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Abstract The purpose of this article is to present various
single-case outcome assessment methods for evaluating
school-based intervention effectiveness. We present several out-
come methods, including goal attainment scaling, visual analy-
sis, trend analysis, percentage of non-overlapping data, single-
case mean difference effect size, reliable change index, and
convergent evidence scaling. The strengths and limitations of
each of these methods are discussed, along with the potential
practice applications. We conclude the article with a suggested
display format for single-case intervention outcomes.
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Methods for Assessing Single-Case School-Based
Intervention Outcomes

In the wake of changes to IDEA that allow for response to
intervention models, and the current resurgence in the field of
school psychology toward a problem-solving approach of ser-
vice delivery, there is a need to advance our methods for
assessing and evaluating intervention outcomes. Whereas our
profession prides itself on our assessment knowledge and skills,
these skills often are adequately applied only to problem iden-
tification or classification purposes. Treatment outcome assess-
ment, on the other hand, often is approached in an unsystematic
manner or is based on a single outcome indicator rather than on
outcome assessment that includes multiple methods. Thus,
what is deemed best practices in assessment may be overlooked

when we engage in treatment evaluation, thereby limiting our
data-based decision making processes and accountability.

The purpose of this article is to provide an overview of the
methods for assessing andmonitoring treatment outcomes that
can be used in research and practice, with particular emphases
on practical applications within school or clinical settings.
These assessment methods include: goal attainment scaling,
visual analysis, trend analysis, percentage of non-overlapping
data, single-case mean difference effect size, reliable change
index, and convergent evidence scaling. We describe each of
these methods, along with the strengths and limitations of
each approach. We conclude the article with case illustrations
of a suggested format for displaying single-case outcomes that
employs multiple outcome indicators.

Before we delve into the disparate outcome indicators, a
brief conceptual perspective is warranted. In the realm of
treatment outcomes, much of the research is based upon a
statistical premise wherein outcomes are evaluated on an ‘all
or none’ approach. We believe practice, and indeed research,
may be better informed from a perspective that includes
attention to progress toward treatment goals, mirroring a cur-
rent trend toward the use of effect size estimates for evaluating
treatment outcomes. With that goal in mind, we contend that,
except for trend analysis, each of the methods presented
provides a form of effect size estimate that allows for the
determination of the magnitude of treatment outcomes, there-
by providing data to indicate whether progress is being made
toward a treatment goal. In practice settings, the magnitude of
effect may lead to an evaluation of whether a given treatment
should be discontinued, modified, or maintained.

Goal Attainment Scaling

Goal Attainment Scaling (GAS) (see Kiresuk et al. 1994) is a
criterion-referenced rating scale approach that can be readily
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applied in school and clinical settings. Kiresuk and Sherman
(1968) developed the GAS method to evaluate the effective-
ness of mental health services, using the technique to measure
clients’ progress towards treatment goals and to compare
outcomes among different therapists and treatment programs.
When applied in educational settings, multiple sources (i.e.,
teachers, aides, parents, consultants, or students) can complete
GAS ratings of academic or social behavior intervention out-
comes at individual or group levels. GAS has been found to be
a reliable and valid method for evaluating intervention out-
comes in school settings (Coffee and Ray-Subramanian 2009;
Roach and Elliott 2005).

The basic GAS method involves selecting a target behav-
ior, operationalizing behavioral or academic outcomes in ob-
jective terms, and ranking treatment effects from positive to
negative outcomes (Elliott and Busse 2004; Roach and Elliott
2005). The outcomes are operationally defined on a five- or
six-point rating scale, e.g., +2 to −2, wherein +2 indicates an
intervention goal is attained, 0 indicates baseline, and −2 indi-
cates that a problem is muchworse. (Ratings from zero to 4 or 5
may be used for behaviors that have a basal rating of zero, such
as a beginning reader learning the ABCs). By using ratings for
each outcome level, a rater can provide hourly, daily, or weekly
reports of student progress, depending on the target behavior.
These ratings can be derived from direct indicators of progress
(e.g., direct observations or permanent products) and/or from
the raters’ perceptions of a student’s progress.

GAS goals may best be determined in a team format,
wherein a teacher is involved in the process and, when appro-
priate, parents and students. The decision regarding goal def-
initions is idiosyncratic, in that the initial rating of zero is
based on baseline data, and subsequent goals are based on
individual student needs. Starting from baseline, the team uses
professional judgment to set goals that are appropriate for a
given student. For many behaviors, goals are defined as ranges.
For example, a particular student may have a baseline of 45–
55 % work completion in math. A GAS rating of 1 may be set
at 56–89 % to indicate progress and a rating of 90 % or greater
would indicate goal attainment, with mirrored negative ratings.

The strengths of the GAS method are that it (a) is time
efficient; (b) can be used individually or for groups; (c) can be
used as a self-monitoring tool; (d) can be used to repeatedly
monitor progress; (e) is easy to graph and interpret; (f) can be
used across settings and sources; (g) provides a method for
evaluating the magnitude of progress toward outcome goals;
and (h) is likely more readily understood by consumers than
other quantified outcome methods, thereby lending social
validity to the method. The limitations of GAS include (a)
ratings for certain behaviors necessarily are based on summa-
ry observations and perceptions, such as goals for behaviors
that may not lend themselves to accurate appraisal (e.g.,
teacher ratings of class participation), and (b) subjectivity is
involved in deciding the level of goal attainment.

Visual Analysis

In single-case time-series outcome applications, the traditional
method of analysis is visual inspection of graphed data. For
changes in behavior from baseline to treatment to be indica-
tive of improvement, the changes in level and variability
between phases must be in the desired direction, generally
immediate, readily discernible between phases, have separate
trends, and be maintained across time.

There are several strengths of the visual analysis method
(see Parsonson and Baer 1986). For example, visual analysis
is quick to yield conclusions, graphing of data is relatively
simple, data undergo minimal transformations, and the theo-
retical premises of graphs are minimal and easily understood.
The limitations of visual analysis are that the method is
potentially insensitive to subtle changes across baseline and
treatment phases, difficulty in interpretation arises when there
is variability and overlap of data or if the level or trend is
unclear, and the graphing method may skew interpretation.
Researchers have found that phase changes that are not readily
discernible have resulted in inconsistent interpretation of
graphed, time-series data (DeProspero and Cohen 1979;
Knapp 1983).

Visual Analysis Rating

Visual Analysis Rating (VAR) has been proposed as a method
to provide an augmentative quantitative index for visual anal-
ysis (Busse 2005). Drawing on the logic of goal attainment
scaling, ratings are based on the degree of treatment response.
The criteria upon which VAR is based are whether the change
between baseline and treatment is in the desired direction with
distinct trends, generally immediate, discernible, maintained,
and whether there is a relatively large and stable average level
of change. Ratings are 2=strong unequivocal evidence of the
criteria; 1=data are in the desired direction, immediate, and
discernible, but overlap between phases, and the average level
change is moderate; 0=lack of evidence of any criteria;
−1=same as 1, but in undesired direction; −2=same as
2, but in undesired direction.

McGill and Busse (2014) applied the VAR method in an
assessment of outcomes for five elementary school children
who received a remedial reading intervention. Each case was
evaluated utilizing a mean difference effect size, VAR, and
GAS ratings. VAR ratings tended to be more stable than the
mean difference effect sizes and corresponded to the aggregate
when the multiple evaluation methods were synthesized.

The strengths of VAR are that it is a relatively simple
method, and it may be useful with intervention designs in
which the ability to progress monitor is limited to a few data
points. The limitations are that it is a relatively weak method,
and it is in need of research on its reliability and validity.
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Trend Analysis

The purpose of trend analysis is to examine the degree to
which data are moving in a desired direction and toward a
desired goal. The basic method for trend analysis is to create a
regression line (a straight line of best fit for the data) for
baseline and intervention data, and to analyze the slope of
the line. When the trend line for the baseline phase is extended
throughout the intervention period, it becomes possible to
compare a student’s progress to their trend in the absence of
the intervention (Riley-Tillman and Burns 2009). In compar-
ing trends, the same principles apply as with visual analysis;
effective interventions will be represented with treatment
phase data that trend in the desired direction and are distinct
from baseline.

There are no available guidelines for determining when an
observed change in slope from one phase to the other is
significant. As our efforts focus on behaviors that may fluc-
tuate without intervention (e.g., students who are behind in
reading fluency may make weekly gains without additional
services; behaviors may increase or decrease naturally based
on changes in the environment), this comparison between a
student’s trajectories with and without the intervention allows
us to be more conclusive that it is our intervention that
influenced any gains.

Additionally, the slopes of trend lines can be used to inform
us about the rates of growth that a student is making or is
expected to make during an intervention. Weekly or daily
growth rates can be used to evaluate progress and to assist in
evaluating the feasibility of selected goals (e.g., if the student
would be required to increase homework rate in all classes
from a baseline of 50 to 100 % to reach the selected goal
within a short timeframe, the goal may be shown to be
unrealistic as indicated by the slope and trend). Another
approach is to utilize established growth rates, such as those
that are available for curriculum-based reading probes (e.g.,
Hasbrouk and Tindal 2006), to develop and plot a goal line for
a fixed evaluation period. After several intervention sessions,
a trend line can be calculated to determine whether the slope
or trend is consistent with the goal line expectations.

Two methods of trend line calculation are widely used: the
split-middle method and the ordinary least squares (OLS) ap-
proach (Kennedy 2005). The split-middle method utilizes the
median data points from baseline and intervention phases to
estimate trend lines and is easy to complete by hand (see Riley-
Tillman andBurns 2009). OLS is a statistical regressionmethod
that provides a line of best fit to provide an estimate of direction
and rate of improvement as indicated by the slope. OLS trend
lines are easily created with basic graphic software programs.

Regression lines created via OLS are sensitive to outliers
(Shinn et al. 1989) and may be inappropriate for cases in
which data do not follow linear trends (e.g., a student’s prog-
ress may follow a curved pattern as skills are acquired). OLS

trend lines may be more accurate than those generated via the
split-middle method (Shinn et al. 1989), and OLS is more
widely used. In comparison to other evaluation methods, OLS
requires a relatively large number of data points. Christ et al.
(2012) recommended that a minimum of 14–15 data points
may be needed before a reliable slope can be forecast with
outcome measures such as CBM reading probes, although
Parker et al. (2011) found that OLS predictions were valid
with smaller data sets. Nevertheless, OLS continues to be
recommended as a method to evaluate high-stakes single-
case response to intervention decisions (Hixson et al. 2008).

It is important to note that OLS differs from the other
methods discussed in this article, in that it cannot be
interpreted as an effect size because it does not provide infor-
mation relevant for estimatingmagnitude of change. Although
the R-squared (R2) statistic (which can be interpreted as an
effect size) can be calculated from an OLS trend line with
computer programs, most single-case research data do not
meet the statistical assumptions for such analysis (Brossart
et al. 2006).

The strengths of trend analysis are that it (a) is easy to
complete with computer graphing programs; (b) allows us to
account for trends that were in place before the intervention
was implemented; (c) can be implemented with single-phase
or multiple-phase intervention models; and (d) it is a powerful
statistical method. The limitations of this approach are that (a)
regression lines are less robust with highly variable data
(Brossart et al. 2011); (b) OLS may require a relatively large
number of data points for a robust outcome; and (c) there are
no guidelines for quantifying the magnitude of differences
between phase trends.

Percentage of Non-overlapping Data

Percentage of non-overlapping data (PND) provides an indi-
cator of change in time-series data from baseline to treatment
phases (Scruggs et al. 1987). The number of data points in the
treatment phase that exceed the highest (or lowest if decreas-
ing behavior) baseline data points are divided by the total
number of data points in the treatment phase. A PND greater
than or equal to 80 is indicative of a strong effect, 60–79 is
moderate, and below 60 indicates no effect.

More sophisticated methods of the PND approach have
been proposed, including the percentage of all non-
overlapping data (Parker et al. 2007) and non-overlap of all
pairs (NAP) (Parker and Vannest 2008). Whereas these
methods, and in particular the PAND approach, have been
cited as being more statistically robust (Riley-Tillman and
Burns 2009), we believe the original method may be the most
useful in practice due to the simplicity of calculation, and
because it may be a more conservative effect size estimate.
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The strengths of PND are that it is simple to compute, and it
is relatively unaffected by nonlinearity and heterogeneity of
the data. The limitations are that it is potentially oversensitive
to a atypical baseline data (e.g., when baseline data are at
extremes, such as zero for decreasing behaviors or 100 % for
increasing behaviors for which there can be no overlap), it is
adversely affected by trends, and it may not discriminate
important treatment changes (White 1987). For example, an
improvement from a high of 50 % work completion at base-
line to a high of 53 % work completion after intervention is a
strong effect with a PND of 100 % if the treatment phase data
all surpass baseline, even though there was no discernible
treatment effect.

Single-Case Mean Difference Effect Size Methods

There are several variations of mean difference effect size
(MDES) methods. In this review, we focus on the method as
an indicator of change from baseline to treatment in time-
series data and on a variation that uses pre-post individual
outcome data. Perhaps, the most popular and easy to compute
method is the standardized mean difference (SMD) method
for time-series data (Gingerich 1984). The SMD method is an
extension of the logic of Smith and Glass (1977) and, later,
Cohen’s d (Cohen 1988) effect sizes for group designs to
single-case research and is calculated by subtracting the mean
of the treatment phase from the mean of the baseline phase and
dividing the remainder by the standard deviation of either the
baseline or the pooled phases. A minimum of 3 data points are
necessary to compute the standard deviation (5 data points
probably should be a minimum goal for each phase, although
in practice thismay not be feasible). In the case of no deviation
(a completely stable baseline or treatment phase), one can
approximate the effect size by using the phase standard devi-
ation that demonstrates variability. Although variations of the
SMD method exist (e.g., Gorman-Smith and Matson 1985),
the SMD is most often calculated using all of the data points in
each phase. The primary differences between methods regard
assumptions about the distribution of variance across phases.

The no-assumptions approach (Busk and Serlin 1992) as-
sumes the heterogeneity of variance between the treatment
and baseline phases, and utilizes the standard deviation from
the baseline phase. Another approach involves an assumption
of homogeneity of variance across baseline and treatment
phases, and uses the pooled within-phase variances (Busk
and Serlin 1992). Some authors have stated that both baseline
and intervention data must be normally distributed for the
effect size to be interpretable (e.g., Riley-Tillman and Burns
2009). However, Busk and Marascuilo (1992) asserted that
such assumptions are not possible due to design limitations
unique to single-case research.

The SMD approach can be extended to a single-case score
difference approach wherein an individual effect size is derived
from pre-post data on some outcome measure for a group. In
this approach, the pooled standard deviations of the group serve
as the denominator and a Cohen’s d is calculated for each
individual. In this application, rather than analyzing the differ-
ence of the group mean, individual scores are computed.

The interpretation of SMD approaches typically is based on
suggested guidelines for determining the magnitude of group
design effect sizes (e.g., Cohen 1988), wherein 0.2 is consid-
ered a small effect, 0.5 a moderate effect, and 0.8 or larger a
strong effect, and the effect is interpreted much like a z score.
For example, an effect of 0.5 is interpreted as a half standard
deviation change from baseline. Magnitude criteria for single-
case outcomes have been infrequently applied in the literature
and validated guidelines do not exist, thus these guidelines are
in need of empirical validation, especially with the use of
SMD effect size estimates. We suggest that the criteria for
single-case data should bemore conservative, with effect sizes
of +1.0 (i.e., one standard deviation change) or greater indi-
cating strong outcomes, effect sizes between +0.4 and +0.9
considered moderate outcomes, and effect sizes less than
0.4 indicating no appreciable treatment effect or a mir-
rored negative effect.

The time-series and individual score differences effect size
approaches are strong inclusions in the assessment of single-
case outcomes for several reasons. First, the SMD method
provides data that can be used to quantify the effectiveness of
a particular intervention, which is congruent with the growing
evidence-based practice movement in school psychology (e.g.,
Kratochwill and Stoiber 2002). Second, the method is easy to
compute with available Internet-based programs, and it repre-
sents one of the more robust single-case effect size estimates
that are accessible to practicing school psychologists.

The strengths of the method are that it provides a means for
quantifying time-series single-case outcomes, the effect size
can be interpreted much like a z score, and it is a relatively
robust effect size method. The limitations are that the effect
size estimates do not account for trend or autocorrelation, and
phase means may be affected by outliers.

Reliable Change Index

Reliable Change Index (RCI) is a method for measuring the
difference between pretest and posttest scores on a dependent
measure, usually a standardized test (Jacobson et al. 1984;
Jacobson and Truax 1991). The simplest method is to subtract
the two scores and divide by the standard error of measure-
ment (SEM). More sophisticated methods are to use the
standard error of the estimate or the standard error of
difference (these methods are more conservative in that
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they increase the denominator in the equation and ren-
der a smaller effect).

Although several RCI equations have been proposed (e.g.,
Hageman and Arrindall 1999; Hsu 1989), the most popular
and often utilized is the Jacobson and Truax (1991) formula.
According to this method, a pretest baseline score from an
outcomemeasure is subtracted from the posttest score, and the
result is divided by the standard error of difference of the
outcome measure.

This RCI equation is inextricably linked to the reliability of
the outcome measure that is utilized. Less reliable instruments
create a larger error term, thus larger differences between
pretest and posttest scores are needed for the difference to be
considered significant. Conversely, smaller differences are
needed for significance when more reliable instruments are
used. RCI values that exceed 1.96 are considered to be statis-
tically significant. This critical value is not arbitrary as it
corresponds to a two standard deviation improvement from
the baseline score.

Busse and colleagues (Busse 2005; Busse et al. 2010;
Busse and Yi 2013; Elliott and Busse 2004) suggested that
RCI can be interpreted as an effect size with regard to magni-
tude and proposed the following guidelines: RCIs>1.8 are
indicative of a strong, positive change, RCIs from 0.7 to 1.7
are indicative of moderate change, −0.6 to 0.6 are indicative of
no behavioral change, −0.7 to −1.7 are indicative of a moder-
ate negative effect, and RCIs≤−1.8 indicate that a behavior
problem has significantly worsened. These are only guidelines
and are in need of validation.

The RCI is a potentially useful measure of clinical change
that is readily available to practitioners. It has been demon-
strated to be more reliable than clinical judgment and client
self-reports in accounting for meaningful change in counsel-
ing settings (Lunnen and Ogles 1998). The RCI is fairly easy
to calculate (not taking into account the more complex regres-
sion methods); the needed values of reliability and SEM of the
outcome measure are available in the manuals of most com-
mercial instruments or can be calculated from reliability esti-
mates provided for research-based measures. Whereas some
calculations are needed, the technical sophistication required
is on par with other single-case effect sizes that are often
utilized in behavioral research, and there are available
Internet-based calculation sites. RCI may be particularly
well suited for behavioral response to intervention
methods that utilize rating scale technologies for screen-
ing and progress monitoring.

Whereas the RCI has many positive attributes, it is not
without its shortcomings. Although the RCI can be interpreted
with regard to magnitude of effect, this use may eliminate
properties that may be useful for clinical validation (Tingey
et al. 1996). For example, a difference magnitude may be
indicative of a significant change; however, a student may
still be functioning within an impaired range. The statistic also

is dependent on the utilization of outcome measures that
demonstrate adequate reliability for educational and psycho-
logical decision making. Many outcome measures may lack
treatment sensitivity (e.g., standardized achievement tests)
and other basic psychometric properties that are needed to
validly utilize the RCI.

The strengths of RCI are that it can be interpreted much like
a z score, reliable changes are indexed by a standard error
term, confidence intervals can be constructed around it, and it
can be used to determine the magnitude of an effect. The
limitations are that it is sensitive to the reliability of the
instruments utilized, and it is limited to pre-post designs.

Convergent Evidence Scaling

Convergent Evidence Scaling (CES) is an emergent method
designed to aggregate assessment data from multiple indexes
for the evaluation of intervention outcomes (Busse et al.
2010). Multiple assessment data traditionally are “converged”
through visual inspection and decisions about the magnitude
of the effects or findings, without a systematic process for
reaching conclusions about treatment outcomes. CES system-
atizes outcome analysis through the logic of GAS, such that
ratings for each outcome index are used to provide a common
metric for quantifying the data. Each outcome index is oper-
ationalized and converted into a common scale, which allows
for combining data from multiple sources and methods into a
single quantified index of the magnitude of change toward
intervention goals.

The basic elements of the CES method are a five-point
scale and definitions of outcome magnitudes that correspond
to the following outcomes: Treatment goal fully met: strong
positive effect (+2); treatment goal partially met: moderate
positive effect (+1); no progress toward goal: no effect (0);
treatment goal unmet, behavior somewhat worse: moderate
negative effect (−1); and treatment goal unmet, behavior sig-
nificantly worse: strong negative effect (−2).

For example, consider an adapted composite case example
from Busse et al. (2010) based on teacher ratings on a narrow-
band aggression scale and GAS, and a school psychologist’s
observation of aggressive behavior at baseline and during
3 weeks of treatment. The data from the teacher rating scale
(M=50; SD=10) resulted in an elevated standard score (72) at
pretest and an average range score (60) at posttest. This
change yielded a RCI of +3.0, which is then converted into
a CES rating of +2. The teacher’s mean GAS rating is +0.44,
which is converted into a CES rating of 0. The school psy-
chologist’s observations of aggressive behavior yielded a
single-case mean difference effect size of 1.8, which is con-
verted into a CES rating of +2. The mean of the individual
CES ratings is 1.33, which is converted into an overall CES
outcome rating of +1 (moderate positive effect).
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Busse et al. (1995) used the CES method to evaluate behav-
ioral consultation outcomes in a meta-analytic framework, and
later as a dependent variable in a related multiple regression
analysis (Busse et al. 1999). McGill and Busse (2014) used the
CES method to evaluate the outcomes from a small group
reading fluency intervention and found that it was more con-
sistent than other evaluationmethods at discriminating between
adequate and inadequate response to treatment.

There are several potential advantages of the CES method.
First, it allows for converging data into an overall quantity from
indexes that have different methods of interpretation, somewhat
akin to converting raw score data from different scales into
standard scores. The CES method transforms all outcome data
into an ordinal scale, which allows for converging data from
different types of outcome measures, including those utilizing
interval level data. In research, the CES method can be used
within a meta-analytic study to compare treatment outcomes
from studies that use different methods of data collection (e.g.,
rating scales and time-series data), and the method can be used
within a given study to combine treatment outcomes. Other
strengths of the method are that CES relies on a criterion-
referenced approach for assessing intervention outcomes,
which has the potential for being a better method of measuring
clinical or educational significance and may be most useful
with single-case methods, and CES allows for the assessment
of intermediate progress toward intervention goals.

A limitation of CES arises when outcomes are mixed (e.g.,
GAS indicates a strong effect and RCI indicates no effect),
which are averaged in the overall CES rating and may obscure
useful data, such as in situations where higher, multiple CES
ratings attenuate a lower rating. A related limitation is the
number of assessment indexes used; one may gather GAS
ratings, observations, and rating scale data from multiple
sources, all of which would be included in the CES ratings.
If the majority of CES ratings are high or low, an outlier that
potentially provides useful data will be obscured, or using
fewer indexes may skew the relative weight of a single high
or low treatment outcome. Other limitations include the po-
tential for increased Type I error (accepting a finding as ‘true’
when it is not) due to multiple testing, and the method is in
need of further validation.

Data Synthesis Display for Single-Case Outcomes

In this section, we provide a multiple index outcome data
display that may facilitate decision-making processes (see
Fig. 1). The display is an extension of a method proposed by
Busse et al. (1995). To demonstrate the evolution of single-
case outcomes, we use the data from Busse et al. but changed
one case to work completion and augmented both cases
with fictional data to illustrate the use of the outcome

assessment methods presented in this article for behav-
ioral and academic problems.

As shown in Fig. 1, the data display includes brief contex-
tual information on the target behavior and intervention, along
with various outcomes. As shown in Case 1, visual analysis
indicates a change from baseline to treatment with a relatively
large level change. The trend analysis indicates that the base-
line data were trending in the same direction as the treatment
phase; therefore, one cannot conclude that the observed in-
crease in work completion was due to the treatment. The VAR
of +1 reflected this conclusion. The mean GAS rating of +1
for the treatment phase indicates a moderate positive effect.
The PND is 75 % which indicates a moderate positive effect,
and the MDES is +1.97, indicating a strong positive effect.
The CES individual outcome conversions are +1 for all but the
MDES, which is a CES of +2. The mean individual CES is +
1.2, which is converted to an overall CES of +1, indicating an
overall moderate, positive effect.

For Case 2, visual analysis indicates a relatively large level
change that was maintained at a 1-month follow-up, and the
trend analysis indicates the phases are discernible, which
resulted in a VAR of +2, or a strong positive effect. The
PND is 100 %, the MDES is +1.81, and the mean GAS rating
for the treatment phase is +2, all of which indicate a strong
positive effect. The CES individual outcome conversions
were all +2, with a mean individual CES of +2, which is
converted to an overall CES of +2, indicating an overall strong
positive effect.

Implications for Practice

The methods we describe and the data display have several
potential practical applications. Practitioners can use the
methods for data-based decision making when evaluating
behavioral and academic intervention outcomes. The methods
can be used to demonstrate to administration and other stake-
holders whether the interventions we use in school are effec-
tive and to provide a quantitative synthesis of data for record
keeping purposes.

We chose several effect size methods in lieu of others. Our
choices were purposeful: we favored methods that may be
more readily understood and utilized in school-based practice.
Although researchers may use more statistically sophisticated
methods, the typical practitioner likely will not have the time,
training, or resources to engage in their use (and all the
methods have strengths and limitations). The methods we
presented are easily calculated either by hand or with available
online resources. Avery useful online resource of whichmany
practitioners may be aware is www.interventioncentral.org.
The website contains a program called “ChartDog” that
provides a time-series graph and displays an OLS trend line
with slope data, PND, and a single-case means difference
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effect size. These data can be easily incorporated into a com-
puter program to produce the graph and data display such as
the one we present that was created on EXCEL. The
choice of which method(s) to use/include in the display
to evaluate a treatment outcome(s) depends of course on
the type of data gathered.

Discussion and Conclusion

The purpose of this article is to present the use of multiple
single-case outcome methods for evaluating treatment effec-
tiveness. Several issues arise from this approach. One issue is
encompassed in the concept of evaluation integrity (or

Case 1

Case Information Treatment Outcomes

Target Child: Third grade boy GAS: +1 (moderate effect)

Target Behavior: Math work completion VAR: +1 (moderate effect)

Intervention: Tangible rewards PND: 75% (moderate effect)

Goal: 90% completion MDES: +1.97 (strong effect)

RCI: N/A

CES: +1 (treatment goal partially 
attained: moderate positive effect)
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Case 2

Case Information Treatment Outcomes

Target Child: Preschool boy GAS: +2 (strong effect)

Target Behavior: Physical aggression VAR: +2 (strong effect)

Intervention: Time-out, DRA PND: 100% (strong effect)

Goal: No hitting, kicking MDES: +1.81 (strong effect)

RCI: +3 (strong effect)

CES: +2 (treatment goal attained: 
strong positive effect)
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Fig. 1 Data synthesis display for
single-case outcomes
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fidelity). It has become a basic and necessary understanding in
research and practice that treatment integrity is integral to
evaluating whether our interventions evidence internal valid-
ity (Gresham 1989). The concept of evaluation integrity, how-
ever, is infrequently broached although it is perhaps no less
important in our appraisal of research and practice based
outcomes. It is of paramount importance that we monitor
treatment outcomes in a systematic format. Otherwise, how
do we know that even well-designed treatments implemented
with integrity have been appropriately evaluated? Another
issue that is intertwined with this discussion is the reliability
and validity of the measures selected to monitor progress and
makes decisions about the effectiveness of interventions. Fur-
ther research to establish or improve the psychometric prop-
erties of academic and behavioral progress monitoring tools
should be a continued priority in our profession.

Other issues relate to the use of quantified effect sizes for
assessing single-case outcome data. Several authors have
eschewed the quantification of single-case outcomes (e.g.,
Baer 1977; Michael 1974; Parsonson 2003), or have stated
that single-case effect sizes may be best used as an accompa-
niment for traditional visual analysis (e.g., Riley-Tillman and
Burns 2009). Both of these stances have merit, in that there is
a loss of qualitative information through the quantification of
data, and each effect size method has significant limitations
that must be considered in the decision making process.
Furthermore, the methods and interpretations we described
are in need of empirical validation.

The debate surrounding the use of effect sizes in single-
case designs is healthy. As we advance toward further valida-
tion of these methods, we anticipate their use will evolve to
meet technical and clinical advances in outcome analyses. At
this point, in the evolution of single-case outcome methods,
there is no consensus regarding the best approach to evaluat-
ing intervention outcomes. The inclusion of multiple outcome
assessment methods may serve to offset the inherent limita-
tions of each approach, much as best practices in problem
assessment takes into consideration variance across multiple
methods, settings, sources, and time. Our primary goal was to
present methods that may be useful in practice applications
and decision making processes. To that end, we invite further
discussion and debate.
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