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Single-subject Experimental
Designs (SSEDs)

Examining pre- versus post-treatment perfor-
mance within a small sample (Kennedy, 2005)

Experimental approach = reveal causal
relationship between IV and DV

Employs repeated and reliable measurement,
within- and between-subject comparisons to
control for major threats to internal validity

Requires systematic replication to enhance
external validity
Basis for determining treatment efficacy, used to

establish evidence-based practice
(Horner et al.. 2005)




Why Effect Sizes for Single-
Subject Experiments?

Single-subject experimental designs (SSEDs)

traditionally evaluated by visual analysis

o Evidence-based practice (EBP) emphasizes
importance of more objective outcome measures,
especially “magnitude of effect” indices or “effect
sizes” (ES) (Horner et al., 2005).

Meta-analysis: ES are needed to summarize

outcomes from SSEDs for research synthesis

o SSEDs predominant with low-incidence populations

= Meta-analysis of SSEDs emphasized in evidence

hierarchies

Levels of Evidence

1. Meta-analysis of (a) single-subject experimental designs,
(b) quasi-experimental group designs (i.e., non-randomized)

2a. quasi-
experimental
group designs*

2b. Single-subject
experimental
design — one
intervention

2c. Single-subject
experimental
design — multiple
interventions

3. Quantitative reviews that are non meta-analytic

4. Narrative reviews

5. Pre-experimental group designs and qualitative case

studies

6. Respectable opinion and/or anectodal evidence

* Consider differences in quality regarding threats to internal and external

validity (Campbell & Stanley, 1963). Adapted from Schlosser, 2003.

(Wendt & Lloyd, 2005)




[Current Status ]

= What “effect size metrics” are most
appropriate to measure effect size while
respecting the characteristics of SSEDs
= Regression-based approaches

o Piece-wise regression procedure (Center, Skiba,
& Casey, 1986)

o 4-parameter model (Huitema & McKean, 2000;
Beretvas & Chung, 2008)

o Multilevel Models (Van den Noortgarte &
Onghena, 2003a, 2003b)
= Non-regression-based approaches
o Family of “non-overlap” metrics

o Specific metrics for behavior increase versus
behavior reduction data

General Considerations and ]
[Precautions

= Requirements of the specific metric applied
o Minimum number of data points or participants
o Specific type of SSED (e.g., multiple baseline)

o Randomization (e.g., assignment to treatment
conditions, order of participants)

o Assumptions of data distribution and nature
(e.g., normal distribution, no autocorrelation)

= Limitations
o Ability to detect changes in level and trend
o Orthogonal slope changes
o Sensitivity to floor and ceiling effects
= Direction of behavior change
o Behavior increase vs. decrease




Non-regression Based
Approaches
Family of “non-overlap” metrics
o Improvement Rate Difference (IRD)
Non-overlap of All Pairs (NAP)
Percentage of Non-overlapping Data (PND)
Percentage of All Non-overlapping Data (PAND)

Percentage of Data Points Exceeding the Median
(PEM)

o Percentage of Data Points Exceeding a Median
Trend (PEM-T)

o Pair-wise Data Overlap (PDO)

Specific metrics for behavior reduction data
(vs. behavior increase data)

o Percentage Reduction Data (PRD)

o Percentage of Zero Data (PZD)

0 O O O

Percentage of Nonoverlapping
[Data (PND)

Calculation of non-overlap between
baseline and successive intervention
phases (Scruggs, Mastropieri, & Casto,
1987)

o Identify highest data point in baseline and
determine the percentage of data points
during intervention exceeding this level

Easy to interpret
Non-parametric statistic




[PND Calculation: An Example

PND =7/11 = 60%
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[Interpretation of PND Scores

If a study includes several experiments,
PND scores are aggregated by taking the
median (rather than mean)

o Scores usually not distributed normally

o Median less effected by “outliers”
PND statistic: the higher the percentage
the more effective the treatment
Specific criteria for interpreting PND

scores outlined by Scruggs, Mastropieri,
Cook, and Escobar (1986)




(cont.)

= PND range 0-100%
= PND < 50% reflects unreliable treatment
= PND 50% - 70% questionable effectiveness
m PND 70% - 90% fairly effective
= PND > 90% highly effective

[Interpretation of PND Scores ]

[Limitations of PND ]

= Ignores all baseline data except one data
point (this one can be unreliable)
= Ceiling effects
m Lacks sensitivity or discrimination ability
as it nears 100% for very successful
interventions
o Can not detect slope changes
= Needs its own interpretation guidelines
o Technically not an effect size




Percentage of All Non-
Overlapping Data (PAND)

Calculation of total number of data points
that do not overlap between baseline and
intervention phases (Parker, Hagan-Burke,
& Vannest, 2007)

o ldentify overlapping data points (minimum
number that would have to be transferred across

phases for complete data separation)

o Compute % overlap by dividing number of
overlapping points by total number of points

o Subtract this percent from 100 to get PAND
Non-parametric statistic

[PAND Calculation: An Example

% Overlap = 2/21 = 9.5%
PAND = 100%-9.5%= 90.5%
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[Advantages of PAND

Uses all data points across both
phases

May be translated to Phiand PhF to
determine effect size (e.g., Cohen’s d)

[Limitations of PAND

Insensitive at the upper end of the
scale

o 100% is awarded regardless of distance
between data points in the two phases

Measures only mean level shifts and
does not control for positive baseline
trend

Requires 20 data points for calculation




[

Percentage of Data Points
Exceeding the Median (PEM)

Calculation of percentage of data points
exceeding the median of baseline phase (Ma,

2006)

@)

baseline data

baseline into treatment phase

Locate median point (uneven data set) or point
between the two median points (even data set) in

Draw horizontal middle line passing through median of

Compute percentage of treatment phase data points
above the middle line if behavior increase is expected

Below middle line if behavior decrease is expected

Non-parametric statistic

[PEM Calculation: An Example

PEM =11/11 = 100%
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[Interpretation of PEM ]

= Null hypothesis
o If treatment is ineffective, data points will
continually fluctuate around the middle line
m PEM scores range from 0 to 1
o .9to 1 reflects highly effective treatment

o .7 1o .9 reflects moderately effective
treatment

o Less than .7 reflects questionable or not
effective treatment

[Advantages of PEM ]

= In the presence of floor or ceiling data
points, PEM still reflects effect size
while PND does not




[Limitations of PEM ]

= Insensitive to magnitude of data points
above the median

= Does not consider trend and variability
in data points of treatment phase

= May reflect only partial improvement if
orthogonal slope is present in baseline
treatment pair after first treatment
phase

[Pairwise Data Overlap (PDO) ]

= Calculation of overlap of all possible paired
data comparisons between baseline and
intervention phases (Parker & Vannest, in
press)

o Compare baseline data point with all intervention
data points

o Determine number of overlapping (ol) and non-
overlapping (nol) points

o Compute total number of “nol” points divided by
total number of comparisons

= Non-parametric statistic




[PDO Calculation: An Example

PDO=(11+11 +11 +11+11+7+9+ 11 + 11
+11)/(10x 11) =95%
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PDO

Produces more reliable results as other
non-parametric indices

Relates closely to established effect
sizes (Pearson R, Kruskal-Wallis W)

Takes slightly longer to calculate

Requires that individual data point
results be written down and added

Calculation is laborious for long and
crowded data series

[Advantages and Limitations of




Non-overlap of All Pairs (NAP)

Another way of summarizing data overlap

between each phase A datapoint and each

phase B datapoint (Parker & Vannest, in

press)

o A non-overlapping pair will have a phase B data
point larger than its paired baseline B datapoint

o NAP reflects the number of comparison pairs
showing no overlap, divided by the total number
of comparisons

Non-parametric statistic

NAP Calculation: An Example

NAP=(10x11)-(0+0+0+0+0+3+1+0+
0+0)/(10x 11) =106/110 = 96%
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Improvement Rate Difference
[(IRD)

Calculation of percentage of improvement between
baseline and intervention performance (Parker,
Vannest, & Brown, in press)

Identify minimum number of data points from
baseline and intervention that would have to be
removed for complete data separation

Points removed from baseline are “improved”
(overlap with intervention) and points removed from
intervention are “not improved” (overlap with
baseline)

Subtract % “improved” in baseline from %
“improved” in treatment

Percent Correct

[ IRD: An Example

100
90 | N =10 N=15
80 |
20 | Improved
50
50
40
30 -
>0 | Ngt Improved
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0 LN T S S S Y SO SO SO N
1 3 S 7 9 11 13 15 17 19 21 23 25

Sessions




[IRD: An Example ]

_ Treatment Baseline

Improved 14 1
Not Improved 1 9
Total 15 10

IRD = (14/15) — (1/10) = .93 - .10 = .83 or 83%

[Advantages of IRD

= Provides separate improvement rates
for baseline and intervention phases

= Better sensitivity than PND
= Allows confidence intervals
= Proven in medical research




[Limitations of IRD

Conventions for calculation not always
clear for more complex and multiple
data series

“Baseline improvement” misleading
concept

Needs validation and comparison to
existing measures

[

Percentage of Data Exceeding
a Median Trend (PEM-T)

Uses the split-middle technique (White &
Haring, 1980), a common approach to
determine trend in SSED data, as a cut-off for
non-overlap

Calculation of percentage of data points
exceeding the trend line (Wolery et al., in press)

o Calculate and draw the split middle line of trend
through phase A and extend to phase B

o Count the number of data points in phase B
above trend line and calculate percentage of
non-overlap

Non-parametric statistic




Example

[PEM-T Calculation: An

PEM-T = 0/10 = 0% (behavior increase)
PEM-T = 10/10 = 100% (behavior increase)

D = PEM-T
Condition 1 Condition 2
1000 7
100+ v
10 i .\.’ \
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Split middle
0.14 trend line
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PDO and IRD Compare?

[HOW Do PND, PEM, PAND,

All five effect size metrics were applied to “real

data”

Data set taken from systematic review of school-
based instructional interventions for students with
autism spectrum disorders (Machalicek et al.,

2007)

Outcomes: communication skills (e.g., gestures,
natural speech, use of speech-generating device)

N=9 studies, 24 participants, various designs, 72
A-B phases (acquisition) extracted




Correlation Between Metrics
[and with Visual Analysis

Pearson’s r between metrics and visual

analysis:

o Three raters visually analyzed all 72
phase contrasts independently for
amount of behavior improvement

1 = little or no improvement, 2 = moderate
improvement, or 3 = strong or major
improvement

Inter-rater reliability for the three judges:
r1_2 = .80, r1_3= 92, r2_3= -89

Results

Correlations between non-parametric effect size indices
[ and visual analysis (VA)

PND | PEM | PAND | PDO?| IRD VA

PND 1] .790*| .764*| .914*| .869*| .900*
PEM | 790" 1| .828*| .931*| .818*| .840"
PAND | 764*| .828* 1| .806*| .757*| .784*
PDO?2 |.914*| .931*| .806* 1] .911*| 871"
IRD .869*| .818"| .757*| .911* 1] .819*
VA .900*| .840*| .784*| .871*| .819* 1

* Correlation is significant at the .01 level (2-tailed)




Ability to Discriminate Among
Chosen Studies

Usefulness of any new ES metric will depend in
part on its ability to discriminate among results
from published studies.

Uniform probability distribution can indicate
good discriminability by plotting ES values on
the y-axis versus percentile ranks on the x-axis

Shape of the obtained score distribution serves
as an indicator for discriminability: ideal
distributions appear as diagonal lines, without
floor or ceiling effects, and without gaps,
lumping, or flat segments (Chambers,
Cleveland, Kleiner, & Tukey, 1983).

Discriminability:
Uniform Probability Plot
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Observed Patterns: PEM/PND
versus PAND
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Observed Patterns: PEM
Inflated Scores

______________

] . .
w | Aemmemememeen !
87 : . e
£ i
2e \ : * . P_—
£T] i
L v
=5 1
e : :
£ : |
2 3 /_/\ —— © PND
O H [
T 2 : ;
= i [
A g - PEM
= ' ;
0 . E

Hetzroni & Shalem, 2005




Observed Patterns: PND ]
[Distorted by QOutliers
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Need For Better Conventions:
[IRD

100 4

Scenario 1: IRD = 0%
40 ! Scenario 2: IRD = 91%

Percentage of Appropriate Responses

Misleading ES Estimates:
[PAND Example

5 4

PAND =16+22= .72 0or 72%

4 -

3

Number of Sentences

0

12 3 4 5 ¢ 7 8 9 10 Il 12 13 14 15 16 17 18 19 20 21 22
Sessions

PAND reports an improvement in target
behavior when no improvement is observed




[

Percentage Reduction Data
(PRD)

Calculation of reduction of targeted
behavior due to intervention (O’Brien &
Repp, 1990)

o Determine mean of last three data points

from baseline (uB) and of last three data
points from intervention (ul)

o Calculate the amount of change between
baseline and treatment
[(uB - ul) + uB] x 100
Also called Mean Baseline Reduction
(MBR) (Campbell, 2003, 2004)

[o

OUTCOME

ol = (10 + 2+ 0)/3 = 4

PRD Calculation: An Example

Baseline (B) Intervention (1)

uB = (52 + 23 + 45)/3 =

PRD = (40 - 4)/40 = 909

SESSIONS




Percentage of Zero Data
[(PZD)

Calculation of the degree to which
intervention completely suppresses
targeted behavior (Scotti et al., 1991)

o ldentify first data point to reach zero in an
intervention phase

o Calculate the percentage of data points
that remain at zero from the first zero
point onwards

[PZD Calculation: An Example

Baseline (B) Intervention (1)

50

OUTCOME

n
S

PZD = 2/6 = 33%

1 2 3 4 5 6 8 10 " 12 13 14 15

SESSIONS




[Interpretation of PZD scores

PZD range 0-100%

o PZD < 18% reflects ineffectiveness

o PZD 18% - 54% reflects questionable
effectiveness

o PZD 55% - 80% reflects fair effectiveness
o PZD > 80% reflects high effectiveness

How Do PND, PRD, and PZD
Compare?

All three effect size metrics were
applied to “real data”

Data set taken from systematic review
of intervention studies on Functional
Communication training (Chacon,
Wendt, & Lloyd, 2006)

Intervention: graphic symbols, manual
signs, speech




Study N Condition Intervention PND (%) | PRD (%) PZD (%)
Braithwaite & 1 | Access Vocalizations (“I want ___ please”) | 100 100 95
Richdale E Vocalizations (“I need help please™ | 92 100 100
(2000) scape ocalizations (“I need help please™)
Day, Horner, & 1 | Access Manual signs (“want”) 100 100 67
O’Neill
( 19921) Escape Vocalizations (“go”) 100 98 50
Horner & Day 1 | Escape Graphic symbol (“break”) with 1s 100 83 80
(1991) delay
Graphic symbol (“break”) with 20s | 0 -64 0
delay
Schindler & 2 | Escape Graphic symbol/Vocalization 18 83 47
Horner (“help”)
(2005) Escape Graphic symbol (“change,” 72 92 24
“activity”)
Sigafoos & 2 | Attention Vocalizations (“Beth”) 86 81 80
Meikl
erie Access Vocalizations (“drink,” “toy,” 100 100 96
(1996) « »
want”)
Attention Gestures (tapping teacher’s hand) 100 100 100
Access Graphic symbols (“food,” “drink,” 100 100 100
“toy”)
Wacker et al. 1 | Access Gestures (touching chin) 50 49 25

(1990)

Regression-based
Approaches

Newer Approaches:

o 4-parameter model
(Huitema & McKean, 2000)

o Multilevel Models

= Hierarchical Linear Models (HLM) for
combining SSED data (Van den
Noortgarte & Onghena, 2003a, 2003b)




Approaches lllustration

30 4

[Regression-based

25 A
20 A

15 4

Outcome

5 Baseline trend

4-parameter Model
[Huitema & McKean (2000)

Huitema & McKean (2000) modified Center et
al.’s (1986) piecewise regression equation

o Introduction regression coefficients that can be used
to describe change in intercept and in slope from
Baseline to Treatment phase

Y, = o + BT + BoDy + B3I, — (n + DID; +e¢
where

Y, = outcome score at time t

T, = time/session point D = phase (A or B)

n, = # time points in baseline (A)




[4-parameter Model (cont.)

Y; = fo+ BT + oDy + B3lT; — (m +D1D; + ¢
B, = baseline intercept (i.e., Y at time = 0)

B, = baseline linear trend (slope over time)

[, = difference in intercept predicted from
treatment phase data from that predicted for

time = n;+1 from baseline
p; = difference in slope

phase data

Thus, B, and B; provide estimates of a

treatment’s effect on level

and on slope,

respectively. (Beretvas & Chung, 2007)

[

4-parameter Model -

Interpretation

Outcome

-
—
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-
-
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[Summary: 4-parameter Model

Strengths:
Resulting effect size index AR?
Conversion to Cohen’s d
Calculation of confidence intervals
Uses all data in both phases

Can be expanded for more complex
analyses

[Summary: 4-parameter Model

Limitations:

Parametric data assumptions (normality,
equal variance, and serial independence) =
usually not met by SSED data

Regression analysis can be influenced by
extreme outlier scores
Expertise is required

Conduct and interpret regression analyses

Judge whether data assumptions have been
met




[Multilevel Models (HML) ]

Hierarchical Linear Model (Raudenbush,

Bryk, Cheong, & Congdon, 2004)

= Data is hierarchically organized in two or more
levels

= Lowest level measures within subject effect change

from baseline to intervention
[ Y =p+ph(X,)+e
= Higher order levels explain t 160 181( Jte,

o  Why some subjects show — +
more change than others ’BOJ Yoo %o,
o Factors accounting for 161,' =%+,
variance among individuals
in the size of treatment effects

[Summary: HML ]

= Hold great promise for the meta-
analysis of SSEDs
o Resolve many of the limitations of AR?
approaches
= Need further refinement and
development
o Minimum sample size needed

= Application to real datasets
(Shadish & Rindskopf, 2007)




Comparison of AR? vs HLM:
[Beretvas et al., 2008

Used same data set as above
(Machalicek et al., 2007) to calculate
and compare three different types of
effect sizes:

o HLM: g, B,
o 4-parameter model: AR?, AR?

o Percentage of non-overlapping data
(PND)

o Correlations calculated between these
five indices

Correlations between Baselines’ & (k = 84)

[Results

ﬂZ ARz[ ﬂ 3 ARZS PND

B, 1

AR2, 1
5| -.005| .013 1
AR%| -069| .077 1

PND| .497| -.029| .145] .151 1




Conclusions: ]
Beretvas et al., 2008

Great disparities in effect size metrics’ results

o Source of disparities requires further research

64.29% of baseline data points had

significantly autocorrelated residuals (p < .05)

so the corresponding AR? indices would be

biased

o Unclear p, would affect other ESs.

o Estimation of auto-regressive equations needs to
incorporate corrected estimate of p,

Need 2 ESs to assess change in level and

slope

More work needed!

[Conclusions ]

In general, need for better and clearer
conventions for all metrics

PEM leads to inflated ES and does not
correlate well with other metrics
o |Is PEM-T the solution?

PAND seems most appropriate for multiple-
baseline designs but questionable for others

PDO and NAP give precise estimate of
overlap and non-overlap, because of point-
by-point comparisons, but laborious in
calculation




[Conclusions (cont.) ]

= |IRD appears promising because of strong
discriminability and confidence intervals

o Poor in regards to established conventions

= New metrics resolve shortcomings of the PND
but create other difficulties yet to be resolved

= Inthe end, what is the overall gain compared to
PND?
o Do final outcomes/decisions really change in the

review process?

o PND very established and used successfully

= Should all overlap methods be abandoned
(Wolery et al., in press)? — NO!

[Future Directions ]

= Currently no consensus supporting the use
of a single “best” effect size metric for
summarizing the results of SSEDS

» Future meta-analyses may use several
SSED effect sizes to summarize a
treatment’s effectiveness
o Use of these multiple measures should provide

a better picture describing how different metrics
compare to one another and to fit each single-
subject research design with the most suitable
metric




[Future Directions (cont.) ]

= Practitioners may benefit from using non-
regression based approaches for time-
efficient estimation of treatment effect

= Future research on SSED effect size metrics
needs to compare the metrics with each
other using real datasets and not a
convenience sample
o Compare metrics within family of “non-overlap”

o Compare across regression versus non-
regression based approaches
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