mental design.
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