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ABSTRACT

There has been a lack of consensus as to the optimal effect size for uszamahetes
involving Single Case Experimental Designs (SCEDs). SCEDs are a set of experimental designs
which produce data akin to short interrupted tisgzies, where observations may not be
independent due to autocorrelatidiis thesis evaluated the s&tical properties of various
effect sizes for aeversalABA iBj SCED via a simulatiostudy Hedges, Pustejovsky, and
Shadisld £012)StandardizedMeanDifference effect siz§ () performed bestvhensmall to
moderate degrees of autocorrelatroere presentPartial regression coefficients also performed
relativelywell in most situations. Theesults recommenithe utilization of  : besidests
favorable performance, has also been designed to be comparable to ¢rvased effectizes
(C o h sdhtbusenabling the amalgamation of both SCEDs and group designs ina meta
analysisPartial regression coefficients may also bedusiedively in a metaanalysis ofesults

from SCEDs



iii
ACKNOWLEDGEMENT

Thank you, first and foremost tay advisor Dr. David Flora for his patient guidance in
supporting me to theompleton of my M.A. thesisandadvanang my understanding in various
guantitative methodsesearchl would also like to express my deep gratitude to my thesis
committee member, Dr. Jolynn Pek, for all her insights and hard questions which helped me
further my owrresearch, in addition to completingy M.A. thesis.Thank you also to Dr.

Robert Cribbie ath Dr. Michael Rotondi for all your ideas and feedback.

Thank yoy as well toall my friendsespeciallyCathy Labrish, Phil Chalmerklugh
McCague Victoria Ng, Alyssa Counsé| and Ryan Barnhart for all the support and suggestions
along the way. The leaing experience would not have been the same without you. Last but not
least, | thank my loving family and husband &firtheir sacrifices made in supporting my

aspirationto complee the M.A. degree.



TABLE OF CONTENTS

Abstrack e e e éééeceeééeeceeéééeeceeeééeceececce.

Acknowledgments é é e e e ééééeeeééeeeceééeeceeée.

> € eeeeééeeceeceéeéece.

TableofContents é é ¢ é ¢ é ¢ € é é ééé

> € eeeeééeeceéécee

Listof Tableg é ¢ é ¢ ééééeéeééeééeé

Listof Figureg e é é é ¢ e e éeéééeeéééeeceéééeeceééce

Introductiorée é é é e eéeéééeeceéeééeecéééeeceééce.

SCEDs, RCTs, and the EBPP Movement in Psych@ogy é é é é é e
é

([N

Research Synthesis, Mesaalysis, and SCEBsé é é e é é e é é é

([N
([N

SCED data and the proposed Effect Siagistice e e € € € é é € € €

N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N

sz

Methodt é é ¢é é é .

([N
([N
([N

ee

N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N

Simulation Proceduge é é

-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-

Data Generatiagh é é é é

Resultlg e é éeéée ecééeeéeceéeécecececeéeecéecéce

eeéeeéeeée.

s 7

No Effects Data Type é é é é é é é e

eeéeé

LevelChange DataTypeé ¢ é é é e é e e e eeéeéeéééééece

sz

Level Change and Extraneous Effects Data €ypeé é é é é é é e .

éee

Di scuststiéeereé éeééeééceééeecéeecéeecéececéee

é ..

([N

é .

vii

viii

20

. 20

. 22

. 30

.30

35

. 37

e. .42



///////////////

Referencesééececeeeeééééeeee. .. ... ... ... 45

Appendices e é é éeeeéééeeceééeeceééeeceééeéeeee. 50

Appendix C No effects data type,

autocorrelation graph®( 0 pho o VEééeéeééeéeéeée. .52
Appendix D No effects data type,

autocorrelationgraphid 0 0 0 peeééeéeéeecéecté 54
Appendix E Level change data type,

autocorrelationgraph®( 06 0 0 VEéééeéééeéeéeée. . 56
Appendix F Level change data type,

autocorrelation graph®( 0 pho o vVééééeéééeéeééeeée. .58
Appendix G Level change data type,

autocorrelation graph®( 6 0 0 péeéeééeéeéeéeéeéeée. . 60
Appendix H Level and trend data type,

autocorrelationgraph®( 06 0 0 VEéééeéeéeéeeéeeée. . 62
Appendix I Level and trend data type,

autocorrelationgraph®( 06 0 0 peéeéeééeéeéeéeeéeeée. . 64
Appendix J Level and trend data type,

autocorrelation graph®( 0 pfio o LéEéééeéééeéeeéée. .66
Appendix K Level and interaction data type,

autocorrelation graph®( 6 0 0 vééééeéeéeéeeeéeéeeée. . 68



Appendix L Level and interaction data type,

autocorrelation graph®( 0

Appendix M Level and interaction data type,

autocorrelation graph®( 0

0

,,,,,,,,,,,,

o pilEééééeééeecéececeé.

ptho o

///////////

Appendix N:Level, trend and interaction data type,

autocorrelation graph®( 0

0

////////////

0 VEEéeeééeeééecé.

Appendix Q Level, trend and interaction data type,

autocorrelation graph®( 0

0

////////////

0 peéeéééeéeéééeécéee.

Appendix P Level, trend and interaction data type,

autocorrelation graph®( 0
Appendix Q Effects graphsd
Appendix R Effects graphsd
Appendix S Effects graphsd
Appendix T. Effects graphsq
Appendix U Effects graphsq
Appendix V. Effects graphsd

Appendix W Effects graphsq

pho o
0 0 0
0O © 0
0O © 0
o pho
0O © 0
o pho
0O © 0

,,,,,,,,,,,

pPpI* TEEE . ...

U, T)EEEEe. ...
PTe TW)EEEEEE
L, T®)E € e

L, TI)E € € €
L,* T)E € é
PTe TH)EEEEEE

74

. 78

80

81

82

83

84

85

86

Vi



Vi

LIST OF TABLES

Table 1: True magnitude of effect to éstimaedby t he ef fect si z 29



viii

LIST OF FIGURES
Figurel: No effects datatypeé é e € é é € éé e e ééeéééeéeééeeéé 24
Figure 2 Level change datatypeé é é € ¢ é éé e éééeéééeéeééeéé. .25
Figure 3 Level change and a tirfeased trend datatypet é é € é é € € éé € é . 26
Figure 4 Level change and a diffent slope in B and iphases data tygeé é é é é . . 27

Figure 5 Level change, a timbased trend,ral a different slope in B andj Bhases data
typet é 6 é e ééééééeéeéeéeéceeeéeéeéeéeéeé. 28
Figure & The effects oautocorrelation on unstandardized partial regression coeffici

© o o 0 Veééeéeéeéeéeéeéeéeéeéeéeéeé 31
Figure 6b The effects of autmrrelation on standardizgxartial regression coefficients

© o o 0 Veééeéeéeéeéceéeéeéeéeéeeeéeé 32
Figure 7 The effects of autocorrelation on standardized mean difference

© o o 0 V)ééééééééééééeeeececeeééééeééee. . 32

Figuue8The effects of autocorrélation on

© o o 0 Veééeééeéeéecéeéeeéeéeéeééeeeéeé 33
Figure 9 The effects of autocorrelation on squared spantial correlation

© o o 0 Veééeééeéeéecéeéeeéeéeéeééeeeéeé 33
Figure10: The effects of autocorrelation on PND

o0 o o 0 Veééeééeéecéeéeeéeéeéeceéeéeéee 34

Figure1l: The effects of autocorrelation on SMDs converteB’to
o0 o o o VNeééeéééecéecéeeéeéecéecéeeeéeee 34
Figure12: The effects of autocorrelation on trav bias of partial regression coefficient

andSMDs¢ O 0O 0 vVeeééeeéeeéeeéeed. 35



Figure13: The effects of autocorrelation on standardized astlamaardized partial

regressiorcoefficients ¢

0

0 ©

L)é é e

é

é

é

é

é

é

é

é

é

é

Figure14: The effects of autocorrelation on standardized mean difference

\ \

o6 o

0

\

(0]

L)é & & &

eeee

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é .

é

é

Figure15: The effects of extraneous effectspmartial regression coefficientsé SMD

ESs(0

Figure16: The effects of extraneous effectsmartial regression coefficients and SMD

ESs(0

Figurel7: The effects of extraneous effectsmartial regression coefficients and SMD

ESs(0

Figure18: The effects of extraneous effectsmartial regression coefficients and SMD

ESs(0

0

0

0

0

0

p to

0

p o

0

0

0

0

~

vhr

~

vhr

v,

~

vhr

né é é

é

é

né é é

T@)e e

TiEp)e

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

([ON

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é

é .

é .

é

. 36

37

38

. 39

.40

41



Effect sizes for SCEDs and their utility for a met@alysis:A simulation study

There is a need for review and summafgmpirical researctvhenthereis a multitude
of research effort and published findings agivdentopic. Research synthesis is a structured
review of research studies that incorporates various measures to guard against potential biases in
the literature review (Chalmers, Hedg&sCooper, 2002). Metanalysis is the quantitative
component imesearch synthesis arglused to minimize statistical imprecision by combining
guantitative results from different studies (Chalmers et al., 2002) major motivating context
for this thess is reseach synthesis and metmalysisof data fronsinglecase expemental
designs (SCEDs; also knownma®f-1 trials, smakln designs, singksubject designs, intra
subject designs, singlease designs, singlystem design, and interrupted tiseries
experimental designs, among others). More specificaity, the goal of findingsuitableSCED
effect sizemetrics for metaanal/ses this thesievaluated variousffect size statistics for a
common type of SCED in terms of their performance across a variety of sichsiete
interrupted timeseriesdatathat exhibited autocorrelation and different types of effEbe
possibility of an amalgamation of both SCEDs andugrdesigns in a metanalysisis also
discussegdwith applications primarily in the field of psychology.

SCEDs are a set of quastperimental designs that employ repeated data collection over
time on a single unit of interest (e.g. Barlow, Nock, & Hersen, 2008, Gast & Ledford, 2014;
Kazdin, 2011). The unit of interest may be an individual or a group swulfeasily or an
organizationand SCEDs are frequently used to evaluate the effect of a treatment or intervention
on the unit with the unit serving as its own control. Therefore, SCEDs are especially beneficial
when the research areas studied have highhiity or a low prevalence rat&he amount of

research using SCEDs is growing and has produced important empirical findings in fields such



as clinical psychology, occupation therapy, counseling, special education, social work, group

dynamicssports psghology,and medicine (e.g. Allen, Friman, & Sanger, 193arkeret al.,

2013;Horner et al., 2005; Johnston & Smith, 2pMacgowan & Wong, 2014; Perdices & Tate,

2009).

SCEDsrefer toa set of experimental designs, rather than a single design, whietatign

havethe followingfive basic characteristiaa common(Allen et al., 1992

1)

2)

3)

4)

There are repeated measurements obtlteome variablever time for each unit.

There must be a wedlstablished baseline for each unit before entering the treatment
or intervention phase. The baseline phase is impobecausét serves as the initial
data against which subsequent data will be compared. The treatment or intervention
phase typically comes after the baseline phase, where the independent variable (a
treament or intervention) is introduced to the unit for the first time.

Measurement stability must be achieved before any phase chengesamplein a

four phaseABA iBj reversal design thagata of theoutcome variablenust be stable
before changing phasé®m baseline (phase A) thetreatment or interventiophase
(phase B)Phase B data must also become stabferb changingo the withdrawal

of treatment or interventiophasgphase A), andthen reach stabilitpnce more
beforereintroducing the treatment or interventighase B. More specifically,
measuremergtability refers to a lack of trer(@e., lack ofconsistent increases or
decreases) theoutcome variableor a trend that is opposite in directiofthe
anticipated treatmemtr interventioreffect, and a steady range of variability.

Within each phasdhere must be a deliberate manipulation of one and only one

independent variable at a time.



5) Replications acrossnits, settings, and practitioners may be included to demonstrate
evidence of external validityesulting in SCED studies with multiple units other
words, SCED stdies may include multiple units whefesttreatment effect on each
unit is investigatedia a SCED.

There are many variations of SCEDs. A SCED that is designed so that the replication of
treatment or intervention effects can be observed systematically has sound internal validity. For
example, the treatment effect should be present wheneidenent is applied, not present when
the treatment is withdrawn, and present again when the treatment is reintroduced, while holding
all potential covariatesonstant. This common SCED is generally callezl ABA]Bj or reversal
design and has previouglbeen described his design has sound internal validity because it
rules outmanyalternative explanations for the outcome cha&pecifically, once treatment is
withdrawn (plase A) data is expected to return to what is observed in the baseline gdhase
and similar data from phase B is expected wheatrment iseintroduced (phasejB Data from
phases fand B are expected to be similar to those observed in phase A and B, but not identical
due to potential carry over effectéthe treatment or irervention cannot be withdravior
practical or ethical reasos theoutcome of interest is not reversible (e.g. learning behavior),
the effect of the treatment may be replicated across settings, behaviors, or participants, among
other possibilities; tlsi situation produces a multipbaseline design. If multiple baselines are
not feasible, a different treatment may be introduced instead of withdrawing the original
treatment, which iknown asan alternating treatment design. In an alternating treatnessig g
the effect of the treatment or intervention is generally replicated after baseline and after the
newly introduced treatment (i.e. ABGBesign). More detailed account of SCEDs can be found

in Kazdin (2011), Barlovet al.(2008), and Gast and Ledfo(@014).In terms of evaluating the



proposed effect size statistics focanmmon SCED, this thesis focusaad the ABAjB;j design
becausét is one of the most popular types of SCENd is widely used in psychology.
SCEDs, RCTs, and the EBPP Movement iRsychology
SCEDs An example of a renewed interest in utilizing SCEDs within psychology can be
found in the field of neurorehabilitation whi
enkancing community participatiomf t er acqui r e d efdicea & Tate,i200p,ai r me nt
p.904). Clinicians working in neurorehabilitation are often presented with the challenge of
treating individuals suffering from a wide variety of deficits and disabilities because individuals
with similar brain impairment may manifeséficits and disabilities differently (Perdices & Tate,
2009). Furthermore, clinicians are usually required to have an individualized treatment for each
client as treatment strategies depend on the specific deficits and disabilities as well as the
individu al 6 s personal rehabilitation goals (Perdi ¢
regardless of thesimilarity in brain impairment, will most likely require a variation or an
entirely different treatment (Perdices & Tate, 2009). Given the vesindlarity in the
population served, treatment options, and outcomes, SCEDs are essential for evaluating
treatment efficacy in fields such as neurorehabilitatisigroupbased designs may not be
feasible Accordingly, the utility of SCEDs in treatmentiatervention evaluation is increasingly
vital as the integration of best available treatment evidence with clinical practice is made a
priority by theevidencebased practice in psycholo@gBPP) movement (APA Presidential Task
Force on EvidencBased Pretice, 2006).
Randomized controlledtrials. Traditionally, randomized controlled trials (RCTs) have
been the gold standard for providing evidence for various treaeffer#cies(e.qg.Robb,2013.

Yet RCTs, as with all research methodologies, have their own limitations. RCTs are generally a



type ofgroupbased experimental desigrat estimateshe treatment effedtom the comparison

of different groups of individuals. The result of an RCT is egrage treatment effect for

different individuals. In the contexff fields such as neurorehabilitation, one limitation of RCTs

is that they do not directly focus on the heterogeneity within individuals across different
treatment conditions. In other wordsecause not all individuals exposed to the same treatment
will respond to the treatment equivalently, the results of RCTs may not generalize to specific
individuals.That is betweerperson treatment effects may not equal wighemson treatment

effects. Clinicians are generally not as interested if a treatment works on average, but whether a
treatment will work foraspecific client (Perdices & Tate, 2009). Hence, the restiRCTs may

be of limited practical use since they may not be relevant to clinical practice (Johnston & Smith,
2010). After all, one of the goals of evideHus&sed practice is to get the best evidence to inform
treatment decisions about the individuatlancargJohnston & Smith, 2010Another

disadvantage of RCTs is the need for relatively large homogeneous groups (Busse, Kratochwill,
& Elliott, 1995; Gingerich1984). Furthermore, ethical problems may also prevent random
assignment of participants &ireatment or control grougsingerich 1984). So in fields such as
neurorehabilitation, where there is a large variation in the population served, treatment options,
and outcomes, RCTs may not be feasible. Moreover, not all treatment® reedvaluaie via

RCTs (e.gSmith & Pell, 2003). For instance, a RCT is not necessary and probably will not be
funded to evaluate the efficacy of using wheelchairs or grab bars by individuals with movement
disabilities (Johnston & Smith, 2010). Nevertheless, treasr@minterventions (notwithstanding
how simple they may appear to be) should be evaluated so that decisions about whether to utilize
them can be based on their efficacy. In these situatibiese groupbased designs may not be

feasible SCEDs are a goodt@rnative to RCTSs.



Unlike RCTs, SCEDs do ndbcus orthe average treatment effect across individuals but
instead explicitly focus on withindividual variability. In other words, SCEDs emphasize
change at the unit or individual level by comparing tleatiment effects on a single unit or
individual over differentmeasurement occasiorSCEDs are also flexible and are able to
accommodate research areas with high variability or low prevalence rates commonly found in
fields such as clinical psychology, agation therapy, special education, social work, and
medicine, among others. In fact, Guyatt et al. (2000) have put SCEDs that use randomization and
blind components above RCTs in ithieierarchy of best potential for providing evidence on
various treatmerefficacies.For example, phases, treatments and practitioners, among others,
can be randomly assigned to the unit under investigadidditionally, the What Works
Clearinghouse has recently accepted SCEDs as an adequate research methodology to provide
evidence on various treatment and intervention efficacies (Kratochwill et al., 2010). Yet SCEDs
alsohave limitations. The external validity of the findings obtained by SCEDs has been most
often critiqued as inferidbecausa single SCED provides very little, if any, information about
betweenrindividual variability.In other words, the finding of a SCED is highly relevant to the
unit or individual under investigation, but the finding may not be generalizable to other
participants or settings. Therefore, little information is available to draw inferences about the
overall efficacy of a treatment or intervention. This disadvantag&ever, can be remediated by
metaanalyzing reults from separate SCEDSIiigerich 1984; RobeySchultz, Crawford, &
Sinner, 1999).
Research Synthesis, Metanalysis, and SCEDs

Traditional research synthesis and rratalysis generally only includgoupbased

experimental desigrsuch as RCTs (Busse et al. 1995). As raatalytic techniques for ST



have only recently been developed, one of the reasons for past exclusions ofiSDE Deck
of established appropriate quantitative methodology (Allison & Gorman, 1993; Center, Skiba, &
Casey, 1985). The primary @dbr a metaanalysisis aneffectsize (ES)estimate from each
study To date, there is a lack of consensus as to the apprapeaire oES of SCEDs, which
is a preliminary challengandprerequisitdor further advancementéne & Carter, 2013;
Shadish & Rindskopf, 2007).
There are arious drawbacks to deliberately excluding SCEDs from a reseanrtiesis
and metaanalysis Allison & Gorman, 1993; Scruggs & Mastropieri, 2013; Shadish et al. 2008).
The most pronounced of these drawbackssigstematic lack of evidence taken into
consideration, especially when a given research topic has used a relatively large amount of
SCEDs compared tgroup-based design In suchcases, EBPP goals may be bast if
evidence of a treatment or interventidficacy produced by SCEDs and grougsigas are both
consideredRobey et al. 1999) and potentially synthesized collectively so that a more
comprehensive assessment of treatment efficanope obtained. Examples of various efforts to
increase the awarergesf SCEDs in metanalysis can be seen with the publication of special
issues irthe EvidenceBased Communication Assessment and Intervejaional (volume 2,
issue 3, 2008), thdournal of Behavioral Educatiofvolume 21, issue 3, 2012), tReemedial
and Special Educatiojpurnal (volume 34, issue 1, 2018&)e Journal of Applied Sport
Psychologyvolume?25, issuel, 2013), andthe Journal of School Psychologyolume 52, issue
2, 2014), among others. Alongside these efforts, research syntheses aadahetas of solely
SCEDs have also begtm appear more frequentiMa g gi n, OO6 Keef fe, & John:
Research synthesis and matzlysis may be used to summarize and produce evidence

of external validity for SCEDs as well as to obtain a more precise estimate of the maghitude



thetreatment or interventioeffectunder investigation. Additionally, bysing moderator
analysis, the metanalysis findingganalso finetune the generalizability oftaeatment or
intervention Burns, 2012; Gingerighl984). For instance, factors that nragderatehe
effectiveness of a treatment iatervention such as paipant characteristicsettings or
practitioners can be coded and evaluated. Having more specific information as to for whom,
where, and when a treatment or intervention wbsest is part of the essential dimensions of
EBPP (APA Presidential Task Foroa EvidenceBased Practice, 2006).
SCED data and the proposed Effect Sizgatistics

The data produced by SCEBresimilar to timeseriesdata repeated measurements on a
single unit are represented as a sequence of data points. The diffeneneager, lie in the
length of the series (series of SCEDs are shotter)interruption and potential modification of
the series during phase changes (after a phase ¢hbageries may change in variability, level,
trend, or any combinatiatiereof). Thus, the data produced by SCEDs may be viewed as a
special case of timseries andhavebeen referred to as interrupted tiseriesdata(Gingerich
1984). Consequently, interrupted tiseries data may inherit many of the characteristics of a
time-seriessuch as the presence of axdorelation (also known as awégression, serial
dependency, serial correlation, lagged correlation, etc.). Autocorrelation is the degree of
correlationbetweerpast and future values in a time series observation. Said differi¢ is a
lack of independence among the observations in a time series. If these icogatat not taken
into accountthe time series observations may appear more homogeneous. For example, if a
child was ill at the beginning of a time series stutlg, effect of being ill may influence the
multiple consecutive observations in the time series study (Ferron, 2002). Depending on the

study and outcome measure, this4itependence across observations may result in a



positively or negatively autocorrédd error structure. Ignored positive negative
autocorrelatiorpotentiallyleads to smalleror largerstandardieviation thus leading to an
overestimatioror underestimatioof astandardizedS that is dep®lent on parametric

assumptions

An ES may be defined as fia quantitative

phenomenon that is wused for the purpose of

Preacher, 2012, p. 4). In light of thisoaddefinition, an ES may convey informationtarms of
standardized unit of change, varianceaunted forchange in meargchange imraw units and
change in variability, among others, depending on the research question d&x‘aangdles of
popular ES are the standardized mean differenceESCoherd d) and the standardized linear
association E$e.g.Pearsoé produd-moment correlatioyr). Many ES statistics have been
proposed fo SCEDdata,the present thesitocusedon SCEDESSs that are designed to convey
information intermsof standardized unit of changejeanchangeandvariance acounted for
because finding an ES for SCEDs which is comparable to ¢rasgd experimental design ESs
is one of the goals of the thesI$he type of ES statistics proposed ®EEDdata carargely be
divided into two major categories: regressimased and neregressiorbased with the latter
being more populan general Below, various regressioand norregessionbased ESare
reviewed.For ease of presentation, explanation of Ef8 s$based on data produced by a simple
two-phase SCED (AB), whicls later generlized to a fourphase SCED (ABfB)).

Regressionbased ES: Simple linear regressiarA two-phase (AB) interrupted tirae
series dataan beanalyzed via simple linear regressiomodel

w r ro -,

re

ad
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wherewi s t he participant s obser vedhertcorne @n the
T,1 is a constant representing the initial level (intercept),s a dummycoded variable

representing each phase (=0 for phase A& =1 forphase B, and- is thedifference

betweenth@ ar t i ¢ i p edsdoréasdpredicedscovat timet. The simple linear

regressiommodelis easily generalized taccommodate fur-phase (ABAB;) interrupted time

series datdy including he appropriate dummy variables:

O 1T Te 1T 1o -, (1)

wherewi s t he participantods observe,d isacanstant on t he
representing the initial level (intercepd), is a dummycoded variable representing phase B,
@ is a dummycoded variable representing phasg & is adummycoded variable
representing phaseiBnd- i s t he di fference between the part
predicted score at tinte This equations now a multiple linear regression model.
Two commontypes of ES statistiasay be obtained from the simple linear regression
and multiple linear regression moslel
1) Theregression coefficieft (i.e. theeffect of phase Bin the simple linear regression,
and theaverage of both partial regression coefficiéntandf (i.e.the average partial
effect ofphase B and 3 in the multiple linear regressianodel shown ifEquation 1.
2) The variance accounted for by the simple linear regresziaiel’Y , and the unique
varianceaccounted for by phases B anpviia squared senpartial correlation 'Y
obtained fronthe multiple linear regression model
The main shortcoming of these ES statisiga$eir inability to account for the effects of a time
based trendincethe time variablés not included ireitherregression modelf a trend is

preent, depending on its directidneregression coefficients and squared spattial



11

correlationmay underestimate or overestimate the magnitude aldiuaal effectThe simple and
multiple linear regression mob@lso assumes homogeneity of variance and an independent error
structure. Given the plausible presence of autocorrelation in SCED data, the assumption of
independence for these modartgl all subsequent regressibased models likely violated.

Regresson-b ased ES: Gor Aswgimgravemerto thd sintpldinear
regression model aboy&orsuch (1983) proposed a model which accoianta lineartime-
basedrendfor a twophase (AB) interrupted timseries data

w I rTofw -,

wherewi s t he participantoés obser vetdheetcornle @n the
T, T is aconstant representing the initial level (intercdps)the time variabléthus]
represents the slope of the trend for both phases is a dummycoded variable representing
phase® =0 for phase A =1 for phase B)and- is thedifference between the
participant s obser ved tsAswihtbe senplalingarrregréssiont ed s c
model, his modelis alsoeasily generalized taccommodata fourphase (ABAB;) interrupted
time-series datéy including the appropriate dummy variables:

O 1T ToTe 1e 1Td -, 2

wherewi s t he participantoés obser vetll issacanstamt on t he
representing the initial level (intercept)s the time variablel is a dummycoded variable

representing phase B, is a dummycodal variablerepresenting phasejAd is a dummy

coded variable representippase Band- i s t he difference bet ween t
score and predicted score at titn€imet at B and B phasess centered to aid interpretation of

the partial regression coefficients.other words, the mean of time pointsis subtracted from

all time points in phase while the mean ob , time pointsis subtacted from altime points in
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phased ;. Forexamplejf 6 has fivetime points, 1, 2, 3, 4, and5, ando has five time pointss,
7,8,9,and10,0 is centered by subtracting 8 from#%38, 9, and 10Similarly, if 0 ; has time

points,16, 17, 18, 19and20, 0 ; is centered bgubtracting 18 from 16, 17, 18, 19, and 20.

As before, two common types of B&atisticsnaybe o bt ai ned nfodebm Gor su

and the extended model shown in Equation 2
1) The partial regression coefficiént (i.e. the partial effect of phase B) in Gors h 6 s
mode| and the average of both partial regression coefficientdf (i.e. the average
partial effect of phase B and)Bn theextendednodelshown in Ejuation 2.
2) The semipartial correlationsY, vi a Gor s u tdudigevaniandee | (i
accounted for bphase Bandthe extended modehownin Equation 2(i.e. the unique
varianceaccounted for by phases B ang.B
The main shortcoming dhese ES statistids their inability to account for the effects af
differentslopefor t in each phase. there isa differentslopein each phase, the Eatisticsmay
underestimate or overestimate the actual treatment effect.
Regressiombased ES: Center, SlAsadfuather inffprozmeney 6 s
Center, SkibaandCasey (1985) sugested the use of a piecewise regressiodelfor a two
phase (AB) interrupted timgeries data
w T For® f & o -,
wherewi s t he participantos observe,d isacanstamt o n
representing the initial level (intercept)s the time variablel is a dummycoded variable
representing each phase (= 0 for phase A =1 for phase BXp 0 is an interaction term
which allows for a different sloper the timebased trenih phase Bthusf represents the

slope in phase B0 is a subset ofhetime variable foidata points in phase @ly, and- is the

t

me

h ¢
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di fference between the partici patnAsbdeoreptthsser ved
model is also easily generalizeddccommodata fourphase (ABAB)) interrupted timeseries
databy including the appropriate dumnayd interactiorvariables:
w I Totd fT® T o & o T & o - ,(3)
wherewi s t he participantods obser ve,ll isacanstant on t he
representing the initial level (intercept)s the time variablel is a dummycoded variable
representing phase By is a dummycoded variable representing phase® is a dummy
codal variable representing phasg ® 0 is an interaction term which allows for a different
slope in phase Bp 0 is an interaction term which allowsrfa different slope in phasg,A
@ O isan interaction term which allows for a different slopphase B and- is the
di fference between the participatmnmAsvshthebser ved
extension to GotasBRandhBpasemadisbcentered to aidnrgerpretation
of thepartial regression coefficients.
With the presence of interaction termdantere t  @985)mleland the extended
model in equation,nly thefirst-orderregression coefficient@reconsidered furthethe partial
regression coefficiemt representshe partial effect of phase B in Centet  @.985)hazlel,
while the average of andf representshe averag@artial effectof phase B and 8n the
extended model shown ingHation 3 A commoncriticism of this method lies in the multiple
choices of partial regression coefficieatgilableto represent the ES estima¥et, thedifferent
partial regression coefficients represent differsgiectof treatment effest Specifically, with
Centeret ald model(® T o T ® T @ O - ) as an exampl¢, may be
regarded as aBSfor the magnitude of thelopechangen the intervention phase, and not the

instantaneoumagnitude ofevel change ireatment effegtwhich is giverbyt . In terms of
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the extended model shown in Equatioh 3andl  aretheinstantaneoumagnitude of tratment
effect for phas® and B respectively with ,T , and’ are thetime-trendslope changes in
phase B, A and B respectively.

Regressionbased ES: Allison & Gormard method. Allison andGorman (1993)
proposed a refinement to the method of Ceetel.(1985)for a twophase (AB) interrupted
tmeseri es data. Al Il i smwwivesraultige stems designeditesremuowetth o d
effects ofa timebasedrend before estimatingn ESin terms ofR%. Doing somay beespecially
beneficial if a trends inthe same diection of the slopér phase Bnvhich can causan
overestimation of the ES. Thiene-basedrend is estimated from the baseline data only, and is
removed from the analysis of subsequent phases as described below:

1) Fit a simple linear regressionodd to the baseline phase:

o I 1o -
2) Calculate the residuafeom the baseline phase:
- ®w
3) Generate predicted values in the treatment phase frotimt&xdvasedrend estimate
of step 1In other wordsthe value of the regression coefficientfrom stepl is used
as the value for the regression coefficienhere
w I T o ,
4) Calculate the residuafsom the treatment phase:
- ® ®,
These residualag aor ofhd @t nendécd steps 2 and 4 a
problem of potential overestimation duethe presence oftame-basedrendand a slope that is

in the same direction. The detrended adataused in the subsequent steps
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5) Calculatethe zero-order correlatiofbetweenid and the residuals of baseline phase
(-H) andthezeroorder correlatiobetween®y 0 and the residuals of treatment
phase(- H) and compare their signs. If the signs are in the same direction, proceed to
step 6. If the signs are not in the same direction, skip to step 10.

6) Fit a multiple linear regressianodelto the residuals of baseline and treatment phase:

-HU o T @ o -,
Where- His an element from the vector that concatenak&sor the baseline phase
and- Hufor the intervention phase.

7) Obtain the'Y statistic fromthe multiple linear regression model in step 6.
8) If preferred, Allison and Gorman suggest that thestatistic may be converted into
anF-ratio, which maythen beconverted to @ orr ES statistic.
9) The same sign obtained in step 5 may be assigned tothestatistic, resulting in an
ESthat represents the magnitude and direction of the effect.
10)If the signs of the zero order correlations are not in the same direction, Alhson
Gorman (1993) proposed to simply look at the effect of the level as recommended by
Centeret al.(1985). The rationale is that overestimating dua time basedrend
should not be a problemtheslope in phase B in an opposite direction.
A potential problem with this method may be shrinkkaDetrended data may produopesiduals
without the appropriate variabilityhusleading tonegatively biased standard errorkis
methodmay accommodata fourphase (ABAB;) interrupted timeseries datay repeating the
appropriate steps mentioned previousiydifferentsets of (AB) pases. For example, tié

estimate may be obtained faB, AiBj, and AB phases separately.
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Non-regressionbased ES: Percentage of nenverlapping data (PND).The PND

proposed by Scruggs, MastropiemndCasto (1987) is one of the earliest ES statstésigned

for SCEDSs. Here, the calculation of PNDdisscribedor atwo-phase (AB) interrupted time

series data
1) If an increase in outcome measurement is expected, the PND is the percentage of data
points in the treatment phase (phase B) that surpass the highest data point in the baseline
phase (phase A).
2) If a decease in outcome measurement is expected, the PND is the percentage of data
points in the treatment phase (phase B) that are lower than the lowest data point in the
baseline phase (phase A).

Similar to Al [(1983method, hedPNDstatistnmay d&seaccommodate four

phase (ABAB;j) interrupted timeseries datéy separate calculatiorisr different sets of (AB)

phases. For examplBEND may be calculated for AB,iBj, and AB phases separately.

Additionally, an average of PNdfJor both AB and ABj is also possible.
The main limitatiosof PNDaret h e s tsansitivity toiowtliérs and insensitivity to

the potentialeffects of a timebasedrendand differingtime-trendslopes in different phases

the data. Although many have critiqued statisticalproperties of PND, it remairthe most

commonES statisticusedin the metaanalygs of SCEDs (Beretvas & Chung, 2008).
Nonregressionrbased ES:Standardized mean differenc SMD) methods. Another

one ofthe earliest used ES fartwophase (AB) interrupted timgeries datés in a form that

closelyr esembl ed Cohenoés
d 9 (4)

where
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VO B B
andYi s t he participantds obsedisthalavesageof e on t he
participantds observed scor®isthemavardgeof dependent
participantds observed scor %D iotme sandar dedigipne nd e n't
of phase Aando is the subset of the time variable for data points in phase A Diméymethod
works by taking the difference between phase means and dividing it by the standard deviation of
the baseline phas&his way, no assumptis are made regarding the distributional form of the
observations and homogasty of variance across phasBsisk and Serlin (1992) proposed

standardizing the mean differences with vaeability of the entire data
d m— (5)
Where
YO —— ,

andt is thetime variablerepresentinghetotal number of data points in the interrupted time
series.This way, parametric assumptions such homogeneity of vargamoss both phasese in
effect, andif desired,a confidence interval may be construct&d.with Allison and Gorman
(1993 and PNDstatistics both dsyp; anddsypz may accommodate a fotyphase (ABAB))
interrupted timeseries data by separate calculations for different sets of (AB) phases. For
example dsvp1anddsvp, may be calculated for AB, jBj, and AB phases separatein
addition to an average d§vpi: anddsyp> statistics for thédB and ABj phass.

Similar to the PND,He main shortcoming of botiyp; anddsup2is their inability to

accountfor potential effects of a timbased trend and differing slopes in different phases of the

data Furthermore, parametric assumptionay be violatedfor dsup,. Neverthelessisyp type of
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ES is the seconthostcommonES usedfor ametaanalysis of SCEDs (Beretvas & Chung,
2008).

Non-regressionbased ES: standardized mean differencédedges, Pustejovskgnd
Shadish (2012) proposed an ES )thatisc o mp ar a b | ed(ike.scal€aditlee rsams
metric and utilizing equivalent parameter estimates in its calculafiominimum of three
SCED units are needed for estimating the variante of. Thereforethis ES may not be
utilized with SCEDstudies with fewer than three unitéedges et al. (2013osited ageneral
frameworkthatencompasssbothgroupbased experimental desigasd SCEDs witheplication
across individualdJsing thesamenotation asHedges et al. (2012)hedata for thenodel can be

represented as

Phase A Phase B
 E & O E ®
Control group € é é ) é treatment group
® E O & E ®

Here & is the’Q observation from th& individual, whereQ pI8 g represents the baseline
or control phase, an® ¢ piB hcé represents the treatment phase. The sampl&size
pfB h is 1 for SCEDs andh for groupbased experimental desigfsom thatgeneral
framework an ES comparabldo C o h ednisalerived:
oY -,

whereO s the average differendetween the treatme() and baselin¢A) phasethat is
averaged across all units

O -—-B -B ® -B & ,

and"Y is the average of the sumsrfuarecooled deviation scores both phaaesossll units
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G¢a p
P
a

This ESis gereralizable to a fouphase (ABABj) designby taking the average of the f@ifence
between phases AB andBy and dividing that by the average sum squared pooled deviation
scores across all four phages. however,operates under the assumpsitimatc is normally
distributed thatno time-basedrend is presenand only weak firstorder autocorrelabn may be
presenin the data

In sum,SCEDs are a set of experimental designs that producevdatsimilar
characteristics to time-series SCED data is also known as interrupted tseeies and as a
special case of timseriesit inheritscharacteristics such as the presence of autocorrelation
across notindependent observatiari3ue to the challenging nature of SCED data, there is a lack
of consensus as to the optimalH& application inmetaanalysesBecausdESs arethe primary
data br a metaanalysis, this is a preliminaghallengeand requiremerfor further
advancemeniThus the present thesis evaledthe statisticalproperties of various ES statistics
for a four phase ABAB; design in terms of their abilityp estimateandrepresent a treatment
effect acr@s a variety of simulated shamterrupted timeseries dataMore specifically, the ES
werecomputed fronsimulated dat&ypes that exhibited autocorrelatiopa timebasedrend and
different slopedor time-trendswithin the phasesand evaluated visually via graplsnally, the
possibility of an amalgamation of both SCEDs and group designs in samaigisvasalso

discussed.
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Method

Simulation Procedure

The ESs were evaluated via a simulation study. The simulation procedure wasrbased
Mandov and Solans (200§ but extendedo accommodate a four phase AAdesign.Firstly,
interrupted timeseries data repsentative of a four phase AR5 reversal degn were
simulated 1MO00 timesfor each cell of the simulation desifpr data type consisting of no
treatmenteffects followed bydata typs with nonzero treatment effectyVithin all data types,
there werel9 degrees of autocorrelatisanging from-0.9 t00.9 (ncludinga condition with no
autocorrelatiop In other words, the simulatidmda 5 x 3 x 19 design whetke first factor
investigated wathe type of effec{5), while the second factor wabkase lagth (3) and the third
factor wasthe degree of autocorrelation (1$econdy, theES statisticand theiraw biaswere
calculatedand averaged oveeplicatiors for eachcell. Finally, to visualize the effects of
autocorrelation and data type on the ESs, the ESsplatedagainst degree of autocorrelation
The 26 ES statistics @nsidered in the simulatiomere

1) theaverage of both partial regression coefficients correspondintgt@kchange in

phases B and jBrom Equation 1f(l),

2) the average of thetandardizedegression coefficienof! [ (¢ ),

3) the unique variancaccounted for by phases B angfi®m Equation 1Y ),

4) the average of both partial regression coefficients corresponding to a level change in

phases Band B from Equation 2f(l),
5) standardized regression coefficient &f(f [),

6) the unique variancaccounted for by phases B angfl®m Equation 2gY ),
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7) the average of both partial regression coefficients corresponding to a level change in
phags B and Bfrom Equation 3i(l),

8) standardized regression coefficient f( [),

9) Al | i son a Rdor tBefirstreet of BB phasdAG-R*-AB),
10)Al | i s on a fRdor tBeosecoma sedddiBi phases (ACRZ-A|B)),
11)Al | i s on a Rdor Befirstheanddast Fohases (AGR?-AB;),

12)theaver age of Al | R feroAB and ABjphaBesy 'maYq)d s
13)PND for the first set of AB phase®ND-AB),

14)PND for the second set ofjBj phases®PND-A|Bj),

15)PND for the first A and last Bphases®PND-AB)),

16)theaverage of PNDs for AB andiB; phases{ 0 O,

17)theaverage of PNDs for AB and ABhases{ 0 0,

18)unpooledSMD from Equation 4 for the first set of AB phagesAB),
19)unpooledSMD from Equation 4 for the second set ofB phases| (-AiBj),
20)unpooledSMD from Equaton 4 for thefirst A and last Bphases| (-ABj),
21)theaverage unpoole8MDsfrom Equation 4 for AB and i phases (),
22)pooledSMD from Equation Sor the first set of AB phases (-AB),
23)pooledSMD from Equation or the second set ofiBj phases|( -AiBj),
24)pooledSMD from Equation Sor the first A and last Bphases|( -ABj),
25)theaverage poole8MDsfrom Equation Sor AB and ABj phases) (I),

26)Hedges, Pustejovskg nd Shadi shés standandi zed mean

Detailed information regarding the data generation mechanism antyplese givenbelow.
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Data Generation

Interrupted timeseries dataveregenerated according sovariation of the standard
multiple linear regression modehich allowedfor a timebasedrend differing time-trend
slopesfor each phases well as autocorrelation in the errors

® f Tor&® T T fT® O T ® O T ® o - ,(6)

and@istheparti ci pant 6s observed scufr saconstatthe depe

representing the initial levek phase Aintercept)t is the time variablel is a dummycoded

variable representing phased, is a dummycodal variable represeing phase A @ is a

dummycodel variable representing phasg ® 0 is an interaction term which allows for a

different slope in phase B) 0 is an interaction term which allowsrfa different slope in

phase A @ 0O is an interaction term which allowsrfa different slope in phasg,Bnd- is

thedi f ference between the participamnThéserrorobser ve

term- encompasses representing the degree of autocorrelgtion a firstorder

autoregressiveffect andd x (0 tdp isthe amount of random variation or white noise at time
10,000replicationsper data type angerdegree of autocorrelatiomeregenerated using

theR statistical programn other words, a single seriess generated and replicatedQ)

times for all ESs per data type and degree of autocorrelation except fowhere 3 series &re

generated and replicated Q0Q timesA parallel simulatiorframeworR wasusedas the

programming environmentithin R for data generation, ES statistics calculatamd analysis

To avoid dependence between each succetisiaseries the first 100Qime pointswere

discarded from eadiime serieslIn other words, if the actual time points per time series were 20

'Designed by Phil Chalmers
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© o o o L), a total of 1020 time points were generated per sandthe first
1000 discardedlhe smulated degresof autocorrelatione , ranged from0.9 to 0.9 in
increments of 0.Wwith s  1tdenoting the abserof autocorrelationTheRf unct i on Or nor
was used to generate the white no&e) (with a starting seed of 15551.

Data type. 15types of data were simulated from Equation 6 and within each data tyesid9
with degrees of autocorrelation ranging fred® to 0.9 were simulated. combination offive
types of effectsr(o effects)evel changelevel andtime-based trendevel and time-trend slope
within phasesin addition tolevel, time-based tren@ndtime-trendslope within phasegnd
threedifferent phase length®( 0 0 0 vho o0 0 0 PTO O
preE® o L), made up thd5data typesThe populatiorireatmenteffectof mean
difference was 0.3. The effect was generated by setting the partial regression coeffithent for
B and B phases to 0.3 (Figure 2he partial regression coefficients fatime-based trend and
differentslopes within phases were devised so that elaattanadditionaleffecton top of the
level changdi.e. mean difference)herefore, when a timbased trend anal differenttime-
trendslope within phases were presenaddition to the level changthetotal population effect
in that phasevasgreater than 0.3Vlore specificallythe effect of the timévased trend was

T®j O T where4 is the number of phaseand the effect of slope within phadgsind B was
™ 0 pjg¢ andm® 0O, p ¢ .Thetimebased trend was designed to represénBa
increasean the difference of the average effeceimchpair of AB and ABj phase (Appendix A)
Thetime-trendslope within each phaseasdesigned to have a median value of 0.3 sottiet
difference @ the average &ct in each pair of AB and iR phasewould be 0.3 (Appendix B).
Therefore|jf a level change and tirAeased trend were present viitiphase B, the total effeof

phase B is 0.3 + 0.3 = 0.6. Altetneely, if all three effectslével chage, timebased trendand
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different slope) were present Wih phase B, the total effeof phase B is 0.3 + 0.3 + 0.30<%.
Table 1 shows thpopulationeffects to beestimatedy different ES metricsThe intercept was
set to zero in all data typesiasglid na affect the calculation of ESs, arttebtherpartial
regression coefficients were variedp@ducedata type®f differing effects.Forexample the
populationdata generatiomodelsfor data types of different effects farfourphase ABAB;
witho o 0, 0, uvwere
1) No effectsdata typgsee Figure 1):
W TO T W TwW TwW o0 T G T G
24
2.1

18

15

05
0E
03

o0 e £

Figurel No population effect in phasé&B andA|B;.



2) Level changalata typgFigure 2):
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Figure2 Population effecin phases AB and iBjis 0.3.
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Level change and a tireased trendlata typgFigure 3):
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Figure3 Populaion effect inphases AB and iBj is 0.6.



27

4) Level changed a different slope in B andj Bhaseslata typgFigure 4):

W O TR0 TW T TP O G W G TP O &

2.4 -

2.1
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A e
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) e

0.0

Figure4. Populaion effect in phases AB andiB; is 0.6
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5) Level change, ime-based trend,ral a different slope in B andj Bhaseglata type

(Figure 5):

O TBI TR TR T TR ® § T § T O &,

2.4

2.1

18

V4

15

/
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/
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0.0

Figure5 Populaion effect in phases AB andiBj is 0.9

The population effectgenerated for a foyshase ABABjwithg, o &, &, p Tand

S

p figy &, uhwere the same as shown above.



Table 1

True magnitude of effect to betimatedy the effect size metrics

29

il 1k 1 R
No effects 0.00 0.00 0.00 0.00
Level change only 0.30 0.13 0.30 0.02
Level andtime-based trend 0.60 0.26 0.60 0.07
Level andinteraction 0.60 0.26 0.60 0.07
Level, time-basedrend and interaction 0.90 0.40 0.90 0.16

Note The interactiomepresentshe differingtime-trend slopsin phases B andiB
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Results

For each simulated interrupted tirseries, the ES statistiesaddition totheir raw bias
were calculated and averagederreplications To convey the major results of the simulation,
each ES statistic was plotted against degree of autocorrelation ranging féotm 0.9, and
similar graphs were produced for each data type including different phase lengths and effects
type.An ideal ES shoulehot be affected by autocorrelaticandshould besensitiveenough to
accuratelyestimatean effect in short phase lengths
No EffectsData Type

When no population treatment effect was pregbetpartiakegression coefficients,
SMDsandf ESs were relatively unbiased regardless of the degree of autocorrefagiore (
6a, Figure @, Figure 7. In contrast,lte proportiorof-variance ES statistic&t and &%) were
consistently positively biase@ith the degree of biansistently increasing as autocorrelation
increased from.9 to +.9(Figure 8, Figure P The PND statistics were also consistently
positively biasedwith more extreme positive and negative autocorrelationtieg in a larger
biasr esemb | i ng(FigureldU 6 s hap

Although both partial regression coefficients and SMDs were unbiased, the partial
regression coefficients were more variatilanSMDs. SMDs may be converted &, andthese
R? metric ESswereagain positively biased and affectedadmtocorrelatiorsuch that the bias
increased as autocorrelation increa@&idure 1). Yet, comparedté | | i son a®d Gor mar
the R? converted from SMDs had smaller bias.

Phase length did neixtensivelyaugment the relationshaf ES statistics with
autocorrelation fopartial regression coefficients, SMD&’s, and PNDsAIl theseESs

exhibited similar relationshgwith autocorrelation across téfent phase lengthsut with
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slightly differing variability (Appendix C and Apendix D).However, Alis n and Gor manods

(1993)R? statistics weraffected byunequabhase length®

0

pthdo o v),

resulting in less variability among all four calculation methods (Appendi¥MDgn phase

lengths were equal, tredfects of autocorrelation ol | i s o n

similar.

a IRastatiSticswera n 0 s

Overall, standardized partial regression coefficients and SMDs performed best in terms of

being unbiased and unaffected by autocorrelatioterms oftheir bias(Figure 13, all values

wererelatively smdlbuttheraw bias forthe average of both partial regression coefficients

corresponding to Evel change in phases B angf®m Equation 3f(f) seemed to brgest

among all
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Figure 8.

I I 1 I I I I I T I I I I I I T T I I
-0.9-0.8-0.7-0.6-0.5-0.4-0.3-0.2-0.10.0 0102 03040506 0.70.8 0.9
Autocorrelation(¢)

The effects of

for no treatment effects.

go.a-

a & &

I I I I I I I I I I I I I I I I I I I
-0.9-0.8-07-06-05-04-03-02-0100010203040506070809
Autocorrelation(d)

> AG-R-AB

4 AG-R-A’B’

+ (AG—R2)
AG-R>-AB’

- sR*1
4 sR?2

Figure 9 The effects of autocorrelation on squared spartial correlationdg o0 0

0

v ) for no treatment effects.

33

autocoRroel@atoom ouw Alliso



34

100
80
* PND-AB
0 60— = PND-A’B’
% + PND-AB’
40— ¥ < PND,
! ¥ 3 ? PND.
207 | | D B e ’
B % 4 & % % % & & R %
0_

I 1 1 I I I I I T 1 I I I I I T 1 I I
-09-08-0.7-06-05-04-03-02-0100010203040506070809
Autocorrelation(d)

Figure 1Q The effects of autocorrelationon PN® ( 6 0 0 v ) for no treatment

effects.
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Figure 11 The effects of aaicorrelation on SMDs converted®B(© © 0  © L)

for no treatment effects.
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Level ChangeData Type

When only a change in level effegspresent, partial regression coefficigmiooled
SMD from Equaidbn 5 for the first A and lastjibhases|( -ABj), and Hedgest al . 0's
standardized mean differenge ( ) ESs performed best iestimatingthe true e#éct(Figure 13
Figure 14. Neverthelessboth] -ABjand| were affected by autocorrelation with the ESs
becoming increasingly negatively biased at extreme degrees of autocorrelation. Unpooled SMD
from Equaton 4 for thefirst A and last Bphases| (-ABj) andstandardized partial regression
coefficientswere positively biased in addition to beiaffected by autocorrelatio®ther SMD
ESswere biased estimates of the population effS8anilar to the previous conditioAllison and
Go r m&nH s, and PND were consistently positively biasetth negative autocorrelation
resuling in a smaller bias while positive autocortala resulted in larger bigseeAppendtes

E, F andG).
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Similarly, phase length also did nmtigment the relationship of ES statistics with
autocorrelation for partial regression coefficients, SMB$s;sand PNDs (Appendix E, F, and
Appendi x G). Al |l i s statisticsdvereagainraffectéd by upetjlPpitage
lengthsp o pho o L) resulting in less variability among all four calculation
methods (Appendix F). Likewise, the relationsttipe t we en Al | i sR statisiicsd Go r ma

andautocorrelation were similar in equal phase length conditions.
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Figure 13 The effects of autocorrelatian standardized and standardized partial regression
coefficens(0 0 O 0O ). The true magnitude of effect to bstimateddy partial

regression coefficients 0.30, and the standardized partial regressaefficients, 0.13.
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o] V). The true magnitude of effect to bstimatedy the SMD ESss 0.30.

Level Changeand Extraneous Effects Data Type

When extraneous effects were present in addition to a change in level effect, &sideal
would be sensitive and able to differetgishe increase in totaffect In the no autocorrelation
condition) performed best iestimatingthe true effects in moslata typesandphase length
combinationgFigure 15 Appendix Q except forthed 0 pho o L phase where
the average of partial regression coefficients from Equatiph)Iperformed besFigure 16)
Otherpartial regression coefficienenxdSMD ESsdid notconsistently an@ccurately estimate
the appropriate effect changeshe presence of a tim#ased trendnda different slope in B
and B phasesThe partial regression coefficients tended to overestntiag true magnitude of

effect when extraneous effects were present in theldataBj also tended to overestimate the

true magnitude of effect when extraneous effects were present in data patteéeso in

conditions wher@hase lengtheere equalAs beforeAl | i s on a RdsRSand PNDn 6 s
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were consistently positively biasethe relationships of the ESs with autocorrelation when
extraneous effects were present wesmparabléo those previously observéseeAppendices
H to P. In conclusion performed best iestimatingthe true effects in most conditions

when no autocorrelation was present.
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Figure 15 The effects oéxtraneous effects grartial regression coefficients and SMD ESs
© o o o L ). The true magnitude of effect to betimateddy a level change is
0.30,while level andinteraction as well as level and trend change is 0.60, and level, @arehd

interaction change is 0.9There is no autocorrelatiom ( 11).
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interaction change is 0.9There is no autocorrelatiom ( 11).

When small to medium degrees of autocorrelation were present (.9.3 ance = -
0.3),1 still performed best in estimating the true effect in even phasésiwhperformed
best when phases are uneven (see Appendices R to T). Howbearmedium to large degrees
of autocorrelation were present (e.g= 0.6 ance =-0.6), consistently underestimated the
true effect in all conditions (Figure 17, Figure 18, Appendices U té Whowever, was
consistent in estimating the true effect for uneven phases comsddioh for even phases
conditiors when only a level change indition to a level change and interaction effects type

were present (Figure 17, Figure 18, Appendices U to W).
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interaction change is 0.98utocorrelation degree is  TL6.
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Discussion

The present thesis evaluated the statistical properties of various ES statistics fer a four
phase ABABj SCED, usingsimulated datavhich exhibited autocorrelation, a tirigsed trend,
and different slopes for tirgends withinthe phasesSCEDs are a set of experimental designs
that produce data similar tbat ofa short and interruptetime-seriesvhereone of the main
challengess that theobservations may not be independent dugutocorrelationConsequently,
to datethere is a lack of consenstegardingthe optimal ESs for applicatido metaanalyses
Since ESs are the primary data for a raatalysisthis is a preliminary cilenge and
requirement for further advancemdoi metaanalyss of SCEDs The bestperforming ES
should be sensitivenough tcaccuratelyestimae an effect in short phase lengtusd not
affected by autocorrelatioAmong all the ESs evaluateHedgesPustejovskya nd Shadi shoés
(2012)standardized mean differente ( ) performed best according to Heeriteria.
Nevertheles§,  was affected by medium to extreme degrees of autocorrelation and slightly
affected by unequal phakngths.The results of the present thesisediscussed in comparison
with the findings of Manolov and Solanas (2008), followedHhwryeffect of autocorrelation on
standardized ES#he utility off in an amalgamation of both SCEDs and group designs in a
metaandysis, and directions for futureesearch

Manolov and Solanas (2008) investigated the performance of eiiopled SMD from
Equation 41(-AB) in R? metric, pooled SMD from Equation’s (-AB) in R? metric, andAllison
and Go RIAGROAB), for atwo-phase AB SCEDIn this thesis, isnilar resilts were
obtainedfor the ESdManolov and Solanas (200B\estigatedvhen the twephase AB SCED
wasextended to a fouphase ABABj SCED.Amongall the ESs investigated by Manolov and

Solanag2008), the PND seemed haveperformed bestbecauséy definition theR? ESsare
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bounded arero and thuareconsistentlypositively biasedln addition to PND and ESs in tiRé
metric investigated by Manolov and Solanas (2008), the present alssisvestigated partial
regression coefficients and their standardized countsrpartvell asSMD ESsand] .PND
was lessensitiveto the different types of effects that may be presdmncompared to partial
regression coefficients, SMD and ESs.The presenthesis found to be the best
performing ESfor ABA jBj SCEDsfor SCED data with small to moderate degrees of
autocorrelation

In addition tg , partial regression coefficients also performed well across a variety of
conditions.Specifically, the unstandardized partial regression coefficients performed better than
1 in the presence of moderate to high autocorrelaSarce all regressiebased ESs was
estimated via regression models that implicitly assuimgependence adrrors, the ESs were a
product of regression models that were misspecified. Nevertheless, autocorrelation did not affect
unstandardized estimates of the partial regression coefficients. Unstandardized partial regression
coefficients were notascaledthus did not incorporate information from the estimated variance
Perhaps autocorrelation biased the variance estiraatdgence produced biased standardized
partial regression coefficientghich had an association with autocorrelattiaped like an
i nv er tFarthernolepPmogif the otherstandardized ESs evaluatedhis thesis exhibited
this similar relationship with autocorrelatiofhis result is encouraginfpr researchers looking
to combineunstandardizegartial regression coefficients and researchers that prefisetand
reportunstandardized ESs. Additionallyhen the scales of measuremh are similar and
meaningfulunstandardized ESs amdvantageoufer interpretation.

In certain conditionssomeSMD ESs failed taletectan effectwhenthere wasndeeda

nonzero trueeffect. Thisresultoccurs becaus@CEDs generally produce data with a short series
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coupled with potentially large variability among phasédse SMD ESs that failed tind non
zeroeffectsin the present thesimaybe able tabtain more accuratestimats with SCED data
of longer serieandsmaller variadity among phases.

One of the goals of the thesis was to find an ES for SG#iich is comparable to
groupbased experimental sign ESsTwo ES are comparable when they estimate equivalent
parametersAs previously described, SCEDs are a set of experimental designs that may include
replications acrosgnits, settings, and practitioners. Thus a SCED study may include one or
more units that are subjected to the same SCED desigong all the ESs evaluatéd, is the
onlyESdesiged t o be c o mpd(sea Hddges dt a., 2CLa) hGvendtgorable
performance in the present thesig utility of in the amalgamation of both SCEDs and
group designs in a metmalysis is no doulan important advantage  is designed for use
with SCED studies consisting of more than twasunif the SCED study consists of more than
two units] is recommended as the ES of choice.

Future studies may expldre in terms of its statistical properties with different data
patternge.g.data with only a timéased trend effejtdifferent autocorrelation processsin
addition tg 60s perfor mance wBkabtained foomigroup dedignsvin d neta E S
analysisNevertheless, as evidenced by the present simulation SCED researchers should report
1 whenever possiblas was one of the best performing ESs. Reporting partial

regression coefficientis also beneficial, especially with designs utilizimgequal phaskengths
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Appendices
Appendix A

The effect of a timdased trend.
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Appendix B

The effect of a slope withiphases B or B
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Appendix D

No effects data typeutocorrelationgraph@® o0 0 0
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