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To facilitate innovation in applied psychology research, investigators need to be well-
informed about available research designs. The purpose of this article is to provide an
overview of repeated measures research designs (e.g., participants exposed to more than
one treatment or measured on more than one occasion). My intent is twofold. First, I
underscore the wide range of repeated measures research designs available to research-
ers in applied psychology. Second, I argue that the differentiation and polarity of group
and single-subject research designs is largely arbitrary. I use examples to illustrate each
repeated measures design and present its strengths and limitations.

In counseling psychology, researchers are often interested in measuring
participants’ responses on more than one occasion. Some more obvious
examples of repeated measures contexts include process research, interac-
tional or discourse research (e.g., Holloway, Wampold, & Nelson, 1990),
developmental studies, outcome research, profile analysis (e.g., Maxwell &
Arvey, 1982), and single-subject studies (e.g., Dennin & Ellis, 1998; Ellis,
Chapin, Dennin, & Anderson-Hanley, 1996). Essentially, repeated measures
research designs entail each participant providing more than one set of data
(e.g., participants exposed to more than one treatment or measured on more
than one occasion).

Outside of some textbooks (e.g., Barlow & Hersen, 1984; Girden, 1992;
Menard, 1991; Winer, 1971) and a few journal articles (e.g., Hoyle, 1994),
there are few serviceable resources that explicate repeated measures designs
and statistical procedures, especially using a conceptual rather than mathe-
matical approach. Although resources exist, statistics or research design
courses frequently do not cover repeated measures design and analysis, or
they do so in a cursory manner. As a result, many students and professionals
are poorly informed about repeated measures design and analysis, the
mechanics of performing these procedures, and the situations that are appro-
priate and inappropriate for specific repeated measures methods. Of 66
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empirical studies reported in 59 articles published in theJournal of Counsel-
ing Psychologyfrom January 1997 through May 1998, 34.9% included
repeated measures data (cf. 20% in Jaccard & Ackerman, 1985). Of these
studies, 26.1% did not explicitly recognize the repeated measures nature of
the design or data. In 52.2% of the studies, researchers used inappropriate sta-
tistical procedures in at least one analysis (e.g., used independent samples
statistics rather than within-subjects statistics). There were no instances of
blocking or matching designs (described below) or single-subject designs
(excluding case studies).

The implications of these data are obvious, and they constitute a bona fide
problem for both researchers and consumers of research. Apparently,
researchers and editorial board members sometimes fail to recognize
repeated measures designs and data. Failing to recognize repeated measures
designs and data poses several threats to the validity of the study and infer-
ences made by the researchers (Cook & Campbell, 1979; Wampold & Poulin,
1992). For example, not taking into account the repeated measures compo-
nent of the design will usually propagate confounded data. Often, repeated
measures data are improperly analyzed, yielding potentially spurious results
and erroneous conclusions (Ellis, Ladany, Krengel, & Schult, 1996). Thus,
research findings that appear important may be largely methodological or
statistical artifact. In addition, the lack of familiarity with repeated measures
designs delimits the types of questions researchers ask and the methods
employed to investigate research questions. Hence, the purpose of this article
is to provide an overview of repeated measures designs as well as their
strengths and limitations.

Some Conceptual Issues

Several important issues warrant exposition before jumping into the pre-
sentation of repeated measures designs. A brief discussion of these issues
will not only establish a context for this article but also clarify some frequent
misconceptions.

Definitions. To begin, I define the terms and constructs central to our dis-
cussion. For example, consider an experiment of the relative efficacy of two
types of brief therapy for clinical depression (cognitive and Gestalt treat-
ments) that are measured at pretreatment, posttreatment, and 12-month follow-
up. In a repeated measures design such as this one, participants are measured
on multiple occasions using the same dependent variables (e.g., here on three
occasions). Repeated measurement may occur due to measuring the partici-
pant at successive times (pre-, post-, and follow-up) or under more than one
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experimental condition (i.e., participants are exposed to both treatment con-
ditions sequentially).

A distinction is made among independent variables (factors) composed of
separate groups of participants (calledbetween-subjectsor independent-
groups factors) and independent variables in which the same participant is in
more than one group or condition (calledrepeatedor within-subjects fac-
tors). For instance, if our two treatment groups were composed of different
participants, treatment condition (cognitive or Gestalt) is a between-subjects
factor, and occasion or time is a within-subjects factor. Because the research
design has a combination of repeated and independent-groups factors, it is
known as asplit-plot, mixed models, or nested factor design. Our example
would thus be called a 2 (treatment)× 3 (occasion) split-plot factorial design.
Alternatively, if participants were also exposed to both treatments, then both
factors are repeated measures, and we have a 2 × 3repeated measures facto-
rial design. Hence, any design with at least one repeated measures variable is
considered a repeated measures design (i.e., see Pedhazur, 1983, pp.
551-573). Of course, repeated measures designs are not limited to ANOVA
type designs (i.e., factorial designs), but they also include single-subject
designs (Barlow & Hersen, 1984; Cook & Campbell, 1979; Edgington,
1987b) and longitudinal research (Menard, 1991). These and other lesser
known repeated measures research designs are discussed below.

repeated measures research may take the form of ex post facto, quasi-
experimental, or experimental designs (e.g., Cook & Campbell, 1979). Ex
post facto or passive designs entail no manipulated independent variable (IV)
and no random assignment to IV groups or conditions; quasi-experimental
designs entail at least one manipulated IV and no random assignment,
whereas experimental designs entail both manipulated IV and random
assignment to IV condition. Among all three forms, designs that include a
comparison group generally yield more interpretable data (Cook & Camp-
bell, 1979; Heppner, Kivlighan, & Wampold, 1999; Kerlinger, 1986; Wam-
pold & Poulin, 1992).

Research design versus statistical procedure. I distinguish between
research design and the statistical procedures used to analyze the data gener-
ated from the design. Many equivocate research design and the statistical pro-
cedures (e.g., ANOVA research design). Take our 2 (treatment)× 3 (occa-
sion) split-plot factorial design. The data generated from this design may be
analyzed by one of several statistical procedures. An obvious analysis would
be a split-plot factorial ANOVA procedure. Other options include multilevel
analysis, individual growth curve analysis, and multiple regression. Two
points are meaningful here: Research design and statistical analyses are
related yet conceptually distinct, and one’s theorizing and research

554 THE COUNSELING PSYCHOLOGIST / July 1999



hypotheses ought to guide the selection of research design and subsequently
the statistical analyses (see Wampold, Davis, & Good, 1990; Wampold &
Poulin, 1992). That is, it is preferable to select or create the most rigorous
research design to test the research hypotheses. Next, select the statistical
procedures that will specifically test the research hypotheses and that are
appropriate for the data generated by means of the research design. Each sta-
tistical test should be directly tied to an unambiguous research hypothesis
(Wampold et al., 1990).

Many researchers may not recognize that most experimental and quasi-
experimental designs are inherently repeated measures designs (e.g., Cook &
Campbell, 1979; Menard, 1991). Researchers are interested in change over
time even if data were only collected at one point in time. Recall that there are
two basic ways to test if posttest differences are due to treatment conditions
and not to preexisting group differences. Groups are presumed to be equiva-
lent due to random assignment of participants to treatments (i.e., pretest
scores are not obtained because randomization yields equivalent groups).
Alternatively, groups are not randomly assigned, and pretest data are col-
lected to control for nonequivalent groups (e.g., reasoned argument and sta-
tistical procedures are used to control preexisting group differences) (Cook &
Campbell, 1979). Therefore, inferences of change imply repeated measures
designs and data (see Menard, 1991, pp. 15-16). The point is that repeated
measures concepts are not foreign to counseling psychology.

Group versus single-subject designs. Perhaps the most pronounced classi-
fication of research designs is the differentiation of group designs and
single-subject research designs. Few resources are available in which
repeated measures group and single-subject research designs are jointly pre-
sented (e.g., Heppner et al., 1999). Even fewer have attempted to synthesize
group and single-subject designs. Given that most counseling psychologists
are not exposed systematically to both group and single-subject designs and
analysis, researchers are greatly disadvantaged when it comes time to design
a study. To test rigorously the theorizing and hypotheses under investigation,
researchers need to create the most valid design (Wampold & Poulin, 1992;
Winer, 1971). Researchers not well-informed about available designs and
statistical procedures are unnecessarily restricted in design options. The
result may be weaker designs, yielding less interpretable data (Ellis, Ladany,
et al., 1996). Hence, this article has a dual purpose. First, I want to delineate
the wide range of repeated measures designs available to researchers in
applied psychology and provide references to the corresponding statistical
procedures. Second, I argue that the polarity of group- and single-subject
research designs is largely arbitrary.
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In the sections to follow, I delineate a variety of repeated measures
designs, in particular those that are underused, have evidenced recent
advances, or are often used improperly. The presentation emphasizes univari-
ate designs and does not address qualitative designs (Heppner et al., 1999).
Multivariate repeated measures designs are briefly discussed (e.g., Ellis,
1990) because researchers in counseling psychology typically incorporate
multiple dependent variables (Haase & Ellis, 1987; Haase, Ellis, & Ladany,
1989). References are included for those readers who would like a more in-
depth presentation of the topic.

REPEATED MEASURES DESIGNS

To integrate repeated measures research designs, both group and single-
subject designs are presented. By understanding the strengths and limitations
of each, researchers can move to a more integrated perspective—a perspec-
tive that permits the researcher to combine and select design features to create
an optimal research design. To this end, I present a few blended designs.

Group Designs

Group research designs are traditionally the mainstay of psychological
research. In general, group designs—as the name implies—use independent
groups of participants in attempts to control a variety of rival explanations for
the data (e.g., Kerlinger, 1986). As such, the researcher is usually interested
in the analysis of group averages rather than the responses at the individual-
participant level of analysis. Nearly all between-subjects designs are group
designs, whereas nearly all single-subjects designs are repeated measures
(within-subjects) designs.

Group designs have the ability to rule out numerous threats to validity (see
Huck & Sandler, 1979; Wampold & Poulin, 1992) and benefit from readily
available statistical methods. A major advantage of repeated measures group
designs is that participants serve as their own controls, thus reducing the error
variance and increasing the statistical power of the test. In general, a repeated
measures group design can attain or exceed the level of statistical power of a
between-subjects design but with considerably fewer participants (see
Cohen, 1988).

The most obvious limitation of repeated measures group designs is the
length of time required to complete the study. Other limitations are order and
sequence effects, attrition, and more stringent psychometric requirements for
the dependent variables (i.e., minimal ceiling or floor effects, and equivalency
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of intervals). Order and sequence effects can largely be controlled (a) by ran-
domized treatment sequence and random administration of dependent vari-
ables (i.e., counterbalancing) or (b) by incorporating the order effect into the
design and controlling it statistically (e.g., include treatment sequence as an
IV in the design and analysis, thereby testing for carryover or sequence
effects). Finally, the assumptions underlying parametric statistics for
repeated measures data are more difficult to achieve than for purelybetween-
subjects data analysis (see Jaccard & Ackerman, 1985; O’Brien &Kaiser,
1985). Fortunately, numerous alternative statistics are available when the
assumptions for parametric tests are violated (see Conover, 1980; Gibbons,
1993; Jaccard & Ackerman, 1985; Lix & Keselman, 1995; Marascuilo &
McSweeney, 1977; O’Brien & Kaiser, 1985; Siegel & Castellan, 1988),
including an ANOVA performed on ranked data and the dominance statistic
(Cliff, 1993, 1994).

Example. Consider an investigation of clinical judgment that examined
anchoring error (for a full description, see Ellis, Robbins, Schult, Ladany, &
Banker, 1990). Anchoring errors occur when salient information anchors or
unduly biases subsequent ratings or judgments. After reading each of five
therapy-session summaries, practitioners (psychologists) assigned aDiag-
nostic and Statistic Manual of Mental Disorders(DSM) diagnosis and rated
the client on the Global Assessment of Functioning Scale and the Prognosis
Scale (axes VI and V of theDSM-IIIR) (American Psychiatric Association,
1987). Thus, the dependent variable was psychological functioning. The sali-
ent information (independent variable manipulation) was either pathogno-
monic information (anorexia nervosa) or psychologically healthy informa-
tion. The salient information paragraph was included in the summary of
Session 1 (early) or Session 4 (late). Participants were assigned randomly to
salient information (anorexic or healthy) and timing (early or late) conditions.
Thus, the experiment constituted a 2 (salient information)× 2 (timing)× 5 (ses-
sions) split-plot factorial multivariate design. Session was a repeated meas-
ures factor, whereas timing and salient information were between-subjects
factors. An anchoring error exists when two groups are presented the same
salient information but at different times (Session 1 vs. Session 4), and rat-
ings from Session 5 are statistically different for two groups. I will use this
example to illustrate the group designs that follow.

Traditional Factorial Designs

Given their prominence in the counseling psychology literature, I begin
with factorial designs, perhaps better known asanalysis of variance designs.
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I assume that readers are fairly well acquainted with traditional group
research designs and analysis of variance procedures (for effective reviews,
see Cook & Campbell, 1979; Kerlinger, 1986; Kirk, 1982; Winer, 1971).
Using the definitions from Haase and Ellis (1987), a traditional factorial
design may include one or more dependent variables and one (one-way
designs) or more (factorial) independent variables. This design assumes that
the dependent variables are interval and that the independent variables are
interval or nominal. Thus, when an experiment has one dependent variable
and the design of the study is a factorial, then a univariate ANOVA statistical
procedure is appropriate. Thus,univariaterefers to a study or an analysis in
which only one dependent variable is of interest, andmultivariaterefers to a
study or an analysis with more than one dependent variable. Most research in
counseling psychology uses a factorial design with multiple dependent vari-
ables, in which case a multivariate statistical procedure (e.g., MANOVA)
may be appropriate (Haase & Ellis, 1987).

For simplicity, our discussion assumes nominal level independent vari-
ables, such as two treatments for depression (nominal) or five consecutive
therapy sessions (ordinal). Factorial designs can be readily adapted to accom-
modate continuous independent variables or a combination of nominal and
continuous independent variables (see Pedhazur, 1983). Indeed, it is gener-
ally ill-advised to dichotomize or multichotomize a continuous variable
given the rather substantial loss of information and statistical power (Cohen,
1983) or in some instances, the increased Type I error rates (see Maxwell &
Delany, 1990).

Repeated measures factorial designs.A repeated measures research
design involves an independent variable that is nominal (e.g., repeated treat-
ments) or ordinal (e.g., repeated observations over time) and has multiple
measurements and a dependent variable that is interval and continuous. Such
a design is generally referred to as asingle-factor(one-way)repeated mea-
sures designand can be analyzed by a repeated-measures one-way analysis
of variance. The simplest version of a single-factor repeated measures
design is a one-group pretest/posttest design (Cook & Campbell, 1979).
The anchoring study example could be adapted to illustrate this design if we
were only interested in comparing ratings from Session 1 and Session 5 for
just the early-anorexic group. An obvious extension of the two-session
single-factor (Sessions 1 and 5) design would be to configure the design to
examine ratings from all five sessions, perhaps testing for a linear trend.
Here the design is a single repeated measures factor (five sessions) design.
We are studying the presence of within-subject anchoring errors (e.g., fore-
closure on a diagnosis).
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Alternatively, we could study whether the order in which participants receive
anorexic and healthy information result in anchoring errors. Participants are
exposed to both anorexic and healthy information (i.e., presented in a ran-
domly determined order in Sessions 1 and 4, respectively). They rated the cli-
ent on psychological functioning for each session; however, we only ana-
lyzed data from the fifth session. This is a single-factor (two types of salient
information) repeated measures design.

Additional repeated measures factors can be added as required by the
research hypotheses and theorizing under investigation (Girden, 1992;
O’Brien & Kaiser, 1985). In this way, one could have any number of repeated
measures factors (see Winer, 1971, for specific examples). In the anchoring
example, assume the researcher was testing inferences about the effects of
presenting anorexic or healthy information in the first session on subsequent
therapist ratings (i.e., the interaction of session and salient information). The
design could be modified to be a 2 (salient information)× 5 (session) com-
pletely repeated measures factorial design. Like between-subjects factorial
designs, the strength of repeated measures factorial designs is the ability to
test inferences about interactions among the independent variables as well as
inferences about the unique effects due to each independent variable. The sta-
tistical model is described in detail in Winer (1971), Pedhazur (1977), Cohen
and Cohen (1983), and Edwards (1972).

Split-plot designs. Split-plot designs (also calledmixed-models designs)
have both between-subjects factors and repeated measures factors (Edwards,
1972; Girden, 1992; Winer, 1971). Usually, participants are assigned ran-
domly to the between-subjects factor (i.e., experimental conditions). The
between-subjects factors in split-plot designs, however, may include attri-
bute (e.g., gender, race) or hierarchical (e.g., therapist, setting; see Reise &
Duan, 1999, this issue) independent variables. Thus, by definition, split-plot
designs are, at minimum, two-factor designs. The strengths of split-plot
designs are to incorporate experimental, attribute (dispositional), hierarchi-
cal, and repeated measures independent variables; to test inferences about
interactions among the between-subjects and repeated measures factors; and
to test inferences about the unique effects of each independent variable. One
of the major difficulties with split-plot designs is meeting the assumptions
underlying the parametric statistical procedure (i.e.,t andF tests).

Returning to the example, the anchoring study was a split-plot design.
There are two between-subjects factors (salient information and timing) and
one repeated measures factor (session), or a 2× 2 × 5 split-plot factorial
design. In this situation, the split-plot design permits tests of hypothesized
interactions among the two experimental conditions, and it changes in ratings
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across sessions. As is evident here, it is essential when reporting one’s design
to articulate clearly which factors are between-subjects and which factors are
within-subjects or repeated measures. Using “2× 2 × 5 split-plot” is insuffi-
cient inasmuch as we do not know which factors are independent and which
are repeated measures.

A specific instance of split-plot designs are repeated measures clinical trials
designs, sometimes calledintensive clinical trials designs(e.g., Fleis, 1986;
Kraemer & Thiemann, 1989; Piantadosi, 1997). In repeated measures clini-
cal trials, one between-subjects factor is usually treatment (e.g., drug or pla-
cebo), and one repeated measures factor is usually time (e.g., pre- or
post–follow-up or weekly observations for the duration of the treatment).
Most clinical trial designs are experiments (i.e., participants randomly
assigned to treatment condition). If the number of observations becomes
large enough (e.g., 20 observations), these designs could be considered group
time series designs (Cook & Campbell, 1979) or what I refer to as a blended
design (described later). Clinical trial designs require consideration of sev-
eral issues, such as determining the optimal number and spacing of observa-
tions (see Kraemer & Thiemann, 1989; Pocock, 1983).

Matched pairs and block designs. Another class of within-subjects
designs that may not involve a pretest or repeated measurement on the
dependent variables are matched pairs designs and blocking designs (also
calleddependent samples designs). These designs are extensions or special
cases of typical factorial (ANOVA) designs. For example, in a true experi-
ment, participants are ranked and separated into groups (blocks) or pairs on
the basis of a theoretically important screening variable (usually a potential
confounding or nuisance variable known or theorized to be related to the
dependent variable). Participants within each pair or block are then randomly
assigned to experimental condition (e.g., treatment).

Adapting the anchoring study, participants could be matched on the basis
of years of clinical experience (e.g., high or low). Anchoring theory suggests
that the more confident (i.e., experienced) one is, the more likely that anchor-
ing will occur. After creating matched pairs, participants are assign randomly
to one of four anchoring conditions. Only Session 5 ratings are analyzed.
Thus, the design is a 2 (timing)× 2 (salient information)× 2 (experience)
matched-pairs design such that experience is a within-subjects factor.

The strength of matching or blocking lies in the reduction in error variance
due to participant pairs serving as their own controls (i.e., within-subjects
variance is partitioned from error variance, thus reducing error variance and
yielding a more powerful statistical test). The disadvantage often lies in the
logistics of obtaining matched participants for pairs or for blocks (Heppner
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et al., 1999; Kerlinger, 1986; Winer, 1971). Unfortunately, randomized block
and matched pairs designs have been infrequently adopted in counseling psy-
chology research. Perhaps this occurs because researchers are less familiar
with this design.

Longitudinal and Panel Designs

Another type of repeated measures design involves measuring partici-
pants on numerous occasions, as in longitudinal research (see Menard, 1991;
Nesselroade & Baltes, 1979). To understand longitudinal research, the differ-
entiation of longitudinal designs (also calledpanel designs) and cross-
sectional designs is necessary. Some data exist to suggest that counseling
psychology researchers often do not make this differentiation (Ellis &
Ladany, 1997; Ellis, Ladany, et al., 1996; Holloway, 1987, 1988). A defining
feature of longitudinal and cross-sectional designs is that the researcher has a
theoretical interest in inferences of change within or across one time period to
another (e.g., inferences about biological age-related changes or about thera-
pist development). Only true longitudinal designs entail repeated measure-
ment of participants over the periods or occasions of interest.

In cross-sectional designs, comparisons across intervals or periods are of
interest. Participants are measured only once and as concurrently as possible.
Thus, data for each participant applies to a single interval or period. For
example, the construct “amount of supervised clinical experience” (or super-
visee development level) is operationalized as four separate groups (samples)
of therapist trainees in prepracticum, advanced practicum, internship, and
postinternship. Thus, in a cross-sectional design, the interval or period vari-
able is a between-subjects factor, whereas in a longitudinal design, the period
variable is a repeated measures (within-subjects) factor (the same supervisee
is measured at each level).

The differentiation of cross-sectional and longitudinal designs is impor-
tant for two reasons. Except for highly circumscribed situations, cross-
sectional designs do not permit inferences about change over time (e.g.,
counselor developmental changes). This is because cross-sectional designs
do not separate developmental (age) effects from cohort effects and period
(historical) effects (Menard, 1991). Acohortis defined as people sharing the
same biocultural history (e.g., birth cohorts: people born in a defined geo-
graphic region and time period share the same cultural history, such as Gen-
eration X). Second, recently, researchers reconceptualized cohort effects as a
proxy for another more important variable (e.g., size of the cohort, or the
interaction of age and period effects; see Menard, 1991, for a discussion).
That is, it is not cohort membership per se but rather the characteristics of the
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birth cohort that produced the ostensible cohort effect. Hence, the issue of
identifying these characteristics is a theoretical one, not a methodological
one (Menard, 1991). Researchers should either control or incorporate birth
cohort characteristics into the longitudinal research design (Nesselroade &
Baltes, 1979).

A variety of longitudinal designs have been differentiated (e.g., retrospec-
tive vs. prospective longitudinal designs); ones of particular applicability
involve longitudinal panel designs where multiple cohorts are included and
observed over time (McArdle & Nesselroade, 1994; Menard, 1991; Nessel-
roade & Baltes, 1979). These multiple cohort or panel designs (also called
cross-lagged panel designs) begin with a cross-sectional design during the
first time period or wave, then measure the same participants over several
time periods or waves (e.g., Hays, Marshall, Wang, & Sherbourne, 1994).
With careful planning and execution, this is one of the most powerful designs
to study developmental or longitudinal inferences. Several potential prob-
lems associated with a longitudinal panel study include attrition, changes in
measurement over time, effects due to repeated measurement (testing effects,
sensitization, burnout, participation effects, etc.), participant recall (for retro-
spective designs), and the costs of conducting a longitudinal study. Although
often difficult and expensive to do, longitudinal designs are powerful tools to
investigate and test developmental hypotheses.

Longitudinal data may be analyzed by several different statistical proce-
dures depending on the hypotheses of interest, the level of measurement of
the dependent and independent variables (continuous or nominal), and
number of waves (periods) (Menard, 1991). For continuous independent and
dependent variables, multivariate ARIMA time series analysis, structural
equation models, and multivariate regression analysis are available. For cate-
gorical (nominal) DVs, potential methods of analysis include logit or probit
analysis, logistic regression, log-linear analysis, and event history hazard-
survival analysis (see Menard, 1991, especially Table 5.1, p. 63). Alternative
procedures include trend analysis (Gottman & Rushe, 1993a; Willett, 1988)
and individual growth curve analysis (a process model of individual change
described by a continuous time-dependent curve; see Byrk & Raudenbush,
1987, 1992; Francis, Fletcher, Stuebing, Davidson, & Thompson, 1991;
Rogosa, Brandt, & Zimowski, 1982). With a host of available statistical pro-
cedures, it behooves the researcher to examine carefully the assumptions,
strengths, and limitations of potential methods of analysis. The investigator
should select the statistical method that best fits the research design and is
appropriate for the data. The goal is to create the best test of the research
hypotheses.
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Event History Designs

Event history designs are special types of longitudinal and time series
research designs (e.g., Blosfeld & Rohwer, 1995; Singer & Willett, 1991;
Willett & Singer, 1991; Yamaguchi, 1991). A distinctive feature of event his-
tory designs (also calledevent history, proportional hazard, survival-hazard,
andduration designsor data) is that the dependent variable is usually the
time until a predetermined event occurs (e.g., death). Event history designs
may include the prevalence, incidence, or risk of an event. In addition, event
history designs may target a participant, a group, or groups of participants.
The researcher is usually testing if hypothesized variables predict or explain
the variation in time to event occurrence (i.e., duration until the event).

For these types of data, traditional data analyses (e.g., repeated measures
ANOVA, multiple regression, or time series) are inappropriate inasmuch as
traditional analyses typically require that participants have an equal number
of repeated observations with no missing data. As a result, many participants
are dropped from the analyses (i.e., censored) due to missing or incomplete
data (i.e., due to attrition or the event occurring or not occurring in the allotted
time). Event history designs not only retain these participants but capitalize
on the fact that there is variation in the time until the event occurs. It is there-
fore preferable to customize a priori longitudinal and time series research
designs to better serve event history analyses and to maximize the rigor, sta-
tistical power, and interpretability of the data.

Perhaps the most common example of a predetermined event is death
(hence the namesurvival analysis). Potential events for counseling psychol-
ogy are suicide attempt, dropout (e.g., from school, treatment, etc.), change
of job or career, graduation, retirement, duration of a significant-other rela-
tionship, marriage or divorce, attrition in a weight-loss group, onset of symp-
toms after treatment (e.g., panic attack), treatment recidivism, behavioral
lapse/relapse (e.g., binge eating, substance abuse), specific in-session behav-
iors or events (e.g., a specific counselor or client response or behavior), and
so forth. Although survival-hazard designs and associated statistical methods
have been used in biomedical research and more recently in psychological
research (e.g., Greenhouse, Stangl, & Bromberg, 1989), they are largely
unexploited in counseling psychology research. The potential use of event
history designs to enrich our understanding of many phenomena pertinent to
counseling psychology research seems abundantly clear.

Even a cursory overview of the many variations and subtleties in event his-
tory designs and analyses is beyond the scope of this article. Several
resources offer suitable introductions to event history data and offer informa-
tive guidelines for conducting event history analyses (e.g., Blosfeld &
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Rohwer, 1995; Greenhouse et al., 1989; Singer & Willett, 1991; Willett &
Singer, 1991; Yamaguchi, 1991). These authors offer excellent recommenda-
tions for designing and executing rigorous event history research.

Structural Models Designs

Many types of longitudinal panel designs are suitable for testing structural
(latent variable) models (Hoyle, 1994, 1995; Menard, 1991). In fact, struc-
tural equation modeling (SEM) with repeated measurement is rapidly
becoming a widely applied research design and statistical analysis (Bollen &
Long, 1993; Hoyle & Smith, 1994; Quintana & Maxwell, 1999, this issue).
For instance, see the articles in Hoyle (1994) in which SEM has been applied
to longitudinal panel data, to sequential data, to traditional repeated measures
MANOVAs, and to clinical trials data as well as to testing a variety of psycho-
metric properties and inferences with repeated measures data (e.g.,
multitrait-multimethod validity, divergent and convergent validity, stability-
reliability). In structural models designs, data are usually collected on inde-
pendent and dependent variables at every observation or data point (e.g., time
series designs). In traditional factorial repeated measures designs, only
dependent data are collected at each observation (data point). Thus, an advan-
tage of SEM is the ability to model (i.e., to test or control statistically) auto-
correlation and serial dependency in longitudinal data (i.e., consecutive
observations in a time series tend to be correlated). Although an in-depth dis-
cussion of SEM is prohibited here, I encourage interested readers to peruse
Hoyle (1994, 1995) and Quintana and Maxwell (1999). In particular, Farrell
(1994) delineates step-by-step guidelines for performing a repeated meas-
ures SEM analysis that is both rigorous and theoretically driven, and there-
fore, it is especially meaningful.

Single-Subject Time Series Designs

Criticism of group research designs and analyses center around one com-
pelling issue: analysis of group-averaged data obscures individual differ-
ences. Obscuring individual differences consists of at least five component
issues (see Barlow & Hersen, 1984, pp. 14-17): (a) averaged results (i.e., the
average group effect or response will not represent the performance of any
one participant), (b) interparticipant variability is largely ignored in group-
based analysis and contributes to weak effects (e.g., some participants
improve and some get worse in response to treatment resulting in a weak
effect for the group), (c) group results may not be generalizable to a specific
client or individual (e.g., may be impossible to determine if the results from
group studies apply to a given client), (d) practical problems (e.g., sufficient

564 THE COUNSELING PSYCHOLOGIST / July 1999



statistical power often requires large sample sizes that are difficult to obtain
and are resource intensive), and (e) ethical objections (e.g., most notably in
regards to control groups, withholding treatment from or employing an infe-
rior or placebo treatment for suffering clients).

In contrast to group research design and analysis which traditionally focus
on averages across the groups, single-subject research designs focus on indi-
vidual differences over time (Barlow & Hersen, 1984; Hilliard, 1993;
Kazdin, 1992; Kratochwill & Levin, 1992). Generally speaking, all of the
single-subject designs discussed below are also known asinterrupted time-
series designs(Cook & Campbell, 1979); hence, both terms are used inter-
changeably in this presentation. Time series designs derive their name
because data are collected over many observations of the same participant
(e.g., usually 10 or more data points). The terminterruptedconnotes that we
expect a discontinuity in the series of observations due to a discrete event or
events (e.g., a historical event or a treatment).

Time series designs consist of two or more phases—usually a baseline
phase and a treatment phase. The baseline phase (denoted A) consists of data
collected from several observations (i.e., data points) prior to implementing a
treatment phase (denoted B). The purpose of the baseline is to provide a stan-
dard to which to compare the effects of a treatment. The assumption is that the
baseline period is sufficiently long to establish clearly a stable pattern in the
dependent variable.

Like group designs, single-subject research (time series) may take the
form of experimental, quasi-experimental, or ex post facto designs. A cardi-
nal rule of single-subject research is to change only one variable at a time.
Failure to do so typically yields confounded data that are not interpretable
(the effects of the treatments cannot be separated; see Barlow & Hersen,
1984, for situational exceptions to this rule). Thus, single-subject designs are
usually experimental (randomization and manipulated independent variable;
e.g., Barlow & Hersen, 1984).

Two key limitations of experimental single-subject research include car-
ryover effects (i.e., treatment effects will carry over across phases) and cyclic
variations (i.e., any systematic fluctuation confounding the data; see Barlow
& Hersen, 1984). Examples of cyclic variations pertinent to counseling psy-
chology include biological cycles (e.g., circadian rhythms, estrus cycles),
seasonal cycles (e.g., seasonal affective changes), behavioral rhythms (e.g.,
daily routines, eating habits), and so forth. Other potential limitations are an
insufficient number or length of phases (resulting in inadequate statistical
power or unstable baselines); limited generalizability to and across settings
or contexts, members of the target population, and occasions; and design-
specific threats to validity (e.g., Cook & Campbell, 1979). Extensive vari-
ability during the baseline phase (e.g., deteriorating baseline or increasing
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baseline) severely compromises the interpretability of the results as well. In
addition, pragmatic and logistic difficulties in implementing single-subject
research (e.g., assessment and measurement rigor, treatment standardization,
staff and agency assent and compliance) can become significant hurdles.
Finally, time series designs have associated statistical obstacles (e.g., auto-
correlation, lack of available statistical procedures).

These limitations may seem formidable; however, readers should recall
the equally daunting list of limitations for group research designs and analy-
sis (see Cook & Campbell, 1979; Kerlinger, 1986; Tracey & Glidden-Tracey,
1999). Recent advances in single-subject design and data analytical proce-
dures may overcome many of the limitations to single-subject designs. In
short, there are advantages and disadvantages for any research design. The
question is, Which design permits the most rigorous test of the research
hypotheses and is logistically feasible?

Although recognized by many researchers as powerful and flexible
research designs, single-subject designs are underused in counseling psy-
chology research (Heppner et al., 1999). I can only speculate why this is so. In
my experience, many counseling psychologists malign single-subject
designs, considering them too behavioral, overly simplistic or circum-
scribed, lacking in external validity, and too difficult to do. They are some-
times considered deficient designs, especially AB and ABA designs (see the
following section for more information). This negative view may be due to
doctoral curriculums not covering single-subject designs adequately or to
counseling psychologists’ misinformation about these designs.

I return to one of the basic premises of this article: The better informed
researchers are about available research designs, the more likely they are to
incorporate and use design features to create a more rigorous research design.
A solid understanding of single-subject designs is essential, especially for
researchers to integrate single-subject and group design features. Given the
growing emphasis on Type II errors and a priori statistical power issues (e.g.,
Cohen, 1988; Dar, Serlin, & Omer, 1994; Fagley, 1985; Haase & Ellis, 1987;
Rossi, 1990), group designs may not be feasible. Single-subject designs are
well suited to research contexts in which large samples are difficult to achieve
(e.g., clinical supervision). For example, single-subject designs provide
practitioner researchers options not available with group designs. In the para-
graphs to follow, I present an overview of basic and lesser-known single-
subject designs. I refer interested readers to Barlow and Hersen (1984), the
single best resource for single-subject designs and analysis.

Example. Consider a clinical supervision example in which there is sufficient
theorizing to substantiate unambiguous research hypotheses thatteaching
self-supervision (i.e., self-supervision skills) will significantly increase the
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frequency of specific therapist in-session counseling behaviors (cf. Dennin &
Ellis, 1998). Assume the treatment (independent variable) is to teach thera-
pist self-supervision skills (via a workshop that teaches the use of either
empathic statements or use of silence). The therapist participant implements
the self-supervision skills after each therapy session following the workshop.
Furthermore, assume that the target behaviors (dependent variables) are the
frequency of therapist empathic statements and the frequency of 20 seconds
of silence. That is, supervisees review and evaluate videotapes of their most
recent therapy sessions. They monitor target behaviors, and subsequently,
they set specific goals to increase the frequency of the targeted behavior in the
next session. Using a 20 session time series (weekly therapy sessions), we
randomize the timing of treatment implementation with the restriction that
there is a minimum of five sessions per phase (baseline and treatment). Fur-
thermore, assume that baseline phases are relatively stable. The example will
be adapted to illustrate the single-subject designs that follow.

AB and ABA Withdrawal Designs

Most single-subject designs use a baseline period (denoted A) in which
data from several observations (i.e., data points) are collected prior to imple-
menting a treatment phase (denoted B). Because AB designs and ABA with-
drawal designs (or removed treatment designs) are considered rather weak,
they are not presented here (for a description of these designs and their limita-
tions, see Barlow & Hersen, 1984; Cook & Campbell, 1979). However, they
are more rigorous than a case study.

Reversal designs. A distinction is made between withdrawal designs and
reversal designs (reversed treatment designs) (Barlow & Hersen, 1984; Cook &
Campbell, 1979). A reversal design is characterized by applying the treat-
ment in the third phase of an AB~BA experiment that causes an opposite
effect on a target behavior. That is, the baseline phase is followed by a treat-
ment phase (for instance, a workshop to increase frequency of 20 seconds of
silence, reversed treatment ~B, or alternate treatment C). In the third phase,
the same treatment is applied to an incompatible behavior (e.g., increasing
therapist talking). One could view the reversal design as entailing two treat-
ments such that one treatment results in a causal effect opposite to the other
treatment (e.g., ABCA or ABAC). In some instances, reversed treatment
designs are stronger than withdrawal designs (see Cook & Campbell, 1979).
Limitations of these designs concern whether a treatment reversal exists and
can be implemented ethically and practically, in addition to the general limi-
tations of single-subject research delineated above.
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Adapting our example to illustrate a reversal design (AB~B), let us
assume that the focus of treatment and target behavior is use of silence (a
workshop increase frequency of 20 seconds of silence or longer). Assume
that the reverse treatment (~B) is no silences of 10 seconds or greater (i.e.,
workshop to increase frequency of 10 seconds of silence or shorter). Ran-
domly assigning implementation of treatment and reverse treatment under
the restriction of a minimum of five sessions per phase results in 6 and 6, for B
and ~B respectively.

Multiple Baseline Designs

In situations in which it is either inappropriate (e.g., due to ethical consid-
erations) or not feasible (e.g., due to practical limitations such as a treat-
ment’s long-lasting effect) to use withdrawal or reversal designs, it may be
preferable to use a multiple baseline design (e.g., Barlow & Hersen, 1984;
Kazdin, 1992; Koehler & Levin, 1998). A multiple baseline design entails a
series of observations such that there is a baseline followed by successive
treatment interventions each targeting a different behavior. Each baseline and
subsequent treatment can be conceptualized as a series of AB designs in
which the baseline is prolonged for each succeeding treatment (i.e., until the
treatment is applied), hence the name multiple baseline.

Multiple baseline designs require that the target behaviors be independent
from one another (i.e., that they do not covary). Barlow and Hersen (1984)
also recommend that a minimum of three data points (observations) are
obtained for each treatment phase, or ideally, until stability is achieved. Mul-
tiple baseline designs are generally unsuitable for treatments that have car-
ryover effects (long-term effects) or interactive effects. It is further assumed
that the treatments work quickly after they are implemented. Meeting these
requirements may be difficult in some applied settings (Heppner et al., 1999).
Barlow and Hersen (1984) describe the following three types of multiple
baseline designs (MBL): (a) MBL across behaviors, (b) MBL across partici-
pants, and (c) MBL across settings. Although multiple baseline designs are
flexible and potentially useful for counseling psychology, there are no recent
examples in the counseling literature.

MBL across behaviors design. In the MBL across behaviors (i.e., the
within-subject multiple baseline design), the same treatment variable is
sequentially applied to separate independent target behaviors with the same
participant. Let us recall our supervision example with one therapist, two
self-supervision treatments, and the following two target behaviors: fre-
quency of therapist empathic statements and frequency of 20 seconds of
silence. We randomize when the treatment is implemented under therestriction
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that there is a minimum of four observations per phase (baseline and treat-
ment). We monitor both target behaviors concurrently throughout the course
of the study (20 sessions). We introduce the empathy treatment after a base-
line of five sessions. The silence treatment is subsequently introduced after
session 10 and monitored for the remaining 10 sessions. The baseline for
silence was thus 10 sessions. Within a given treatment phase, if there is sig-
nificant change in the target behavior and not the other behavior, then we may
infer that the treatment was effective. This self-supervision example is an
MBL across behavior design.

MBL across participants design. In the multiple baselines across subjects
design (also known as thetime-laggedcontrol design), the treatment variable
is sequentially applied to matched participants. Matching occurs on relevant
third variables for the given study (e.g., supervisee developmental level).
Thus, each successive participant has a longer baseline and only one target
behavior, and the corresponding treatments are of interest. However, multiple
concurrent behaviors may be monitored (e.g., the target behaviors for the
other participants). The self-supervision example could be modified to be an
MBL across participants by implementing treatments across two supervisees
(randomly assigned); one supervisee receives the silence treatment, and the
other receives the empathy treatment. We monitor both target behaviors.

MBL across settings design. The multiple baselines across setting design
entails the sequential application of the treatment to the same target behavior
across independent and separate situations or contexts for a single participant
or an entire group of participants. Barlow and Hersen (1984) recommended
monitoring concurrent behaviors. Extending our example to an MBL across
situations, we apply treatments (workshops) sequentially in therapy sessions
(participant serving as therapist trainee) and in supervision sessions (partici-
pant serving as supervisor trainee).

Group MBL designs. A variant of the MBL across behaviors is to use
groups of participants (i.e., a blended research design). Thus, all three MBL
designs can be extended to an entire group of participants. That is, in the
MBL across behaviors design, the treatment variable is applied sequentially
to the group as a whole. The rest of the design is unchanged. The MBL across
participant design may also be adapted to entire groups of participants in
which each group is sequentially exposed to the treatment variable. In group
participant situations, Barlow and Hersen (1984) suggest reporting data for
individual participants in addition to the data averaged for each data point or
observation (i.e., a simultaneous replication design) (Kelly, 1980).
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Alternating Treatment Designs

Alternating treatment designs (ATD) have also been calledmultiple
schedule designs, multielement baseline designs, a form of randomization
designs, andsimultaneous treatment designs(Barlow & Hersen, 1984). In
the alternating treatment design (ATD), the treatments or conditions are alter-
nated on a random basis such that there is neither the baseline nor the obliga-
tory period of data points between treatments. For example, the random
schedule for administering two treatments, A and B, in an ATD design might
look like this: B-A-A-B-A-B-B-A. More specifically, three features charac-
terize an alternating treatment design. First, a minimum of two treatments are
rapidly alternated for a single participant. One of the two treatments may be a
baseline (i.e., no treatment) condition. A second feature is the lack of obser-
vations between treatments (i.e., the treatments are alternated in succession).
Finally, a series of baseline observations prior to implementing the treatment
is generally not obtained.

Returning to our example, the two treatments would be implemented in a
randomized order across 20 sessions such that self-supervision of empathy is
designated A and self-supervision of silence is B. We restrict the randomiza-
tion to no more than three consecutive administrations of the same treatment.
The treatments are alternated on a session by session basis according to the
sequence BAABABBBABBAABAAABBA. Both target behaviors are
monitored concurrently.

There are several advantages of alternating treatment designs: neither a
baseline phase or treatment withdrawal is required, treatment effects are usu-
ally evidenced more quickly than with traditional single-subject designs, and
ATD are relatively insensitive to background trends (variability in trends or
extreme trends). The two most troubling limitations of an ATD are sequential
confounding and carryover effects (Barlow & Hersen, 1984). Sequential con-
founding or order effects occur, for example, when treatment A always fol-
lows treatment B. Does implementing A first predispose the results to favor
A, or is treatment B contingent on receiving A first? Carryover effects (or
multiple-treatment interference effects) refer to one treatment affecting
another irrespective of the sequence of implementing the treatments. Carry-
over effects can be either positive (e.g., treatment A is more effective when
alternated with treatment B than if implemented alone) or negative (e.g.,
treatment A is less effective when alternated with treatment B than if imple-
mented alone). That is, treatment B is interacting with treatment A. As Bar-
low and Hersen (1984) indicated, carryover effects appear to be largely due to
the participant’s inability to discriminate functionally among the treatments,
and they are easily remedied.
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The best methods when dealing with order and carryover effects are ran-
domly assigning treatments in a counterbalanced order, ensuring that par-
ticipants are able to discriminate the treatments (e.g., introduce a time inter-
val between treatments, implement one treatment per session, or tell
participants which treatment they are receiving), and incorporating poten-
tial carryover effects into the design and testing whether carryover effects
are affecting the results (Barlow & Hersen, 1984). Researchers should be
cautious not to permit too many contiguous administrations of any one
treatment when randomizing treatment sequencing. Researchers should
collect a minimum of two data points (observations) per treatment when
comparing two treatments.

Sequential Designs

Sequential research designs are usually ex post facto (passive) research
designs in which the investigator attempts to identify and test patterns of
interactions or reciprocal processes (e.g., Lichtenberg & Heck, 1986; Wam-
pold & Kim, 1989). As noted by Gardner (1993), “sequential data consist of
categorical codes recording the changing social behaviors of their subjects”
(p. 975). Sequential designs are becoming more prevalent in counseling psy-
chology research, especially process research (Heppner et al., 1999), and
have been used to investigate supervisee-supervisor interactions (e.g., Hollo-
way, Freund, Gardner, Nelson, & Walker, 1989), client-counselor interac-
tions (e.g., Reandeau & Wampold, 1991), family interactions, and couple
interactions (e.g., Holloway et al., 1990), among others (see Claiborn &
Lichtenberg, 1989). Sequential research designs are most often single dyad
(or family) studies but may include multiple case sequential designs as well
(e.g., Reandeau & Wampold, 1991). Because sequential designs have been
reviewed competently in counseling psychology journals, they are not pre-
sented here. Interested readers are referred to the articles cited herein for a
discerning presentation of sequential research designs.

Blended Designs

The distinction between group research designs and single-subject
designs is becoming increasingly blurred (Barlow & Hersen, 1984; Cook &
Campbell, 1979). Many design features once considered unique to single-
subject designs (time series, treatment reversal, treatment withdrawal, treat-
ment cross-over, etc.) are being applied to group designs (Heppner et al.,
1999; Levin & Wampold, 1999). In some instances, traditional single-subject
designs are being expanded to groups of participants. For example, Barlow
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and Hersen (1984) illustrate a multiple-subject, multiple-baseline research
design and analysis (see MBL group design section). Other recent examples
incorporated between-subjects design features into a time series design
(Dennin & Ellis, 1998; Ellis, Chapin, et al., 1996). That is, placebo and no
treatment condition participants were incorporated into a multiple-baseline,
multiple-subject time series design to help rule out additional potential rival
explanations of the results. The importance of blended designs is to be crea-
tive and flexible in designing a study. Researchers are encouraged to use all of
the available design principles and tools to build via reasoned argument the
most potent design to answer and test the theorizing under investigation
(Tracey & Glidden-Tracey, 1999).

ISSUES IN THE ANALYSIS
OF REPEATED MEASURES DATA

Traditional parametric statistics (e.g., independent samplest andF tests)
assume that the observations are from independent groups or samples and
that the data are normally distributed with equal variances (the more stringent
assumption is calledcompound symmetry) and have at least interval scale
properties (i.e., sequentially ordered and of equal intervals). If these assump-
tions are not met, the statistic will not accurately represent the population
parameter of interest (mean, variance) and may significantly inflate the
experiment-wise Type I and Type II error rates. Hence, because of their very
nature, repeated measures designs do not meet the independent observation
assumption of traditional parametric statistics (e.g.,F tests in ANOVA and
MANOVA). Designs with repeated measures require special statistical pro-
cedures for proper analysis (e.g., dependent samples statistics, such as
repeated measures ANOVA or MANOVA, and Union-Intersection Tests)
(Levine & Ohman, 1997). In addition, many repeated measures statistical
procedures (e.g., ANOVA and MANOVA) require special follow-up or post
hoc tests (e.g., Keselman, 1982; Lix & Keselman, 1995; Maxwell, 1980).
Repeated measures statistical procedures, however, have their own set of
assumptions that are particularly problematic when there is one dependent
variable (e.g., repeated measures ANOVA; see Davidson, 1972; Harris,
1985; Jaccard & Ackerman, 1985; O’Brien & Kaiser, 1985). Statistical pro-
cedures to analyze data from repeated measures factorial designs (including
split-plot and matched-pairs designs), event history designs, and longitudinal
panel designs are available in most statistical packages (e.g., SPSS, SAS,
BMDP).
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Analysis of Single-Subject Time Series Designs and Data

Single-subject data are typically evaluated on two criteria: experimental
or statistical significance (i.e., are the results or effects spurious or veridical)
and clinical significance (i.e., are the results or effects meaningful) (Kazdin,
1984, 1992). Single-subject research data are analyzed graphically, visually
(Barlow & Hersen, 1984; Wampold & Furlong, 1981; Wilkinson, 1999) or
statistically (e.g., Corcoran, 1985; Gingerich, 1984; Kratochwill & Levin,
1992; Levin & Wampold, 1999). Interested readers are referred to the insight-
ful discussions and illustrative examples presented by Barlow and Hersen
(1984) and Cook and Campbell (1979). For serviceable introductions to sta-
tistical procedures that control for serial dependency (autocorrelation or
autoregressive effects; i.e., interrupted time series analysis) see Cook and
Campbell (1979), Crosbie (1993), and Kazdin (1984). Statistical software to
analyze time series and single-subject designs is included in some packages
(e.g., SPSS) or is available elsewhere (e.g., Edgington, 1987a; Levin & Wam-
pold, 1999).

CONCLUSIONS

One of the primary purposes of this article was to expose applied psy-
chologists to the myriad of available repeated measures research designs. I
operate from the premise that the more informed researchers are about the
research design options available to them, the better choices they will make.
The function of research design is to help rule out and control rival explana-
tions of the observed data and results (e.g., confounds, biases; Huck & Sand-
ler, 1979; Kerlinger, 1986). Therefore, it makes sense to treat the array of
repeated measures design options as potentially viable for any possible
research design. Thus, the traditional distinction among single-subject,
group, and longitudinal designs appears arbitrary and may have outlived its
usefulness.

Repeated measures designs often have more statistical power than compa-
rable between-subjects designs. This does not, however, obviate the impor-
tance and necessity of performing an a priori power analysis to determine the
appropriate sample size before beginning data collection (see Cohen, 1988;
Fagley, 1985; Rossi, 1990; Sedlmeier & Gigerenzer, 1989). I encourage read-
ers to consider how they might specifically employ heretofore unfamiliar
research designs and statistical methods, invoke creative possibilities, and
seek out references to understand better their particular designs and statistical
methods.
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