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Multiple-baseline studies are prevalent in behavioral research, but questions remain about how to best analyze
the resulting data. Monte Carlo methods were used to examine the utility of multilevel models for multiple-
baseline data under conditions that varied in the number of participants, number of repeated observations per
participant, variance in baseline levels, variance in treatment effects, and amount of autocorrelation in the
Level 1 errors. Interval estimates of the average treatment effect were examined for two specifications of the
Level 1 error structure (02I and first-order autoregressive) and for five different methods of estimating the
degrees of freedom (containment, residual, between—within, Satterthwaite, and Kenward—Roger). When the
Satterthwaite or Kenward—Roger method was used and an autoregressive Level 1 error structure was specified,
the interval estimates of the average treatment effect were relatively accurate. Conversely, the interval estimates
of the treatment effect variance were inaccurate, and the corresponding point estimates were biased.

The basic interrupted time-series design includes two
phases: a baseline phase consisting of a series of obser-
vations preceding the introduction of a treatment, and a
treatment phase consisting of a series of observations fol-
lowing the introduction of a treatment (see Figure 1). Al-
though inferences about treatment effects are made from
studies that utilize basic interrupted time-series designs,
the validity of these inferences can be questioned because
a shift in the time series may be the result of something
other than the treatment (e.g., an event that happened to
occur around the time of the intervention; Shadish, Cook,
& Campbell, 2002). In an effort to reduce the plausibil-
ity of alternative explanations for shifts in time-series
data, researchers often turn to more complex interrupted
time-series designs, such as the reversal design and the
multiple-baseline design (see Figure 1). The reversal
design increases the number of phases by withdrawing
and later reintroducing a treatment, whereas the multiple-

baseline design includes interrupted time-series data from
multiple participants (or behaviors, or settings) where an
intervention is staggered to occur at different times within
the different series.

These interrupted time-series designs—also called
single-participant, single-case, or single-subject designs—
are valued for several reasons. First, it is important for
one to have designs that allow researchers to estimate
individual treatment effects. By accumulating individual
treatment effects, we can gain a better understanding of
person-specific effects and their variation than we can
obtain through traditional group designs, which focus on
average effects (Barlow & Hersen, 1984; Morgan & Mor-
gan, 2001). Second, researchers need designs that allow
them to study treatment effects in low-incidence or highly
fragmented populations (Dukes, 1965; Van den Noortgate
& Onghena, 2003a). Third, it is valuable for one to have
research designs with features that are closely aligned
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Figure 1. Design diagrams and graphical displays of the basic interrupted time-series design, the
reversal design, and the multiple-baseline design. The Os represent observations; the Xs represent
the implementation of an intervention; the X~ represents removal of the intervention.

with practice (Kratochwill & Piersel, 1983; Morgan &
Morgan, 2001). These designs allow engagement of clini-
cians and practitioners in research, thereby lessening the
gap between research and practice.

Among clinicians and practitioners, the multiple-
baseline design is often preferable to the reversal design
because it does not require withdrawal of the treatment
(Barlow & Hersen, 1984; Ferron & Scott, 2005). Conse-
quently, the multiple-baseline design has become widely
used. A search in PsycINFO for “multiple baseline” that
was restricted to the year 2007 produced 132 entries;
82 of these were journal articles from a variety of dif-
ferent fields. For example, a multiple-baseline design
across settings was used to examine the effects of an in-
tervention on the social interaction skills of a child with
Asperger syndrome (Bock, 2007). A multiple-baseline

design across participants was used to examine the ef-
fect of a treatment on clinical perfectionism in partici-
pants with Axis I disorders (Glover, Brown, Fairburn, &
Shafran, 2007). Furthermore, a multiple-baseline design
across behaviors was used to examine the effects of treat-
ment on verbal productivity in a participant with anomic
aphasia (Wambaugh & Ferguson, 2007). Other multiple-
baseline applications included a study of the effects of a
treatment for depression in a primary care setting (Nay-
lor, Antonuccio, Johnson, Spogen, & O’Donohue, 2007),
a study of the effects of an instructional intervention on
phoneme-segmentation fluency with at-risk kindergar-
ten children (Musti-Rao & Cartledge, 2007), and a study
of the effects of training on the aggressive behaviors of
individuals with mild mental retardation (Singh et al.,
2007).
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Although the utility of multiple-baseline designs is well
established, there is no consensus on how to analyze and
present the resulting data. Among the methods traditionally
employed are visual analyses (Parsonson & Baer, 1992),
randomization tests (Bulté & Onghena, 2009; Koehler &
Levin, 1998; Marascuilo & Busk, 1988), ordinary least
squares regression (Huitema & McKean, 1998), first-order
autoregressive models (McKnight, McKean, & Huitema,
2000), and more general time-series models (Velicer &
Fava, 2003). In recent years, multilevel models (also called
hierarchical linear models, or mixed linear models) have
also been suggested as a method for combining single-case
data within and across studies (Nugent, 1996; Shadish &
Rindskopf, 2007; Van den Noortgate & Onghena, 2003a,
2003b).

Multilevel Model for Multiple-Baseline Data

As shown in Equations 1-3, in the basic multilevel
model for multiple-baseline data across participants, an
outcome () is modeled for participant j as a linear func-
tion of a single predictor, phase,

vy = Boj T By phase; + ry, (1)

where phase is a dichotomous variable indicating whether
the observation is from the baseline or treatment phase,
By, is the level of the outcome during baseline for the jth
participant, f3; is the treatment effect for the jth partici-
pant, and r;; is error leading to within-phase variation. At
the second level of the model, the regression coefficients
of the first level are allowed to vary randomly across
participants:

Boj = Yoo + uoj» ()
and

Bij = vio T i (3)

where v, is the average baseline level, y, is the aver-
age treatment effect, and uy; and u,; are errors that are
assumed to be normally distributed. These errors lead to
variation in both baseline levels among participants and
treatment effects among participants.

Multilevel modeling is an appealing option because
(1) it allows one to use data from multiple cases in a sin-
gle analysis; (2) the models are flexible enough to handle
dependent error structures, heterogeneous variances, and
moderating effects; (3) software for estimating multi-
level models is accessible and familiar to many applied
researchers; and (4) interval estimates can be obtained for
effects of interest. The size of the average treatment effect
can be gauged by the fixed effect for treatment; variation
in the treatment effect can be estimated by the variance
component for the treatment effect; potential moderators
of the treatment effect can be examined through the inclu-
sion of cross-level interaction effects; and individual treat-
ment effects can be provided from the empirical Bayes
estimates.

Although multilevel models allow the estimation of pa-
rameters that address questions of interest among single-
participant researchers, some concerns can also be raised.

First, the multilevel model assumes that the time series
are independent of each other. In some multiple-baseline
applications, however, one would expect the units to be
interdependent (Bulté¢ & Onghena, 2009; Marascuilo &
Busk, 1988). A multiple-baseline design across behav-
iors will often produce series that are interdependent,
because the treatment of one behavior may affect other
behaviors in the individual and because an unmeasured
variable that contributes to the error may have an impact
on multiple behaviors. A multiple-baseline design across
participants, however, may involve either independent or
interdependent participants (Marascuilo & Busk, 1988).
For example, four students working together in the same
class would tend to have interdependent series, whereas
four students from different classes may have independent
series. It would appear that multilevel modeling would be
most appropriate for applications in which the participants
are independent.

The second concern focuses on the appropriateness of
the sample size. The restricted maximum likelihood meth-
ods typically used to estimate multilevel models were de-
veloped under large-sample theory, and recommendations
for use often suggest sample sizes of at least 30 upper-level
units (Hox, 1998). Although researchers may prefer to have
large numbers of participants, practical constraints often
lead to multiple-baseline studies with 4 to 8 individuals.
Consequently, the amount of data available from a single
study may not be adequate for a multilevel analysis.

On the basis of previous research (see, e.g., Maas &
Hox, 2004; Mok, 1995; Raudenbush & Bryk, 2002), one
may anticipate that interval estimates of the average treat-
ment effect would have a better chance of performing well
under small-sample-size conditions than would interval
estimates of the variance in the treatment effect. More spe-
cifically, fixed-effect estimates are unbiased when sample
size is small, but variance estimates are not (Raudenbush
& Bryk, 2002). Maas and Hox (2004) reported a 25% up-
ward bias in the Level 2 variance components when there
were only 10 Level 2 units each of size five. Mok (1995),
who studied a variety of Level 1 samples sizes, reported
relative bias as high as 34% with 5 Level 2 units, 18% with
10 Level 2 units, and 10% with 20 Level 2 units.

Although the fixed-effect estimates are unbiased, ques-
tions can be raised about confidence intervals and sig-
nificance tests, because they depend not only on the effect
estimates, but also on the estimated standard errors and
degrees of freedom. Several alternative estimates for the
degrees of freedom have been proposed (Fai & Corne-
lius, 1996; Kenward & Roger, 1997). Although the differ-
ences among these methods have a trivial impact when the
Level 2 sample size is large, the differences would appear
to be material for small-sample contexts, such as multiple-
baseline designs.

Methods for Estimating Degrees of Freedom
Consider a multiple-baseline design across 6 partici-
pants with 20 observations per participant, in which the
researcher uses the model defined in Equations 1-3. The
degrees of freedom for an inference about the average
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treatment effect (y;o in Equation 3) could be estimated
using a variety of approaches. The simplest would be to
take the number of Level 1 units summed across partici-
pants and subtract the number of fixed effects, which for
this example yields 118 degrees of freedom (i.e., 120 — 2).
This simple method of estimating degrees of freedom,
which is referred to as the residual method, and which
was the default in the earliest versions of PROC MIXED
in SAS, would seem inappropriate for multiple-baseline
data because of the anticipated clustering of observations
within participants.

An alternative would be to estimate the degrees of free-
dom as the number of Level 2 units minus the number
of fixed effects within the Level 2 equation containing
the fixed effect of interest. For this example, we would
obtain 5 degrees of freedom (i.e., 6 — 1) for the inference
about the average treatment effect. This is the approach
used by the HLM software, as well as the approach used
in the containment method in SAS as long as the effect
is listed on the random statement in PROC MIXED. An-
other alternative, referred to in SAS as the between—within
method, is to partition the residual degrees of freedom
into between-participants and within-participants degrees
of freedom. For our example, this approach would yield 5
between-participants and 113 within-participants degrees
of freedom. The treatment effect would be assigned the
within-participants degrees of freedom because the treat-
ment varies within participants.

Other approaches to estimating the degrees of freedom
rely on estimates of the variance—covariance matrix of the
vector of responses. The Satterthwaite method used in
SAS is a generalization of the procedure described by Fai
and Cornelius (1996), which builds on the work of Satter-
thwaite (1941). The Kenward—Roger method is an exten-
sion of the Satterthwaite method, and was developed by
Kenward and Roger (1997) to adjust for small-sample bias
in the variance estimation. These methods, as well as those
mentioned previously, are defined more formally in the
Appendix. More detailed descriptions are also available
elsewhere (SAS Institute Inc., 2004; Schaalje, McBride,
& Fellingham, 2001).

Considering the mathematical differences in the ap-
proaches used to estimate degrees of freedom, one might
anticipate that the confidence interval coverage for the
average treatment effect would vary on the basis of the
method employed. The containment method would be
expected to lead to higher coverage than would the re-
sidual or between—within methods, and the Kenward—
Roger and Satterthwaite methods would be expected to
produce coverage in between the containment and re-
sidual methods, with the consequences of using the dif-
ferent methods diminishing as the Level 2 sample size
increased. However, it is unknown under what circum-
stances acceptable interval estimates can be made from
multiple-baseline data.

Several researchers have examined the performance of
the Kenward—Roger method of estimating degrees of free-
dom in the context of more traditional repeated measures
designs (Fouladi & Shieh, 2004; Gomez, Schaalje, & Fell-
ingham, 2005; Kenward & Roger, 1997; Kowalchuk, Kes-

elman, Algina, & Wolfinger, 2004; Schaalje et al., 2001).
Although each of these studies has indicated promising
results, with Type I error rates estimated to be close to
the nominal level across a variety of design and data con-
ditions, variability in performance was also noted. For
example, using a three-group design with 3 participants
per group, each measured at three points in time, Gomez
et al. (2005) found Type I error control to vary on the
basis of the covariance structure. More specifically, when
data were generated and analyzed assuming compound
symmetry, the estimated Type I error rate for the main ef-
fect of treatment was .0525 (a = .05). Conversely, when
the data were generated and analyzed on the basis of a
first-order autoregressive with random effects model, the
Type I error rate for the treatment effect was estimated to
be .1165 (a = .05).

Kowalchuk et al. (2004) also examined a three-group
design, but they considered 30 participants who were un-
equally split into groups of size 6, 10, and 14, and who
were measured at four points in time. Data were generated
using a random coefficient, a heterogeneous first-order
autoregressive, or an unstructured covariance structure.
Using a nominal a of .05, they found that when the cova-
riance structure was selected using Akaike’s information
criterion, the Type I error rate estimates varied from .028
to .069 for the time main effect, and from .045 to .072 for
the interaction effect. When the covariance structure was
selected using Schwarz’s Bayesian criterion, the estimates
of the Type I error rates ranged from .020 to .088 for the
time main effect and from .035 to .081 for the interaction
effect. In addition to the reported variation in performance
across design and data conditions, the inability to math-
ematically derive performance under small-sample-size
conditions adds to the complexity of generalizing the
performance of the Kenward—Roger method to multiple-
baseline designs.

Purpose

The purpose of the present study was to examine the
quality of treatment effect inferences made from multi-
level models of multiple-baseline data. Specifically, the
interval estimate of the average treatment effect was ex-
amined for each of five methods of approximating the de-
grees of freedom (containment, residual, between—within,
Satterthwaite, and Kenward—Roger), and for each of two
methods of specifying the Level 1 error structure (o2l or
first-order autoregressive). In each case, the quality of the
inference was considered for conditions varying in the
number of participants, series length, level of autocorre-
lation, variance among participants in initial level, and
variance among participants in treatment effect. The point
and interval estimates of the variance in the treatment ef-
fect were also examined.

METHOD

Monte Carlo simulation methods were used to examine ap-
proaches for making multilevel modeling inferences from multiple-
baseline data. The number of simulated participants (Level 2 sample
size) was 4, 6, or 8. The number of simulated observations in the
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time series (series length or Level 1 sample size) for each participant
was 10, 20, or 30. By crossing the number of participants with the
series length, nine conditions were obtained that covered the range
of sample sizes and series lengths typically reported in multiple-
baseline studies.

Data were generated on the basis of the two-level model defined
in Equations 1-3, with the fixed effects (yqo and y,) set to 1.0. The
within-participants model (Equation 1) is based on an immediate
shift in level and is consistent with the multilevel modeling applica-
tion presented by Van den Noortgate and Onghena (2003a). Further-
more, because it represents the most basic interrupted time-series
model (e.g., there are no trends, changes in trends, or seasonal ef-
fects), it appeared to be the appropriate model for initial study into
the multilevel modeling of multiple-baseline data. Errors for the
within-participants model (r;;) were generated using the ARMASIM
function in SAS (Version 9.1; SAS Institute Inc., 2005), with a vari-
ance (02) of 1.0 and an autocorrelation (p) of 0, .1, .2, .3, or .4,
which appears ample to cover the range of autocorrelation typically
found in behavioral data (Busk & Marascuilo, 1988; Huitema, 1985;
Matyas & Greenwood, 1997).

The between-participants model (Equations 2 and 3) allowed
baseline level and treatment effects to vary randomly across par-
ticipants. Level 2 errors were generated from a normal distribution
using the RANNOR random number generator in SAS. The variance
of ug; (Tgo) was equal to 0.1 or 0.3; the variance of u;; (z;,) was equal
to 0.1 or 0.3, and the covariance between u; and u;; was 0. These
Level 2 variances were chosen so that the majority of the variance
would be in the Level 1 errors (recall 62 = 1.0). Substantial Level 1
variation makes treatment effects more difficult to discern visually
and thus motivates statistical analyses. A larger variance component
at Level 1 was also consistent with the multilevel modeling applica-
tion presented by Van den Noortgate and Onghena (2003a) and with
several reanalyses of recently published multiple-baseline studies
that we conducted using multilevel models. For example, when pre-
viously published multiple-baseline data were reanalyzed using mul-
tilevel modeling, in some cases it was found that 02 was greater than
799, Which exceeded 7, (Figure 2 in Mahar et al., 2006, and Figure 1
in O’Callaghan, Allen, Powell, & Salama, 2006). In some cases, o2
was greater than 7, which exceeded 7 (Figure 3 in Tiger, Hanley,
& Hernandez, 2006, and Figure 4 in Tsao & Odom, 2006).

Next, crossing the two variance levels of ug; with the two variance
levels of u; and the five levels of autocorrelation, we examined a
total of 20 variance conditions for each of the nine combinations of
sample size with series length. For each of these 180 data conditions
(20 = 9), 5,000 data sets were simulated using SAS IML. The use

of 5,000 replications leads to an adequate level of precision when
estimating the coverage (e.g., when the coverage is .95, the standard
error is .0031).

After each data set was generated, it was analyzed using multilevel
modeling with REML estimation via PROC MIXED in SAS. Inter-
val estimates of the fixed effects were made using each of the five
methods of estimating degrees of freedom: containment method,
residual method, between—within method, Satterthwaite method,
and Kenward—Roger method (Kenward & Roger, 1997; Schaalje
et al., 2001). For variance components, the confidence intervals
were based on the Satterthwaite method.

In the initial simulations, the treatment effect was modeled as a
shift in level between the baseline and treatment phases; the Level 1
errors were modeled as 021, and the intercept and treatment effects
were allowed to vary randomly across participants; see Figure 2 for
the PROC MIXED specification when the Kenward—Roger method
was used to estimate the degrees of freedom. The Level 1 error spec-
ification of 02I was chosen because it is a relatively simple structure
that is commonly used in multilevel models for more traditional
growth curve applications, and because simulation work has shown
that in these more traditional applications, tests of fixed effects func-
tion relatively well with this specification, even when the errors are
generated on the basis of an autoregressive model (Ferron, Dailey,
&Yi, 2002).

Simulations for all 180 data conditions were then rerun with the
specification of the analysis model changed to estimate a first-order
autoregressive model for the Level 1 errors. Again, results were
obtained for each of the degrees of freedom methods. The PROC
MIXED specification for this second set of simulations is shown
in Figure 2, and again the syntax shows the particular case in which
the Kenward—Roger method was used to estimate the degrees of
freedom.

Convergence rates were high (100% convergence for 94% of
the conditions, and 99.98% convergence for the other 6% of the
conditions). Several checks were used to verify the accuracy of the
simulation program. For a small number of replications, the vectors
produced at each stage of data generation were examined, as were
the output data sets generated by calls to PROC MIXED and the
summary data set that collected results. In addition, the fixed-effect
parameter values used in data generation were compared with the
values obtained from analyses of the generated data. It was found
that the fixed-effect estimates were unbiased, which was theoreti-
cally expected and provided additional information that the simu-
lation was functioning appropriately. The code for conducting the
simulations is available from the first author.

proc mixed covtest cl;

model y = phase / s cl alpha = .05 ddfm = kenwardroger;
random int phase / sub = idlevel2;

proc mixed covtest cl;

model y = phase / s cl alpha = .05 ddfm = kenwardroger;

random int phase / sub = idlevel2;

repeated / type = AR(1l) sub = idlevel2;

Figure 2. Example PROC MIXED code showing multilevel model specifica-
tion when the Level 1 error structure was assumed to be 621 and when the Level 1
error structure was assumed to be first-order autoregressive. In both cases, the
Kenward—Roger method was used to estimate the degrees of freedom.
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RESULTS

To estimate confidence interval coverage (Clys) for each
fixed effect, the results from the analyses were aggregated
across the 5,000 replications for each of the 180 data con-
ditions for each of the five degrees of freedom methods
and for each of the Level 1 error specifications. Doing this
ledto 180 X 5 X 2, or 1,800, confidence interval coverage
estimates for each fixed effect. Similarly, analyses were
aggregated across replications to estimate the widths of
the confidence intervals for each fixed effect. However,
to conserve space, only the results for the average treat-
ment effect () are provided. This is the effect of primary
interest in multiple-baseline studies. After examining the
fixed effects, attention was turned to the variance com-
ponents. Both the relative bias in the point estimates and
confidence interval coverage were examined.

Interval Coverage for
the Average Treatment Effect

Boxplots showing the distribution of coverage es-
timates for each method of estimating the degrees
of freedom and each method of modeling the Level 1
error structure are presented in Figure 3. The residual
and between—within methods undercovered, regard-
less of how the Level 1 error structure was specified,
with both of these degrees of freedom methods having
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an average coverage of .917. The containment method
tended to overcover, with an average estimate of .972
across the two Level | error structures. When the Level 1
error structure was modeled as o2I, the average cover-
age estimates for the Kenward—Roger and Satterthwaite
methods were .942 and .940, respectively. When a first-
order autoregressive model was specified for the Level 1
errors, both the Kenward—Roger and Satterthwaite meth-
ods provided average estimates that were very close to
the nominal level of .95 (M = .952 and M = .949, re-
spectively). In addition, for these estimation methods, all
180 estimates were reasonably close to the nominal level
(min = .935, max = .965, for Kenward—Roger; min =
.935, max = .960, for Satterthwaite).

To explore the variation between estimates, a series of
graphs was constructed, each showing the coverage esti-
mate as a function of the degrees of freedom method, the
method used to model the Level 1 errors, and one of the
data factors (i.e., autocorrelation, number of participants,
series length, intercept variance, or treatment effect vari-
ance). These graphs show the vast majority of the variation
in the coverage estimates. The 2 was .96 when coverage
was modeled with the main effects, with the two-way in-
teractions involving either the degrees of freedom method
or the Level 1 error model, and with the three-way interac-
tions involving both the degrees of freedom method and
the Level 1 error model.

Autocorrelation Modeled
1.00 1

.95 'l‘
T

5
1

-.
-.

90 1

.85

R B C S K

Degrees of Freedom Method

Figure 3. Boxplots showing the distribution of coverage estimates for the 95% confidence interval of
the treatment effect, y,, for each modeled Level 1 error structure and each degrees of freedom method.
R, residual method; B, between—within method; C, containment method; S, Satterthwaite method;
K, Kenward—Roger method. “Autocorrelation not modeled” indicates that the analysis was conducted
assuming that the Level 1 error structure was o2l, whereas “autocorrelation modeled” indicates that the
analysis was conducted assuming that the Level 1 error structure was first-order autoregressive.
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Figure 4. Average coverage for the treatment effect, p;(, as a function of the autocorrelation for each mod-
eled Level 1 error structure and each degrees of freedom method. R, residual method; B, between—within
method; C, containment method; S, Satterthwaite method; K, Kenward—Roger method. “Autocorrelation
not modeled” indicates that the analysis was conducted assuming that the Level 1 error structure was o21,
whereas “autocorrelation modeled” indicates that the analysis was conducted assuming that the Level 1

error structure was first-order autoregressive.

The coverage rates as a function of autocorrelation are
shown in Figure 4. The interaction between autocorrela-
tion and whether or not autocorrelation was modeled can
readily be seen. When the autocorrelation in the Level 1
errors was not modeled (i.e., 02l was specified), the aver-
age coverage estimates decreased for all degrees of free-
dom methods as the autocorrelation in the generated er-
rors increased, but when the Level 1 error structure was
modeled as first-order autoregressive, these drops in cov-
erage did not occur. Of particular note, when autocorrela-
tion was modeled, the Kenward—Roger and Satterthwaite
methods maintained coverage very close to the nominal
level, regardless of the autocorrelation. When the auto-
correlation was not modeled, both the Kenward—Roger
and Satterthwaite methods had coverage estimates that
dropped further below the desired level as the autocorrela-
tion in the generated errors increased.

The coverage for each method is shown as a function
of the number of participants in Figure 5. As was antici-
pated, there was an interaction between the number of
participants and degrees of freedom methods, with the
difference in coverage rates among the degrees of free-
dom methods becoming smaller as the number of partici-
pants increased. The average coverage rates for both the
Kenward—Roger and Satterthwaite methods were close to
.95 for all Level 2 sample-size conditions when the auto-
correlation was modeled. For the containment method,
the overcoverage became less pronounced as the number
of participants increased, and for both the residual and

between—within methods, the undercoverage became less
pronounced as the number of participants increased. Note,
however, that with 8 participants (the largest number ex-
amined), there were still notable differences among the
degrees of freedom methods. When autocorrelation was
modeled and there were 8 participants, the average cover-
age estimates were .954 for the Kenward—Roger method,
.950 for the Satterthwaite method, .966 for the contain-
ment method, .931 for the between—within method, and
.930 for the residual method.

The coverage for each method as a function of series
length is shown in Figure 6. When autocorrelation was
modeled, all degrees of freedom methods showed small
decreases in coverage as series length increased. For the
Kenward-Roger method, the average coverage went from
.955 when the series length was 10, to .950 when the series
length was 30. For the Satterthwaite method, the average
coverage went from .949 when the series length was 10, to
.948 when the series length was 30. The most pronounced
effects for series length were seen for the residual and
between—within methods.

Variance in the intercepts (7o) had almost no impact on
treatment effect coverage rates (12 of .0028 for the combi-
nation of the main effect and interactions); thus, this graph
is not provided. However, coverage rates were influenced
by variance in the treatment effects (7). As shown in Fig-
ure 7, the coverage for each of the degrees of freedom
methods decreased as the variance in the treatment effects
increased. For conditions in which the autocorrelation was
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Figure 5. Average coverage for the treatment effect, y,y, as a function of the number of participants
for each modeled Level 1 error structure and each degrees of freedom method. R, residual method;
B, between—within method; C, containment method; S, Satterthwaite method; K, Kenward—Roger method.
“Autocorrelation not modeled” indicates that the analysis was conducted assuming that the Level 1 error
structure was 021, whereas “autocorrelation modeled” indicates that the analysis was conducted assuming
that the Level 1 error structure was first-order autoregressive.
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Figure 6. Average coverage for the treatment effect, y,,, as a function of the series length for each mod-
eled Level 1 error structure and each degrees of freedom method. R, residual method; B, between—within
method; C, containment method; S, Satterthwaite method; K, Kenward—Roger method. “Autocorrelation
not modeled” indicates that the analysis was conducted assuming that the Level 1 error structure was 621,
whereas “autocorrelation modeled” indicates that the analysis was conducted assuming that the Level 1
error structure was first-order autoregressive.
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Figure 7. Average coverage for the treatment effect, y,, as a function of the treatment effect variance
for each modeled Level 1 error structure and each degrees of freedom method. R, residual method;
B, between—within method; C, containment method; S, Satterthwaite method; K, Kenward—Roger method.
“Autocorrelation not modeled” indicates that the analysis was conducted assuming that the Level 1 error
structure was 021, whereas “autocorrelation modeled” indicates that the analysis was conducted assuming
that the Level 1 error structure was first-order autoregressive.

modeled, as the variance in the treatment effects increased
from 0.1 to 0.3, the average coverage for the Kenward—
Roger method decreased from .956 to .948, and the aver-
age coverage for the Satterthwaite method decreased from
952 to .945.

Interval Width for the Average Treatment Effect

After examining the coverage rates, attention was
turned to the widths of the confidence intervals. As was
expected, the interval widths were smallest for the resid-
ual and between—within methods and largest for the con-
tainment method. Also as was expected, the confidence
interval widths decreased with more participants, more
observations per participant, and smaller variance compo-
nents. The most notable effect was the number of partici-
pants (2 = .42), followed by the method for estimating
the degrees of freedom (2 = .18), and the series length
(n? = .17). Figure 8 shows the effect of the number of
participants on interval width for each degrees of freedom
method and each Level 1 error specification.

When the Kenward—Roger method was used to estimate
degrees of freedom and the autocorrelation was modeled,
the results indicated that as the sample size increased from
4 to 6 to 8, the average width decreased from 1.95 to 1.43
to 1.21, respectively. To get a better feel for widths of this
size, it is helpful for one to recall that the Level 1 vari-
ance was set to 1.0 in the simulations. It is also helpful for
one to consider the magnitude of anticipated treatment
effects. In a review that synthesized the results of 150

single-participant studies of school-based interventions,
the average mean shift from baseline to treatment was
4.7 times the baseline standard deviation (Gresham et al.,
2004). With effects of this magnitude, an interval width
of 1.5, for example, could result in an interval estimate
around 4.00 to 5.50.

In making decisions about whether to model autocor-
relation in the Level 1 errors, one may question how much
would be lost in precision if the more complex Level 1
error structure was used, but not needed. Under conditions
in which the autocorrelation was 0, results indicated that
for the Kenward—Roger method, the average interval width
increased from 1.384 to 1.390 when moving from the sim-
ple Level 1 error specification of ¢2I to the more complex
first-order autoregressive specification. Similarly, under
the same conditions, for Satterthwaite method, the loss was
also quite small: from 1.371 to 1.374. Interestingly, with
both the Kenward—Roger and Satterthwaite methods, when
there was a high level of autocorrelation (p = .4), using the
more complex Level 1 error structure led to both higher
coverage rates and smaller interval widths.

One could also question how much precision was lost by
being conservative and by using the containment method
to estimate the degrees of freedom. When the autocor-
relation was modeled, the average width for the contain-
ment method was 1.71, whereas the average width for the
Kenward-Roger method was 1.53 and the average width
for the Satterthwaite method was 1.50. In general, the dif-
ferences in precision between the containment and other
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Figure 8. Average interval width for the treatment effect, y,(, as a function of the number of partici-
pants for each modeled Level 1 error structure and each degrees of freedom method. R, residual method;
B, between—within method; C, containment method; S, Satterthwaite method; K, Kenward—Roger method.
“Autocorrelation not modeled” indicates that the analysis was conducted assuming that the Level 1 error
structure was o021, whereas “autocorrelation modeled” indicates that the analysis was conducted assuming

that the Level 1 error structure was first-order autoregressive.

degrees of freedom methods were much more substantial
than the differences in precision between the methods of
specifying the Level 1 error structure.

Variance Components

In addition to examining the fixed effects generated
from the multilevel models, an examination was made
of the variance components. As was expected, these es-
timates tended to be biased. The distributions of relative
bias estimates for the variance components (7, 71, 02,
and p) are provided in Figure 9. Variance in the intercept,
or baseline level (), variance in the treatment effect
(t1;), and residual variance (02) all tended to be overesti-
mated, whereas the amount of autocorrelation (p) tended
to be underestimated. The relative bias in 74, 711, and p
tended to decrease as the number of participants increased.
Consider, for example, the variance of the treatment ef-
fect, which is the component that typically would be of
the most interest to single-participant researchers. When
autocorrelation was modeled, the average estimate of rela-
tive bias decreased from .34 to .25 to .21 as the number of
participants increased from 4 to 6 to 8, respectively.

Given the bias in the point estimates, it was not sur-
prising to find that coverage tended to be a problem for
the interval estimates of the variance components. Cover-
age was particularly problematic for the treatment effect
variance. When autocorrelation was modeled, the average
coverage estimate was .83 with 4 participants, and .85 with
8 participants. In addition to the many cases in which the

intervals for treatment effect variance did not cover, there
were also cases in which the intervals were so large that
they provided no information (e.g., average interval width
of 3.3 X 10285 when autocorrelation was modeled).

DISCUSSION

Overall, the degree to which the findings are support-
ive of using multilevel modeling to make inferences from
multiple-baseline data depends on the particular inference
examined. Estimates of the variance components tended
to be biased, and the confidence intervals for these esti-
mates tended to undercover. Given the magnitude of the
bias and undercoverage, the results are not encouraging
for researchers wishing to make inferences about the vari-
ance in the treatment effect from multiple-baseline data.
However, it is important to note that some have suggested
the use of multilevel models for the meta-analysis of
single-participant studies (Van den Noortgate & Onghena,
2003a, 2003b). For a meta-analytic application, the num-
ber of participants would exceed the numbers examined
in this study, and interval estimates of variance compo-
nents might perform better. The bias and undercoverage
lessened as the number of participants increased, but with
8 participants, the bias and undercoverage were still sub-
stantial. Consequently, researchers interested in studying
the variation in treatment effects should consider increas-
ing the number of participants utilized in multiple-baseline
studies. Future research could be aimed at determining the
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Figure 9. Boxplots showing the distribution of relative bias estimates of the variance components for each
modeled Level 1 error structure. “Autocorrelation not modeled” indicates that the analysis was conducted
assuming that the Level 1 error structure was o2I, whereas “autocorrelation modeled” indicates that the
analysis was conducted assuming that the Level 1 error structure was first-order autoregressive. Note that
with autocorrelation, relative bias was computed only for conditions in which the parameter value was

not 0 (i.e.,p = .1, .2, or 4).

number of participants needed to make accurate inferences
about the variance components. In doing so, alternative
methods of estimation, such as the Bayesian approach,
should also be considered.

For researchers interested in the average treatment ef-
fect, the results of the present study are far more encour-
aging. Still, researchers should be advised, when possible,
to increase the number of participants. With larger Level 2
sample sizes, greater precision could be gained in esti-
mating the average treatment effect. There are contexts,
however, in which small sample sizes—TIlike those in the
present study—are the only feasible way to conduct the
study. Under these conditions, researchers are cautioned
to carefully consider how the degrees of freedom are es-
timated and how the Level 1 errors are modeled. The Sat-
terthwaite and Kenward—Roger methods both provided
coverage estimates for the average treatment effect that
were close to the nominal .95 level across the conditions
studied when autocorrelation was modeled (the lowest es-
timates were .935). The containment method for estimat-
ing degrees of freedom was conservative, providing cov-
erage rates that exceeded the nominal level. Although this
method appears relatively safe, it leads to less precise es-
timates (wider intervals) than does either the Satterthwaite
or the Kenward—Roger method. Neither the residual nor

the between—within method can be recommended, since
each of these methods produced interval estimates that
tended to undercover.

The conclusions from the present study should be tem-
pered by recognition of the conditions examined. There
are many cases in which a relatively simple multilevel
model appears appropriate (see, €.g., Van den Noortgate &
Onghena, 2003a, as well as the studies we referenced pre-
viously as part of our reanalyses to determine reasonable
levels for the variance components). It is for situations
like these that the results provide guidance about making
treatment effect inferences. It is recognized, however, that
some applications may involve more complex treatment
effects (e.g., delayed changes in level, transitory effects,
effects that change linearly with time in treatment, effects
that change nonlinearly with time in treatment, effects
that depend on the effects of other participants). Further-
more, some applications may involve more complex error
structures (e.g., higher order autoregressive or moving
average models, heterogeneous error structures, nonnor-
mally distributed errors at Level 1 or Level 2, multivariate
error structures). Finally, some applications could involve
variance parameters outside the range of those studied.
It is hoped that the present results help to motivate ad-
ditional methodological research aimed at examining the
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generalizability of the findings. It is also hoped that fu-
ture research will address the inferences not addressed
in the present study—inferences about moderators of the
treatment effect and inferences about treatment effects of
individual participants.
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APPENDIX
Methods for Computing Degrees of Freedom for Tests of Fixed Effects

The residual method defines the degrees of freedom as n — rank (X), where 7 is the total number of Level 1
units, X is the design matrix for the fixed effects, and rank (X) will correspond to the number of fixed effects
(gamma coefficients). This approach was the default in the earliest versions of PROC MIXED and only gives
the correct degrees of freedom when the Level 1 errors are independent and identically distributed, and when
there are no Level 2 errors (i.e., a situation in which multilevel modeling is not needed).

The between—within method partitions the residual degrees of freedom into between-participants and within-
participants portions. Fixed effects of design variables that change within an individual are assigned the within-
participants degrees of freedom. Effects of design variables that do not change within an individual are assigned
the between-participants degrees of freedom.

The containment method searches the random statement for effects that match the fixed effect being tested,
and then considers the rank contribution of these random effects to the (X Z) matrix, where X is the design ma-
trix of the fixed effects and Z is the design matrix for the random effects. The degrees of freedom for these effects
are defined to be equal to the smallest of these rank contributions, which for the type of model considered equals
the number of Level 2 units minus the number of fixed effects within the Level 2 equation containing the fixed
effect of interest. For effects that are not listed in the random statement, the degrees of freedom are computed
as n — rank (X Z). The containment method is the default method in PROC MIXED when a random statement
is used, and can lead to exact degrees of freedom when the design is balanced, and when the Level 1 errors are
independent and identically distributed. This method becomes more questionable as the design becomes less
balanced or when a more complex error structure is needed at Level 1.

The Satterthwaite method approximates the degrees of freedom, and is designed for use with unbalanced
designs and more complex covariance structures. The method used in SAS is a generalization of the procedure
described by Fai and Cornelius (1996), which builds on the work of Satterthwaite (1941). The degrees of free-
dom are estimated as

Z(C'i[?c)z
v [var(c'il}c)}

where ¢ is the vector of constants defining the contrast of interest (Hy:c’8 = 0) and X; is the approximate covari-
ance matrix of 5:

A

25 =X)L,

where P~1is the inverse variance—covariance matrix of v, the vector of responses, and X is the design matrix of
the fixed effects.

The Kenward—Roger method also approximates the degrees of freedom, and again is designed for use with
unbalanced designs and complex covariance structures. The method, which was developed by Kenward and
Roger (1997), inflates X to adjust for small-sample bias. The new variance—covariance estimate, X, is then
used with the Satterthwaite method to compute the degrees of freedom.

(Manuscript received December 19, 2008;
accepted for publication December 24, 2008.)
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