SPECIFICATION OF THE ERROR COVARIANCE STRUCTURE FOR LIAE
MIXED EFFECTS MODELS WITH AUTOREGRESSIVE CHARACTERISTEC

A SIMULATION STUDY

by
JIMMY JUNG

A dissertation summited to the Graduate Faculty in Educational Psychologyiah part
fulfillment of the requirements for the degree of Doctor of Philosophy
The City University of New York
2012



© 2012
Jimmy Jung
All Rights Reserved



This Manuscript has been read and accepted for the
Graduate Faculty in Educational Psychology in satisfaction of the
dissertation requirement for the degree of Doctor of Philosophy.

Date Dr. David Rindskopf
Chair of Examining Committee

Date Dr. Mario A. Kelly
Executive Officer

Dr. David Rindskopf
Dr. Gary Winkel

Dr. Jay Verkuilen
Dr. Howard Everson
Dr. Hyewon Chung

Supervisory Committe

THE CITY UNIVERSITY OF NEW YORK



Abstract
Specification of the Error Covariance Structure for Linear Mixed Edfbtdels with

Autoregressive Characteristics: A simulation study

by

Jimmy Jung

Adviser: Dr. David Rindskopf

This study examines the effects of specifying different error covaisinuctures
on linear mixed models with autoregressive characteristics. Computeatsansiiwere
used to generate data varying magnitudes of autocorrelations, sample sizeeand se
lengths. The data were fitted with error covariance structure sgaicis of compound
symmetry, identity, autoregressive lag-1, Toeplitz, and unstructured. Thevefiess
of using information criteria to correctly identify the error covarianagtires was
investigated and the impact of error covariance structure specificatiotiroates of
fixed effects and tests of fixed effects were examined. In additionjstistdfpower
analysis of detecting the AR(1) autocorrelation parameter was cedduResults
provide recommendations on which information criteria to used for data with
autoregressive characteristics, demonstrate how misspecifyingdhearariance
structure impact tests of fixed effects, and the data conditions necesaacytately

detect the AR(1) autocorrelation parameter.
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Chapter |
Introduction

Longitudinal studies have long held the interest of educational researchers
because they allow researchers to answer important questions: Does abdding
improve over time when students are given a reading intervention? Whatateté r
language acquisition during the first three years of childhood? These questaivns
the measurement of change or improvement over a period of time. Selecting the bes
method to analyze change has been a topic essential to educational resmaish (H
1963; Collins & Sayer, 2001; Singer & Willett, 2003). With the advent of advanced
statistical software packages and the development of new statisticalques,
researchers have been given the ability to examine complex and inpat&es in their
data with increased ease and sophistication.

One method that has been developed is the linear mixed effects model, which is
also known as the multilevel model, hierarchical linear model, variance component
model, random coefficient model, or growth model. The major difference among these
models is mostly a matter of conceptualization and not statistical campugxcept
when it comes to the selection of alternative error covariancelsgactModels
statistically developed via the linear mixed effects methodology alloadditional
specification of alternative error covariance structures when aechpa models
conceptualized via the multilevel and hierarchical linear methodologieshigaper,
we would refer to this group of models collectively as the linear mixedtsfiodel.

Bryk and Raudenbush (1987) listed several advantages the linear mixed effects

model has when compared to traditional statistical methods such as ANOVaéterepe



measures ANOVA, and MANOVA. First, the number of observations and thengpci
time between measurements can vary across individuals. Second, modeling at the
occasion level allows for the examination of individual growth curves which
conceptually fits the way that individuals change over time, varying by rate and
magnitude of growth. Third, linear mixed effects models allow for the addition of
systematic factors to examine the effects of school charadsstsocial groupings on
individual change. Fourth, covariances between repeated observations can be examined
and modeled. A fifth advantage, noted by Hox (2002), surrounds the simplicity of
including time-constant or time-varying predictors into the model, which wool\d al

for the examination of individual development and mean group development. Given the
development of software programs that allow for the analysis of longitudirrehddtthe
advantages linear mixed models have over traditional statistical methodgjcdiica
researchers are increasingly using linear mixed effects m@&ietgef & Willett, 2003).

A review of recent educational studies using linear mixed effects models
longitudinal data include: measuring the effectiveness of a preschool smgmnoigram
on improving student’s swimming abilities (Zhu & Erbaugh, 1997); investigating the
effects of intense intervention on the cognitive performance of children of low éncom
families (Burchinal, Campbell, Bryant, Wasik, & Ramey, 1997); whether acguar
GED, receiving postsecondary education, or given job training resulted insadre
wages over time (Murnane, Willett, & Boudett, 1999); measuring the relationship
between the quality of child care and early cognitive and language deeslbpm
(Burchinal, Roberts, Riggins, Zeisel, Neebe, & Bryant, 2000); modeling growtascur

for children in a reading intervention program (Plewis, 2000); comparing the math



competencies of students with math difficulties to students without math diégul

across academic terms (Jordan, Kaplan, & Hanich, 2002); and exploring longitudinal
changes in behavior of students with emotional and behavioral problems in a school-
based intervention program (Hussey & Guo, 2003). These studies have all utilized the
linear mixed effect model to examine changes or improvement and to adjusssorgni
and varying time-points. However, few peer reviewed journal articles coedider
specifying alternative error covariance structures. All but onethsetandard” error
covariance structure, where the error terms were assumed to be irefg@amdinormally
distributed with a mean of zero and a constant variance, to model theiTtiata.

exception was Murnane, Willett, and Boudett (1999) who specified an unstructured error
covariance structure. Here error terms are unrestricted and take ofutreetlaat the data
demand. Finding that most of these studies did not fit alternative error covariance
structures was unexpected given that it was a standard option in all the sofiware
packages for linear mixed effects models (Kreft, de Keeuw, & van der L £@@fs), and

that it is widely-thought that the error covariance structure of educatieadurements
collected over time would have autoregressive characteristics (Lugn&iamneborg,
1970; Humphreys, 1985; Rogosa & Willett, 1985; Ackerman, 1988; Fitzmaurice, Laird,
& Ware, 2004).

After reviewing the above studies it was found that none of them examined or
identified the conditions necessary to correctly specify error coaristnuctures.
Therefore, the purpose of this dissertation is to 1) examine data with aessiegrerrors
and to determine which error covariance structure provides the best fit andatbi

estimates and whether the correct structure can be detected (power), 2nagerdata



constraints that are realistic and common to educational research, sodll asasple
sizes and limited length of observations, to examine their effects on mddgicstaand
3) establish guidelines and recommendations on how to fit data with autoregressive

errors.



Chapter II
Literature Review

A. The Linear Mixed Effects Model

Linear mixed effects models are conceptualized to measure a combination of
population characteristics that are assumed to be shared by all individuals, ant subj
specific effects, which are unique to a particular individual. Population chastcser
are referred to as fixed effects and subject-specific charade@sa referred to as
random effects. The term mixed is used to indicate that the model includes both fixed
and random effects.

Mixed models can also be expressed and conceptualized as a linear model with
hierarchical structure or multiple levels. A basic hierarchical {fewdl) linear model
can be formulated as equations at two separate levels in which theviglstrépresenting
repeated measures over time within individuals, is nested within a second level that
contains systemic factors that might affect individual change. Bwhrimixed effect
and hierarchical linear models are similar, and in most cases the itdad the models
are easier to understand when presented in the multilevel conceptualization ittherent
hierarchical linear models. However, using the hierarchical linear modelltdirom
involves certain constraints to modeling that the linear mixed effects model does not
The purpose of this section is to present the formulation of the linear mixets efiedel
and the hierarchical linear model and then compare them in terms ofcsthtistation

used.



The most basic linear mixed effects model is a random intercept model. In this
model it is assumed that each individual has a different intercept but a constarthglope;
equation is expressed as

Yij=XiB+bi+e
whereY; is the observed outcome for tiffeindividual onj™ occasiong is the fixed
effect intercept and describes patterns of changes over time for the madationship
to X, the covariatel; is the random intercept effect that describes how the trend over
time for thei™ individual deviates from the population, agds the error term. Both the
bi ande; are assumed to be random, independent, and normally distributed with a mean of
2

zero, and variances Va) = ap° and Var €j) =o°. Figure 1 shows a model with random

intercepts and constant slopes.

Figure 1. Random Intercepts Constant Slopes Model

45 -
40 -

35 -

Score25

20 ~

Time 0 Time 1 Time 2 Time 3

The individual mean, which is the mean observed outcome, given time, for anguadlivi

is X{;B + b; and the marginal mean, which is the mean observed outcome averaging
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across all individuals in the population S b;. The linear mixed effects model with
random intercepts and constant slopes is represented in matrix form for an individual

(subscript) observed at four time points

Y; 1 0 1 €o
Yol |11 1 [ﬂo] 1 e
Yi - 1 2 )81 + 1 [bl] + ez )
Y; 1 3 1 es

Porepresents the fixed effect for the intercgptepresents the fixed effect for the slope,
andb; is the random effect that allows the intercepts to vary. An individual’'s mean
growth curve over time can be described as the combination of the fixed efigbtsaa
random effect. In this modgh+ b; represents the intercept for tffeindividual and will
vary randomly by individualdy is assumed have a mean of zero and represents the
deviation of the individual’s intercept from the population intercept. This conaagie
illustrated by Figure 2 which is created using data from Willett (1988) on 35dundigi

measured over four occasions on an opposite-naming task.



Opposite Naming Ta:

Figure 2. Mean Profile of Opposite Naming Task
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The bold line represents the marginal mean of the observed outcome acepss tim
while all the other lines represent the conditional means of observed outtane® s
across time. One can see that the conditional means deviate from the margmahodhe
therefore their conditional mean outcome scores across time will also dewmate
marginal mean of the observed outcome across time. Individuals who havera highe
conditional mean than the marginal mean will have a posigvedividuals who have a
lower conditional mean than the marginal mean will have a nedativEhe marginal
mean of the expected observed outcovfjeis X'j5. The marginal covariance ¥ in a
model with random intercepts is
VarYj) = Var X' + bi+ &)
= Var b+ )
= Var () + Var ()
2 2

=0p to.
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The marginal covariance between any two outcome scores for the saoreipers
Cov (¥, Yi) = Cov X' + bi+ e, X' + bi+ ex)
= Cov @it &, bi+ ey)
= Cov (o, by)
= Var [)
_ 2
- 0p .
Therefore, the marginal covariance matrix of the repeated observationsliall &

compound symmetry pattern

c’+ol o} or L ol
ol o’+of o L ol
CoUY) = o’ ol o’+ol L ol
M M M O M
o ot o L o*+o}

and the correlation between any two outcome scores is

2
Oy
2

Corr(Y;, Y, )=

ol +o

The correlation between the repeated outcome scores is induced by the randpin, effe
which is an important aspect of linear mixed effect model. However, the cowarianc
matrix structure generated by this random intercept model is not approgpriatedt
longitudinal data. General concepts from the random intercept model can be extended to
a model with random intercepts and random slopes, the standard model used to examine

multilevel growth and change.



To fully understand the advantages of linear mixed effects model we would have
to extend the random intercept model by allowing slopes to vary randomly, which can be
expressed as

Yi =Xip + Zbi+ e,
whereY; is a (nx 1) vector of outcomes for persorX; is a (nx p) matrix of covariates,
pis a (p x 1) vector of fixed effects; is a (n x p) matrix of covariatedy are a vector of
random effects, ang is a (nx 1) vector of residuals. Consider individuatho is
measured four times on the opposite-naming task where the model can becelxpress

matrix notation as

Y; 10 10 eo
Yal |1 1 ﬁo] 11 [bio] e
Yol =11 2|lgd 1 2|lbal T e
Yol 11 3 1 3 es

The matrix notation can be expanded to include individuals with different numbers of
observations. For three individuals with four repeated observation, the model can be

expressed as

Yo | [10] (1000 0 0 (e, ]
Y 11 110000 e,
Yy, 12 120000 e,
Yis 13 130000([b,] |eps
Y0 10 001000|| b, €50
Yoo | _[11 {/}0} 001100[b,, L | e
Y,, 12| B, 001200||b,, e,,
Y,, 13 001300 b,, e,,
Y., 10 000010 b,| |e,
Y,, 11 000011 e,,
Y,, 12 000012 e,,
V.| L1 3 1000013 ey, |

10



In this example, the columns Bfis a partitioned matrix linking the vector of random
effects,b;, to the observed scoreg,and is a subset of the columnsXaf The regression
parameterss, vary according to the column ¥f in Z;, with random effectsy;, assumed
to be normally distributed with a mean of zero with a covariance n@itrikhe vector of
residualsg, is assumed to be independent of the random effects with a multivariate
normal distribution, mean of zero, and covariance m&riX¥n a random coefficient
model where both intercepts and slopes vary randd®nly,a diagonal matrixg?l. This
matrix will be examined in detail in later sections. A graphical reptation of a

random intercepts and random slopes model is shown in Figure 3.

Figure 3. Random Intercepts Random Slopes Model
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The conditional or individual specific mean of the outcome given the random
effects is
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E (Yi |b) =X + Zby,
and the marginal or population meanypfs
(YiE= i

= E{E(Yi |o)}

=E (X +Zb)

= X8 + ZE()

= XB.
The covariance and variances of the random coefficient model can be expressed as a 2 x

2 matrixG, where Var 1) = g1, Var (02) = &2, and Cov Iy, i) = gz,

COV( b) _ G- [ O11 glzj

g1 g22)
Assuming thaR, is a diagonal matrixg’l, then
Var (i) = Var (X' + Z b+ e;)

= Var g jbi+ ;)

= Var (bgit+ baitij + €;)

= Var (o) + 2 Cov(oy, by) + t% Var (bz) + Var &)

= gu + Qi + 5 Qoo + 07
and the covariance between any pair of observations for a given individual is
Cov (Y, Yi) =1+ (G +ti) Gz + tij tic G2,
showing that the covariance matrix, C%)(is expressed as a function of tirtye,
A linear mixed effects model can be alternatively formulated as havitigplau

levels or stages. Hence, models that are formulated in such a way arefeftestrto as
multilevel models or hierarchical linear models. A hierarchical lineateiior

longitudinal data can be conceptualized at two levels (Bryk & Raudenbush, 1987). The

12



level-1 component represents individual change over time where each individual has his
or her own unique growth curve. The level-2 component represents systematic factors
that might affect change. In this way, hierarchical modeling can be useahtne
repeated measures or observations that are nested within individuals. Usinthidat
notation consistent with Singer and Willett (2003) and Raudenbush and Bryk (2002), the
level-1 equation of a hierarchical linear model with random intercept and slopes and no
covariates is expressed as

Yij = moi + w TiMeg; + g
whereYj;, is the observed measure for individuah occasion expressed as a linear
function of Time, in whichry represents the intercept anglrepresents the slope. In

matrix form the model for individualis

Va1 1ty e
},l'Z 1 tz eiz
Y‘3 1t €3

' _ 3 7Toi] n
N | XS T
_Yijth_ | 1 ti | _el'jth_

The vector of errorsg;, is assumed to be mutually independent, across time and
individuals, and normally distributed with a mean of zero and common variance
& ~ N(0, 6%).

To formulate the second level of this model, it is assumed that the individual-
specific effectszo; andry;, are random with unknown means and covariances. The
individual-specific effects are modeled by the level-2 equations

moi = Boo + o,

mi = P10 + Ui

13



Poorepresents the mean intercgfbrepresents the mean growth rate, and pgtéindy;;
are random effects. The level-2 equations can be expressed
in matrices and vectors as
Toi] _ ,300] Upi
ﬂli] B I:ﬁlO [1] + [uli]
It is assumed that the level-2 residuals anduy;, are independent and normally

distributed with means of zero, varianeggandr 1; and covarianceos,

Upi T T

u:] ~N [(8) ’ (Tig T(ﬁ)]
The above equation contains the level-2 covariance matrix which, except for tth@nota
is the same as th& matrix in mixed model notation.

(:00 :01)’
10 11

which describes the variances and covariances of the level-2 residhalsormbination
of the level-1 residual varianeg’, and the level-2 covariance matrix is widely referred

to as the variance components of a model.
The two levels of the hierarchical linear model can be expressed as a ¢emposi
equation by combining the fixed effects with the variance components,
Yij = foo + fioTime; + (Ugi + U Timg+ g;),
which is the equivalent to the linear mixed effects equation,

Yi = Xif + Zibi+ ;.

The induced covariance structure of a linear mixed effects modeligerkfo in

the literature by different names; examples include the random coefistentture

14



(Wolfinger, 1993), the random effects structure (Raudenbush & Bryk, 2002), and the
variance components structure (Littell, Milliken, Stroup, Wolfinger, & Schabgeber
2006). In a linear mixed effects model, the covariance of the outcome$¢aee) be
separated conditionally, givdm
Cov(Yi b)) =Cov €) =R,
and marginally, averaging over the a distribution of random effiects,
Cov (Y;) = Cov gb) + Cov €)

=ZCov(b)Z + Cov @)

=ZGZ +R.
whereR, in most cases is assumed to be an identity mafiixwhere given random
effectsh;, errors are independently distributed with a common varianee dfhe overall

covariance structure of a standard linear mixed effects model then oyrégented as
Cov(Y) =ZGZ +d°

and in vector and matrix form

-
o

—

N

+

)

[\S]

com

orR o

- oo

oo o

—

conry = | 12 | () (L 11
13

This induced covariance structure has several characteristics thait medest to certain
data conditions when compared to other covariance structures. First, because this
covariance structure allows for covariances to be expressed agiarfuricime, designs

where each individual has different measurement intervals can be accamuoda

15



Second, the assumption of homogeneity of variance over time that is required by many
other covariance structures does not apply to the random effects covariance structure
since it allows for the increase or decrease of the variance and covasambenction of
time. Lastly, the number of covariance parameters that need to be estimsat the
same regardless of the number of observed occasions, saving valuable degrees of
freedom when sample size is small. The main focus of this dissertation isninexiae
covariance structure of the error matfk, which will be referred to as the error
covariance matrix.

B. The Error Covariance Matrix

In order to better understand the error covariance structure of a lineat m
effects model, | will first examine the error matrix of an OLS regoesand then apply
the underlying similarity to the error covariance matrix of a limeixed effects model.
First, consider an OLS regression on the opposite-task-naming data provideliekty Wi
(1988) where the outcome variable is measured on four occasions, and is regressed on
the main effect of Time,

Yij = foo + f10 Time; +¢g;,

with the assumption that all erroeg, are independent and normally distributed, with a
mean of zero and homoscedastic variance. The error structure and its distdibutiona

assumptions for this example can illustrated in matrix notation as

16



e | [0]|lc? 0 0 0 0 00 oL O O O O
e 0[|0s” 0 0O 0O OO OL O O O O
es 0[|0 00 0 OO OL O O O O
e 0/|0 006”0 0 0 OL O OO0 O
e 0/|l0 00 0> 0 0 0L OO0 O O
€2 0[|{0 00O 0O 0Oc6®>?*0 0oL OO0 OO
es|~N/[0O/JO O O O O 0> OL O O O O
€24 0|0 00 00O O0Ogg2L 0O 0 O
M MIMM MMMMMMO MM M M
en 0|0 00 00 OO 0L g 0 0O
en2 0|0 00 00O OO 0L 02> 00
ens 0|0 00 00O OO OL 0 00oc200
| €na | 10/f0 0 0 0 0 00 oL 0 00O gf_

This matrix represents the residuals in a typical OLS regressionfir§theatrix
contains a set of errors,;€or each individual on each observation, wheges the
residual for the first person on the first observationend the residual for the second
person on the fourth observation and onwards to the residual fdf exson on the
fourth observation. The vector of residuals is distributed normally, shown syntilgolica
as N. The second matrix represents the expected means of the residuals iretthe cas
vector consist of only zeros, to fulfill the assumption that the population mean for each
residual is zero. The final matrix contains the variances and covarignaésesiduals,
also known as the error covariance matrix. Note that all elements within tive ma
except for the diagonal are zero. These zeros represent the assumptioidtrals rexe
independent and do not covary with each other. In the diagonal are population variances,

%, which are identical, fulfill the assumption of homoscedasticity for residU4is

17



OLS regression error matrix is unsuitable for longitudinal data becausg witioin
individuals are expected to be correlated and heteroscedastic over time, (B38§¢. A
more general error matrix for longitudinal data, accounting for correladiosg

observations within individuals, is

011 012 013 014 O 0 0 0 0 0 0 0
€117 0 Oz1 039 033 O34 0 0 0 0 0 0 0 0
€12 Ollos;, 03, 033 034 0 0 0 0 0 0 0 0
€13 0
e 0l|041 sz Oaz Oug 0 0 0 0 0 0 0 0
621 0 O O 0 0 0-11 0-12 0-13 0-14 O 0 0 0
€22 0y0 0 0 0 o031 0 023 02 0o 0 o0 0
C3[~N110llo 0 0 0 03 03 035 0 o 0 0 0
e
2 %Mo 0 0 0 64 0 043 64 ¢ 0 0O 0 0
e oll : : : : : : : : : :
en 0 0 0 0 0 0 0 0 0 011 O12 O13 O14
en3 olf O 0 0 0 0 0 0 0 021 O35 0Oz3 Oy
€4 04| 0 0 0 0 0 0 0 0 031 O03p 033 O34
[ 0 0 0 0 0 0 0 0 041 Osp Oz3 Oyy

Note that the residuals and expected means remain the same as tho§H_&f the
equation but the error covariance matrix is different. The error covariaatcie of
longitudinal data has a block diagonal structure, where each block represents the
observations within an individual. It is these block structures that represent the
covariance and variances of residuals within individuals. The zeros surroumgling t
blocks signify that residuals between different individuals are independent awad do

covary. Expressed in more parsimonious terms

18



D
l
=z
o
© z o o X

© 2 oX o

© =z 0 o o

o O r r r

0
0
0
M
R

where the submatrix for each individual can be expressed as

2
O
021
o31

O 41

O 42

013

014
024

O34

2
O g4

This error covariance matrix contains four error variances along thendiband six

covariances taking the form of an unstructured error covariance matrixis Thesmost

general case considered here. However, the error covariance maisisaé®e specified

to take on different structures that lie between the OLS pattern and the chmplete

unstructured covariance matrix.

The modeling approach that is chosen to fit the data makes certain assumptions

about the structure and patterns of error variances and covariances.exawilhe

several structures for the error covariance matrix in detail.

C. The Standard Error Covariance Structure

The standard linear mixed effects model with an underlying covarianctusé

is given by the equation

Cov (Y)) =ZGZ +R.

19



The introduction of random effects, induces correlation among the componentsg.of
Hence, CovYj) accounts for the correlations among the repeated observations within the
same individuals. The standard error covariance structure allows for thetexaigsis

of the between-subjedB and within-subjectR;) sources of variability. The error term,

R = Y, =0, is a scaled identity matrix that is expressed as

2 0 0 0
0 o2 O 0
2 = 0 0 o2 O
0 0 0 o

a diagonal matrix, where all pairwise correlations are equal to zeh®r Evariance
error structures take into account all sources of variability, thergfergsources of
between-subject and within-subject variability cannot be explicitly neddel
While this identity (ID) error covariance structure is simple, se\features make
it particularly useful when it is adopted as part of the covariance struéiuse. this
error covariance structure allows for individuals with missing observatores.
Second, the number of covariance parameters that need to be estimated stag the sa
regardless of number of repeated observations. Third, the assumption of horgagfeneit

variance is relaxed, because the variances may increase or decieésection of time.

20



D. The Unstructured Error Covariance Structure

When no assumptions are made about the error variances and covariances among
the repeated observations, the error covariance matrix takes on an unrestricted or
unstructured form, where CoV;{ =2,

[012 012 013 014
v —|%21 92 023 O
[ 2 .
{031 032 O3 034‘
Os1 Osz Oa3 O}
As mentioned previously, fitting a model with an unstructurederror covarianctuse
(which I will abbreviate as (UN)) usually provides the best model fit. Homvéwere is
a problem, because as the covariances can take on any value as needed, thef numbe
covariance parameters that need to be estimated may grow large. Thaenoaevari
parameters that need to be estimated grow as the number of observationsgper per

increases. The number of variance and covariance parameters is

nn+1)
2

wheren is the number of repeated observations. Given a hypothetical case where there
are 12 observation occasions, the number of covariance parameters that need to be
estimated is 78. If the sample size of the study is small relative to the noimber
covariance parameters then estimates of the fixed effects will bdlenstal frequently

the estimation procedure will not converge (Singer & Willett, 2003).

E. Alternative Error Covariance Structures

Ware (1985) was the first to consider that the level-1 errors in a linead mix

effects model might be correlated, and suggested that alternabve@variance
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structures should be considered. A comprehensive list of error covariaratarss that
can used to model linear mixed effects model is provided by Wolfinger (1993). For the
purposes of this paper, we will consider alternative error covarianceustsithat are
considered appropriate for educational data, which are compound symmetry (CS),
autoregressive lag-1 (AR(1)), and Toeplitz (TP) (Singer & Willett, 262k, 2002).

An error covariance structure that assumes that covariances andtoorsel
between all observations are equal is called compound symmetry, a sttinatuseoften
assumed in a univariate repeated measures ANOVA. Under compound symmetry, the

variance is constant across occasion and GgtrY(k) = p for allj andk. That is,

N

[6° of of of

o2 o o} o}

[012 o o? 012J

N
N
N

o o o} o*

This matrix expresses compound symmetry in which all variances areaeqiual!
covariances are equal, meaning that residual errors are independent acohistaset
variance over time. It assumes that the correlation between repeated abrservdhe
same regardless of the amount of time separating observations. Given the nature of

longitudinal data, where observations measured closer in time are more bigalsted
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than observations measured further apart, this assumption is restrictive atidtimrea
However, the compound symmetry structure is parsimonious, requiring only two
parameters regardless of the number of observation occasions.

The autoregressive lag-1 (AR(1)) error covariance structure assurnes tha
observations that are closer together in time have a higher correlation tharabdser
that are further apart. In the AR(1) error covariance structureutbeegressive process
is considered to be first-order because the error for an observation depends on the
immediately preceding error. An autoregressive process that is sectardsould have
dependence on the preceding two errors.

The variance for the autoregressive model is assumed to be constast acros

occasions and Cor¥{, Y; .+ ) = p* for allj andk. Thatis,

1 p p* p’
2
COU (Yl) — 0.2 pz 1 p p
p p 1 p
p> p* p 1

The AR(1) error covariance structure is represented as not just degreaselations

over, time but in a specific pattern:

J

2 2 2 2 2
o op op° op
o’p o2 oip op?
2 2 2 2 2

o°'p° op o op

2 3 2 2 2 2
o°p> op° op o

1.

This error covariance structure requires only two parameters, regaofitbe number of

observation occasions.
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An error covariance structure called the Toeplitz structure, shown indeand
Schluter (1986), assumes that each time lag has a unique autocorrelationllwhere a
observations that are one time point apart will share an autocorrelation, wdilkreas
observations that are two time points apart will share another autogorredatd so on.

The Toeplitz model contains k-1 autocorrelation parameters compared to a single
autocorrelation parameter estimated by an autoregressive structure.

The variance for the Toeplitz model is assumed to be constant across occasions
and Corr Y, Yij+ k) = px for allj andk. Thatis,

1 p1 p2 p3
pr 1 p1 p2
Pz p1 1 p1
pz P2 p1 1

Cov (Y;) = o2

The Toeplitz error covariance matrix structure is:

Es 0'2,01 0-2,02 02,03_
T, = o’py o a’p, a’p,
N o’p, o’py o’ a’p,
_O'Zps o’p, ’p, 0-2_

Other covariance structures can be specified such as moving average (MA) and
autoregressive integrated moving average (ARIMA). However, for the puop&eng
educational data using autoregressive error covariance structurelR(theafdd Toeplitz
structures appear to be the most logical, as they are more appropribgvient short

time series usually found in such datasets.
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F. Model Specification and the Error Covariance Structure

The following section provides a review of the literature on how choosingrcertai
covariance structures affects parameter estimates and infefentiesar mixed effects
models. Although the overall covariance structure is represented by equation

Cov (Y) =ZGZ '+ %,
in practice the modeling of the covariance structure is done through the raridcts ef

matrix, G, and the error covariance matitx,, or more often only through. (Littell,

Pendergast, & Natarajan, 2000).

There are three general approaches to modeling the covariance structure
(Fitzmaurice et al., 2004): The first approach is to impose structure on the error
covariance matrix by using random effects. This approach is similar tegbated
measures ANOVA design, where a single individual-specific random effeatluded to
account for the correlation among observations. The result of adding this randdm effec
to every observation for each individual is that the correlation among the repeated
observations will be positive, thus imposing a general structure on the covariances
However, by just adding one random effect into the model, the correlation and @arianc
would remain constant (i.e., not varying as a function of time), resultinggmpaund
symmetry structure. For the correlation and variance among repeated obseneat
vary would require that an additional random effect be added, which would allow both
intercepts and slopes to vary randomly across individuals, creating an ernganoya
structure that is implicit in a standard linear mixed effects model.

The second approach is to impose no error covariance structure, allowing the

variances and covariances to take on any values necessary. This appraacknievah
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as an unrestricted covariance structure and usually produces the bestincodgbdred
to other covariance structures (Singer & Willett, 2003). However, because the
covariances can take on any value, the number of covariance parametetsveay ge
large and, when sample size is small, estimates of the fixed effectsotlag stable nor
estimable (Fitzmaurice et al., 2004).

The third approach is to use error covariance structures originally devetoped f
time series models. While the purpose of time series models is diffeyantifat of
longitudinal data analysis, they are similar in that both are concerneéxamining
repeated observations that are correlated. Most of these error covatiramatures
assume that repeated observations taken closer together are moréecdanatarepeated
observations taken further apart and the remaining error covariance sgassuene
that the correlation between observations is a function of amount of time thateseparat
observations (Wolfinger, 1993).

McLean, Sanders, and Stroup (1991) showed that when the covariance

parametersi andX.; , of a linear mixed effects model are known, best linear unbiased

estimates of the fixed effects and best linear unbiased predictorsrahttean effects in

a linear model can be obtained,

c=[XE7'X X'£71z
Z'87'X Z'ST'Z4 G671

whereC is the covariance matrix of knovihand},. However, when the covariance
parameters are not known, unbiased estimates of the fixed and random effects can only
be obtained if the error structures are specified correctly and estinyatisthh either
maximum likelihood estimation or restricted maximum likelihood estimatiautir

solving mixed model equations (Henderson, 1984):
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X'SIX X3¥tz gl | XSty
ZY'X zZ3t'z+Gl|b| | ZZ 'Y
lﬁl B l(x'r?-l)()x'?-ly
bl |6z'V(y - xp)

whereCis the estimated covariance matrix of an unkn@emnd>_, ,

¢ = [X’i-lx X's-1z
Z2'$71x z7'$Tlz 4 G671

- X' Sy
Z' Sy

G. Information Criteria

The ability to specify different error covariance structures has prantipeeuse of
several information criteria to decide which covariance structure psothee'best” fit
for the data (Fitzmarurice et al., 2004, Littell et al., 2006). This study valfas
information criteria to select the “best” fitting error covariastrecture for given data
set. The first is the Akaike Information Criterion (Akaike, 1974),

AIC = 2(number of parameters) - 2(maximized log-likelihood)
2k — 2In(L),

wherek represents the number of covariance parameters in the statistical mddeis a
the maximized value of the likelihood function. Modeling linear mixed effect models,
the purpose of the AIC is to provide a score-based on the best combination of model
parsimony and fit of a covariance structure, in which specifying a caropieariance

structure that requires the estimation of additional covariance paramgeteenalized.
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Covariance structures that result in a lower AIC are considered better than
covariance structures that result in a higher AIC. In this way, the &i(e used to
compare models with the same fixed effects but with different covarianctuses. In
addition, a small sample bias correction to the AIC is available (Hurvich & T$39).
The method is called the Akaike Information Criterion Correction (AIQGS; |
interpreted in the same way as AIC, and is used wheB0 or less. However, studies
have not been conducted on the efficiency of using AICC on larger samples or for
selecting the correct covariance structure. This study will exattménperformance of
AICC compared to the other indices.

The third method is the Schwartz (1978) Bayesian Information Criteri@) (Bl

BIC = 2(maximized log-likelihood) + loty*(number of parameters)

2(f+ Iog\/m c),
whereN is the number of subjects aads the product of the number of between-subjects
and within-subjects factors. The BIC is based on the Bayesian approach wheosléghe
with the highest posterior probability is considered the optimum model. AsheithIC,
a model with a lower BIC is considered better than models with a higher BIG.likkds
the AIC, the BIC penalizes additional covariance parameters edfimatkile both AIC
and BIC provide a method to evaluate the fit of covariance structures oncalpadata
set, they do not always lead to the correct selection of the covariance structure.
Keselman, Algina, Kowalchuk, and Wolfinger (1998) found that, on average, the AIC
selected the correct covariance structure 47 percent of the time and&ltedéhe
correct covariance structure 35 percent of the time. The relatively poor@cotithe

BIC for selecting the correct covariance structure makes it of innise when modeling
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the covariance structure. This perception is further reinforced by kitmaaet al. (2004)
who recommend against using the BIC when selecting covariance structiaesebet
the high risk of selecting covariance structures that are too simple fdatde In
addition, it was found that Type | error rates can be biased even when the cevarianc
structure is correctly selected by the AIC or BIC (Keselman, Alginayf@huk, &
Wolfinger, 1999).

The fourth information criterion is Bozdogan's Criterion (Bozdogan, 1987),

CAIC = 2(maximized log-likelihood) + lofy*(number of parameters + 1)

= 2+s(InN+1)

A thorough review of the linear mixed model literature has not produced reseatrch th
examined the performance of the CAIC on selecting error covariance structis
study will add to the literature by comparing the CAIC to other informatioerici

Hamaker, Hattum, Kuiper, and Hoijtink (2011) provide some guidelines and
qualifications in using information criteria to select for the correttest model within
the context of linear mixed effect models. The first consideration is to ensure tha
information criteria should not be used to compare models that have difference iafferenti
emphasis, for example, comparing the AIC of a marginal model to the AIC of a
conditional model. Second, it is important for the researcher to decide on whether
inferences using information criteria are made to the clusters or the populkts
suggested that the conditional AIC is appropriate to use when making inferences to
observations from the same cluster, the marginal AIC should be used to make isference
to observations from different clusters, and the BIC should be used for making inference

to observations from different populations. Third, the information criteria obtained by
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different statistical software packages have different inferential fothe AIC obtained

from SPSS has a population focus whereas the AIC obtained from WinBUGSs has a
cluster focus. Finally, there is an inherent difference between the AIC @ndvBére

the former selects the “best” model as a function of sample size and thedbdtts

model based on the posterior probability and does not depend on sample size. This
consideration needs to be accounted for in simulation studies, such as, whether the true
model is included in the set of fitted models and the sample sizes that are being

considered.

H. Effects of Misspecification of the Error Covariance Structure

As a statistical rule of thumb, Van Belle (2002) states that the not taking in
account correlated errors will inflate Type | error rates, if theetation is positive, and
deflate Type | error rates, if the correlation is negative. In additioeralestudies have
examined the effects of misspecifying covariance structures on garasgmates,
standard errors, and significance values. Verbeke and Molenberghs (2000) showed that,
in order to obtain valid inferences for the parameter estimates of the figets e

selecting an appropriate covariance structure is necessary since,
f=(XV™X) X VY
and the variance-covariance matrixéofs
var(8)= (X VXY (X Vivar(Y)V: X) ( XV %
_(XVEX)
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which assumes the marginal covariance matrix to be €pw ZGZ + 2., . Hence, fixed

effects estimates based on the above equation of the variance-covariai)cefrﬁaWiII

not be robust if the covariance structure of the model is not correctly specified. A

potential remedy to misspecification of the covariance structure is tolus& sandwich
estimators for va(r,é) proposed by Liang and Zeger (1986) to provide valid inferences

for the fixed effects. However, because robust inference only provides valid outcomes
based on strict assumptions related to missing data (Verbeke & Molenberghs, 2000),
where the pattern of missing data must fulfill the condition that they arengiss
completely at random, the only reliable method to ensure valid inferencesimates of
the fixed effects is to select an appropriate covariance structure footlet. nOn the
other hand, Altham (1984) found that restrictive specification leads to faultgmofes
about the covariance structure and over-specification, where there are o man
parameters in the covariance structure, leads to biased estimates andlt@tasaard
errors.

Littell, Pendergast, and Natarajan (2000) conducted a study that showed
specification of different covariance structures will affect patamestimated;-test
values, and standard errors. A longitudinal data set comparing the effects ofigso dr
(A and B) on respiratory ability (FEV1) for 24 patients was used. Patiengs wer
randomly assigned into the three treatment groups. A baseline measurasent w
recorded prior to the administration of the drugs and then additional measurements w

taken hourly for eight hours. The model used was as follows:

Yjj = p1t+ foHour; + f3Drug; + fsDrugixHour; + €;
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For individuali on occasio, it is assumed that respiratory scofg,is a linear function
of Hour, andDrug is the treatment group to which an individual was assigned. Five
different error covariance structures were fitted to the data: ID, B&,)ATP, and UN.
Results of the values fértests for fixed effects were compared across error covariance

structures.

Error Covariance
Structure Silntercept S2Hour fSsDrug SDrugxHour
ID 490.76 9.20 46.50 1.69
CS 76.42 38.86 7.24 7.11
AR(1) 90.39 7.39 8.40 2.46
TP 76.31 13.75 7.30 3.82
UN 92.58 13.72 7.25 4.06

The values for th€ tests for fixed effects differ substantially across error covariance
structures. This shows that modeling the error covariance structure pbtdvatsah large
impact on tests for fixed effects. Standard errors for within-subject casuparacross

time obtained from the five error covariance structure were also examined.

Parameter ID CS AR (1) TP UN

hourl — hour2 drug A 0.15 0.07 0.06 0.06 0.05
hourl — hour3 drug A 0.15 0.07 0.08 0.06 0.05
hourl — hour4 drug A 0.15 0.07 0.09 0.07 0.07
hourl — hour5 drug A 0.15 0.07 0.10 0.08 0.08
hourl — hour6 drug A 0.15 0.07 0.11 0.08 0.08
hourl — hour?7 drug A 0.15 0.07 0.12 0.09 0.10
hourl — hour8 drug A 0.15 0.07 0.12 0.10 0.09

It was found that each of the five error covariance structures produced dtandes

that were different. Littell, Pendergast, and Natarajan (2000) concludedishat it

important to model the error covariance structure even when the estimates efffiects

do not depend on the covariance structure, because tests of significance may depend on

the covariance structure.
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Using a data set containing 35 individuals measured over four occasions on an

inventory that assesses performance on a timed “opposites naminghveotsk, Singer

and Willett (2006) examined the effects of error covariance specificatidre@stimates

of fix effects, standard errors, and p-values. Each individual completed a staadardi

instrument that assessed baseline cognitive skills during the initiaioccthen scores

from an opposite’s naming task across four occasions, spaced exactly one wgek apar

were obtained. Hypotheses for this study are 1) opposites-naming task sttores wi

improve due to practice, not cognitive improvement and 2) individuals with stronger

cognitive skills will see greater improvement in opposites-naming skillstoner A

general model was specified to examine these hypotheses:

Y = Bo+ B2Time; + B3(Cog — Cog )jj + fa(Cog —Cog )xTime; + e

For individuali on occasion, it is assumed that opposites-naming scéyeis a

linear function ofTimg andCogis the baseline cognitive skill score. In examining the

data, Singer and Willett (2006) specified three different error covariamotuses: 1D,

TP, and UN. Results are shown in the table below.

ID TP UN
Fixed Effects Parameter | Standard Parameter | Standard Parameter | Standard
Estimate Error Estimate Error Estimate Error
BiIntercept 164.37*** 6.21 165.10%** 5.92 165.83*** .95
BoTime 26.96%** 1.99 26.90** 1.94 26.58*** 1.93
Bs(Cog —Cog ) -0.11 0.50 -0.00 0.48 -0.07 0.48
Ba(Cog — Cog )xTime 0.43** 0.16 0.44* 0.16 0.46** 0.16

*p <.05; *p<.01; **p<.001
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The results showed that specifying different error covariance stracfieet the
precision of the parameter estimates and will in turn affect hypothesng)tast
confidence interval construction. Standard errors generated by the TP antblUN er
covariance structures are smaller than those generated by therDosariance
structure. While the differences in precision are small among the three mbdels
specific to this data set. Singer and Willett (2006) suggested that differiermecision
based on the specification of the error covariance structure might bergred have a
significant impact on other data sets.

To examine the effects of misspecification of the error covariancelsum
estimates of fixed effects and variance components Ferron, Dailey, ak@0?i)
conducted a simulation study. Using a model where,

Y = p1t poTime; + psCovariatg + fsCovariatexTime; + €.
and settings1, f>, f3,and 4 to 0, data were generated for a AR (1) model with
autocorrelations gf = .3 andp = .6, series lengths of 3, 4 ,6, 8 and12, and sample sizes
of 30, 100, 500. A total of 30 conditions were obtained, 10,000 data sets were simulated

for each condition. Parameter values for the variance compangntg, ando? were

set to 1 and,, was setto 0. The error covariance structure is incorrectly specifigd as

= o7, ID. It was found that estimates of fixed effects are unbiased acrossdilians.
However, it was found that both variance for both intercegtsand slopesg?, were
inflated across conditions, the greater the autocorrelation the largerlgti@mfsample
size and series length had little or no effect. Estimatesofvere also inflated, where a
higher autocorrelation and shorter series length increased inflation. &webetween

errors in the intercepts and errors in the slapgswere found to be negative, the bias
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becoming greater when there was a higher autocorrelation and shorelesggik. The
misspecification of the error covariance structure makes interpretatjardieg the
amount of random variance in the intercepts and slopes, the correlation in errors in the
intercepts and slopes, and the variability in individual growth curves problematic

Chi and Reinsel (1989) showed that the appropriate specification of the random
effects and the error covariance structure leads to better predictionref dlnservation

Scores,
Yi* = )<IIB + Z b+ E(‘(;(Z] | Y),

whereY'is a predicted future observation score forithimdividual, to be taken at time

|
t', X/ are fixed effectsZ; are random effects, ang, is an error at time” . The
addition of an autoregressive parameigeto the parameter error component
e(SZZ)i [Y)= P(tiim ) [ Y- )i(&_ Zibliv

may improve prediction because it draws on the correlation between the obsereed sc

to be predicted and the last observed score.

|. Additional Considerations for Modeling

There are other studies that did not directly study the effect that model
specification has on the covariance structure or the error covariancersttuat do
provide additional factors for consideration when preparing data for amalysntering
and transforming variables might change the covariance structure of theimsaol@le
situations (VanLeeuwen, 1997). Failure to adjust for measurement error ulilines

fitting an error covariance structure that contains measuremert &xading to biased
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estimates of fixed effects and variance components (Woodhouse, Yang, @Goldstei
Rasbash, 1996). Both centering variables and adjusting for measurement error are

common practices in the fields of education and psychology.
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Chapter IlI
Methods

A. Rationale for the Current Study

After a review of the literature it was found that the current reseaschdta
provided adequate guidelines for specifying an appropriate covarianceisr First,
studies that examined model specification of covariance error structurgs affdct on
the estimates of model parameters are often based on real datingeis§&Willett,
2003; Littell et al., 2000), which may contain idiosyncrasies not generalizabtber
data sets. The study that used simulated data (Ferron et al., 2002) onlyredritiele

misspecification of error covariance structure where o°l, which raises the question of

whether estimates and the standard errors would remain unbiased when npex com
error covariance structures are selected for a model. Second, cesssanth does not
address which error covariance structure provides the best fit anbibessesd estimates
when modeling data with autoregressive errors, and under what circursstamcerrect
structure can be detected (power). Finally, there is a lack of studies Widegymactical
suggestions with regard to length of observations or sample size in relations to the
specification of the error covariance structure. How does the length oVatize or
sample size effect model estimates? One purpose of this study is to ctrs@aleove

questions with simulated data whexe = AR(1).
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B. Overview of Procedures

This section will outline the methodology used for this study. The study usesaa li
mixed effects model where repeated observation scores are a linear fundtiime @nd
Group, a bivariate predictor variable dummy coded (0,1),

Y = 1t poTime; + fzGroup; + faGroupxTime; + byi+ by Timej+ €,
where the parameter valuesff f,, f3, andf, were all set to equal 1, errors were
generated to be normally distributed N(0O, 1), and values for the variance conspgnent
o, ando? were set to 1 anel; was set to 0. SPSS Matrix (SPSS, 2004) was used to
produce values used to modify the error covariance structure into varying udagrof
AR(1) errors correlations, specifically .0, .1, .3, .5 and .7. Data sets with samplefsize
30, 50, 100, 250, and 500 with series length of 3, 4, 6, and 8 were generated. A total of
100 scenarios were possible given the combination of magnitude of AR(1) errors, sample
sizes, and series lengths. A SPSS macro was used to simulate 1,000 sareplds f
scenario for a total of 100,000 datasets. Each sample was analyzed five timéiseusing
linear mixed model procedure in SPSS: a different specification for thecerrarnance
structure was used each time a sample was analyzed. The specificattbesefoor
covariance structure are CS, ID, AR(1), TP, and UN. Syntax and progranwveriag
written to ensure model results and fit statistics were comparable fajjdixenguidelines
created by SPSS (2005) and Hamaker, Hattum, Kuiper, and Hoijtink (2011). The
rationale for using the aforementioned error covariance structures i9 thatCS error
covariance structure is the most restrictive and least complex sagaificduplicating
results from repeated measures ANOVAS, 2) the ID error covariancguse is

considered the “standard” structure, 3) the AR(1) specification itinect error
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covariance structure for the data generated, 4) the TP error coeasi@ucture provides
the most general structure that would account for autoregressive errors apeatgde
observations, and 5) an UN error covariance structure is the leastirestaind most
complex specification, approximating results from MANOVAs.

Of the 100,000 datasets simulated, 1,274 datasets produced non-convergent
results (see Appendix A), replacement datasets were generated iretbeséocensure
only results from convergent datasets are used. Results generatell byagsis were
compared. First, fit statistics (AIC, AICC, BIC, and CAIC) were usecamnne the
proportion of times a particular error covariance structure was identffiptbaiding the
best fit for the data. This provides evidence about which error covariance sthegtire
fits the data given sample conditions. Second, mean fixed effects estifhatesss,
andp,) were compared across the five error covariance structures to seerwhethe
unbiased estimates were obtainable under different conditions. Third, mean pefalues
the fixed effects estimates were evaluated across the five evanance structures to
determine whether there is a Type | error cost under certain modatissen Fourth, the
proportion of times the AR(1) error covariance structure was significdetgcted when
the error covariance structure was correctly specified was reporteavidgopmformation

about model conditions needed to estimate the AR(1) error parameter.
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Chapter IV
Results
For this study a series of computer simulations were conducted to examine the
effectiveness of using different information criteria in identifyimgéar mixed models
with an AR(1) error covariance structure, to determine whether estiofdtred effects
are biased and the type | error cost when the error covariance trigatusspecified
and finally, to determine the conditions necessary to detect the aulaitonr¢)
parameter.

A. ldentifying the error covariance structure using information criteria

The first goal was to examine the effectiveness of using AIC, AICC, &8i¢,
CAIC information criteria to correctly identify models with an AR(1) eqovariance
structure. Each data condition was analyzed using CS, ID, AR(1), TP Nard &t
covariance structures. To examine how models are usually selected, theeatmeed
information criteria were used to determine which covariance stryatoveded the best
fit for the various data conditions. Previous studies (Singer, 2003) have shown that for
data without autoregressive error an ID error covariance structure shouldeptforibest
fit. Therefore, we expect data conditions with an AR(1) error covariancéuseus O,
no autocorrelation, to be correctly identified by fit statistics gendtatehe ID error
covariance structure the vast majority of the time. Similarly, weatxpat data
conditions generated with an AR(1) error covariance structure should be gorrectl
identified by fit statistics as having an AR(1) error covariancetstre.c The purpose is
to examine the effects of the magnitude of the AR(1) autocorrelation,esame|] and

series length on identification accuracy.
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For models generated with an AR(1) error covariance structure with p = 0, no
autocorrelation, the AIC correctly identified 82.1%, AICC correctly idettiB3.3%,

BIC correctly identified 98.0%, and CAIC correctly identified 93.6% as being ittest f
by the ID error covariance structure. The data presented in Figuresighlitr¢see
Appendix A for data) illustrate identification accuracy for models gerckraitth an

AR(1) error covariance structure. It is apparent that as the magnittie AR (1) error,
sample size, and series length increase so does the identification ycduisalso
apparent that both AIC and AICC outperform BIC and CAIC in identification accuracy
with an AR(1) error covariance structure across all conditions. The difiera
performance between the AIC and AICC is negligible and the BIC outpertaaGAIC

by a small margin.

In examining the main effects of the magnitude of the AR(1) error, saimple s
and series length on identification accuracy, it was found that series kagthe most
prominent effect. Using the AIC, identification accuracy increases 16.9% with a
series length of 3 to 90.6% with a series length of 8, and similar largasesrare seen
with the other information criteria. Another noticeable effect is the shampaise in the
identification accuracy from an AR(1) error of .1 to an AR(1) error of .3. For gheam
using the AIC, changing from an AR(1) error of .1 to an AR(1) error of .3, ireseas
identification accuracy from 37.8% to 65.1%. Changes in the magnitude of AR(1) from
.3to.5and from .5 to .7 resulted in a comparatively smaller increase in identification
accuracy. The relationship between sample size and identification acsussegdy,

with a 7% to 10% increase in percent correctly identified each time sample@izases.
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Figure 4: Percentage of AR(1) models correctly identified by magsitol&R (1) autocorrelation
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Figure 5: Percentage of AR(1) models correctly identified by vgryaries lengths
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Figure 6: Percentage of AR(1) models correctly identified by vgryample sizes
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To examine the interaction effects that magnitude of the AR(1) error, saa®gle s
and series length have on identification accuracy and how the different@vesrance
structures fitted the data we will examine results provided by the AlCpatpierformed
the other indices in correctly identifying data with AR(1) error covadastucture.

Tables 1 through 5 show detailed data on the models identified as best fittimeg ANt
across covariance structures and data conditions (data for AICC, BIC, aGda@Ain
Appendix B).

Table 1 shows that the AIC correctly identifies the identity error caneei
structure as the correct fit for models generated wer®, without autocorrelation,

82.1% of the time. However, the AIC also misidentified these models as having an
AR(1) error structure 13.4% of the time. Tables 2 through 5 examine the idgiutific
accuracy of data with an AR(1) error covariance structure, show an irderaetween
sample size and series length. Sample size has a larger impact on idientiféiceuracy
when the series length is shorter. For example, in the case pvheBeand series length

is 3, changing the sample size from 30 to 500 results in an increase in identification
accuracy from 1.1% to 36.0%. However, when the series length is 8 (heldirg)

changing the sample size from 30 to 500 increased the percent of correct idiemsfica
from 91.3% to 99.9%, a smaller gain than the previous case. A three-way interaction is
notable: When we examine the case wiperel and series length is 3, changing the
sample size from 30 to 500 results in a change in identification accuracy from 2.6% to
18.1%, whereas holding= .1, a series length of 8 and changing the sample size from 30

to 500 increased the percent of identification accuracy from 35.1% to 99.7%, a much
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larger change. Thus, a change in the magnitude of the AR(1) error alongmyitle sa
size and series length interact to affect identification accuracy.

In examining how the other error covariance structures fitted the data fourad
that models fitted with the CS and TP error covariance structures wetiéiedan a
small percentage of cases as the “correct” model in data conditions where se@
small (30 or 50) and series length short (3 or 4). The percentage of timeotieds nvith
an UN error covariance structure were mistakenly identified as tamoeeased slightly
as the magnitude of AR(1) error increases, and decreases when sanmguel sieges
length increase. The incorrect identification of the ID error covegiatructure as the
preferred model decreased as the magnitude of the AR(1) error, sample siegieand s
length increase.

Tables 1 through 5 also presents, in bold, the data conditions in which the AR(1)
error can be detected with an AR(1) error covariance structure with a highoititylod
success (the percent of correctly identified is 90.0% or more). Although, dsests are
for the AIC, patterns of main and interactions effects on identification agcimaglIC,

BIC, and CAIC are similar and can be reviewed in Appendix B.
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Table 1. Identification accuracy using AIC across covariance erratugeudorp = .0 by sample size and series length

Akaike's Information Criterion (AIC)

Conditions CS ID AR1 TP UN
% identified as | % identified as | % identified as | % identified as | % identified as

p N Length best fit best fit best fit best fit best fit

0 30 3 1.7 78.4 35 2.9 13.5
0 50 3 0.0 82.5 5.4 0.1 12.0
0 100 3 0.0 81.3 7.1 0.0 11.6
0 250 3 0.0 78.7 13.6 0.0 7.7
0 500 3 0.0 78.6 12.8 0.0 8.6
0 30 4 0.0 80.4 13.4 0.1 6.1
0 50 4 0.0 81.0 12.0 0.0 7.0
0 100 4 0.0 78.8 15.6 0.0 5.6
0 250 4 0.0 80.3 16.5 0.0 3.2
0 500 4 0.0 81.8 14.1 0.0 4.1
0 30 6 0.0 82.6 15.7 0.0 1.7
0 50 6 0.0 82.6 16.8 0.0 0.6
0 100 6 0.0 82.4 16.8 0.0 0.8
0 250 6 0.0 84.3 15.2 0.0 0.5
0 500 6 0.0 84.6 15.0 0.0 0.4
0 30 8 0.0 84.7 15.0 0.0 0.3
0 50 8 0.0 85.3 14.2 0.0 0.5
0 100 8 0.0 83.9 15.9 0.0 0.2
0 250 8 0.0 85.5 14.4 0.0 0.1
0 500 8 0.0 85.6 14.3 0.0 0.1

Total <0.1 82.1 13.4 <0.1 4.2
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Table 2. Identification accuracy using AIC across covariance erratugeuorp = .1 by sample size and series length

Akaike's Information Criterion (AIC)

Conditions CS ID AR1 TP UN
% identified as | % identified as | % identified as | % identified as | % identified as
p N Length best fit best fit best fit best fit best fit
0.1 30 3 0.3 80.7 2.6 3.6 12.8
0.1 50 3 0.0 83.6 4.1 0.4 11.9
0.1 100 3 0.0 78.9 9.4 0.0 11.7
0.1 250 3 0.0 74.9 10.4 0.0 10.4
0.1 500 3 0.0 71.8 18.1 0.0 10.1
0.1 30 4 0.0 78.5 13.5 0.0 8.0
0.1 50 4 0.0 76.5 17.2 0.0 6.3
0.1 100 4 0.0 74.4 19.6 0.0 6.0
0.1 250 4 0.0 64.2 29.3 0.0 6.5
0.1 500 4 0.0 50.3 43.8 0.0 5.9
0.1 30 6 0.0 74.3 24.5 0.0 1.2
0.1 50 6 0.0 68.1 31.2 0.0 0.7
0.1 100 6 0.0 56.6 42.1 0.0 1.3
0.1 250 6 0.0 28.4 70.5 0.0 1.1
0.1 500 6 0.0 8.1 91.3 0.0 0.6
0.1 30 8 0.0 64.3 35.1 0.0 0.6
0.1 50 8 0.0 57.4 42.6 0.0 0.0
0.1 100 8 0.0 35.7 64.0 0.0 0.0
0.1 250 8 0.0 13.5 86.5 0.0 0.0
0.1 500 8 0.0 0.3 99.7 0.0 0.0
Total <0.1 57.0 37.8 0.2 4.8
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Table 3. Identification accuracy using AIC across covariance erratugeuorp = .3 vary sample size and series length

Akaike's Information Criterion (AIC)

Conditions CS ID AR1 TP UN
% identified as | % identified as | % identified as | % identified as | % identified as

p N Length best fit best fit best fit best fit best fit

0.3 30 3 0.3 79.8 1.1 3.6 15.2
0.3 50 3 0.0 78.2 4.3 0.8 16.7
0.3 100 3 0.0 72.0 13.8 0.0 14.2
0.3 250 3 0.0 65.6 24.9 0.0 9.5
0.3 500 3 0.0 53.1 36.0 0.0 10.9
0.3 30 4 0.0 63.9 25.9 0.2 10.0
0.3 50 4 0.0 39.6 51.2 0.0 9.2
0.3 100 4 0.0 46.2 47.0 0.0 6.8
0.3 250 4 0.0 18.3 73.6 0.0 8.1
0.3 500 4 0.0 2.0 89.1 0.0 8.9
0.3 30 6 0.0 28.6 69.5 0.0 1.9
0.3 50 6 0.0 14.2 83.6 0.0 2.2
0.3 100 6 0.0 2.4 96.9 0.0 0.7
0.3 250 6 0.0 0.1 98.5 0.0 1.4
0.3 500 6 0.0 0.0 98.7 0.0 1.3
0.3 30 8 0.0 9.2 90.3 0.0 0.5
0.3 50 8 0.0 1.7 97.7 0.0 0.6
0.3 100 8 0.0 0.1 99.9 0.0 0.0
0.3 250 8 0.0 0.1 99.9 0.0 0.0
0.3 500 8 0.0 0.1 99.9 0.0 0.0

Total <0.1 28.8 65.1 0.2 5.9
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Table 4. Identification accuracy using AIC across covariance erratugeudorp = .5 by sample size and series length

Akaike's Information Criterion (AIC)

Conditions CS ID AR1 TP UN
% identified as | % identified as | % identified as | % identified as | % identified as
p N Length best fit best fit best fit best fit best fit
0.5 30 3 0.0 80.4 0.4 4.4 14.8
0.5 50 3 0.0 77.3 5.6 0.3 16.8
0.5 100 3 0.0 67.4 16.5 0.0 16.1
0.5 250 3 0.0 52.4 33.1 0.0 14.4
0.5 500 3 0.0 32.9 51.1 0.0 16.0
0.5 30 4 0.0 51.6 38.3 0.1 10.0
0.5 50 4 0.0 38.8 52.0 0.0 9.2
0.5 100 4 0.0 20.0 71.7 0.0 8.3
0.5 250 4 0.0 2.0 90.9 0.0 7.1
0.5 500 4 0.0 0.0 92.6 0.0 7.4
0.5 30 6 0.0 8.3 88.6 0.0 3.1
0.5 50 6 0.0 1.5 96.2 0.0 2.3
0.5 100 6 0.0 0.0 99.0 0.0 1.0
0.5 250 6 0.0 0.0 99.0 0.0 1.0
0.5 500 6 0.0 0.0 98.6 0.0 1.4
0.5 30 8 0.0 0.3 99.1 0.0 0.6
0.5 50 8 0.0 0.0 99.7 0.0 0.3
0.5 100 8 0.0 0.0 99.9 0.0 0.1
0.5 250 8 0.0 0.0 99.9 0.0 0.1
0.5 500 8 0.0 0.0 99.9 0.0 0.1
Total 0.0 21.6 71.6 0.2 6.5
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Table 5. Identification accuracy using AIC across covariance erratgeuorp = .7 by sample size and series length

Akaike's Information Criterion (AIC)

Conditions CS ID AR1 TP UN
% identified as | % identified as | % identified as | % identified as | % identified as

p N Length best fit best fit best fit best fit best fit
0.7 30 3 0.0 78.3 0.9 2.7 18.1
0.7 50 3 0.0 75.8 3.6 0.1 20.5
0.7 100 3 0.0 65.5 15.5 0.0 19.0
0.7 250 3 0.0 48.8 32.6 0.0 18.6
0.7 500 3 0.0 27.3 54.1 0.0 18.6
0.7 30 4 0.0 42.2 47.8 0.0 10.0
0.7 50 4 0.0 32.7 59.9 0.0 7.4
0.7 100 4 0.0 9.8 82.2 0.0 7.9
0.7 250 4 0.0 0.3 90.4 0.0 9.3
0.7 500 4 0.0 0.1 90.6 0.0 9.3
0.7 30 6 0.0 2.3 95.5 0.0 2.2
0.7 50 6 0.0 0.3 97.5 0.0 2.2
0.7 100 6 0.0 0.0 99.3 0.0 0.7
0.7 250 6 0.0 0.0 99.2 0.0 0.8
0.7 500 6 0.0 0.0 99.6 0.0 0.4
0.7 30 8 0.0 0.0 99.1 0.0 0.9
0.7 50 8 0.0 0.0 99.5 0.0 0.5
0.7 100 8 0.0 0.0 99.9 0.0 0.1
0.7 250 8 0.0 0.0 100.0 0.0 0.0
0.7 500 8 0.0 0.0 99.9 0.0 0.1

Total 0.0 19.2 73.4 0.1 7.3




B. Impact of fitting different error covariance structures on estimatedfixed effects

Data were simulated with valuesif f», f3, andg, are set to equal 1.00.
Examining these results allows determination of whether misspecifyengrtor
covariance will bias estimated fix effects. The mean effects dssrf@f1, 5>, f3, and
Sa were very close to the true parameter of 1.00; across all conditions thatestim
ranged between .97 and 1.03. Thus, as expected, there does not seem to be any bias in

the estimates of fixed effects due to misspecification of the error eocarstructure.
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C. Impact of fitting error covariance structures on tests of fixed effects

Effects of fitting each of the five error covariance structures onltgp®er rates
were examined, wheltdy: 1= f>=f3= 4= 1. Tables 6 through 11 show the mean type |
error rates of parameter estimates across assumed erroanoeasiructures, magnitude
of the AR(1) error, sample size, and series length (p1, p2, p3, and p4 are type tesror ra
for the fixed effects estimat@s, f2, 3, andp,, respectively). Mean type | error rates that
are greater than .05 are in bold.

It is apparent that mean type | error rates for estimated pararfigtl with the
ID, AR(1), and UN error covariance structures are nearly identicass conditions. For
these three error covariance structures, when sample size is 30 or 50ypedagrior
rates for p2, p4, and in some cases p3, were above .05. Once sample size is 100 or larger,
mean type | error rates were below .05; this was consistent acrosgudag of AR(1)
error and series lengths.

Results from data fitted with the CS error covariance structure showed that as
series length increases mean type | error rates for pl and p2 aésseciFor example,
for p1 where the magnitude of AR(1) is 0, sample size is 100, and series length is 3, the
mean p-value is below .01; as series length increases to 8, the meaartgpedtes for
pl becomes .09. In the same conditions the mean type | error rates for p2 changes from
.03 to .23 as series length increases from 3 to 8, respectively. This relati@mhins
consistent regardless of the magnitude of the AR(1) error. On the other hand,sas serie
length increases the mean type | error rates of p4 (the interactioeasesr For
example, when the magnitude of AR(1) is .0, sample size is 30, and series length is 3, the

mean type | error rate for p4 is .08, as series length increases to &athéype | error
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rate becomes .01. This relationship also remains consistent regardless ajrifiadea
of the AR(1) error.

Data fitted with a TP error covariance structure has the most instaness wh
mean type | error rates were above .05. Across conditions, as seriesriergghes the
instances where pl and p2 had mean type | error rates above .05 also increases. The
reverse occurs for p4; as series length increases the mean tygrerdtes decreases.

While the effects of sample size and series length on type | errsveaied by
error covariance structure, the effect of the magnitude of the AR(X)certtype | error
rates are consistent: As the magnitude of the AR(1) error increases ane@ssivere
mean type | error rates are above .05 also increased. For example, wheerAdR (%)
.1, in conditions fitted with the ID error covariance structure there welastances
where mean type | error rates where above .05, as AR(1) error increased to .7,
conditions fitted with the ID error covariance structure there were 15 iestaviere
mean type | error rates where above .05. This pattern holds for the other four error

covariance structures.
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Table 6. Mean type | error rates across error covariance strufduges .0 by sample size and series length

GS

[@2\)

N

[@ )

N

[@)

Conditions CS ID AR1 TP UN
p N Length| pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4
0.0 30 3 0.09| 0.24| 0.02| 0.08| 0.05| 0.16| 0.03| 0.12| 0.05| 0.16| 0.04| 0.12| 0.11] 0.25 0.03| 0.11| 0.05| 0.16| 0.03| 0.12
0.0 50 3 0.03 0.13| 0.00| 0.03] 0.01 0.07| 0.01| 0.05] 0.01 0.07| 0.01| 0.05| 0.04 0.15| 0.01| 0.04| 0.01 0.07| 0.01| 0.05
0.0 100 3 0.00 0.083 0.00 0.00 0.0 0j01 (.00 0.0@0p0O0.01| 0.00 0.00 0.00 0.04 0.00 0400 0.00 0.0DOD.0.00
0.0 250 3 0.00 0.00 0.00 0.00 0.0 0J00 Q.00 0.0@0pPO0.00] 0.00 0.00 0.00 0.00 0.p0 0400 0.00 0.0®O P.0.00
0.0 500 3 0.00 0.00 0.00 0.00 0.p0 0J00 Q.00 0.0@0pPO0.00f 0.00 0.00 0.00 0.00 0.p0 0400 0.00 0.0®O P.0.00
0.0 30 4 0.14| 0.27|/ 0.01| 0.04| 0.0 0.14| 0.02| 0.09| 0.05| 0.14| 0.02| 0.09| 0.19] 0.32 0.01| 0.07| 0.05| 0.13| 0.02| 0.09
0.0 50 4 0.05 0.16| 0.00| 0.01f 0.01 0.05 0.00 0.03 0.01 0J05 0.00 0.08| 0.21] 0.00| 0.02| 0.01 0.05 0.00 0.0
0.0 100 4 0.01 0.04 0.00 0.00 0.p0 0Jj01 Q.00 0.0@00pPO0.01f 0.00 0.00 0.0R0.07|0.00| 0.00; 0.0 0.01 0.00 0.0
0.0 250 4 0.00 0.00 0.00 0.00 0.0 0J00 Q.00 0.0@0p0O0.00f 0.00 0.00 0.00 0.01 0.00 0400 0.00 0.0®0P.0.00
0.0 500 4 0.00 0.00 0.00 0.00 0.p0 0J00 Q.00 0.0@0pPO0.00] 0.00 0.00 0.00 0.00 0.p0 0400 0.00 0.0®O P.0.00
0.0 30 6 0.24] 0.39| 0.00| 0.02| 0.04 0.11| 0.01| 0.07| 0.04| 0.11| 0.01| 0.07| 0.34] 0.48 0.01| 0.04] 0.04 0.11| 0.01| 0.06
0.0 50 6 0.13]| 0.29| 0.00| 0.00f 0.01 0.05 0.00 0.02 0.p1 0Jj05 0.00 0.023| 0.39| 0.00| 0.01] 0.0 0.05 0.00 0.0
0.0 100 6 0.03 0.13| 0.00| 0.00f 0.0 0.01 0.00 0.00 0.p0 0J01 0.00 0.000| 0.23| 0.00| 0.00f 0.0 0.01 0.00 0.0
0.0 250 6 0.0 0.02 0.00 0.00 0.p0 0J00 Q.00 0.0@0PO0.00f 0.00 0.00 0.000.06| 0.00| 0.00; 0.0 0.00 0.00 0.0
0.0 500 6 0.00 0.00 0.00 0.00 0.00 0J00 Q.00 0.0@0p0O0.00f 0.00 0.00 0.00 0.01 0.0 0400 0.00 0.0®0N.0.00
0.0 30 8 0.35| 0.51| 0.00| 0.01] 0.03 0.11| 0.01| 0.06| 0.03]| 0.11| 0.01| 0.06| 0.46] 0.5 0.01| 0.03] 0.03 0.12| 0.01| 0.06
0.0 50 8 0.23]| 0.39| 0.00| 0.00f 0.0 0.04 0.00 0.02 0.p0 0j04 0.00 0.087| 0.50/ 0.00| 0.01] 0.00 0.04 0.00 0.0
0.0 100 8 0.09| 0.23| 0.00| 0.00f 0.0 0.00 0.00 0.00 0.p0 0Jj00 0.00 0.01| 0.38/ 0.00| 0.00] 0.0 0.00 0.00 0.0
0.0 250 8 0.01 0.06| 0.00| 0.00f 0.0 0.00 0.00 0.00 0.p0 0J/00 0.00 0.0@5p0.17|0.00| 0.00; 0.0 0.00 0.00 0.0
0.0 500 8 0.00 0.01 0.00 0.00 0.0 0J00 Q.00 0.0@0pPO0.00f 0.00 0.00 0.00 0.05 0.00 0400 0.00 0.0®0P.0.00
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Table 7. Mean type | error rates across error covariance strufduges .1 by sample size and series length

Conditions CSs ID AR1 TP UN
p N Length| pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4
0.1 30 3 0.09| 0.22| 0.02| 0.07| 0.05]| 0.15| 0.03| 0.11] 0.05| 0.15| 0.04| 0.12| 0.11| 0.25]| 0.03| 0.10| 0.05] 0.14| 0.03| 0.11
0.1 50 3 0.03 0.13| 0.00| 0.02] 0.01 0.07| 0.00| 0.04| 0.014 0.08| 0.01| 0.05| 0.04 0.15]| 0.00| 0.04| 0.01 0.07| 0.00| 0.04
0.1 100 3 000 0.03 0.00 0.00 00 001 000 0.00PO.01] 0.00 0.01 O0.0p 0.04 0.p0 0/00 000 0.01000.0.01
0.1 250 3 000 0.0 0.00 0.00 0.pO0 0J0O 0.00 0.00pPO0.00] 0.00 0.00 0.0p 0.00 0.00 0J0O 0,00 0.0m00p.0.00
0.1 500 3 000 0.0 000 0.00 0.0 0J0O 0.00 0.0m0pPO0.00] 0.00 0.00 0.0p 0.00 0.00 0J0O 0,00 0.0m00p.0.00
0.1 30 4 0.13] 0.28/ 0.00| 0.04| 0.05 0.14)| 0.02| 0.09] 0.05| 0.14)| 0.02| 0.09| 0.18/ 0.33 0.01| 0.07| 0.04| 0.14]| 0.02| 0.08
0.1 50 4 0.06| 0.18/ 0.00| 0.01| 0.01 0.07| 0.00| 0.03] 0.01 0.07| 0.00| 0.03| 0.09| 0.23| 0.00| 0.02| 0.01 0.07| 0.00| 0.03
0.1 100 4 0.0 0.05 0.00 0.00 0.0 0401 0.00 0.000pPO0.01f 0.00 0.00 0.0p0.08| 0.00| 0.00f 0.0 0.01 0.00 0.00
0.1 250 4 0.00 0.00 0.00 0.00 0.0 0JOO 0.00 0.0m0pPO0.00f 0.00 0.00 0.0p 0.01 0.00 0J00O 0,00 0.0@0 p.0.00
0.1 500 4 0.00 0.00 0.00 0.00 0.0 0J0O 0.00 0.0m0pPO0.00/ 0.00 0.00 0.0p 0.00 0.00 0J0O 0,00 0.0@0 p.0.00
0.1 30 6 0.24| 0.40/ 0.00| 0.01} 0.03 0.13]| 0.01| 0.07| 0.04| 0.13| 0.02| 0.07| 0.34] 0.48 0.01| 0.05| 0.03 0.12| 0.01| 0.07
0.1 50 6 0.13] 0.29/ 0.00| 0.01] 0.0 0.0 0.00 0.03 0.p1 0Jo5 0.00 0.0%3| 0.40/ 0.00| 0.02] 0.01 0.06| 0.00| 0.03
0.1 100 6 0.03 0.12] 0.00| 0.00/ 0.0 0.0p 0.00 0.00 0.0 00O 0.00 0.009| 0.22/ 0.00| 0.00f 0.00 0.00 0.00 0.00
0.1 250 6 000 0.02 000 0.00 0.0 0Jj0O 0.00 0.0m0pPO0.00/] 0.00 0.00 0.0p0.06|0.00| 0.00f 0.00 0.00 0.00 0.00
0.1 500 6 0.0 0.0p 0.00 0.00 0.p0 0J0O 0.00 0.0m0pPO0.00] 0.00 0.00 0.0p 0.01 0.00 0/00 0,00 0.000p.0.00
0.1 30 8 0.35| 0.50/ 0.00| 0.02] 0.03 0.11] 0.01| 0.07] 0.03| 0.11| 0.01| 0.07| 0.45] 0.57 0.00| 0.05| 0.03 0.11| 0.01| 0.07
0.1 50 8 0.23] 0.39/ 0.00| 0.00f 0.00 0.04 OO0 001 0.0 0J04 000 0.0137| 0.51) 0.00|] 0.01| 0.00 0.04 0.00 o0.01
0.1 100 8 0.09| 0.22/ 0.00| 0.00f 0.00 0.00 0.00 0.00 0.p0 0J00 0.00 0.0@3| 0.37/ 0.00| 0.00{ 0.00 0.00 0.00 0.00
0.1 250 8 0.03 0.10| 0.00| 0.00/ 0.0 0.0p 0.00 0.00 0.0 0J00O 0.00 0.009| 0.22/ 0.00| 0.00f 0.0 0.00 0.00 0.00
0.1 500 8 000 0.01 000 0.00 0.0 00O 0.00 0.00pPO0.00] 0.00 0.00 O0.0p 0.05 0.00 0,00 0,00 0.000p.0.00




Table 8. Mean type | error rates across error covariance strufduges .3 by sample size and series length

LS

Conditions CS ID AR1 TP UN
p N Length| pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4
0.3 30 3 0.10| 0.23] 0.02| 0.07| 0.06] 0.1 0.03| 0.11| 0.07] 0.1 0.04| 0.12| 0.12] 0.25 0.03| 0.10| 0.06] 0.1 0.03| 0.12
0.3 50 3 0.04{ 0.14 | 0.00| 0.02| 0.02 0.08| 0.01| 0.05| 0.02 0.09| 0.01| 0.05| 0.05 0.16| 0.00| 0.04| 0.02 0.08| 0.01| 0.05
0.3 100 3 0.00 0.083 0.00 0.00 0.p0 0J01 000 0.000pO0.01| 0.000 0.00 0.0 0.04 0.00 0/00 0,00 0.0100 0.0.00
0.3 250 3 0.00 0.00 0.00 0.00 0.p0 0J00 0,00 0.000pO0.00f 0.000 0.00 0.0 0.00 0.0 0J00 0,00 0.000 0.0.00
0.3 500 3 0.00 0.00 0.00 0.00 0.p0 0J00 0,00 0.000pO0.00f 0.000 0.00 0.0 0.00 0.0 0J00 0,00 0.0000 0.0.00
0.3 30 4 0.14| 0.29| 0.01| 0.03] 0.05 0.16| 0.02| 0.08 | 0.05| 0.16| 0.02| 0.08| 0.19/ 0.34 0.01| 0.06| 0.05| 0.15| 0.02| 0.08
0.3 50 4 0.06/ 0.18 | 0.00] 0.01] 0.02 0.07| 0.00| 0.03] 0.02 0.08| 0.00| 0.03| 0.09| 0.24| 0.00| 0.02] 0.0Z2 0.08]| 0.00| 0.03
0.3 100 4 0.01 0.06 0.00 0.00 0.p0 0/01 0.00 0.000p0.02/ 0.000 0.00 0.0P0.09| 0.00| 0.00f 0.00 0.01 0.00 0.00
0.3 250 4 0.00 0.00 0.00 0.00 0.p0 0J00 0,00 0.000pO0.00{ 0.000 0.00 0.0 0.01 0.00 0J00 0,00 0.0000 0.0.00
0.3 500 4 0.00 0.00 0.00 0.00 0.p0 0J00 0,00 0.000pO0.00f 0.00 0.00 0.0 0.00 0.0 0J00 0,00 0.0000 0.0.00
0.3 30 6 0.24| 0.41] 0.00| 0.01] 0.05 0.14| 0.02| 0.07| 0.05| 0.15| 0.02| 0.07 | 0.33| 0.48 0.01| 0.05| 0.04 0.13| 0.01| 0.07
0.3 50 6 0.14| 0.27| 0.00| 0.00| 0.01 0.06| 0.00| 0.02] 0.01] 0.06| 0.00| 0.02| 0.24| 0.39| 0.00| 0.01|] 0.0 0.0%5 0.00 0.02
0.3 100 6 0.03 0.13] 0.00| 0.00f 0.00 0.01 0.00 0.00 0.0 0J01 000 0.0009| 0.23] 0.00| 0.00f 0.00 0.01 0.00 o0.00
0.3 250 6 0.00 0.02 0.00 0.00 0.p0 0J/00 0.00 0.000pP0.00/ 0.000 0.00 0.0L0.06| 0.00| 0.00, 0.00 0.00 0.00 0.00
0.3 500 6 0.00 0.00 0.00 0.00 0.p0 0J00 0,00 0.000pO0.00{ 0.000 0.00 0.0 0.01 0.00 0J00 0,00 0.0000 0.0.00
0.3 30 8 0.34| 0.52| 0.00| 0.01] 0.03 0.13| 0.01| 0.07| 0.04| 0.14| 0.01| 0.07| 0.45| 0.5 0.00| 0.04| 0.04 0.13| 0.01| 0.06
0.3 50 8 0.23| 0.40| 0.00| 0.00| 0.01 0.06| 0.00| 0.02] 0.0 0.0% 0.00 0.020.38| 0.50| 0.00| 0.01] 0.0 0.0%5 0.00 0.02
0.3 100 8 0.09| 0.23] 0.00| 0.00/ 0.00 0.01 o0.00 0.00 0.p0 001 0.00 0.0®1| 0.37| 0.00| 0.00f 0.00 0.01 0.00 0.00
0.3 250 8 0.01 0.06| 0.00| 0.00f 0.00 0.00 0.00 0.00 0.0 O0JOO 0.00 0.00500.16| 0.00| 0.00f 0.00 0.00 0.00 0.00
0.3 500 8 0.00 0.01 0.00 0.00 0.p0 0J00 0,00 0.000pO0.00{ 0.000 0.00 0.0 0.05 0.0 0/00 0,00 0.0000 0.0.00
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Table 9. Mean type | error rates across error covariance strufduges .5 by sample size and series length

Conditions CS ID AR1 TP UN
p N Length| pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4
0.5 30 3 0.09| 0.24/ 0.01| 0.06| 0.05]| 0.17| 0.03| 0.10| 0.06] 0.17 0.03| 0.10| 0.11| 0.27 0.02| 0.09| 0.05| 0.16| 0.03| 0.11
0.5 50 3 0.04 0.13| 0.00| 0.02] 0.02 0.08| 0.00| 0.04| 0.03 0.09] 0.01| 0.04| 0.05 0.16| 0.00| 0.03] 0.02 0.08| 0.00| 0.04
0.5 100 3 0.0 0.04 0.00 0.00 0.p0 0/02 0.00 0.0®10D0.02{ 0.00 0.01 0.0p0 0.5 0.0 0J00 0,00 0.0200 0.0.00
0.5 250 3 0.0 0.00 0.00 0.00 0.p0O 0/00 0.00 0.0®MO0DO.0O| 0.00 0.00 0.0p 0.0 0.00 0J00 0,00 0.00 0.0.00
0.5 500 3 0.0 0.00 0.00 0.00 0.p0O 0/00 0.00 0.0®MODO.0O| 0.00 0.00 0.0p 0.0 0.00 0J00 0,00 0.000 0.0.00
0.5 30 4 0.15| 0.29| 0.00| 0.03| 0.06| 0.16| 0.02| 0.08| 0.06] 0.1 0.02| 0.08| 0.20] 0.35 0.01| 0.06| 0.06/ 0.15 0.02| 0.08
0.5 50 4 0.06| 0.18| 0.00| 0.01] 0.01 0.08| 0.00| 0.02] 0.02 0.08| 0.01| 0.03| 0.10| 0.23] 0.00| 0.02| 0.034 0.07| 0.00| 0.02
0.5 100 4 0.0 0.06| 0.00| 0.00f 0.0 0.01 0.00 0.00 0.p0 001 000 0.0M20D0.09|0.00] 0.00f 0.00 0.01 0.00 0.
0.5 250 4 0.0 0.00 0.00 0.00 0O.p0O 0/00 0.00 0.0MODO.CO| 0.00 0.00 0O0.0p 0.401 0.00 0J00 0,00 0.0m0 0.0.00
0.5 500 4 0.0 0.00 0.00 0.00 0.p0O 0/00 0.00 0.0MODO.CO| 0.00 0.00 0O.0p 0.0 0.00 0J00 0,00 0.0m0 0.0.00
0.5 30 6 0.25| 0.40/ 0.00| 0.01] 0.06| 0.15/ 0.01| 0.07| 0.06| 0.1 0.01| 0.07| 0.34| 0.48 0.00| 0.04/ 0.0 0.15| 0.01| 0.06
0.5 50 6 0.14| 0.29| 0.00| 0.00{ 0.02 0.07| 0.00| 0.02] 0.02 0.07| 0.00| 0.02] 0.24| 0.39| 0.00| 0.01] 0.0Z 0.07| 0.00| 0.02
0.5 100 6 0.04 0.14| 0.00| 0.00f 0.0 0.01 0.00 0.00 0.p0 001 000 0.000000.24|0.00] 0.00f 0.00 0.01 0.00 0.d
0.5 250 6 0.0 0.02 0.00 0.00 0O0.p0O 0/00 0.00 0.0MO0DO.0O| 0.00 0.00 O.0p 0.7 0.00 0J00 0,00 0.0m00.0.00
0.5 500 6 0.0 0.00 0.00 0.00 0O.p0O 0/00 0.00 0.0MODO.0O| 0.00 0.00 O0.0p 0.401 0.00 0J00 0,00 0.0(000.0.00
0.5 30 8 0.35| 0.51] 0.00| 0.01] 0.05 0.14| 0.01| 0.06| 0.06| 0.15 0.02| 0.07| 0.46/ 0.5 0.01| 0.03] 0.0 0.13| 0.01| 0.06
0.5 50 8 0.23| 0.40| 0.00| 0.00{ 0.01 0.07| 0.00| 0.02| 0.01 0.07| 0.00| 0.02] 0.38| 0.50| 0.00| 0.01] 0.0% 0.06| 0.00| 0.02
0.5 100 8 0.09| 0.23/ 0.00| 0.00f 0.00 0.01 0.00 0.00 0.p0 0/01 000 0.02| 0.38/ 0.00| 0.00f 0.00 0.01 0.00 0.4
0.5 250 8 0.03 0.06| 0.00| 0.00/ 0.00 0.00 0.00 0.00 0.p0 0J00 0.00 0.0®M500.17|0.00] 0.00f 0.00 0.00 0.00 0.0
0.5 500 8 0.0 0.01 0.00 0.00 0.p0O 0/00 0.00 0.0®MO0DO.00] 0.00 0.00 o0.0p0 0.5 0.0 0J00 0,00 0.000 0.0.00
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Table 10. Mean type | error rates across error covariance strudupes f7 by sample size and series length

Conditions CS ID AR1 TP UN
p N Length| pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4
0.7 30 3 0.11| 0.24|/ 0.01| 0.04| 0.07| 0.17/ 0.02| 0.09| 0.07 0.18 0.02]| 0.09| 0.13] 0.27 0.01| 0.07| 0.06] 0.17 0.02| 0.09
0.7 50 3 0.04 0.12| 0.00 | 0.01| 0.02 0.07| 0.00| 0.03] 0.03 0.08| 0.01| 0.04| 0.06| 0.15| 0.00| 0.02| 0.0 0.07| 0.00| 0.03
0.7 100 3 0.00 0.03 0.00 0.00 0.p0 0J01 0,00 0.00100.02|] 0.0 0.01 0.0 0.05 0.p0 0,00 0,00 0.01000.0.00
0.7 250 3 0.00 0.00 0.00 0.00 0.p0 0J00 0.00 0.000000.00/ 0.00 0.00 0.0p 0.0 0.00 0,00 0,00 0.000 0.0.00
0.7 500 3 0.00 0.00 0.00 0.00 0.p0 0J00 0.00 0.000000.00/ 0.00 0.00 0.0p 0.0 0.00 0,00 0,00 0.000 0.0.00
0.7 30 4 0.14| 0.30( 0.00| 0.03| 0.05 0.17| 0.02| 0.07| 0.06] 0.17 0.02| 0.08| 0.19| 0.35 0.01| 0.05| 0.0§ 0.16| 0.02| 0.07
0.7 50 4 0.07 0.18 | 0.00 | 0.01| 0.02 0.09| 0.00| 0.03] 0.03 0.09| 0.01| 0.03| 0.11| 0.25| 0.00| 0.02| 0.02| 0.09| 0.00| 0.03
0.7 100 4 0.01 0.06| 0.00| 0.00f 0.00 0.02 0.00 0.00 0.p12 0J02 001 ©(.002p0.11|0.00| 0.00, 0.00 0.02 0.00 0.0
0.7 250 4 0.00 0.00 0.00 0.00 0.p0 0J00 0.00 0.000000.00f 0.00 0.00 0.0p 0.01 0.p0 0,00 0,00 0.0000.0.00
0.7 500 4 0.00 0.00 0.00 0.00 0.p0 0J00 0.00 0.000000.00/ 0.00 0.00 0.0p 0.0 0.p0 0,00 0,00 0.0M0 0.0.00
0.7 30 6 0.25| 0.43/ 0.00| 0.01] 0.06| 0.18/ 0.01| 0.08| 0.06/ 0.18 0.02]| 0.08| 0.34] 0.50 0.01| 0.05| 0.06| 0.16| 0.01| 0.07
0.7 50 6 0.14| 0.30(/ 0.00| 0.00{ 0.02 0.08| 0.00| 0.02| 0.03 0.09| 0.01| 0.03| 0.25| 0.40| 0.00| 0.01| 0.01 0.08| 0.00| 0.02
0.7 100 6 0.04 0.14| 0.00| 0.00{ 0.00 0.01 0.00 0.00 0.p12 0J02 0.00 (.0111| 0.25/ 0.00| 0.00, 0.00 0.01 0.00 0.0
0.7 250 6 0.0 0.02 0.00 0.00 0.p0 000 0.00 0.0000pO0.00f 0.00 0.00 0.0L0.07|0.00| 0.00, 0.00 0.00 0.00 0.0
0.7 500 6 0.00 0.00 0.00 0.00 0.p0 0J00 0.00 0.00000.00/ 0.00 0.00 0.0p 0.01 0.0 0,00 0,00 0.0000.0.00
0.7 30 8 0.37| 0.52/ 0.00| 0.01] 0.06| 0.18/ 0.01| 0.07| 0.07 0.18 0.02| 0.07| 0.48] 0.57 0.00| 0.04| 0.06| 0.15| 0.01| 0.07
0.7 50 8 0.23| 0.41| 0.00| 0.00f 0.01 0.09| 0.00| 0.02] 0.02 0.08| 0.01| 0.02| 0.38| 0.50| 0.00| 0.01] 0.01 0.08| 0.00| 0.02
0.7 100 8 0.10| 0.24| 0.00| 0.00f 0.00 0.02 0.00 0.00 0.00 0J02 0.00 0.0®3| 0.37| 0.00| 0.00f 0.0 0.01 0.00 0.
0.7 250 8 0.01 0.06| 0.00| 0.00f 0.00 0.00 0.00 0.00 0.p0 0J00 0.00 @.0W6| 0.17| 0.00| 0.00, 0.00 0.00 0.00 0.0
0.7 500 8 0.00 0.01 0.00 0.00 0.p0 0J/00 0.00 0.0000pO0.00f 0.00 0.00 0.0L0.06|0.00| 0.00, 0.00 0.00 0.00 0.0




D. Statistical power of detecting the AR(1) autocorrelation parameter

Statistical power is represented by the proportion of Wald tests wieere
estimategh parameter was found to be statistically significant, where p <.05. Tde dat
presented in Figures 7 through 9 (see Appendix C for data) illustrate thefieaits that
magnitude of AR(1p, sample size, and series length have on the statistical power of
detecting the AR(1) autocorrelation. In examining these figuresajiparent that as
magnitude of the AR(1p, sample size, and series length increase so does the statistical
power to detect the AR(1) autocorrelation. The magnitude of the AR{ag the most
prominent effect. The statistical power for detecting the AR(1) autgdation increases
from .28, whemp = .1, .79, whep =.7. The main effect of series length on statistical
power is also prominent, with statistical power increasing from .34 to .86ies Isagth
increases from 3 to 8. Changes in the sample size from 30 to 500 resulted in a
comparatively smaller increase in statistical power, from .47 to .78.

Figures 10 through 12 (see Appendix D for data) illustrate the interactemiseff
that magnitude of AR(1), sample size, and series length have on the statistical power of
detecting the AR(1) autocorrelation. Caution is needed when interpretieditnees,
as power is a probability, so the limit is 1.0 and lines must converge near 1.6 Figu
shows that there is little or no interaction between the magnitude of the ARi(d)
sample size. The lines are relatively parallel, with an intersectiareee the lines
where sample size is 30 or 50 and AR (1) autocorrelation is .1. Figure 11 shows some
interaction between sample size and series length. The lines for ergés3 and series
length 4 intersect, while the lines for series lengths 6 and 8 remain paraiigle E2
shows little or no interaction between series length and magnitude of the AR(1H)

lines for AR(1)p .1 through .7 running parallel as a group.
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Table 11 shows the statistical power of detecting the AR(1) autocamedaiross
magnitude of the AR(1p, sample size, and series length. This table show data
conditions that are necessary in order to detect the AR(1) autocorrelatiosultsRe
where statistical power is .90 or greater are bolded. The general finding rsahden to
successfully detect the AR(1) autocorrelation larger samples with loswges Eengths
are needed, especially when magnitude of the AR(1) parameter is suspecteddtl be s
or moderate. For exampjejs .1 there is only one data condition where statistical power
is above .90, when sample size is 500 and series length is 8. In addition, there are no data
conditions with a series length of 3 where statistical power is above .90. The highes
statistical power obtained with a series length of 3 is .65, when the magnijude.df

and sample size is 500.

61



29

Figure 7. Statistical power to detect the AR(1) autocorrelation by toagni
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Figure 8. Statistical power to detect the AR(1) autocorrelation by sasiza
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Figure 9. Statistical power to detect the AR(1) autocorrelation bgssength
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Figure 10. Effect of magnitude of AR(1) autocorrelation on statistical power anplessize
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Figure 11. Effect of sample size on statistical power by seriethleng
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Figure 12. Effect of series length on statistical power by AR(1) autdation
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Table 11. Statistic power of detecting the AR(1) autocorrelation psgameoss conditions

Conditions Magnitude of AR(1)
N Length 0 0.1 0.3 0.5 0.7
30 3 0.20 0.23 0.33 0.37 0.48
30 4 0.12 0.15 0.25 0.39 0.45
30 6 0.05 0.07 0.37 0.69 0.82
30 8 0.05 0.16 0.76 | 0.98 1.00
50 3 0.15 0.22 0.32 0.40 0.47
50 4 0.08 0.11 0.39 0.36 0.49
50 6 0.05 0.09 0.64| 0.92 0.98
50 8 0.05 0.22 0.93 1.00 1.00
100 3 0.12 0.15 0.25 0.35 0.43
100 4 0.08 0.08 0.25 0.51 0.62
100 6 0.05 0.21 0.90 1.00 1.00
100 8 0.06 0.42 1.00 1.00 1.00
250 3 0.04 0.11 0.22 0.37 0.45
250 4 0.07 0.12 0.54| 0.90 0.95
250 6 0.04 0.48 1.00 1.00 1.00
250 8 0.06 0.72 1.00 1.00 1.00
500 3 0.04 0.11 0.32 0.55 0.65
500 4 0.04 0.24 0.91 1.00 1.00
500 6 0.06 0.78 1.00 1.00 1.00
500 8 0.05 0.98 1.00 1.00 1.00




Chapter V
Summary and Discussion

For this study a series of computer simulations were conducted to 1 nexdi
effectiveness of using different information criteria in identifylingar mixed models
with an AR(1) error covariance structure, 2) to find out whether estimate®dfeffects
are biased and the type | error cost when the error covariance &trigatusspecified
and finally, 3) to determine the conditions necessary to detect the aataton ()
parameter with reasonably large power.

A. ldentifying the AR(1) error covariance structure using information criteria

It was found that both the AIC and AICC, with very little difference between the
two, outperformed the BIC and CAIC in identifying data with an AR(1) error cowegia
structure. However, it should be noted that both the AIC and AICC have a higher rate of
false positives in identifying data with no autocorrelation as having an AR(L) er
covariance structure when there is none, compared to the BIC and CAIC.

The factor that had the greatest influence on identification accuracy s serie
length, where identification accuracy increases as series lengthsest Using the AIC,
accuracy ranged from 16.9% with a series length of 3 to 90.6% with a serigsdEfg
The second most influential factor is magnitude of the AR(1) autocorrelatiam
magnitude increases so does accuracy. Using the AIC, accuracyg fiaorge87.8% with
an AR(1) autocorrelation of .1 to 73.4% with an ARgf .7. Sample size also affects
identification accuracy. Using the AIC, accuracy ranged from 45.7% vgdimgple size
of 30 to 78.9% with a sample size of 500. Two-way and three-way interactions among

the factors are also present.
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B. Impact of fitting different error covariance structures on estimatedfixed effects

There was no observable bias in estimating the fixed estimates usingthay of
five error covariance structures. Mean estimated fixed eff@Gts,(fs, andg,) varied
between .97 and 1.03, very close to the true parameter value of 1.00. The magnitude of
the AR(1) autocorrelation, sample size, and series length had no impact orathe me
estimated fixed effects.

C. Impact of fitting error covariance structures on tests of fixed effects

Type | error rates for tests of fixed effects from data fitted withAR(1), and
UN error covariance structures are nearly identical across all aorgitFor these three
error covariance structures, once sample size is 100 or larger meartyqrerdtes for
the estimated fixed parameters are below .05, across magnitudes of AB(&ndrr
series lengths. It is unexpected that misspecification of data with #&reor covariance
structure did not inflate type | error, as expected based on Van Belle ,(#06Zinding
warrants additional examination to whether it is due to statistical propgpiesic to the
ID error covariance structure.

On the other hand, type | error rates obtained from data fitted with the CS and TP
error covariance structures showed some interesting patterns. Meanrygpeadtes for
pl and p2 were inflated as series length increased, regardless of theideaghthe
AR(1) error and sample size. At the same time mean type | error rafEsdod p4
decreases as series length increases.

While the effects of sample size and series length on type | errsveaied by
error covariance structure, the effect of the magnitude of the AR(1) agiacion on

type | error rates are consistent. It was found that as the magnitudeAdt (the
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increases the instances where mean type | error rates are inflated.@5 also increases.
This pattern holds across all five error covariance structures.

D. Statistical power for detecting the AR(1) autocorrelation parameter

It was found that magnitude of AR(1) autocorrelation, sample size, and series
length have an effect on the statistical power of detecting the AR(1)pagiation: As
each factor increases so does statistical power. The magnitude of AREJreelation
had the greatest impact on statistical power. Series length had the segesidnapact
on statistical power, followed by sample size. A graphical examination efmao
interactions found little or no interaction effects on statistical power artheniipree
factors.

Overall, when the magnitude of the AR(1) is .1, small, it is very difficult to tetec
the autocorrelation parameter; both large sample size and long seriesderegded.
When series length is 3 or 4, the statistical power for detecting the aetatiorr
parameter is less than .5. The same is true when sample size is 100 or below.

E. Recommendations

In considering which information criteria to use for data with autoregessive
characteristics, AIC and AICC provide the highest accuracy in seieitie correct error
covariance structure, keeping in mind that sample size, series length, antideaghi
the AR(1) autocorrelation play a role in accuracy. Accuracy decéaastically when
sample size is small, below 100 and when series length is short, 3 or 4 observations. The
development of more accurate indices for small sample and short series datarsndi
if possible, are needed. This then leads to the next question: What will happen to the

estimated fixed effects and test of significance for these esiméien the wrong error
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covariance structure is selected? This study found that there is no implaet on t
estimated fixed effects for misspecifying the error covariatreeture, which confirms
the findings of a number of previous studies (Ferron et al., 2002 and Singer and Willet,
2003). On the other hand, the effect of misspecification on type | error ratgsoigant.
Mean type | error rates differ greatly when the error covariangetste for data with
autocorrelation characteristic is misspecified as having an ID or Ublste, a common
practice. However, if the error covariance structure is misspecstiedber having a CS
or TP structure then type | error rates will be inflated, particufarlpl and p2,
corresponding to the tests of significanceffpandp,. These results should give caution
to researchers not to carelessly under-specify or over-specify the arasiacce
structure when modeling.

Given that there is no practical type | error cost for specifying ID1ARF UN
error covariance structures, what are some additional considerationsdsinghthe
optimal error covariance structure when modeling? Ideally, reseastiarkl be
making decisions about specifying the error covariance structure based ah caref
consideration of the nature of the phenomenon being examined or results from previous
studies. It is unrealistic to assume that longitudinal data will have amdboewariance
structure, which assumes no relation between residuals of pair of observations once
random effects have been modeled. When presuming an ID error covariance structure
there is a potential loss of information about the true relation between residuals of
repeated observations in the case of data with autoregressive chstiestem estimate
of thep parameter. Leaving the error variance structure as unstructuredsalés irea

loss of information, not just a potential estimatg dbut also the magnitude of the
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variation of random intercepts and slopes that can be used to calculate theRSseudo
(Singer and Willet, 2003).

However, if one is unsure of the true nature of the error covariance structure
underlying the data or unable to specifying an autoregressive errorazmeastructure
due to model constraints, it might be appropriate to use robust standard errors to avoid
bias to the standard error estimates. Several statistical packagddeaio compute
robust standard errors, including HLM, SAS PROC MIXED and Stata. Semipaamet
methods such as the partially linear model, which are primarily used in ecoicsngan
also be used to provide accurate approximations and adjusted standard errorsestimate
for models that have autoregressive errors.

It is recommended that more studies, especially when sample size is large and
series length is greater than four repeated observation, to consideefitbngtructures
with autoregressive characteristics. This will provide the field with mdédion about the
nature of the phenomenon being studied and literature to guide future research on
specifying an optimal error covariance structure to use for modeling.

F. Future Research

This study focused on data with autoregressive characteristics, sgigc#iR (1),
without missing data, with a balanced design, no level-two predictors, and normally
distributed error distributions. These are not typical conditions researcheumtanc
when working with “real” data. In order to examine the generalizabilitgeturrent
findings, further examination across different types of models and conditions deginee
For example, models with multiple predictors across multiple levels, missiagata

unbalanced design, and nonnormality of errors.
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In addition, data models with no autoregressive characteristics, or wiiffere
autoregressive characteristics (i.e., ARMA or Toeplitz), can be generateramuhed.
Finally, further studies can be conducted on the specification of error coarianc
structures not used in this study, which can have different effects on parastietates

and type | error rates.
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Appendix A

Percentage of non-convergence datasets across conditions

Conditions Autocorrelation Magnitude

N Length 0 0.1 0.3 0.5 0.7

30 3 14.9% | 15.0%| 12.6% 15.2% 12.4
30 4 0.0% | 0.0% 0.0% 0.0% 0.0%
30 6 0.0% 0.0% 0.0% 0.0% 0.09
30 8 0.0% 0.0% 0.0% 0.0% 0.09
50 3 9.5% 7.9% 8.6% 7.9% 7.19
50 4 0.0% 0.0% 0.0% 0.0% 0.09
50 6 0.0% 0.0% 0.0% 0.0% 0.09
50 8 0.0% 0.0% 0.0% 0.0% 0.09
100 3 3.7% 4.2% 2.1% 3.0% 2.39
100 4 0.0% 0.0% 0.0% 0.0% 0.09
100 6 0.0% 0.0% 0.0% 0.0% 0.09
100 8 0.0% 0.0% 0.0% 0.0% 0.09
250 3 0.3% 0.3% 0.1% 0.1% 0.29
250 4 0.0% 0.0% 0.0% 0.0% 0.09
250 6 0.0% 0.0% 0.0% 0.0% 0.09
250 8 0.0% 0.0% 0.0% 0.0% 0.09
500 3 0.0% 0.0% 0.0% 0.0% 0.09
500 4 0.0% 0.0% 0.0% 0.0% 0.09
500 6 0.0% 0.0% 0.0% 0.0% 0.09
500 8 0.0% 0.0% 0.0% 0.0% 0.09

75




Appendix B

Percentage of AR(1) models correctly identified by information caitesirying size of
autocorrelation

Autocorrelation

Information
Criteria 0.1 0.3 0.5 0.7
AlIC 37.8 65.1 71.6 73.4
AICC 37.4 65.2 72.0 73.7
BIC 14.8 49.4 62.1 66
CAIC 12.4 46.7 59.7 64

Percentage of AR(1) models correctly identified by information caiteasirying sample

size
Information Sample Size
Criteria 30 50 100 250 500
AlIC 457 52.9 61.0 71.2 78.9
AICC 46.1 52.5 61.1 715 78.9
BIC 32.7 39.6 45.2 57.7 66.2
CAIC 29.5 36.7 43.5 54.5 64.2

Percentage of AR(1) models correctly identified by information caiteairying series

length
Information Series Length
Criteria 3 4 6 8
AlIC 16.9 56.3 84.0 90.6
AICC 17.2 56.5 84.2 90.4
BIC 3.2 37.2 70.8 81.0
CAIC 2.2 31.6 68.2 79.7
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Appendix C

Identification accuracy using AICC across covariance error struitiupe= .0 by sample size and series length

Hurvich and Tsai's Information Criterion (AICC)

Conditions CS ID AR1 TP UN
% identified as % identified as % identified as % identified as % identified as

p N Length best fit best fit best fit best fit best fit

0 30 3 1.9 81.6 2.8 3.4 10.3
0 50 3 0.0 84.9 4.9 0.1 10.1
0 100 3 0.0 83.1 6.6 0.0 10.3
0 250 3 0.0 79.9 13.1 0.0 7.6
0 500 3 0.0 78.7 12.8 0.0 8.5
0 30 4 0.0 84.6 12.4 0.1 2.9
0 50 4 0.0 83.5 11.8 0.0 4.7
0 100 4 0.0 79.8 15.2 0.0 5.0
0 250 4 0.0 80.5 16.4 0.0 3.1
0 500 4 0.0 81.8 14.1 0.0 4.1
0 30 6 0.0 84.8 14.7 0.0 0.5
0 50 6 0.0 83.9 16.1 0.0 0.0
0 100 6 0.0 83.0 16.4 0.0 0.0
0 250 6 0.0 84.5 15.2 0.0 0.3
0 500 6 0.0 84.7 15.0 0.0 0.3
0 30 8 0.0 85.7 14.3 0.0 0.0
0 50 8 0.0 86.0 14.0 0.0 0.0
0 100 8 0.0 84.2 15.6 0.0 0.2
0 250 8 0.0 85.5 14.4 0.0 0.1
0 500 8 0.0 85.6 14.3 0.0 0.1

Total 0.1 83.3 13.0 0.2 3.4




8.

Identification accuracy using AICC across covariance error struititipe= .1 by sample size and series length

Hurvich and Tsai's Information Criterion (AICC)

Conditions CS ID AR1 TP UN
% identified as | % identified as | % identified as | % identified as | % identified as

p N Length best fit best fit best fit best fit best fit
0.1 30 3 0.6 83.4 2.1 3.8 10.1
0.1 50 3 0.0 85.8 4.0 0.4 9.8
0.1 100 3 0.0 79.2 9.4 0.0 11.4
0.1 250 3 0.0 75.2 14.6 0.0 10.2
0.1 500 3 0.0 72.1 17.8 0.0 10.1
0.1 30 4 0.0 82.3 13.1 0.0 4.6
0.1 50 4 0.0 78.4 17.0 0.0 4.6
0.1 100 4 0.0 75.3 19.3 0.0 5.4
0.1 250 4 0.0 64.5 29.2 0.0 6.3
0.1 500 4 0.0 50.5 43.9 0.0 5.6
0.1 30 6 0.0 76.1 23.4 0.0 0.5
0.1 50 6 0.0 69.5 30.1 0.0 0.4
0.1 100 6 0.0 57.5 41.9 0.0 0.6
0.1 250 6 0.0 28.6 70.5 0.0 0.9
0.1 500 6 0.0 8.4 91.1 0.0 0.5
0.1 30 8 0.0 65.9 34.1 0.0 0.0
0.1 50 8 0.0 63.8 36.1 0.0 0.1
0.1 100 8 0.0 35.7 64.0 0.0 0.0
0.1 250 8 0.0 13.7 86.3 0.0 0.0
0.1 500 8 0.0 0.3 99.7 0.0 0.0

Total <0.1 58.3 37.4 0.2 4.1




6.

Identification accuracy using AICC across covariance error struitiupe= .3 vary sample size and series length

Hurvich and Tsai's Information Criterion (AICC)

Conditions CS ID AR1 TP UN
% identified as | % identified as | % identified as | % identified as | % identified as

p N Length best fit best fit best fit best fit best fit
0.3 30 3 0.3 82.6 1.2 4.8 11.1
0.3 50 3 0.0 80.8 4.1 0.8 14.3
0.3 100 3 0.0 73.2 13.2 0.0 13.6
0.3 250 3 0.0 65.8 25.1 0.0 9.1
0.3 500 3 0.0 53.4 35.8 0.0 10.8
0.3 30 4 0.0 67.8 26.2 0.3 5.7
0.3 50 4 0.0 41.6 51.6 0.0 6.8
0.3 100 4 0.0 47.6 47.2 0.0 5.2
0.3 250 4 0.0 18.5 73.8 0.0 7.7
0.3 500 4 0.0 2.0 89.4 0.0 8.6
0.3 30 6 0.0 30.8 69.0 0.0 0.2
0.3 50 6 0.0 14.9 84.0 0.0 1.1
0.3 100 6 0.0 2.4 97.1 0.0 0.5
0.3 250 6 0.0 0.1 98.9 0.0 1.0
0.3 500 6 0.0 0.0 98.7 0.0 1.3
0.3 30 8 0.0 9.8 90.2 0.0 0.0
0.3 50 8 0.0 1.8 98.1 0.0 0.1
0.3 100 8 0.0 0.1 99.9 0.0 0.0
0.3 250 8 0.0 0.0 100.0 0.0 0.0
0.3 500 8 0.0 0.1 99.9 0.0 0.0

Total <0.1 29.7 65.2 0.295 4.9




08

Identification accuracy using AICC across covariance error struitiupe= .5 by sample size and series length

Hurvich and Tsai's Information Criterion (AICC)

Conditions CS ID AR1 TP UN
% identified as | % identified as | % identified as | % identified as | % identified as
p N Length best fit best fit best fit best fit best fit
0.5 30 3 0.0 83.6 5.2 5.2 10.8
0.5 50 3 0.0 80.5 4.5 0.3 14.7
0.5 100 3 0.0 68.8 16.2 0.0 15.0
0.5 250 3 0.0 53.0 33.0 0.0 14.0
0.5 500 3 0.0 33.2 50.9 0.0 15.9
0.5 30 4 0.0 55.7 38.2 0.1 6.0
0.5 50 4 0.0 41.6 51.8 0.0 6.6
0.5 100 4 0.0 20.6 72.3 0.0 7.1
0.5 250 4 0.0 2.0 91.3 0.0 6.7
0.5 500 4 0.0 0.0 92.8 0.0 7.2
0.5 30 6 0.0 9.3 90.4 0.0 0.3
0.5 50 6 0.0 1.5 97.7 0.0 0.8
0.5 100 6 0.0 0.0 99.3 0.0 0.7
0.5 250 6 0.0 0.0 99.0 0.0 1.0
0.5 500 6 0.0 0.0 98.7 0.0 1.3
0.5 30 8 0.0 0.3 99.7 0.0 0.3
0.5 50 8 0.0 0.0 100.0 0.0 0.0
0.5 100 8 0.0 0.0 99.9 0.0 0.1
0.5 250 8 0.0 0.0 99.9 0.0 0.1
0.5 500 8 0.0 0.0 99.9 0.0 0.1
Total 0.0 22.5 72.0 0.3 54
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Identification accuracy using AICC across covariance error strultiupe= .7 by sample size and series length

Hurvich and Tsai's Information Criterion (AICC)

Conditions CSs ID AR1 P UN
% identified as | % identified as | % identified as | % identified as | % identified as
p N Length best fit best fit best fit best fit best fit
0.7 30 3 0.0 82.0 0.6 3.2 14.2
0.7 50 3 0.0 78.6 3.1 0.2 18.1
0.7 100 3 0.0 66.7 15.7 0.0 17.6
0.7 250 3 0.0 49.3 32.6 0.0 18.1
0.7 500 3 0.0 27.3 54.1 0.0 18.6
0.7 30 4 0.0 45.5 47.9 0.0 6.6
0.7 50 4 0.0 32.7 59.9 0.0 7.4
0.7 100 4 0.0 10.1 83.1 0.0 6.8
0.7 250 4 0.0 0.3 91.0 0.0 8.7
0.7 500 4 0.0 0.1 90.9 0.0 9.0
0.7 30 6 0.0 2.4 97.1 0.0 0.5
0.7 50 6 0.0 0.3 98.7 0.0 1.0
0.7 100 6 0.0 0.0 99.8 0.0 0.2
0.7 250 6 0.0 0.0 99.4 0.0 0.6
0.7 500 6 0.0 0.0 99.6 0.0 0.4
0.7 30 8 0.0 0.0 99.9 0.0 0.1
0.7 50 8 0.0 0.0 100.0 0.0 0.0
0.7 100 8 0.0 0.0 100.0 0.0 0.0
0.7 250 8 0.0 0.0 100.0 0.0 0.0
0.7 500 8 0.0 0.0 99.9 0.0 0.1
Total 0.0 19.8 73.7 0.2 6.4
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Identification accuracy using BIC across covariance error struitiupe= .0 by sample size and series length

BIC (Schwarz's Bayesian Criterion)

Conditions CS ID AR1 TP UN
% identified as % identified as % identified as | % identified as | % identified as
p N Length best fit best fit best fit best fit best fit
0 30 3 8.2 82.1 0.4 8.3 1.0
0 50 3 0.6 97.7 0.2 1.2 0.3
0 100 3 0.0 99.2 0.6 0.0 0.2
0 250 3 0.0 99.1 0.6 0.0 0.3
0 500 3 0.0 99.4 0.6 0.0 0.0
0 30 4 0.1 98.3 1.5 0.1 0.0
0 50 4 0.0 98.8 1.2 0.0 0.0
0 100 4 0.0 98.4 1.6 0.0 0.0
0 250 4 0.0 98.5 1.5 0.0 0.0
0 500 4 0.0 99.5 0.5 0.0 0.0
0 30 6 0.0 98.3 1.7 0.0 0.0
0 50 6 0.0 98.5 1.5 0.0 0.0
0 100 6 0.0 98.7 1.3 0.0 0.0
0 250 6 0.0 99.6 0.4 0.0 0.0
0 500 6 0.0 99.4 0.6 0.0 0.0
0 30 8 0.0 98.9 1.1 0.0 0.0
0 50 8 0.0 98.5 1.5 0.0 0.0
0 100 8 0.0 98.8 1.2 0.0 0.0
0 250 8 0.0 99.0 1.0 0.0 0.0
0 500 8 0.0 99.8 0.2 0.0 0.0
Total 0.4 98.0 1.0 0.5 0.1
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Identification accuracy using BIC across covariance error struititipe= .1 by sample size and series length

BIC (Schwarz's Bayesian Criterion)

Conditions CS ID AR1 TP UN
% identified as % identified as % identified as % identified as % identified as

p N Length best fit best fit best fit best fit best fit

0.1 30 3 4.4 84.8 0.7 8.8 1.3
0.1 50 3 0.7 96.0 0.1 2.7 0.5
0.1 100 3 0.0 98.9 0.4 0.3 0.4
0.1 250 3 0.0 99.4 0.5 0.0 0.1
0.1 500 3 0.0 99.0 1.0 0.0 0.0
0.1 30 4 0.0 98.2 1.8 0.0 0.0
0.1 50 4 0.0 98.3 1.7 0.0 0.0
0.1 100 4 0.0 96.5 35 0.0 0.0
0.1 250 4 0.0 95.6 4.4 0.0 0.0
0.1 500 4 0.0 92.7 7.3 0.0 0.0
0.1 30 6 0.0 94.4 5.6 0.0 0.0
0.1 50 6 0.0 93.3 6.7 0.0 0.0
0.1 100 6 0.0 89.7 10.3 0.0 0.0
0.1 250 6 0.0 77.8 22.2 0.0 0.0
0.1 500 6 0.0 51.1 48.9 0.0 0.0
0.1 30 8 0.0 90.0 10.0 0.0 0.0
0.1 50 8 0.0 88.1 11.9 0.0 0.0
0.1 100 8 0.0 79.5 20.5 0.0 0.0
0.1 250 8 0.0 48.7 51.3 0.0 0.0
0.1 500 8 0.0 13.0 87.0 0.0 0.0

Total 0.3 84.3 14.8 0.6 0.1
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Identification accuracy using BIC across covariance error strultiupe= .3 vary sample size and series length

BIC (Schwarz's Bayesian Criterion)

Conditions CS ID AR1 TP UN
% identified as % identified as % identified as % identified as % identified as

p N Length best fit best fit best fit best fit best fit

0.3 30 3 1.2 84.4 0.2 12.9 1.3
0.3 50 3 0.1 96.1 0.2 2.5 1.1
0.3 100 3 0.0 99.1 0.4 0.0 0.5
0.3 250 3 0.0 98.0 2.0 0.0 0.0
0.3 500 3 0.0 93.8 6.0 0.0 0.2
0.3 30 4 0.1 93.9 54 0.6 0.0
0.3 50 4 0.0 74.8 25.2 0.0 0.0
0.3 100 4 0.0 83.1 16.9 0.0 0.0
0.3 250 4 0.0 60.9 39.1 0.0 0.0
0.3 500 4 0.0 25.6 74.4 0.0 0.0
0.3 30 6 0.0 61.8 38.2 0.0 0.0
0.3 50 6 0.0 44.4 55.6 0.0 0.0
0.3 100 6 0.0 19.5 80.5 0.0 0.0
0.3 250 6 0.0 0.3 99.7 0.0 0.0
0.3 500 6 0.0 0.0 100.0 0.0 0.0
0.3 30 8 0.0 31.9 68.1 0.0 0.0
0.3 50 8 0.0 12.9 87.1 0.0 0.0
0.3 100 8 0.0 0.5 88.5 0.0 0.0
0.3 250 8 0.0 0.0 100.0 0.0 0.0
0.3 500 8 0.0 0.0 100.0 0.0 0.0

Total 0.1 49.1 49.4 0.8 0.2
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Identification accuracy using BIC across covariance error struititipe= .5 by sample size and series length

BIC (Schwarz's Bayesian Criterion)

Conditions CS ID AR1 TP UN
% identified as % identified as % identified as | % identified as | % identified as

p N Length best fit best fit best fit best fit best fit

05 30 3 0.0 88.8 0.4 9.6 1.2
05 50 3 0.0 95.5 0.0 3.1 1.4
0.5 100 3 0.0 98.6 0.5 0.2 0.7
0.5 250 3 0.0 92.8 6.7 0.0 0.5
0.5 500 3 0.0 82.9 16.5 0.0 0.6
05 30 4 0.0 84.3 15.3 0.3 0.1
05 50 4 0.0 77.7 22.3 0.0 0.0
0.5 100 4 0.0 56.9 43.1 0.0 0.0
0.5 250 4 0.0 19.2 80.8 0.0 0.0
0.5 500 4 0.0 1.5 98.5 0.0 0.0
05 30 6 0.0 27.5 72.5 0.0 0.0
05 50 6 0.0 10.9 89.1 0.0 0.0
0.5 100 6 0.0 0.1 99.9 0.0 0.0
0.5 250 6 0.0 0.0 100.0 0.0 0.0
0.5 500 6 0.0 0.0 100.0 0.0 0.0
05 30 8 0.0 3.2 96.8 0.0 0.0
05 50 8 0.0 0.1 99.9 0.0 0.0
0.5 100 8 0.0 0.0 100.0 0.0 0.0
0.5 250 8 0.0 0.0 100.0 0.0 0.0
0.5 500 8 0.0 0.0 100.0 0.0 0.0

Total 0.0 37.0 62.1 0.7 0.2
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Identification accuracy using BIC across covariance error strultiupe= .7 by sample size and series length

BIC (Schwarz's Bayesian Criterion)

Conditions CSs ID AR1 TP UN
% identified as % identified as % identified as % identified as % identified as

p N Length best fit best fit best fit best fit best fit

0.7 30 3 0.0 88.7 0.6 8.9 1.8
0.7 50 3 0.0 97.2 1.8 1.8 0.9
0.7 100 3 0.0 98.8 0.0 0.0 1.2
0.7 250 3 0.0 91.6 7.1 0.0 1.3
0.7 500 3 0.0 79.5 19.8 0.0 0.7
0.7 30 4 0.0 79.6 20.0 0.3 0.1
0.7 50 4 0.0 66.6 33.4 0.0 0.0
0.7 100 4 0.0 41.6 58.4 0.0 0.0
0.7 250 4 0.0 6.5 93.5 0.0 0.0
0.7 500 4 0.0 0.5 99.5 0.0 0.0
0.7 30 6 0.0 11.1 88.9 0.0 0.0
0.7 50 6 0.0 1.9 98.1 0.0 0.0
0.7 100 6 0.0 0.0 100.0 0.0 0.0
0.7 250 6 0.0 0.0 100.0 0.0 0.0
0.7 500 6 0.0 0.0 100.0 0.0 0.0
0.7 30 8 0.0 0.2 99.8 0.0 0.0
0.7 50 8 0.0 0.0 100.0 0.0 0.0
0.7 100 8 0.0 0.0 100.0 0.0 0.0
0.7 250 8 0.0 0.0 100.0 0.0 0.0
0.7 500 8 0.0 0.0 100.0 0.0 0.0

Total 0.0 33.2 66.0 0.6 0.3
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Identification accuracy using CAIC across covariance error struitiupe= .0 by sample size and series length

CAIC (Bozdogan's Criterion)

Conditions CS ID AR1 TP UN
% identified as % identified as % identified as | % identified as | % identified as
p N Length best fit best fit best fit best fit best fit
0 30 3 13.7 76.5 0.2 9.3 0.3
0 50 3 1.3 96.7 0.1 1.8 0.1
0 100 3 0.0 99.6 0.2 0.0 0.2
0 250 3 0.0 99.8 0.2 0.0 0.0
0 500 3 0.0 99.7 0.3 0.0 0.0
0 30 4 0.2 98.5 1.2 0.1 0.0
0 50 4 0.0 99.5 0.5 0.0 0.0
0 100 4 0.0 99.1 0.9 0.0 0.0
0 250 4 0.0 99.2 0.8 0.0 0.0
0 500 4 0.0 99.8 0.2 0.0 0.0
0 30 6 0.0 99.4 0.6 0.0 0.0
0 50 6 0.0 99.0 1.0 0.0 0.0
0 100 6 0.0 99.4 0.6 0.0 0.0
0 250 6 0.0 99.8 0.2 0.0 0.0
0 500 6 0.0 99.7 0.3 0.0 0.0
0 30 8 0.0 99.2 0.8 0.0 0.0
0 50 8 0.0 99.4 0.6 0.0 0.0
0 100 8 0.0 99.4 0.6 0.0 0.0
0 250 8 0.0 99.6 0.4 0.0 0.0
0 500 8 0.0 99.9 0.1 0.0 0.0
Total 0.8 93.6 0.5 0.6 0.0
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Identification accuracy using CAIC across covariance error struitiupe= .1 by sample size and series length

CAIC (Bozdogan's Criterion)

Conditions CS ID AR1 TP UN
% identified as % identified as % identified as % identified as % identified as

p N Length best fit best fit best fit best fit best fit

0.1 30 3 8.1 80.6 0.5 10.3 0.5
0.1 50 3 0.7 96.0 0.1 2.7 0.5
0.1 100 3 0.0 99.4 0.3 0.3 0.0
0.1 250 3 0.0 99.8 0.1 0.0 0.1
0.1 500 3 0.0 99.5 0.5 0.0 0.0
0.1 30 4 0.0 99.3 0.7 0.0 0.0
0.1 50 4 0.0 98.9 1.1 0.0 0.0
0.1 100 4 0.0 98.2 1.8 0.0 0.0
0.1 250 4 0.0 96.9 3.1 0.0 0.0
0.1 500 4 0.0 95.2 4.8 0.0 0.0
0.1 30 6 0.0 96.6 3.4 0.0 0.0
0.1 50 6 0.0 95.5 4.5 0.0 0.0
0.1 100 6 0.0 92.5 7.5 0.0 0.0
0.1 250 6 0.0 82.5 17.5 0.0 0.0
0.1 500 6 0.0 56.4 43.6 0.0 0.0
0.1 30 8 0.0 93.1 6.9 0.0 0.0
0.1 50 8 0.0 91.6 8.4 0.0 0.0
0.1 100 8 0.0 84.4 15.6 0.0 0.0
0.1 250 8 0.0 56.2 43.8 0.0 0.0
0.1 500 8 0.0 17.1 82.9 0.0 0.0

Total 0.4 86.5 12.4 0.7 0.1
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Identification accuracy using CAIC across covariance error struitiupe= .3 vary sample size and series length

CAIC (Bozdogan's Criterion)

Conditions CSs ID AR1 TP UN
% identified as | % identified as | % identified as | % identified as | % identified as

p N Length best fit best fit best fit best fit best fit

03 30 3 2.2 80.5 0.2 16.7 0.4
0.3 50 3 0.1 95.8 0.2 3.3 0.6
0.3 100 3 0.0 99.4 0.3 0.1 0.2
0.3 250 3 0.0 98.8 1.2 0.0 0.0
0.3 500 3 0.0 96.0 3.9 0.0 0.1
0.3 30 4 0.1 96.8 2.4 0.7 0.0
0.3 50 4 0.0 82.4 17.6 0.0 0.0
0.3 100 4 0.0 88.8 11.2 0.0 0.0
0.3 250 4 0.0 67.7 32.3 0.0 0.0
0.3 500 4 0.0 32.2 67.8 0.0 0.0
03 30 6 0.0 69.0 31.0 0.0 0.0
0.3 50 6 0.0 50.6 49.4 0.0 0.0
0.3 100 6 0.0 25.5 74.5 0.0 0.0
0.3 250 6 0.0 0.5 99.5 0.0 0.0
0.3 500 6 0.0 0.0 100.0 0.0 0.0
0.3 30 8 0.0 39.7 60.3 0.0 0.0
0.3 50 8 0.0 17.3 82.7 0.0 0.0
0.3 100 8 0.0 0.7 99.3 0.0 0.0
0.3 250 8 0.0 0.0 100.0 0.0 0.0
0.3 500 8 0.0 0.0 100.0 0.0 0.0

Total 0.1 52.1 46.7 1.0 0.1
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Identification accuracy using CAIC across covariance error struitiupe= .5 by sample size and series length

CAIC (Bozdogan's Criterion)

Conditions CS ID AR1 TP UN
% identified as % identified as % identified as % identified as % identified as

p N Length best fit best fit best fit best fit best fit

0.5 30 3 0.4 87.2 0.4 11.6 0.4
0.5 50 3 0.0 94.9 0.0 4.7 0.4
0.5 100 3 0.0 98.6 0.1 0.4 0.3
0.5 250 3 0.0 96.1 3.7 0.0 0.2
0.5 500 3 0.0 87.7 12.0 0.0 0.3
0.5 30 4 0.0 91.3 8.3 0.4 0.0
0.5 50 4 0.0 84.4 15.6 0.0 0.0
0.5 100 4 0.0 64.0 36.0 0.0 0.0
0.5 250 4 0.0 25.7 74.3 0.0 0.0
0.5 500 4 0.0 2.3 97.7 0.0 0.0
0.5 30 6 0.0 35.1 64.9 0.0 0.0
0.5 50 6 0.0 14.6 85.4 0.0 0.0
0.5 100 6 0.0 0.1 99.9 0.0 0.0
0.5 250 6 0.0 0.0 100.0 0.0 0.0
0.5 500 6 0.0 0.0 100.0 0.0 0.0
0.5 30 8 0.0 4.6 95.4 0.0 0.0
0.5 50 8 0.0 0.1 99.9 0.0 0.0
0.5 100 8 0.0 0.0 100.0 0.0 0.0
0.5 250 8 0.0 0.0 100.0 0.0 0.0
0.5 500 8 0.0 0.0 100.0 0.0 0.0

Total <0.1 39.3 59.7 0.9 0.1




T6

Identification accuracy using CAIC across covariance error struititipe= .7 by sample size and series length

CAIC (Bozdogan's Criterion)

Conditions CS ID AR1 TP UN
% identified as % identified as % identified as % identified as % identified as

p N Length best fit best fit best fit best fit best fit

0.7 30 3 0.0 87.1 0.6 11.9 0.4
0.7 50 3 0.0 96.8 0.1 2.8 0.3
0.7 100 3 0.0 99.2 0.0 0.2 0.6
0.7 250 3 0.0 94.5 4.8 0.0 0.7
0.7 500 3 0.0 84.8 14.9 0.0 0.3
0.7 30 4 0.0 87.5 11.7 0.8 0.0
0.7 50 4 0.0 74.9 25.1 0.0 0.0
0.7 100 4 0.0 50.7 49.3 0.0 0.0
0.7 250 4 0.0 8.6 91.4 0.0 0.0
0.7 500 4 0.0 0.5 99.5 0.0 0.0
0.7 30 6 0.0 14.4 85.6 0.0 0.0
0.7 50 6 0.0 2.7 97.3 0.0 0.0
0.7 100 6 0.0 0.0 100.0 0.0 0.0
0.7 250 6 0.0 0.0 100.0 0.0 0.0
0.7 500 6 0.0 0.0 100.0 0.0 0.0
0.7 30 8 0.0 0.4 99.6 0.0 0.0
0.7 50 8 0.0 0.0 100.0 0.0 0.0
0.7 100 8 0.0 0.0 100.0 0.0 0.0
0.7 250 8 0.0 0.0 100.0 0.0 0.0
0.7 500 8 0.0 0.0 100.0 0.0 0.0

Total 0.0 18.8 64.0 0.8 0.1




Appendix D

Statistical power of detecting the AR(1) autocorrelation parametsizbyf the AR(1)
autocorrelation

Size of Autocorrelation
0 0.1 0.3 0.5 0.7
Statistical Power 0.07 0.28 0.62 0.74 0.79

Statistical power of detecting the AR(1) autocorrelation parametsaryple size

Sample Size
30 50 100 250 500
Statistical Power 0.40 0.44 0.47 0.55 0.64

Statistical power of detecting the AR(1) autocorrelation parametesriesdength

Series Length
3 4 6 8
Statistical Power 0.29 0.4 0.61 0.7
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Appendix E

Statistical power of detecting the AR(1) autocorrelation parametsizbyf the AR(1)
autocorrelation and sample size

Size of Autocorrelation

Sample Size 0 0.1 0.3 0.5 0.7
30 0.11 0.15 0.43 0.60 0.69
50 0.09 0.16 0.57 0.67 0.73
100 0.08 0.21 0.60 0.71 0.76
250 0.05 0.36 0.69 0.82 0.85
500 0.05 0.53 0.81 0.89 0.91

Statistical power of detecting the AR(1) autocorrelation by sample sizsegies length

Sample Size
Series Length 30 50 100 250 500
0.32 0.31 0.26 0.24 0.33
0.27 0.29 0.31 0.51 0.64
0.40 0.54 0.63 0.70 0.77
0.59 0.64 0.70 0.76 0.81

0o~ W

Statistical power of detecting the AR(1) autocorrelation by seriethiemgl size of the
AR(1) autocorrelation

Size of AR(1) Series Length
Autocorrelation 3 4 6 8
0 0.11 0.08 0.05 0.05
0.1 0.17 0.14 0.32 0.50
0.3 0.29 0.47 0.78 0.94
0.5 0.41 0.63 0.92 1.00
0.7 0.50 0.70 0.96 1.00
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Appendix F

***Marco to generate dataset***.

*»**QMS used to gather parameter estimates and significance test***,

***Model: y=b0 + b1+ el, where bl is a bivariate variable***,

***hetas and errors are normal with mean = 0 and SD = 1***

***Data generated is transposed variables to cases***.

***Mixed models with covariance structures: CS, ID, TP, UN, AR1***,

***This example is used to simulate 100 samples where AR(1) = .3 and n = 100***,

OMS
/SELECT TABLES
/IF COMMANDS = ["Mixed"]

SUBTYPES = ["Model Dimension" "Parameter Estimates" "Information Criteria" ]
/DESTINATION FORMAT = SAV OUTFILE = "C:\Documents and Settings\jjung\My
Documents\Dissertation\mixedoutput.sav"”

/COLUMNS SEQUENCE = [RALL CALL LALL].

DEFINE Linearmixed_bootstrap (samples=ITOKENS (1))
IDo !Other=11To !samples

Set seed random.

input program.

loop #i=1 to 100.

compute bO=rv.normal(1,1).
compute bl=rv.normal(1,1).
compute el=rv.normal(0,1).

compute e2=rv.normal(0,1).
compute e3=rv.normal(0,1).
compute e4=rv.normal(0,1).
Compute x1=rv.normal(0,1).
COMPUTE x2 = RV.UNIFORM(0,1) .
COMPUTE group =0.

IF (x2 >.50) group =1.

IF (group=0) b1 = bl + 1.

IF (group=0) b0 = b0 + 1.

compute r2=.3*el + .954*e2.
compute r3=.09*el + .286*e2 + .954*e3.
compute r4=.027*el + .086*e2 + .286*e3 + .954*e4.
compute y1 = b0 + b1*(0)+el.
compute y2 = b0 + b1*(1)+r2.
compute y3 = b0 + b1*(2)+r3.
compute y4 = b0 + b1*(3)+r4.

end case.

end loop.

end file.

end input program.

VARSTOCASES /ID =id

IMAKE transl FROM y1 y2 y3 y4
/KEEP = group

/INDEX = Index1(4)

/INULL = KEEP.

COMPUTE wave = index1 .
EXECUTE .
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COMPUTE score = transl .
EXECUTE .
RECODE
wave
(1=0) (2=1) (3=2) (4=3) INTO time.
EXECUTE.

MIXED

score by group with time

/CRITERIA = CIN(95) MXITER(10000) MXSTEP(5) SCORING(1) SINGULAR(0.000000000001)
HCONVERGE(0, ABSOLUTE) LCONVERGE(0, ABSOLUTE)

PCONVERGE(0.000001, ABSOLUTE)

/FIXED = group time group*time | SSTYPE(3)

/METHOD = REML

/PRINT = CORB COVB G LMATRIX R SOLUTION TESTCOV

/IREPEATED = wave | SUBJECT(id) COVTYPE(CS) .

MIXED
score by group with time

/CRITERIA = CIN(95) MXITER(10000) MXSTEP(5) SCORING(1) SINGULAR(0.000000000001)
HCONVERGE(0, ABSOLUTE) LCONVERGE(0, ABSOLUTE)

PCONVERGE(0.000001, ABSOLUTE)

/FIXED = group time group*time | SSTYPE(3)

/RANDOM INTERCEPT time | SUBJECT(id) COVTYPE(UN)

/METHOD = REML

/PRINT = CORB COVB G LMATRIX R SOLUTION TESTCOV .

MIXED

score by group with time

/CRITERIA = CIN(95) MXITER(10000) MXSTEP(5) SCORING(1) SINGULAR(0.000000000001)
HCONVERGE(0, ABSOLUTE) LCONVERGE(0, ABSOLUTE)

PCONVERGE(0.000001, ABSOLUTE)

/FIXED = group time group*time | SSTYPE(3)

/RANDOM INTERCEPT time | SUBJECT(id) COVTYPE(UN)

/METHOD = REML

/PRINT = CORB COVB G LMATRIX R SOLUTION TESTCOV

/IREPEATED = wave | SUBJECT(id) COVTYPE(arl) .

MIXED

score by group with time

/CRITERIA = CIN(95) MXITER(10000) MXSTEP(5) SCORING(1) SINGULAR(0.000000000001)
HCONVERGE(0, ABSOLUTE) LCONVERGE(0, ABSOLUTE)

PCONVERGE(0.000001, ABSOLUTE)

/FIXED = group time group*time | SSTYPE(3)

/METHOD = REML

/PRINT = CORB COVB G LMATRIX R SOLUTION TESTCOV

/IREPEATED = wave | SUBJECT(id) COVTYPE(TP) .

MIXED

score by group with time

/CRITERIA = CIN(95) MXITER(10000) MXSTEP(5) SCORING(1) SINGULAR(0.000000000001)
HCONVERGE(0, ABSOLUTE) LCONVERGE(0, ABSOLUTE)

PCONVERGE(0.000001, ABSOLUTE)

/FIXED = group time group*time | SSTYPE(3)

/METHOD = REML
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JPRINT = CORB COVB G LMATRIX R SOLUTION TESTCOV
/REPEATED = wave | SUBJECT(id) COVTYPE(UN) .

IDOEND
IENDDEFINE.

Linearmixed_bootstrap

samples=100.
omsend.
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