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Abstract

In response to the importance of individual-level effects, the purpose of this paper is to describe 

the new randomization permutation (RP) test for a mediation mechanism for a single subject. 

We extend seminal work on permutation tests for individual-level data by proposing a test for 

mediation for one person. The method requires random assignment to the levels of the treatment 

variable at each measurement occasion, and repeated measures of the mediator and outcome from 

one subject. If several assumptions are met, the process by which a treatment changes an outcome 

can be statistically evaluated for a single subject, using the permutation mediation test method 

and the permutation confidence interval method for residuals. A simulation study evaluated the 

statistical properties of the new method suggesting that at least eight repeated measures are needed 

to control Type I error rates and larger sample sizes are needed for power approaching .8 even 

for large effects. The RP mediation test is a promising method for elucidating intraindividual 

processes of change that may inform personalized medicine and tailoring of process-based 

treatments for one subject.
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The purpose of this paper is to describe and apply a method for investigating a mediating 

process with data from a single participant. We first describe the background for mediation 

analysis and the motivation for single subject mediation analysis. We review randomization 

and permutation tests and describe an application of the randomization and permutation 

tests to the case of mediation analysis from one participant. The test is described as the 

RP (randomization and permutation) test because it includes a randomization test for the 
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independent variable to mediator and a permutation test for the mediator to the outcome 

variable. The method is applied to several example data sets and strengths and limitations of 

the method are discussed.

Statistical mediation analysis helps answer questions related to how or why an intervention 

achieves an effect. Knowledge of mediational mechanisms can inform understanding of 

how treatments promote wellbeing and suggest opportunities for fine-tuning effective 

interventions to maximize their impact and minimize their costs. Mediation analysis 

is useful in addressing questions about whether the intervention changed the putative 

mechanism of interest and whether that mechanism influenced the targeted outcome 

(O’Rourke & MacKinnon, 2018). Mediation analysis decomposes the total effect of an 

intervention on a targeted outcome into a direct effect and an indirect effect through a 

mediator. The indirect effect represents the effect of an intervention on a mediating variable, 

and the effect of this mediator on an outcome. Examples of indirect effects are effects of 

an intervention on craving which then reduces drug use (Mayhugh et al., 2018), effects 

of an intervention on pain catastrophizing which then increases physical activity (Leeuw 

et al., 2007), among many other examples (MacKinnon, 2008; Maric, de haan, et al., 

2015; Maric, Prins, & Ollendick, 2015). The importance of mediation analysis for theory 

and practice has made it a rapidly growing area of methods development and application 

(MacKinnon, 2008; VanderWeele, 2015). Whereas many statistical tests exist for evaluating 

mediational processes by which interventions achieve their effects on groups of individuals, 

there are few statistical tests for evaluating mediational processes for a single participant. 

Some methods are available that estimate effects for groups that can also assess mediation 

for individuals. For example, the 1-1-1 multilevel model includes both group-level and 

individual-level mediated effects (MacKinnon, 2008; Preacher et al., 2010). However, this 

method requires a data set with repeated measures of X, M, and Y for each participant 

in order to estimate the group-level and individual-level mediated effects. There are few 

methods for mediation analysis for one subject, although the topic of mediation analysis 

for single subjects is starting to receive more research attention (e.g., Gaynor & Harris, 

2008; Geuke, Maric, Miočević, Wolters, & de Haan, 2019; Maric, Prins, & Ollendick, 2015; 

Miočević et al., 2020; Vuorre & Bolger, 2018) and the method described in this paper 

was originally presented at a meeting devoted to single subject causal mediation analysis 

(MacKinnon, 2019). In this paper, we propose a randomization permutation (RP) mediation 

test on data collected from single-case experimental designs in order to evaluate mediation 

for a single subject.

In the following sections, we provide background on mediation analysis. We describe 

the RP test for single-case experimental designs. We then provide motivating examples 

of single-case experiments with random assignment of treatment doses or conditions to 

treatment times, before describing the RP mediation test. We describe the results of a 

simulation study evaluating the performance of the RP method as a function of number 

of measurement occasions, effect size, and different amounts of dependency across time. 

SAS programs for generic RP tests are available in the Appendix in Taylor and MacKinnon 

(2012) and programs for the examples in this article are included in the Supplemental 

Material Appendix.
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Current Approaches to Mediation

Intervention research, including analysis of mediators of intervention effects, typically 

draws inferences from an observed sample to generalize to the population. Nomothetic 

or variable-oriented approaches yield results at the population level, which can inform 

policy decisions and group-level intervention programs. Traditional mediation analysis 

from a variable-oriented approach assumes a homogeneous mediating process within the 

population; in other words, each person undergoing the mediation process is assumed to 

do so at the same rate and to the same degree. However, inferences about psychological 

processes made at the population level may not generalize to a specific individual (Cattell, 

1952), a fallacy known as the ecological fallacy (Molenaar & Campbell, 2009).

Idiographic or person-centered methods may inform treatment decisions for a specific 

patient and may lead to more evidence-based clinical decision making (Barlow et al., 

2009; Gast, 2010; Lei et al., 2012; Maric et al., 2015; Molenaar, 2004). Idiographic 

methods require collecting repeated measures from an individual subject, and there has 

been increased attention given to the importance of individual subject experimental studies 

for improving evidence-based therapeutic practices (Barlow et al., 2009). Echoing Gordon 

Allport’s call to return to the individual (Allport, 1962), Barlow et al. (2009) detail 

experimental strategies designed to maximize the scientific yield from single subject studies. 

Evidence from single-case experimental designs (often referred to as “N-of-1 randomized 

controlled trials”) is considered one of the most rigorous forms of evidentiary support 

for therapies, according to international evidence-based guidelines (Onghena et al., 2019). 

By randomly assigning treatment times to conditions or doses, experimental manipulation 

effects on both the outcome and the putative mediator can be achieved (Barlow et al., 2009; 

Maric et al., 2012). In this way, the single-case experimental design offers some advantages 

over traditional group-based designs. In traditional designs, even when participants are 

randomly assigned to different treatment conditions, and the assumption of temporal 

precedence is met, the mediator is not experimentally manipulated within persons, which 

limits inference regarding mediators as causal processes (MacKinnon, 2008). By contrast, 

randomized designs that involve direct manipulations of a mediating variable at different 

times offer an idiographic approach to understanding causal mediational processes for 

individuals.

Because mediation at the level of the person is an intraindividual process that can occur 

differently across individuals (Collins et al., 1998), traditional statistical methods for 

mediation are not directly applicable for single-case experimental designs. Person-oriented 

mediation assumes that individuals react differently to the intervention as well as the 

mediators that are changed by the intervention. Unfortunately, there are few available 

statistical tests for individual-level mediation, and many approaches to evaluate results from 

single-case experimental designs rely solely on visual analysis (Gaynor & Harris, 2008) 

or are concerned with tests of univariate outcomes that cannot be applied to explicitly 

investigate mediators of intervention outcomes (Geuke et al., 2019). Other proposed 

methods based on piecewise regression analysis can be used to compute and directly test 

the significance of the indirect effect (e.g., baseline vs. treatment; Miočević et al., 2020). 

These methods have not been extended to situations where the treatment times are randomly 
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assigned to conditions or doses, nor can they be used for continuous X. Here we propose 

a RP mediation test to evaluate the effects of an intervention on a specific person via the 

hypothesized mediator.

There are several challenges for estimating a mediation effect for an individual participant. 

Because the data are obtained repeatedly from the participant, there may be dependency 

between the observations. If the dependency is not modeled, then residuals from the 

individual participant are no longer independent and identically distributed. One common 

way to handle that dependency is to model the dependency with lagged coefficients and 

other approaches such as the autoregressive integrated moving average model (ARIMA) 

model. This challenge is evaluated for the proposed RP test by evaluating the method 

in a simulation study of data with and without dependency. Another related challenge 

for a single participant method is the extent to which each observation is comparable to 

observations taken at other times—an assumption of exchangeable observations. The RP 

method described herein assumes that observations are exchangeable.

Randomization Permutation Tests for One Subject

Randomization tests are a special class of permutation tests for randomized experiments, 

where experimental units are randomly assigned to treatment conditions or doses in order 

to evaluate treatment effects (Edgington & Onghena, 2007). In the case of single-case or 

N-of-1 designs, times are randomly assigned to treatments. Edgington, 1967 proposed a 

single-case randomization test by demonstrating that if repeated measures are taken from 

one subject and time of measurement is randomized to treatment, then a randomization 

test evaluates treatment effects. The subject is measured at each occasion and the treatment 

effect is computed as the difference between average outcome scores for two treatment 

conditions. The observed difference between the average in each group is compared to the 

distribution of group differences stemming from all possible random orderings of times to 

treatments that could have been observed. This comparison results in a randomization test 

p-value to test the null hypothesis that there is no relation between treatment and outcome 

scores.

For example, given a treatment with six measurement occasions (3 for placebo and 3 for 

intervention), there are 6!/3!3! = 20 possible combinations of treatment/placebo orderings 

(often called permutations in the research literature) including the one combination that was 

actually observed (Edgington & Onghena, 2007). We calculate the difference in mean score 

on the outcome for treatment and for control for all 20 combinations including the one that 

actually occurred, forming a distribution of scores under the null hypothesis of no treatment 

effect. The probability value (p-value) is equal to the proportion of times that a value equal 

to or larger than the observed effect (i.e., observed difference between means for treatment 

and control) is observed in the distribution of all possible mean difference scores. If the 

p-value is equal to or smaller than a significance level such as .05, then the null hypothesis 

is rejected. The test assumes that if the treatment has no effect at all, then any one of the 20 

permuted mean differences could have been obtained. Other measures besides the difference 

in means are possible for each data set including the correlation, regression coefficient, and 

mediated effect. Regardless of the quantity being estimated, this approach assumes that the 
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different possible randomizations to treatment are exchangeable, that is, all else being equal, 

when there is not an effect of the manipulation, each possible randomization scheme is 

equivalent to all other randomization schemes.

With the example of six measurement occasions and 20 possible orderings, the smallest 

one-tailed p-value would be 1/20 = .05. To increase the number of possible orderings, a 

larger number of occasions can be used. For example, with 8 occasions with 4 placebo and 

4 intervention conditions, there are 8!/4!4! = 70 possible combinations of treatment/placebo 

orders. With equal numbers in each group for 10, 12, and 14 occasions there are 252, 924, 

and 3432 possible combinations of treatment/placebo orderings, respectively. It may also be 

possible to apply Monte Carlo data generation for the case with limited numbers of repeated 

measures (Ernst, 2004).

Permutation Tests for Mediation Analysis

MacKinnon (2008) described a group-based permutation test for mediation. Permutation 

tests for mediation analysis are more complicated because there are two coefficients of 

interest: the X-to-M relation (see equation (1)) and the M-to-Y relation adjusted for X (see 

equation (2)), where i represents intercepts and e represents residuals.

M = im + aX + em (1)

Y = iy + bM + c’X + ey (2)

The terms randomization test and permutation test are often used synonymously in the 

research literature even though for mediation only the X-to-M relation can be evaluated 

with a randomization test, when there is randomization of X. The permutation test for the 

M-to-Y relation is not a randomization test because there is not randomization. Onghena 

(2018) emphasizes the difference between the randomization test and the permutation test: 

whereas the randomization test is based on random assignment to experimental conditions, 

the permutation test is based on random sampling. Both tests allow the estimation of a 

sampling distribution for a test statistic (Onghena, 2018; Taylor & MacKinnon, 2012). 

Because the proposed test includes a randomization test for X to M and a permutation test 

for M to Y, we call it a RP test, following Onghena’s recommendation.

Because there are two tests in mediation analysis and three variables, the number of possible 

randomized and permuted data sets can be very large. For the group-based randomization 

test with six cases and two variables, there are 6! = 720 data sets. If a mediating variable 

is also measured for each participant, with three participants randomly assigned to each 

condition of X, there is now a total of 20 randomizations of X times 720 permutations for 

M and Y so the total number of RP datasets equals 14,400. A mediation analysis would be 

conducted for each of the 14,440 data sets, resulting in a distribution of mediated effects. 

The probability value for the mediated effect is the proportion of the data sets with a 

mediated effect as large as or larger than the observed mediated effect. However, there was 

evidence that this group-based RP test can have inflated type I error rates when one of 
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the two paths from X to M or M to Y was zero and the other path was nonzero in the 

population (MacKinnon, 2008; Taylor & MacKinnon, 2012) as has sometimes been found in 

other studies of the permutation test (Churchill & Doerge, 2008). An RP test for a group of 

participants assessing each path individually, X to M, and M to Y (called a joint significance 

test in single sample mediation analysis, MacKinnon et al., 2002), had accurate Type I error 

rates but did not provide an estimate or confidence interval for the indirect effect (Taylor & 

MacKinnon, 2012).

Taylor and MacKinnon (2012) demonstrated that a confidence interval could be estimated 

for the mediated effect by randomizing and permuting residuals rather than observations, 

based on work for regression by ter Braak (1992) and Manly (1997). Taylor and 

MacKinnon (2012) conducted an extensive simulation study showing that randomizing and 

permuting observations can have inflated Type I error rates for some population parameter 

combinations but that randomizing and permuting residuals was an accurate method for 

constructing confidence intervals and testing the statistical significance of the mediated 

effect. Taylor and MacKinnon (2012) showed that estimating the sampling distribution of 

the test statistic, rather than comparing the test statistic to a sampling distribution under 

the null hypothesis, offers a better test of mediation with accurate Type I error rates in a 

variable-centered approach. The number of possible combinations of data sets for the RP 

method is equal to N!2 for continuous X, M, and Y, leading to a large number of possible 

data sets, for example, for 5, 6, 7, and 8 sample sizes (in this article this would correspond 

to 5, 6, 7, and 8 measurement occasions), there are 14,400, 518,400, 25,401,600, and 

1,625,792,400 data sets, respectively. All of this earlier work on the RP test for mediation 

was for a group of participants, was variable-oriented, and did not consider a single subject 

design.

The purpose of this paper is to show how adding measures of a mediating variable at 

each of the repeated measurement occasions in a single-case experimental design can be 

incorporated in a RP test of mediation for one person. The method creates the RP data 

sets based on randomization and permutation of residuals. Like work on group designs for 

a single-case by Edgington, 1967, the new method also requires that experimental units 

(i.e., measurement occasions) are randomly assigned to treatments as well as several other 

assumptions related to confounding to be discussed later. Based on these assumptions, the 

mediating process by which a treatment changes an outcome can be investigated for a single 

subject.

Autocorrelation in N-of-1 Designs

N-of-1 designs may exhibit autocorrelation, or the tendency for repeated measures to 

be correlated with each other (Busk & Marascuilo, 1988). Thus, the assumption of 

independently and identically distributed residuals is often not satisfied. In a meta-analysis 

of 800 N-of-1 designs, Shadish and Sullivan (2011) found, after adjusting for bias, 

that the mean autocorrelation estimate was rj = 0.20. If the autocorrelation is positive, 

estimated standard errors will be smaller, leading to an increase in Type I error rate. If the 

autocorrelation is negative, estimated standard errors will be larger leading to an increase 

in Type II error rates (Kazdin, 2011). Thus, a method is needed that does not require the 
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assumption of independence. Alternatively, there are statistical methods that account for 

autocorrelation. Because of the importance of autocorrelation for single subject analyses, the 

simulations presented later evaluate effects for different autocorrelation values using lagged 

effects. For example, autoregressive parameters could be included in equations (1) and (2) 

to model dependency in the data. The applications of the method to the data examples also 

include lagged values as predictors to adjust for possible autocorrelation, that is, lagged M at 

the previous time point is another predictor in equation (1) and lagged Y at the previous time 

and lagged M at the previous time is another predictor of Y in equation (2).

Randomization Permutation Mediation Test

The RP mediation test evaluates the extent to which treatment affects a mediator that affects 

an outcome for one subject. It is assumed that there is random assignment of treatment times 

to treatment conditions or doses.

Steps

The RP confidence interval test for the mediated effect is based on the permutation of 

residuals described by ter Braak (1992) and Manly (1997) and the RP mediation test 

described by Taylor and MacKinnon (2012). In this test, a sampling distribution of the 

mediated effect is created through the RP of regression residuals, and the confidence 

intervals is obtained from the distribution of mediated effects in the RP distribution. 

Although the concept is straightforward, clarification of several steps in the process and 

notation are important to distinguish observed, residual, calculated, and permuted values. 

If autocorrelation were expected, the lagged value of the dependent variable (or another 

method to model dependency) would be included in the equation for M in Step 1 and for Y 

in Step 6. The Supplemental Material Appendix for this paper summarize the notation used 

in this manuscript for the RP confidence interval method.

1. Estimate a model regressing M on X as in equation (1). This results in an 

observed estimate of the a-path and intercept in the single mediator model.

2. Calculate predicted values of M using the estimates obtained in Step 1, labeled 

M, and residuals, labeled em. Note when X is binary, there are two residuals. 

When X is continuous, it is possible that there is a different residual for each 

repeated measure.

3. Create a large number of datasets by randomizing the residuals in every possible 

combination, or a large sample (e.g., 2000) of the possible combinations, and 

reassigning them to the original, unpermuted data. The reassigned randomized 

residual is labeled em*.

4. Calculate new values of M, labeled M*, by summing the predicted value of M^ 

and the permuted residual for each repeated measure, em*: M*= M^ + em*

5. Estimate a model regressing M* on X as in equation (1) for all the datasets. This 

results in randomized estimates of the a-path, which are labeled a*.

6. Repeat steps 1–5 by estimating a model regressing Y on M and X, as in equation 

(2). Step 5 will result in permuted estimates of the b-path, labeled b*. Because 
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M is a continuous measure, there can conceivably be a different residual for each 

repeated measure.

7. Combine the product ab in the observed data and the product of a*b* in each 

of the RP datasets. These products make up a sampling distribution for the 

mediated effect.

8. Find the values in the distribution that correspond to the lower and upper limit of 

the desired confidence interval, for example, 2.5% and 97.5% percentile for 95% 

confidence intervals.

9. Examine the confidence interval to assess whether zero is in the confidence 

interval for significance testing and to consider the range of the possible effect.

If autocorrelation is expected, the lagged value of the dependent variable would be included 

in the equations for M and Y. For example, in the examples, we estimated the lagged M 

variable as a predictor of M and the lagged M and lagged Y variable as predictors of Y. 

In practice, a researcher may include autoregressive parameters based on theory and prior 

research, for example, it may be possible that the mediation equation does not require an 

autoregressive parameter but the outcome equation does or vice versa.

Assumptions of the RP Mediation Test

The results of the single subject RP test apply to the individual in the study. The 

usual mediation assumptions apply to this model including a self-contained model with 

no omitted influences, correct functional form for the relations of variables in the 

mediating process, reliable and valid measures, uncorrelated errors across equations, correct 

temporal precedence, and correct timing of measurement to capture the mediation process 

(MacKinnon, 2008). For the application in this paper, we also assume that the relation of 

M to Y does not change across measurement occasions so there is not an XM interaction 

in equation (2). In addition, four no unmeasured confounding assumptions identify direct 

and indirect effects by consideration of possible covariates that reduce the plausibility of 

unmeasured confounders of mediation relations (Pearl, 2001; VanderWeele & Vansteelandt, 

2009; Valeri & VanderWeele, 2013):

1. No unmeasured confounders of the effect of the independent variable X on the 

dependent variable Y conditional on covariates.

2. No unmeasured confounders of the effect of the mediator M on the dependent 

variable Y conditional on the independent variable X and covariates.

3. No unmeasured confounders of the effect of the independent variable X on the 

mediator M conditional on covariates.

4. No measured or unmeasured confounders of the effect of the mediator M on the 

dependent variable Y that are affected by the independent variable X.

The single subject design raises important issues about the mediation assumptions. The 

assumption of a self-contained model indicates that there are no omitted variables in 

the statistical analysis. Because one participant is in the study, omitted variables that are 

consistent over time in the individual are addressed. However, it is possible that confounders 
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may change over time owing to boredom, maturation, etc. By randomizing times to 

conditions, assumptions 1 and 3 (i.e., the effect of X on the mediator and the effect of X on 

the outcome) are satisfied, at least with a large number of measurement occasions. However, 

randomization of times does not remove possible confounding of the M to Y relation 

(assumption 2) and also the extent to which change in X changes a mediator that affects 

Y (assumption 4). Assumptions 2 and 4 are not satisfied even if X represents assignment 

to levels of a randomized treatment because an individual self-selects their values on the 

mediator in response to treatment, given their observed level of the treatment and covariates 

(Holland, 1988; Imai et al., 2010; MacKinnon, 2008; MacKinnon & Pirlott, 2015). In other 

words, just like mediation designs with many subjects, mediation analysis with a single 

subject does not have a causal interpretation without further assumptions even when times 

are randomized in the single subject design (Holland, 1988; MacKinnon, 2008; Robins & 

Greenland, 1992; VanderWeele & Vansteelandt, 2009).

Clinical Examples

The RP test can evaluate mediation for a single person. Although there are different 

single-case experimental designs (e.g., withdrawal/reversal, alternating treatments, multiple 

baselines, and changing criterion designs; Onghena et al., 2019), we focus on the 

randomized treatment design, which is appropriate for treatments that have a rapid onset and 

offset of effects and can be administered in a double-blind, placebo-controlled, single-case 

experiment. We provide one example in which a subject’s measurement occasions are 

randomly assigned to either treatment or placebo (i.e., binary X). Next, because researchers 

may be interested in dose-response treatment effects (McVay et al., 2019), we provide two 

examples in which measurement occasions are randomly assigned to alternating treatment 

doses (i.e., continuous X). More information on these examples including plots are included 

with the Supplemental Material Appendix for this paper.

Randomization to Treatment Condition

Our first example describes a single-case experimental design for understanding processes 

that may confer risk for developing an alcohol use disorder in a high-risk individual. We 

pattern the hypothetical data based on a study by Mayhugh et al. (2018) who examined 

patterns of momentary stress and craving among non-dependent, moderate-heavy alcohol 

users who drank as usual for 3 days and abstained from drinking for 3 days. Mayhugh et 

al. (2018) found evidence that, on average, drinking relieved stress relative to abstinence, 

and higher stress was associated with greater cravings. Data based on one participant in 

this study (Participant 18) were used to create a synthetic dataset, which is shown in the 

Supplemental Material Appendix. The participant was randomly assigned days in which 

they could drink or had to abstain, in order to investigate the effect of abstinence on craving 

levels via increased stress. Results of the RP test suggest that, for this participant, abstinence 

reduced stress, which in turn predicted higher craving levels (median mediated effect of 

−.63 with 95% confidence limits: [−1.36, −0.01]). The estimates include adjustment for 

dependency in stress (lag 1 estimate = 0.07, p = 0.67) in the mediator equation and the 

dependency in cravings (lag 1 estimate = 0.29, p = 0.07) and stress (lag 1 estimate = 

−0.22, p = 0.20) in the outcome equation. Note that the mediated effect for this hypothetical 
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participant is opposite from the overall results of Mayhugh et al. (2018) demonstrating how 

single subject analysis may obtain different results for different participants.

Randomization to Treatment Dose

Randomization permutation tests can also be employed to examine dose-response 

relationships. Examining dose-response relationships may uncover for whom certain foods 

or food additives have an adverse effect, as well as the process through which these 

individuals are affected. For example, although the majority of children do not have a 

behavioral response to food additives, some children do exhibit a significant increase in 

their negative behaviors following consumption of artificial food colors (Weiss et al., 1980). 

Randomization permutation tests can evaluate potential mechanisms, such as the secretion 

of histamine, by which food additives influence behavior for each affected child (Stevens et 

al., 2013). We present data in Supplemental Material Appendix A based on a hypothetical 

study where the participant was randomly assigned to different doses of food additives on 

different measurement occasions, and repeated measures of plasma histamine and behavior 

problems were assessed. Results of the RP test suggest that, for this participant, food 

additives were related to plasma histamine, which in turn predicted more behavior problems 

(median mediated effect = .043 with 95% confidence limits: [0.02, 0.08]). The estimates 

include adjustment for dependency in plasma histamine (lag 1 estimate = 0.02, p = 0.90) in 

the mediator equation, and the dependency in behavior problems (lag 1 estimate = 0.02, p = 

0.41) and histamine (lag 1 estimate = −.24, p = 0.22) in the outcome equation.

Similarly, single-case experimental designs may be useful in evaluating the mechanisms 

through which short-acting pharmacological interventions achieve their effects. 

Randomization permutation tests could evaluate whether the effect of oxytocin, administered 

as a nasal spray, on increased cooperation operates via increased recognition of happy faces 

(Gossen et al., 2012; Rilling et al., 2012; Schulze et al., 2011; Shin et al., 2015, 2018). 

Supplemental Material Appendix A shows data from a hypothetical study where treatment 

times were randomly assigned to intranasally-administered oxytocin doses, and measures 

of a participant’s facial emotion recognition and prosocial behavior were taken at each 

treatment occasion. Results of the RP test suggest that, for this participant, oxytocin was not 

related to prosocial behavior via facial emotion recognition because the confidence interval 

contains zero (median mediated effect = .02 with 95% confidence limits: [−0.00, 0.05]). The 

estimates include adjustment for dependency in facial emotion recognition, (lag 1 estimate = 

−0.05, p = 0.75) in the mediator equation and the dependency in prosocial behavior (lag 1 

estimate = 0.00, p = 0.98) and facial emotion recognition (lag 1 estimate = −.15, p =.55) in 

the outcome equation.

Simulation Study

We conducted a simulation study to systematically evaluate the performance of the proposed 

mediation analysis for a single subject as a function of number of measurement occasions 

and the influence of different amounts of dependency in repeated measures from the single 

participant. We focused on the power and Type I error rates of the RP confidence intervals 

for the indirect effect.
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Methods

Data were simulated with two types of dependency: (1) no dependency, and (2) 

autocorrelation using lagged effects for both M and Y. Data were generated in SAS software 

version 9.4. The predictor X was generated as a random binary variable. The mediator 

M and outcome Y were generated according to equations (1) and (2) with the residuals 

generated from a normal distribution. In order to evaluate the effects of autocorrelation of M 

and Y, lagged M and Y variables from the generated data were added as predictors lagged 

by one time occasion. Lagged effects of 0.3, 0.5, and 0.8 were specified, and the lagged 

effect was the same for M and Y in all conditions. The autocorrelated data were analyzed by 

both modeling and not modeling the lagged M and Y variables. Modeling the lagged effect 

was accomplished by including a lag 1 predictor of M and Y in the equation for M and Y, 

respectively. The values of the a, b, and c’ parameters were set to either 0, .59 (a large effect 

corresponding approximately to a correlation of .5), or 1 (a very large effect corresponding 

approximately to a correlation of .7) in seven combinations of a, b, and c’. There were three 

combinations with a nonzero population mediated effect to assess power: large, large, and 

zero; large, large, and large; very large, very large, and zero; for a, b, and c’, respectively. 

There were four combinations with a zero population mediated effect to assess Type I 

error rates: zero, large, and zero; large, zero, and zero; zero, large, and large; large, zero, 

and large, for a, b, and c’, respectively. The value of 1 represents a very large effect size, 

exceeding the large effect size of .59 often used in mediation simulation studies. The very 

large effect size was used in the simulation because of the possible reduced power to detect 

effects in single subject designs. There were 10 levels of repeated measurements, ranging 

from N = 4 to N = 100 occasions (N = 4, 6, 8, 10, 12, 16, 20, 40, 50, 100). For empirical 

power, there were three parameter combinations times 10 sample sizes times seven analysis 

models with and without modeling lagged effects for 210 conditions reported in Table 1. For 

empirical Type I error rates, there were four parameter combinations, 10 sample sizes times 

seven analysis models with and without modeling lagged effects for 280 conditions reported 

in Table 2. Each condition used 2000 RPs except for the conditions in the smallest sample 

size, N = 4. When N = 4, only 576 RPs were used, which is the total number of possible RPs 

at this sample size. Each condition was replicated 500 times. The empirical Type I error rate 

and empirical statistical power were computed for each condition. The Type I error rate was 

equal to the proportion of confidence intervals for the indirect effect that excluded 0 when 

the true indirect effect was 0, and values above 0.075 were considered excessive according 

to Bradley’s (1978) robustness criterion. Power was equal to the proportion of confidence 

intervals for the indirect effect that excluded 0 when the true indirect effect was nonzero and 

empirical power values of 0.8 or higher were deemed adequate, following conventions for 

statistical power.

Results

Power

When there is no autocorrelation for M and Y in the data generating process, then 40 

repeated observations are required for power greater than 0.8 when a, and b are both 

very large; N = 100 repeated observations are required when a and b are large (Table 1). 
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When there is an unmodeled autocorrelation of 0.3, N = 100 repeated observations are 

sufficient for power greater than 0.8 when the effects of a and b are both large. When the 

autocorrelation of 0.3 is modeled, there is power greater than 0.8 for N=50 with large a 
and b. No conditions had power greater than 0.8 for an unmodeled autocorrelation of 0.5 

or 0.8, but modeling the autocorrelation did have greater than 0.8 power for N of 50 for 

very large a and very large b and N-of-100 starting at large a and large b. The power for a 

modeled autocorrelation of 0.8 along with very large a and very large b effects was reduced 

to .257 likely owing to the multicollinearity of very large a, very large b effects, and a large 

autocorrelation of 0.8 for M and Y; such very large effect sizes are perhaps unlikely to occur 

with real single subject data.

Type I Error Rate

Results indicate that with no autocorrelation for M and Y in the data generating process, N 
= 8 is sufficient for attaining Type I error rates below the upper bound of Bradley’s (1978) 

robustness criterion (Table 2). Furthermore, Type I error rates remain acceptable at larger 

sample sizes. With unmodeled autocorrelations of 0.3, 0.5, and 0.8 in both M and Y, the 

Type I error rates are acceptable starting at N = 8, but there were excessive Type I error rates 

when the autocorrelation was not modeled for larger sample sizes, as high as 0.27 for N = 

100 and large a and zero b. When the autocorrelation was modeled, there were no occasions 

when the Type I error rates exceeded Bradley’s criterion.

Discussion

The RP mediation test provides an option for research on mediating processes with 

repeated measures data from a single subject. The strengths of the method include its 

acknowledgment of individual differences by focusing on one individual at a time, a long 

history of research evaluating randomization and permutation methodology, and how it 

makes the maximum use of data from one subject. The simulation study demonstrated that 

under ideal conditions with 40 repeated measures, the proposed method has 0.8 power to 

detect a very large effect of X to M and M to Y. For large effects of X to M and M 

to Y, 100 repeated measures are required for 0.8 power. Fewer repeated measures would 

require larger effect sizes and more repeated measures would require smaller effect sizes 

for adequate power though it may be possible to combine Monte Carlo data generation 

with the RP test with limited numbers of repeated measures (Ernst, 2004). The proposed 

method provides an important complement to visual inspection of data from one individual 

across time and conditions. The simulation study also demonstrated that it is best to model 

dependency in the mediator and outcome over time. The need to model dependency in 

time series is recognized in other approaches for single subject time series such as the 

Autoregressive Integrated Moving Average (ARIMA) model (Ljung & Box, 1978). The role 

of dependency in single subject data is an area of active discussion (Barnard-Brak, Watkins, 

& Richman, 2021) and warrants further research. The RP method described herein can 

accompany methods to model dependency. Like many simulation studies, this simulation 

study demonstrated the RP method in ideal conditions where the data generating model 

and the data analysis model coincided. With real data, the dependency is unknown, so it is 

important that researchers obtain a model that adequately deals with the dependency in the 
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data. Nevertheless, the results in this paper provide proof of concept information for the RP 

test.

The single subject RP mediation method has several limitations. Some of the limitations 

apply to mediation analysis in general and others are specific to conducting analysis with 

a single subject. The proposed RP method is based on residuals from regression equations, 

which may be different than RP of observations, though the RP of residuals had better 

statistical properties than RP of observations in Taylor and MacKinnon (2012). Assumptions 

of group-based methods regarding valid and reliable measurement of constructs apply to 

single subject designs. We assume that constructs are measured without error. It may be 

possible to include measurement models for variables in the single subject design, but this 

will add more complexity to model estimation and is a topic for future research. A primary 

limitation of the RP method is that the results of the analysis apply to one participant and 

may not apply to other participants. Methods for meta-analysis of small N designs (Shadish 

et al., 2008) and Bayesian methods combining information across studies (Wurpts et al., 

2021) may be used to combine results across individuals.

Several confounding assumptions are important for the single subject design (see Josephy 

et al., 2015 for more on counterfactual models for within-subject designs). In particular, 

the assumption of no confounders of M to Y illustrates several limitations of the proposed 

method. First, the relation of the intervention to the mediator is randomized, but the relation 

of the mediator to the outcome is not. There can be confounders of the M to Y relation for 

the single subject RP test as for the group-based mediation methods, though there is some 

confounding control of individual differences because the single participant provides the 

data. Similarly, there may be effects of X that change a variable that confounds the M to Y 

relation. For example, in the example relating the abstinence or drinking condition to stress, 

and then stress to craving for alcohol, there can be confounders of the stress to craving 

relation. An external variable, such as weekend day, may predict both stress and craving. 

Approaches to sensitivity analysis for unmeasured confounders and adjustment for measured 

confounders address violations of this assumption (MacKinnon & Pirlott, 2015). Measured 

confounders could be included as additional predictors in the regression models (Kroehl et 

al., 2020), for example, coding weekend day or not as an additional predictor. Treatment 

may also change more than one mediator, which violates the assumption that X does not 

change a mediator that changes the M to Y relation. In principle, it is possible to add an 

additional mediator to address this aspect of X induced confounding of the M to Y relation, 

but this model is beyond the scope of this paper and would require additional assumptions 

regarding how the mediators are related (VanderWeele & Vansteelandt, 2013).

Another limitation of the single subject method proposed here extends from the long 

history of criticism of within-subjects designs including carryover effects, history effects, 

and maturation effects that provide alternative explanations of results. For the mediation 

model, this limitation applies to both the mediator and the outcome variable. Even with these 

effects, successful randomization of treatment to measurement occasions reduces alternative 

explanations for estimates of the X to M and X to Y but not for the M to Y relation. 

Carryover effects, history, and maturation could be alternative explanations of the M to 

Y relation in the single subject design. The method assumes that with randomization of 

MacKinnon et al. Page 13

Eval Health Prof. Author manuscript; available in PMC 2022 April 10.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



treatment to times, each condition is exchangeable—that the same results would be obtained 

with different actual orders of the assigned treatment. Discussion of these assumptions are 

an important part of reporting results from the RP mediation analysis.

There are several important future extensions of this method. The performance of different 

approaches to modeling dependency, especially across research areas, is an important 

research topic. The need for modeling dependency over time may differ, for example, 

between designs with a short time lag compared to a long time lag between measurements. 

The method described in this article is for randomization of occasions to treatment. The 

RP mediation test could also be developed for other designs, including designs in which 

randomization of treatment to days follows other methods such as an ABAB design or 

more complicated design (Onghena et al., 2019). The method can be applied to any design, 

even designs where treatment was not randomized to conditions, but the RP method would 

represent statistical associations and not causal effects. The methods can be extended to 

more complicated designs but performance for such designs will depend on the successful 

randomization of treatments to measurement occasions or groups of measurement occasions 

and whether carryover effects could explain results. An extension of the RP method 

could include additional subjects in the RP analysis with dummy codes and blocking 

participants. Adding more participants may improve the conclusions of the study, though 

if all participants yield the same result, then analysis methods at the group-level are likely 

the preferred method of choice.

In conclusion, the combination of the randomization (for the relation of X to M) and the 

permutation (for the relation of M to Y adjusted for X) in the RP mediation test is a 

promising solution for investigating mediation with single subject data. The current method 

requires that measurement occasions are randomized to treatments and there is adequate 

modeling of dependency in the data. The results of the analysis apply to the participant 

under study and not necessarily other participants. With the RP method, it is possible to 

observe different, perhaps even opposite, results across individual participants, consistent 

with the goals of idiographic theory.
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