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ABSTRACT

The Relation between Uncertainty in Latent Class Membership and Outcomes in a Latent Class
Signal Detection Model

Zhifen Cheng

Latent class variables are often used to predict outcomes. The conventional practice is to
first assign observations to one of the latent classes based on the maximum posterior
probabilities. The assigned class membership is then treated as an observed variable and used in
predicting the outcomes. This widely used classify-analyze strategy ignores the uncertainty of
being in a certain latent class for the observations. Once an observation is classified to the latent
class with the highest posterior probability, its probability of being in the assigned class is treated
as being one. In addition, once observations are classified to the latent class with the highest
posterior probability, their representativeness of the class becomes the same because they will all
have a probability of one of being in the assigned class. Finally, standard errors are
underestimated because the residual uncertainty about the latent class membership is ignored.

This dissertation used simulation studies and an analysis of a real-world data set to
compare five commonly adopted approaches (most likely class regression, probability regression,
probability-weighted regression, pseudo-class regression, and the simultaneous approach) for
measuring the association between a latent class variable and outcome variables to see which one
can better account for the uncertainty in latent class membership in such a situation. The model
considered in the study was a latent class extension of the signal detection model (LC-SDT) by

DeCarlo, which has proved to be able to address certain measurement issues in the educational



field, more specifically, rater issues involved in essay grading such as rater effects and rater
reliability. An LC-SDT model has the potential for wide applications in education as well as
other areas. Therefore it is important to explore the issue of accounting for uncertainty in latent
class membership within this framework. Three ordinal outcome variables having a negative,
weak, and strong association with the latent class variable were considered in the simulations.
Results of the simulations showed that the simultaneous approach performed best in
obtaining unbiased parameter estimates. It also yielded larger standard errors than the other
approaches which have been found by previous research to underestimate standard errors. Even
though the simultaneous approach has its advantages, including outcome variables in a latent
class model can affect parameters of the response variables. Therefore, cautions need to be taken
when using this approach. The analysis results of the real-world data set confirmed the trends

observed in the simulation studies.



TABLE OF CONTENT

Section Page
Chapter | INTRODUCTION. ..ottt sttt ettt srae st sea e e sseesseeseesneenseenes 1
Chapter Il LITERATURE REVIEW.......cooiiiice ettt s 5
2.1 BACKGIOUNG. ...ttt ettt et sb ettt sb e eb e 6
2.2 The Conventional Practice and Some Limitations...........cccecvvuerieenenieeiiiene e e 14

2.3 A Related Problem in IRT MoOGeIS. ..ottt e ee e e eeetete e e e aeananannn 1O

2.4 Previous Research to Account for UNCErtainty..........ccooeererieiinie v 18
2.5 Limitations Of Previous RESEAICH..........ccoiiiiiiiicii e 23
Chapter HHTIMETHODS........ooe ettt et st e s e s e e e e ens sreenaeenes 24
3.1 SIMUIBLION STUDIES. ...t ere e 24
RESEAICH QUESTIONS. ... eciiiiiiectie ettt ettt et esa e erbeebe e s ne e sbaesreeessraesrees 25

Data SImulation MOGEIS. ... s 26

Study One: FUlly-CrosSed DESIN.........ccviiiiieeieiieiieeieese e st seese e erae e see e e enae e 26

Study TWO: BIB DESIGN......ccvviiiiieciectie ittt sttt sttt sraesra e e e n e 30

Study Three: An Approximation to the Real Data.............cccocceviveviecieiieviie e 32

Data ANalysis MOGEIS............cooviiiiie et et 32
Assessing Estimation Quality and POWEN ............cceieeieiiiii e e 36

3.2 Real Data EXAMPIE........coeiiecieiie ettt ettt et 38
Chapter IV RESULTS ...ttt sttt et et st e et bt sbe e eneas 38
4.1 Simulation Study One: Fully-Crossed DeSIgN...........cccciveueiieiiecieiie e st 39
4.1.1 Condition One: Mixed Rater Detection (d =2,3and 4).......ccccoevievevieiiecie e 39
4.1.2 Condition Two: Moderate Rater Detection (d = 2)......ccccccvviieciieiiiiiiie e 50



4.1.3 Condition Three: Excellent Rater Detection (d = 4)......cccccovveieiieiieiiieie e 54

Summary of the FUlly-Crossed DESIGN. .........coiiiiiiiieeiine et 57
4.2 Simulation Study TWO: BIB DESIGN.......cccueiiieieiiieiiie ettt 58
4.2.1 Condition One: Mixed Rater Detection (d = 1-5)......ccccuririiiiiieiie e 59
4.2.2 Condition Two: Moderate Rater Detection (d = 2)......ccccoeevereiieniniieeeesece e 61
4.2.3 Condition Three: Excellent Rater Detection (d = 4).......cccccevvieiinieinneeeree e, 63
SUMMAary Of the BIB DESIGN.......ccuiiiieiiiie ittt 64
4.3 Simulation Study Three: An Approximation to the Real Data...........c.ccccecvvvvervivcrennnnne 66
4.4 The SIMUANEOUS APPIOACK........cc.iiieiieitiie sttt 68
4.5 ANAlYSIS 0T REAI DALA........cviieiieieiie i 68
Chapter V DISCUSSION.......oiiii ittt bttt sttt sr et sr et e 72
SUMMArY NG DISCUSSION. .....vveveieeieetiesteestes e e ereess e stes st ese e e esaeaseeste e e eseeseeeseeaseessesseesneenns 72
Limitations and FULUre RESEAICH...........cooiiiiii s 80
CONCIUSTON. ...ttt e ee et b et eh e r et er e en e 82
REFERENCQCES. ... oo et sr e r e enre e e nn e e nnee s 84
APPENDICES. ...t e 90
A o 01 00 G SRS 90

95% Confidence Intervals for the Parameter Estimates of the Strong Outcome Effect (a = 4) for
the Most Likely Class Regression (Fully-crossed; 3 raters; d = 2, 3 & 4; N = 225)

APPENAIX Bttt ettt e et e a e e e e beenaeara e e e a e enre e 91
Simulation Results for the Fully-Crossed Design with Moderate Rater Detection (d = 2)

N o 1= 0 LD OSSOSO UORRPPPRI 98

Simulation Results for the Fully-Crossed Design with Excellent Rater Detection (d = 4)



APPENTIX D .ttt bt e bbbt ene e ereas 105
Simulation Results for the BIB Design with Mixed Rater Detection (d = 1-5)

APPENTIX Bttt bttt e et bbb en e 112
Simulation Results for the BIB Design with Excellent Rater Detection (d = 2)

AAPPENTIX Fo et ettt bttt ee e bbb bbb e e 119
Simulation Results for the BIB Design with Excellent Rater Detection (d = 4)

APPENTIX Gttt et e bbbkt s e R bR bbbt ne e ens 126
Classification Accuracy Results

APPENTIX H.o.ei ettt ettt et bbbt b b e 127
Results for Simulation Study Three

Y 0] 1= 0 |G SRR 138

Comparisons of Rater Parameters in the LCA Models with and without the Outcome Variables



LIST OF TABLES

itle Page
LI Lo (=T TR 28

Detection and Response Criteria Parameters for Simulating Three Response (Rater) Variables

for the Fully-Crossed Design with Mixed Rater Detection

Detection and Response Criteria Parameters for Simulating Ten Response (Rater) Variables for
the BIB Design with Mixed Rater Detection

TADIE 4.1 LA e h bbb bbbt b ettt nr e 41
Mean Parameter Estimates, Percentage Bias and MSEs for the Five Approaches for the Fully-
Crossed Design with Mixed Rater Detection and Small Sample Size (N = 225)

TADIE 4.1 1B ..ottt E et e et 43
Mean Parameter Estimates, Percentage Bias and MSE for the Fully-Crossed Design with
Mixed Rater Detection and Large Sample Size (N = 1080)

JLIE: L] L 1 U PRUPRPPPR 45
Mean SDs, SEs and Percentage Bias for the Five Approaches for the Fully-Crossed Design
with Mixed Rater Detection and Small Sample Size (N = 225)

TADIE 4.1.ID ..ottt bR bRttt r e n e e ent 45
Mean SDs, SEs and Percentage Bias for the Five Approaches for the Fully-Crossed Design
with Mixed Rater Detection and Large Sample Size (N = 1080)

TADIE AL LE. ... et r e 47



Coverage for the Five Approaches for the Fully-Crossed Design with Mixed Rater Detection
and Small Sample Size (N = 225)

LI o Lo 0 SRS URSP 48
Coverage for the Five Approaches for the Fully-Crossed Design with Mixed Rater Detection
and Large Sample Size (N = 1080)

TADIE 411Gttt b bbbt e en e 49
Mean z Values and Power for the Five Approaches for the Fully-Crossed Design with Mixed
Rater Detection and Small Sample Size (N = 225)

LI Lo L= 0 1 OSSR OO URPORSRN 50
Mean z Values and Power for the Five Approaches for the Fully-Crossed Design with Mixed
Rater Detection and Large Sample Size (N = 1080)

TADIE 4.1 b bt E et R et ne e ee et 52
Classification Accuracy Results for Simulation Study One

TADIE 4.5, . bbb E bbbttt er e 70

Results from Real Data



LIST OF FIGURES

Title Page
Figure 1. A Basic Latent Class MOGEL............ccoiiiiiii e 7
Figure 2. Latent Class Model With COVANIALES. ...........coviiriiiiie e 7
Figure 3. Latent Class Model with Outcome Variables.............ccooviiiiiiiiiiie e 7
Figure 4. An Illustration of Signal Detection TheOIY..........ccoiiiiiiiii s 12
Figure 5. Latent Class Variable and Three Outcome Variables............c.ccooviiiiiiiniiiicicie s 25
Figure 6. Latent Class Model with Outcome Variables Included in the Model................ccccc.... 78

Vi



ACKNOWLEDGEMENTS

While it is exciting to reach a milestone in life, it is also bittersweet to look back now and
recollect all the memories during these several years at Teachers College (TC). I realize that no
matter how frustrating the process was sometimes, it is a part of my life that I will always cherish
because | have met many brilliant scholars and friends. It is from them that | have learned so
much.

| have my deepest gratitude towards Dr. Lawrence T. DeCarlo, who guided me through
the years of study at TC, especially during the dissertation process. Without his guidance and
patience, | would not have come to the point where | am. His care for students and his warm
smiles and humor made the years at TC more enjoyable. I will always remember the funny
remarks and laughs in the weekly meetings. Of the many things he has taught us, the most
important to me is to be responsible for the research that we do and always double check for
accuracy. It has inspired me beyond the classroom.

I would also like to thank Dr. Matthew S. Johnson who provided me with enlightening
suggestions and insightful comments for my dissertation. His knowledge about measurement
theories and issues has broadened my horizons. | am grateful to Dr. Anastasios Markitsis, Dr.
Aaron M. Pallas, and Dr. Melanie M. Wall for spending their precious time on my dissertation
and giving me invaluable advice that has made this dissertation a better piece of work.

Spending years on doctoral studies is a big commitment. Adding a full-time job to it is
sometimes even more stressful. | thank the Vera Institute of Justice for being supportive of my
study and my colleagues at Vera for being flexible with my work schedules, which made it easier

for me to manage both school and work.

vii



Lastly, I would like to thank my family for standing by me all along even though I can
never thank them enough by any means. There are no words that can describe my forever
gratitude for what they have done. The fact that they are always there for me has made these
years more comforting and meaningful. They are always the driving force behind my desire for
academic and professional achievements. Their unwavering encouragement and support has led
me to the destination of this journey. Without their love, the biggest asset in my life, this would

not have been possible.

viii



DEDICATION

To my parents, who always give me the best they have for me to become a better person.



Chapter |
INTRODUCTION

Consider a situation where a researcher wants to investigate if new high school students’
writing skills predict their grades in English, Science, and Mathematics in high school. The
hypothesis is that students’ grades in English and Science are positively related to their writing
skills and their grades in Mathematics are negatively related to their writing skills. The theory
behind the negative relation is that students good at language processing and writing might not
be good at Mathematics which requires a totally different set of logical thinking skills. First, the
students are asked to write an essay when they first start high school to provide a measure of
their writing skills. Let’s assume that there are six levels (from poor to excellent) of essay quality.
Each of the essays is graded by two raters using a scoring rubric from one indicating poor quality
to six indicating excellent quality. The grades in English, Science, and Mathematics are tracked.
We can assume that the grades are on a one to six scale as well. The researcher then examines
the relationship between the essay scores and the students’ grades in the three subject areas. In
this situation, a student’s essay quality is an unobserved latent ordinal variable, with the six
quality levels being the latent classes. It is assumed that the essay scores by the two raters are
indicators of the latent essay quality variable. The two raters assign a score to each essay based
on certain scoring criteria and their perceptions of the essay quality. The student’s grades in
English, Science, and Mathematics are three ordinal outcome variables. What the researcher is
interested in is the relationship between the latent class variable and the outcome variables.

The conventional practice to deal with such a situation is to first confirm (or decide) the
underlying latent classes, and assign a student essay to one of the six essay quality levels, i.e., the

six latent classes, based on the two rater scores. The assigned level of quality or latent class



membership is then treated as the student’s “true” essay quality and used in examining the
relationship between the essay quality and the grades in English, Science, and Mathematics. This
approach treats the indicators of the latent variable as if they were the true latent variable. This is
a typical example of the traditional classify-analyze strategy (Clogg, 1995). It is also called a
“three-step” approach (Bakk, Tekle, and Vermunt, 2011; Lu and Thomas, 2008; Tofighi and
Enders, 2008).

This widely used strategy has three major problems. These problems are all concerned
with uncertainty in the assigned latent class membership of essays, but from different
perspectives. First, assigning an essay to one latent class ignores its chances of being in other
latent classes rather than the assigned class. For example, if an essay is assigned a score of four
by the two raters, but the essay is ultimately classified to latent class three, then this classification
result clearly ignores the essay’s possibility to be in latent class four.

Second, once an essay is classified to a certain latent class, it is treated as exactly the
same as essays assigned to the same class in terms of quality levels. However, latent classes can
be misspecified. For example, there might actually be six latent classes, but only five classes are
specified. An essay actually falling in latent class six is classified to latent class five. This essay
is then treated exactly the same as other essays assigned to class five even though it actually is at
a higher quality level. It is treated as if there were no differences between this essay and other
essays in class five in terms of quality and they are all considered to represent class five 100%.

Third, by the classify-analyze strategy or a three-step approach, standard errors are
underestimated because the uncertainty in latent class membership is ignored (Clark and Muthén,
2009; Loken, 2004; Roeder, Lynch, and Nagin, 1999). The essay scores are given by raters.

However, raters use scoring criteria and perceptions of essay qualities for grading essays. They



may make errors, i.e., raters are not perfectly reliable. If the essay scores given by raters are
treated as the true essay quality, this ignores the possible errors in raters’ grading processes. This
also means that essays might be assigned to wrong latent classes. The measured relationship
between the latent class variable and the outcome variable might then be distorted. Because of
these problems, methods to account for the uncertainty in latent class membership are needed.

Researchers have long recognized that there are problems associated with the
conventional practice. They have conducted studies to suggest alternatives, but a lot of them
have dealt with issues associated with using covariates in latent class analysis and not with
predicting outcomes. Covariates are secondary variables that can affect the results in a study. For
example, gender and ethnicity are often used as covariates in latent class analysis to predict a
subject’s class membership. In essay grading, variables such as the number of spelling errors and
the average length of words in an essay are often used as covariates. Based on what had been
suggested by various studies, Clark and Muthén (2009) summarized a few commonly used
methods to explore the relationship between a latent class variable and covariates. We will
review these methods in detail in the literature review section. There has not, however, been a
systematic investigation of the relationship between latent class variables and outcome variables.
As pointed out by Clark and Muthén (2009), more research is needed to look at this relationship,
and that is the goal of the current study.

Therefore, the current study builds upon what other researchers have accomplished to
examine how uncertainty in latent class membership affects the measured relation between a
latent class variable and outcome variables. Three ordinal outcome variables are considered
because they are generated using a latent class model which are used for analyzing categorical

variables. The methods to generate the outcome variables will be explained in detail later. In



addition, previous studies have focused on basic latent class models. The relationship between
latent class variables and outcomes needs to be examined in extended models which are
becoming more popular nowadays due to their flexibility for modeling complex data. A latent
class model considered in this study is a latent class extension of the signal detection model (LC-
SDT), which has proved to be able to address certain measurement issues in the educational field,
more specifically, rater issues involved in essay grading (DeCarlo, 2005a, 2008; DeCarlo, Kim,
and Johnson, 2011), such as rater effects and rater reliability.

Essays are an important part of many educational assessments. For example, the Graduate
Record Examinations (GRE) is a required test for admission to many graduate schools in the
United States and the Test of English as a Foreign Language (TOEFL) is required for many
foreign students to apply for admission to a United States graduate school. One big difference
between essays and multiple choice answers is that essays have to be graded by raters instead of
machines, which raises a lot of issues such as rater training and reliability. To address such issues
related to raters, it is thus necessary to understand raters’ psychological processes when rating
essays (DeCarlo, 2005a). Most current measurement methods do not address the issue. A latent
class SDT model, however, assumes that a rater uses his or her perception of a latent event
together with a response criterion to reach a decision about whether an event is present or not
(see DeCarlo, 2002a, 2005a). It reflects the psychological processes when raters grade essays and
therefore is an appropriate model for such situations. Because it can address issues involving
essay grading, an LC-SDT model has the potential for wide applications in education as well as
other areas. Therefore it is important to explore other issues within the context of such a model,
such as accounting for uncertainty in latent class membership, since these issues have not been

rigorously investigated within this framework.



The current study examines how uncertainty in latent class membership affects
conclusions about the relation between latent classes and outcome variables. Several approaches
to correct for uncertainty are examined.

Chapter 2 briefly introduces latent class analysis, signal detection theory, and a latent
class extension of signal detection theory, and reviews previous research on measuring the
association between latent class variables and outcome variables. Item response theory (IRT), a
popular measurement theory on modeling test items and examinee ability, and related problems
in IRT models is touched upon as well. Common alternatives suggested by researchers to
account for uncertainty in latent class membership are discussed in more detail. Limitations of
previous research are also discussed. In Chapter 3, methods of the study are outlined, including
three simulation studies and the analysis of a real-world data set. In Chapter 4, results of the
simulation studies are presented and discussed as well as those of the real-world data analysis. In
Chapter 5 which is the final chapter, findings of the study are summarized. Implications of the

results and limitations of the study are also discussed.

Chapter 11
LITERATURE REVIEW
This chapter presents an overview of related literatures including measurement theories
and the models involved, previous relevant studies, and limitations of previous research. Section
2.1 presents background information on latent class analysis, signal detection theory, and a latent
class extension of signal detection theory. Section 2.2 reviews the traditional method of treating
latent classes based on indicators as known and examining the relationship between

classifications and auxiliary variables. Section 2.3 reviews related problems in IRT models.



Section 2.4 reviews previous research that has been conducted to account for uncertainty in
latent class membership. Common alternatives suggested by researchers are discussed in more
detail. Section 2.5 discusses limitations of previous research in accounting for uncertainty in
latent class membership and the motivation for the current study.
2.1 Background
Latent class models

Latent class analysis (LCA) models involve latent categorical variables. They are used to
assign observations or subjects into groups or subtypes. Latent class analysis was first introduced
by Lazarsfeld and Henry (1968), where the groups or subtypes were named latent classes. Unlike
factor analysis and structural equation modeling, which assume that the observed and latent
variables are continuous, latent class analysis focuses on models where both the observed and
latent variables are assumed to be categorical (Dayton, 1998). Latent class analysis has several
advantages. By using categorical indicators, assumptions about the distributions of the indicators
are not required except for local independence (Lanza, Collins, Lemmon, and Schafer, 2007),
which means that observations are conditionally independent of each other given the latent
variable. That is, it assumes that the latent variable explains the relationship among the
observations. In addition, a latent class model can be extended to include covariates and outcome
variables at the same time (Dayton and Macready, 1998; Nylund, Bellmore, Nishina, and
Graham, 2007). The following figures (Figure 1 - Figure 3) illustrate a basic latent class model, a

latent class model with covariates, and a latent class model with outcome variables.



Figure 1.

A Basic Latent Class Model

Figure 2.

Latent Class Model with Covariates
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Figure 3.

Latent Class Model with Outcome Variables
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In the above three figures, n represents a latent categorical variable with c latent classes
where c={1, 2, ..., C}. Y1, Y2, Y3, ..., and Y; are J observed categorical indicators of the latent
variable. The arrows pointing from n to Y1, Y2, Y3, ..., and Y; mean that n is measured based on
these indicators (i.e., the latent categorical variable is a cause of the indicators). Local
independence means that Yy, Yo, Y3, ..., and Y; are independent of each other given n. In the
example of measuring the relationship between high school students’ writing skills and their
grades in three subject areas, n is a student’s essay quality category and Y; to Y; (where J =2 in
this situation) are essay scores given by the raters.

In Figure 2, X1, X, and X3 are covariate variables. The arrows from the covariates to the
latent variable mean that the latent variable is being regressed on the covariates. For example, X;
can be gender, X, can be ethnicity, and so on. These variables affect an observation’s probability
of being in one of the latent classes.

In Figure 3, Oy, Oy, and O3 are outcome variables. The arrows from 1 to the outcome
variables mean that the outcome variables are affected by the latent variable. For example, O,
can be a student’s grade in English; O, can be a student’s grade in Science, and so on. aj, a,, and
az represent the association between the latent class variable n and the outcome variables O; - Os.

Assume there are N cases and each case has K response categories. If J observers are to
examine the N cases, then the response vector can be represented as (Y1, Yo, ..., Y;). For all J
observers, there will be K’ possible response patterns. If we use a frequency table with K’ cells to
present all cases with these response patterns, each cell will have the number of cases with a
specific response pattern. If there are C latent classes, the probability of response patterns can be

summarized over these latent classes to get the probability not conditional on the latent classes.



This gives a latent class model. The general latent class model (as illustrated by Figure 1) can be

summarized as:

POY1, Yo, oy Y) =2 p(Y,, Y, Y, ) = 2 p()p(Y,Y,. Y, (), (1)

n-1 n-1

where p(Y1, Yo, ..., Y;) is the probability of the response pattern as (Y1, Yz, ..., Y3). p(n) is the size

of latent class n with p(n)> 0 for all c = {1, 2, ..., C}. The sum of latent class sizes 2 pm) =1

p(Y1, Yo, ..., Ys| ) is the conditional probability of the response pattern (Y1, Y2, ..., Y;) given
latent class n.
As mentioned previously, in latent class models, observations are assumed to be
conditionally independent of each other given the categorical latent variable. Therefore,
P(Y1, Y2, ..., Yo m) =p(Y1|m) p(Y2[ ) ... p(Ya|m), (2)
where p(Yj| n) is the conditional probability of response k for observer j (j=1, 2, ..., J) given

latent class n. Within each latent class, the sum of the probability of response k for k= {1, ..., K}

for observer jis: 2 p(v, =k | =1,

k=1
One of the purposes of LCA is to classify observations to the latent classes using the
observed response patterns. It is important to see how this can be done. Given the response
vector, Yj, the posterior probability of a respondent or observation being in latent class n, which
refers to the conditional probability of an observation occurring after taking into consideration
relevant information, can be calculated based on Bayes’ theorem which is used to calculate

conditional probabilities as:

pCY; I > p)
p(n Yy == : 3

p(Y;In) * p(n)

n-1
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The extent to which cases are classified correctly is an important topic. It reflects the
quality of the classifications (DeCarlo, 2005a). It can be assessed by the expected proportion

correctly classified (Clogg, 1995; Dayton, 1998), Pc, which is calculated as:

2 n, X max[ P(nY,
p= Nt POY L %)
N

where s represents each unique response pattern, ns is the number of cases for each unique
response pattern, max[p(n | Y;)] is the highest posterior probability across the latent classes for a
given response pattern, and N is the total number of cases in the data. For example, if the
posterior probabilities of a specific response pattern in class one and two are 0.75 and 0.25, then
by classifying all cases with this response pattern to class one will result in about 75% of these
cases being correctly classified to the right class. For all cases in the data, the proportion
correctly classified is the weighted average of the highest posterior probability across all
response patterns (DeCarlo, 2002a).

To see how much more accurate it is to classify responses into latent classes based on the
posterior probabilities than simply classifying them into the largest latent class, A is calculated
based on the proportion correctly classified and the largest latent class size maxp(n):

) = p. ~ max p(n) . (5)

17 max p(n)
Pc can be calculated based on Equation (4). Since the value of maxp(n) is always between 0 and
1, the sign of A depends on whether Pc is larger than the largest latent class size or not. A
positive A means that classification accuracy can be improved by classifying responses based on
the posterior probabilities instead of classifying them into the largest latent class. For example, if

the sizes of class one and two are 0.55 and 0.45 and the proportion correctly classified based on
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(0.75 ~ 0.55)
(1-0.55)

posterior probabilities of each response pattern is 0.75, then A will be =0.44.

Therefore, the proportion correctly classified will increase 44% by classifying responses using
the posterior probabilities instead of simply into the largest latent class. The above simply
reflects that classification accuracy will increase from 55% to 75%.

Signal Detection Theory with Observed Events

It is helpful to briefly review traditional SDT with observed events. Signal detection
theory was originally developed in 1954 (Peterson, Birdsall, and Fox, 1954; Tanner and Swets,
1954) to model an observer’s ability to distinguish between signals and noises in the engineering
field. Since then, it has been utilized widely in psychology and medical diagnoses (for example,
Gescheider, 1997; Green and Swets, 1988; Henkelman, Kay, and Bronskill, 1990; Macmillan
and Creelman, 1991; Quinn, 1989; Swets, 1996). In SDT, an observer uses his or her perception
of an event, a continuous latent variable, with a response criterion to make a decision on whether
an event is present or not. SDT can be presented by Figure 4.

In Figure 4, the four bell curves represent the probability distributions of an observer’s
perceptions of four events. There are four response categories from one to four corresponding to
these events. ¢y, Cy, and c3 are three response criteria that are used to set up the four response
categories. d is the distance between every two adjacent distributions of the observer’s
perceptions of the events. The distance reflects a respondent’s ability to discriminate between
two events. Based on this model, a respondent gives a response of “1” if his or her perception of
the event is below the first criterion, “2” if the perception is between the first and the second

criterion, and so on.
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Figure 4.
An lllustration of Signal Detection Theory
c 1 c 2 c 3
2 3
“1” 662” 663” “4”

DeCarlo (2002a) presented the general SDT model with observed events as follows:
p(Y; <k|X=x) = F [(cj— di¥) / 1, (6)
Where Yj is the response variable for observer j (j=1, ..., J), and p(Y; <k | X=x) is the
cumulative probability of response category k (for 1 <k < K—1) for observer j given X = x with K
being the number of response categories. In this model, the situation being considered is that the
number of response categories across all observers is the same, so the general notation of K is
used instead of Kj; X is an observed variable indicating whether the event of interest is present or

not; x has a value of 0 and 1 indicating, respectively, the absence and the presence of the event.
Cix is the k™ response criterion for the j™ observer, with Cj; < Cjz < ... < Cjx.1; d; is the detection or

discrimination parameter for the j™ observer; it indicates the ability of the j™ observer to
discriminate between the different types of events. F is a cumulative distribution function (CDF).

7j Is a scalar parameter. As DeCarlo (2002a) explained, the above model uses a logistic CDF,
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however, the model can be used for other distributions in general, for example, a normal
distribution, by using different “link” function (DeCarlo, 1998).
Latent Class Extension of Signal Detection Theory
SDT with Latent Events. SDT can also be generalized for situations when the event is not

observed. This is referred to as SDT with latent events (DeCarlo, 2002a). While SDT has had a
long history of utilization in other fields (for example, medicine), it has not received a lot of
attention in the educational field. More recently, DeCarlo has started to use a latent class SDT
approach in education, particularly for modeling rater behavior in essay grading (DeCarlo, 2005a,
2008, 2010). As DeCarlo (2002a) mentioned, when the SDT model is extended to latent events,
Equation (6) can be written as follows:

p(Yi<k|n) =F [(cik —dm) / 7]. (7)
The model is the same as the general SDT model except that the event is unobserved. Therefore
the notation of the event becomes 1 instead of X. As DeCarlo (2002a) pointed out, unlike the
general SDT model, this latent class extension of SDT model cannot be fit with only one
observer because the model is not identified, which means that unique estimates of the
parameters cannot be obtained. The scalar parameter z; for normal distributions can be set to
unity without loss of generality (DeCarlo, 2002a). Therefore, Equation (7) can be written as:

p(Yj<k|n) =F (ck — dn). (8)
Latent Class Models and Signal Detection (LC-SDT). The SDT model can be

incorporated into the latent class model (Equation (1)) presented earlier (DeCarlo, 2002a), by

taking differences:
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p(Yj=k|n)=F (ck —dm) Kk =1
p(Y;=k|n) =F (ck — din) — F (Cjx1 — djn) 1<k <K
p(Y;j=k|m)=1-F (cxk —dm) k =K 9)

Therefore, the full model consists of a general class of signal detection models with latent classes.
This is the model that was used to simulate the data being analyzed in the current study to
examine the relationship between a latent class variable and outcome variables.
2.2 The conventional practice and some limitations

When measuring the association between a latent class variable and outcome variables,
the conventional practice is to use the classify-analyze strategy or a three-step approach. The
strategy is to identify the latent structure, classify each observation into the latent class with the
highest or maximum posterior probability, and then to use the assigned class membership for
further analyses. For example, ANOVA can be used to compare group differences among the
classes after observations are assigned to the most likely class. In terms of Figure 3, this means
that the conventional approach to measure the association between n and the outcomes (O - Os)
is to look at the relationship between the assigned latent class membership (based on Yy, Y,
Ys,..., and Y;) and (O; - Os) as if the assigned class membership were the true latent variable 7.

Many studies have adopted this traditional classify-analyze strategy. For example, some
studies have grouped observations into latent classes with the highest posterior probability, and
compared outcomes among the classes to see how the latent class membership is related to the
outcomes (for example, Archambault, Janosz, Morizot, and Pagani, 2009; Hardigan, 2009;
Hibbard, Mahoney, Stock, and Tusler, 2007; Reinke, Herman, Petras, and lalongo, 2008).

This strategy is generally straightforward and convenient, but unfortunately has major

problems. First, it ignores the uncertainty of being in a certain latent class for observations. That
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IS, once an observation is classified to the latent class with the highest posterior probability, its
probability of being in the assigned class is treated as being one. For example, if an essay’s
posterior probability to be in each of the six latent classes is 0.01, 0.04, 0.05, 0.10, 0.55, and 0.25,
respectively, the conventional approach would be to assign this essay to class five. Therefore,
before being assigned to class five, the essay has a total probability of 45% of being in other
classes, which means a 45% uncertainty of being in class five, but after the assignment, the
probability of being in class five is treated as being 1 rather than 0.55. The uncertainty of the
essay being in class five then becomes zero.

Second, once observations are classified to the latent class with highest posterior
probability, they are treated as being exchangeable (Loken, 2004). This means that all
observations will have a probability of one of being in the assigned class and their
representativeness of the class becomes the same. For example, if observation A’s posterior
probability to be in class one is 0.55 which is its highest posterior probability and observation
B’s posterior probability to be in class one is 0.95 which is also its highest posterior probability,
using the conventional approach, both observation A and B will be assigned to class one as this
is the most likely class. However, observation A only has a 55% chance of representing class one
and 45% chance of being in other classes while observation B has a 95% chance representing
class one and only 5% chance of being in other classes. Once they are assigned to class one, they
are both considered to represent class one 100%.

Third, by the classify-analyze strategy or a three-step approach, standard errors are
underestimated because the residual uncertainty about the latent class membership is ignored
(Clark and Muthén, 2009; Loken, 2004; Roeder et al., 1999). Statistical models can have

specification errors. Posterior probabilities are computed using statistical models and can have
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errors, too (Ambergen, 1993). When observations are classified into latent classes with the
highest posterior probability, observations can be assigned to the wrong class. This will lead to
classification errors. Treating classification results as true values of the latent variable in further
analyses underestimates the actual standard errors, and therefore can distort results.

For example, in a study of the relationship between criminal career development and two
risk factors, poor neurological development and poor parenting, Roeder and others (1999)
noticed that the precision of parameter estimates of the risk factors was inflated due to the
exaggerated certainty of latent class membership in the classify-analyze approach.

Loken (2004), in a study of infant temperament types, compared the results obtained
based on multiple imputations of class membership and the classify-analyze strategy. He found
that, by assigning infants to the most likely class and comparing the means of the outcome
variable for the infant groups based on the assigned classes, the standard errors were smaller and
the confidence intervals were narrower. This is because, by classifying infants to the most likely
class, the uncertainty in the classifications was neglected.

Clark and Muthén (2009) also noted that the standard errors of a classify-analyze
approach, where observations were classified to the latent class with the highest posterior
probability and the assigned class membership was used for further analyses, were
underestimated.

2.3 A related problem in IRT models

A related problem exists in many item response theory models. In item response theory
models, it is assumed that an examinee’s probability of correctly answering test items depends
on the unobservable examinee ability (6) and item characteristics (Mislevy, Wingersky, and

Sheehan, 1994). To estimate examinee ability (0) in IRT, the standard procedure is to estimate
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the item parameters for a set of test items which are then treated as known true values for
estimating the ability parameter (Mislevy et al., 1994; Tsutakawa and Soltys, 1988). This
practice ignores the uncertainty in the estimated item parameters because the item parameter
estimates, having their own standard errors, do not equal the true parameter values. Treating
them as known can lead to misleading inferences or errors (Cheng and Yuan, 2010; Mislevy,
1988; Tsutakawa and Johnson, 1990; Tsutakawa and Soltys, 1988; Zhang, Xie, Song, and Lu,
2011).

For example, Tsutakawa and Johnson (1990) found that using this standard approach to
estimate 6 could produce much narrower interval estimates. They noticed that the posterior
standard deviations could be underestimated by as much as 40%. Their finding is quite similar in
nature to what Loken (2004) found in his study of infant temperament types using latent class
analysis. As mentioned previously, he found that, by assigning infants to the most likely class
and comparing the means of the outcome variable for the infant groups based on the assigned
classes, the standard errors were smaller and the confidence intervals were narrower.

Many studies in IRT have explored ways to take into consideration this source of
uncertainty. For example, Tsutakawa and Soltys (1988) proposed a Bayesian approximation
approach which assumes prior distributions on both 6 and items and uses the approximate
posterior mean and variance of 6 to make inferences regarding the unknown 6.

Mislevy and others introduced multiple imputation to handle the uncertainty problem (for
example, Mislevy, 1988; Mislevy and Yan, 1991). Pseudo draws are made from the posterior
distributions of item parameters. For each pseudo draw, posterior mean and variance conditional
on the item parameters are calculated. The posterior mean for the item parameters accounting for

uncertainty is then approximated by the average of all the conditional posterior means (Mislevy
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et al., 1994). This approach is called “plausible values” and has been used widely for analyzing
National Assessment for Educational Progress (NAEP) data (Beaton and Johnson, 1990; Mislevy,
Beaton, Kaplan, and Sheehan, 1992; Mislevy, Johnson, and Muraki, 1992; Thomas, 2000;
Thomas and Gan, 1997), and other educational assessments involving large-scale surveys such as
the Trends in International Mathematics and Science Study (TIMSS) and Program for
International Student Assessment (PISA) (Willms and Smith, 2005).

2.4 Previous research to account for uncertainty

Uncertainty in latent class membership has recently received more attention. Researchers
have become more aware of the limitations of directly using the most likely class membership
obtained from latent class analysis for further analyses (for example, Clogg, 1995; Hagenaars,
1993; Nagin and Tremblay, 2001). Previous studies have suggested a few alternatives to account
for the uncertainty in latent class membership, but as mentioned, a lot of them have dealt with
related issues that are associated with using covariates. No systematic investigation has been
conducted on the relation between a latent class variable and outcome variables.

For example, Clark and Muthén (2009) summarized five regression methods in their
study to investigate how the relationship between latent classes and a continuous covariate can
be impacted: most likely class regression, probability regression, probability-weighted regression,
pseudo-class regression, and single-step regression. The first four methods are all three-step
approaches. Real data analyses and Monte Carlo simulations were conducted to demonstrate how
the covariate effects and the extent to which observations are correctly classified into latent
classes can impact the results including parameter estimates and standard errors. Since these
methods can be adapted for examining the relation between a latent class variable and outcome

variables, which is being conducted by the current study, let’s look at them in more detail.



19

With the most likely class regression method, latent class analysis is conducted first
based on the indicators. Each observation is then assigned into the class with the highest
posterior probability. The assigned class membership is then regressed on the covariate using a

multinomial logistic regression. The latent class model with a covariate can be summarized as:

ac T BeX;

e
p(mi—Clxi)—W’
s=1

where m; is the most likely class membership for observation i with values from 1 to C, x; is the

covariate for observation i. When ¢ = C, the model becomes:

ac T B
m; = C Xj) = e—, 10
pm=Clx)= g (10)

If we use class C as the reference class, we can then set ac and B¢ to 0, which means e“ "% =1,

Therefore the log odds of comparing class c to the reference class C is

+
ag’ BeX;

log [p(mi = ¢| ) / p(mi = C [ )] = log( ~——) = log( e" ") = e + fXi. (11)

e

Equation (11) is a baseline logistical regression model. It indicates that the log odds of
comparing the assigned class membership to the reference class C is a linear function of the
covariate.

With the probability regression approach, a latent class model is fit to the data first and
the posterior probabilities of each observation being in the latent classes are saved. In Clark and
Muthén’s study (2009), since a latent variable with two classes was used, the probability of being
in class one for each observation was regressed on a covariate. However, since the values of the
posterior probabilities always range from 0 to 1, a logit transformation was applied to the

posterior probabilities before they were regressed on the covariate. The purpose of the logit
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transformation, as explained by Clark and Muthén (2009), was to allow for an infinite range of
values for the dependent variable.

With the probability-weighted regression approach, the most likely class membership is
regressed on the covariate and the posterior probability of an observation being in a certain latent
class is added into the model as a sampling weight. Clark and Muthén (2009) used the posterior
probability of observations in class one in the regression since they were considering a latent
class variable with only two latent classes. They pointed out that, even though using the posterior
probabilities could reduce the errors caused by the uncertainty in latent class membership to
some extent, the approach was limited because the posterior probabilities were estimated by the
model and therefore could have errors.

Another approach, pseudo-class draws, is sometimes referred to as multiple imputation.
Usually when a latent class model is fit to the data, the posterior probability of an observation
being in each of the latent classes can be calculated. The class with the highest posterior
probability is the most likely class. If the observation is assigned to the most likely class, the
probability of the observation being in the other classes will be ignored, which is a source of
estimation errors in further analyses. Pseudo-class draws is a method to reduce the errors by
making multiple random draws from the posterior probability distributions of observations. The
random draws are used as multiple imputations of each observation’s class membership as if the
class membership was missing.

As mentioned, Loken (2004) considered the multiple imputation approach in his study of
infant temperament at four months of age and looked at the relationship between the
classifications and longitudinal outcomes when the children were four years old. After a three-

class model was identified, random draws were made from the posterior probabilities calculated
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based on this model. These random draws were taken as class membership for the subjects.
Subjects in different latent classes were then compared on outcome variables not included in the
latent class model. He found that by using multiple imputations of latent class membership, the
standard errors were larger than those obtained with the traditional classify-analyze approach
because the latter ignored the uncertainty in latent class membership.

Finally, with the single-step regression, also called as the simultaneous or one-step
approach, the covariate is included in the model when the model is fit. This is illustrated by
Figure 2. X1, Xz, and X3 are all covariates that can be added in the model to predict latent class
membership. Roeder and others (1999) used this approach to include covariates in a mixture
model where the observed indicators and the covariate were assumed to be independent given the
latent class variable. Their study looked at the relationship between criminal career development
and two risk factors, poor neurological development and poor parenting. Given the latent
variable, the observed indicators and the risk factors were assumed to be independent. The
relationship between the latent variable and the risk factors was estimated in a mixture model
simultaneously.

In a study of rater behavior in essay grading based on signal detection theory, DeCarlo
(2005a) looked at the correlation between classifications of essays and a criterion variable, the
average score on three exams. In recognition of the limitation of this approach, he suggested a
simultaneous approach that can include the criterion variable directly into the latent class model.

The five approaches discussed above were used by Clark and Muthén (2009) in their
study to examine the relationship between latent classes and a continuous covariate. Not enough
research has been done for the relationship between latent classes and outcome variables. Like

Loken’s study (2004), Aitkin and others (1981)’s study is one of the few that examined the



22

relationship between a latent variable and outcomes taking into consideration of the uncertainty
in latent class membership. They used posterior probabilities in further analyses rather than the
most likely latent class in their study about teaching styles. They first obtained twelve teacher
clusters by using a principal component analysis of the items in a teaching style questionnaire
administered to participating teachers. They then used a latent class model to identify three
teaching styles (“formal,” “informal,” and “mixed) of these teachers. The assigned membership
of each teacher to the teaching style class with the highest posterior probability was compared
with the membership in one of the twelve teacher clusters. Aitkin and others (1981) noted that
the formal assignment of teachers to latent classes overstated the information from the
probabilistic clustering. This is not surprising because once an observation is assigned to the
latent class with the highest posterior probability, the observation’s probability to be in this class
is treated as being one. Therefore, in estimating the effect of teaching style on student progress,
Aitkin and others (1981) used an extended ANOVA model to incorporate the latent variable of
teaching style. The probabilities of class membership of teachers were used as explanatory
variables instead of dummy variables of class membership.

Jo and others (2009) employed pseudo-class draws in their longitudinal study on the
effects of classroom-centered intervention on attention deficit of first- and second-graders. A 2-
class model was first chosen (“normative” and “problematic”). Subjects were assigned to classes
based on pseudo class draws. Causal treatment effects were then identified and estimated within
each class. The estimates and standard errors were then averaged over twenty pseudo class draws.

Bray and others (2011) introduced the simultaneous approach into a latent class model
with outcomes in which the effect of latent class membership on the outcome was estimated in

the context of the latent class model. They compared this approach with most likely class
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regression and pseudo-class draw regression. They concluded that the simultaneous approach
was superior to the other two in that the simultaneous approach is less biased. They found that
the other two approaches attenuated the measured association between the latent class variable
and the outcome variable.

2.5 Limitations of previous research

As pointed out by Clark and Muthén (2009), while many researchers have become aware
of the problem of using the traditional strategy for analyzing the association between latent
classes and auxiliary variables, not many have undertaken rigorous investigations of the problem.
The study of Clark and Muthén (2009) consisted of Monte Carlo simulations to compare five
methods commonly used by researchers to account for uncertainty in latent class membership. It
investigated different situations where the superiority of each method was compared. While their
study made big a contribution to the uncertainty problem of latent class membership and was the
first one to make suggestions about when it is appropriate to use regression methods in practice,
there are situations that their study did not consider, as acknowledged by Clark and Muthén
(2009). For example, they recognized that their study only focused on the relationship between a
latent class variable and a covariate. They suggested that more research be done to examine the
conditions under which latent classes can be used as a predictor of outcome variables.

While other researchers have also conducted studies to illustrate alternatives to account
for uncertainty in latent class membership, most of them have only looked at the relationship
between a latent variable and covariates. Only a few studies have dealt with outcome variables in
latent class analysis, and so systematic comparisons of the suggested methods for outcome

variables have not been conducted. In addition, accounting for uncertainty in latent class
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membership has not been examined in a latent class extension of SDT, which has started to
receive more attention in the field of education, especially for essay grading.

Therefore, the current study builds upon previous research to investigate the relationship
between latent classes and outcomes (as illustrated by Figure 3) within a latent class extension of

signal detection model, taking into consideration uncertainty in latent class membership.

Chapter 111
METHODS
To explore the relationship between latent classes and outcome variables and compare the
methods that have been suggested so far by researchers to account for uncertainty in latent class
membership (most likely class regression, probability regression, probability-weighted
regression, pseudo-class draws, and the simultaneous approach), several Monte Carlo
simulations were conducted and a real-world data set was analyzed.
3.1 Simulation Studies
Statistical Analysis System (SAS) was used to simulate data based on several conditions.
Five models using the five approaches were then fit to the simulated data using Latent GOLD 4.5
(Vermunt and Magidson, 2005a, 2005b), a powerful latent class and finite mixture program that
uses the expectation-maximization (EM) algorithm and the iterative Newton-Raphson procedure
to obtain maximum likelihood estimates of parameters. However, for the current study, the
syntax was adjusted so that the Bayesian approach of posterior mode estimation was used in
Latent GOLD (Galindo-Garre and Vermunt, 2006; Vermunt and Magidson, 2008). This will be
further explained in the study design section. Figure 5 presents the model for data generation. Y,

Yo, ..., Yy are J response (rater) variables or indicators for latent class variable . They were
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generated using an LC-SDT model illustrated by Equation (9). O3, O,, and O are three ordinal
outcome variables. a;, ap, and az represent the association between the latent class variable and
the outcome variables. Here three values (—1, 0.5, and 4) were used to generate the outcome
variables having three different levels of strength of association (negative, weak, and strong)
with the latent class variable.

Figure 5.

Latent Class Variable and Three Outcome Variables

O,

O,

O3

The LC-SDT model for generating the outcome variables is as follows:

p(Oi=k|n) =F (bik —am) Kk =1
p(Gi =k |n) = F(bik —am) — F (b1~ am) I<k <k
p(Oi=k|n)=1-F(bk—am) k =K, (12)

where i =1, 2, and 3 because three outcome variables were generated.
Research Questions
The questions to be addressed by the current study are:
(1) How will the measured relationship between the latent class variable n and the outcome

variables (O, - O,) (Figure 5) be affected if different methods (most likely class
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regression, posterior probability regression, probability-weighted regression, pseudo-
class draws, and the simultaneous approach) are used to measure the relationship?
(2) How will changes in rater detection affect the measured relationship between the latent
class variable and the outcome variables?
(3) How will the sample size affect the measured relationship between the latent class
variable and the outcome variables?
(4) How will the response (rater) design, whether it is fully-crossed (where each response is
independent and all possible combinations of responses are considered) or balanced-
incomplete-block (BIB; where not all possible combinations of responses are considered,
but each considered combination of responses is repeated the same number of times),
affect the measured relationship between the latent class variable and the outcome
variables?
(5) Which method to account for uncertainty in latent class membership performs better, i.e.,
which method can yield more accurate parameter estimates and standard errors?
Data Simulation Models

Taking into consideration both data simulation conditions in Clark and Muthén’s study
(2009) and those in DeCarlo’s study (2008), the current study used rater detection and response
criteria to create several different conditions for data simulation. A latent class extension of the
signal detection model (LC-SDT) was used (DeCarlo, 2002a; see Equation (9) and (12)). Two
response designs were considered: fully-crossed and BIB. Three simulation studies were
conducted.

Study One: Fully-Crossed Design
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The rater variables had six categories from 1 to 6 as that is the scoring rubric commonly
used for essays in educational assessments (DeCarlo, 2008). Three rater variables (Y1 - Y3) were
generated (J = 3 in Figure 5). The latent class variable had six classes from 1 to 6 as well.

Rater detection and response criteria were fixed since the data were generated using an
LC-SDT model. Previous research has found that better detection in LC-SDT models, i.e., higher
values of d, leads to improved classification of observations while shifting response criteria has
little effect on classification accuracy (DeCarlo, 2002a, 2008). Clark and Muthén (2009) also
found that parameters were recovered better using the simulated data with a higher value of
entropy, an indicator of classification accuracy which has values from 0 to 1 with 1 being perfect
classification. Therefore, a hypothesis in the current study was that the effect of uncertainty in
latent class membership on the outcome variables should be reduced, at least for the three-step
approaches, with better detection, d, as a result of improved classification accuracy due to the
increase in detection. A typical range of rater detection was found to be between 1.8 and 5.3 in
DeCarlo’s studies (2008) where he analyzed data from large-scale assessments. In the current
study, we considered three conditions based on rater detection. Since in practice, it is more likely
that different raters have different detection levels, d was set up to be 2, 3, and 4 for the three
raters in the first condition to indicate a mix of moderate to excellent detection, to approximate
real-world situations. The average d for the three raters, in this case, was 3. However, research
has also found that rater training with the right focus can improve detection (Lievens and
Sanchez, 2007; Merckaert et al., 2008; Thornton 11l and Zorich, 1980). Therefore, it would be
beneficial to examine how changes in rater detection affect the relation between the latent class

variable and the outcome variables. This can provide implications for rater training. d was set up



28

to be 2 (moderate) for all three rater variables in condition two and 4 (excellent) for all three rater
variables in condition three.

Previous evidence has suggested that the response criteria are located at the intersection
points of distributions of adjacent latent classes (DeCarlo, 2008; DeCarlo et al., 2011). For
example, if d is 2, then the first two means of the perceptual distributions are at 0 and 2.
Therefore, ¢, should be at 1 which is the midpoint between 0 and 2. Similarly, ¢, should at 3, c3
should be at 5, and so on. Therefore, the simulation conditions for detection and response criteria
for the three rater variables are listed as follows:

Table 1.
Detection and Response Criterion Parameters for Simulating Three Response (Rater) Variables

for the Fully-Crossed Design with Mixed Rater Detection

d; C, C, Cj Cy Cs
2 1 3 5 7 9
3 1.5 45 7.5 10.5 13.5
4 2 6 10 14 18

In Clark and Muthén’s simulation study (2009), they only considered the impact of a
continuous covariate. However, they pointed out that in real data analyses, class membership was
often used as a predictor for outcomes. They suggested that future research be conducted to
investigate the relationship between latent class membership and outcome variables in such
situations. In the current study, three ordinal outcome variables (O; - O3 in Figure 5) were
included with each having a different level of strength of association with the latent class
variable. They were generated using the same algorithm as for the three rater variables because
an LC-SDT model was used for data generation. The categories for each outcome variable were

from 1 to 6. The distance between the adjacent distributions of outcome categories was set up to
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be —1, 0.5 and 4 to indicate negative, weak, and strong outcome effect. Therefore, the simulation
conditions for generating the three outcome variables are as follows:
Table 2.

Outcome Effects and Category Location Parameters for Simulating Three Ordinal Outcome

Variables
a; b, b, b, b, bs
4 2 6 10 14 18
0.5 0.25 0.75 1.25 1.75 2.25
-1 -0.5 -15 2.5 -35 -4.5

Results from previous analyses of large-scale educational assessments (DeCarlo, 2008)
have suggested that latent class sizes are sometimes approximately normally distributed. In the
current study, the sizes of latent class one to six were set up as 0.08, 0.17, 0.25, 0.25, 0.17, and
0.08. They were used as the probabilities for the latent class categories.

Similar to the sample sizes of 250 as small and 1000 as large in Clark and Muthén’s
study (2009), the sample size was also set at two levels, 225 as small and 1080 as large, to see
whether it affects the results. The number of 225 and 1080 were chosen so that the sample sizes
used in the fully-crossed design and the BIB design would be the same for easy comparisons. In
the BIB design, ten raters were used instead of only three raters. However, each essay was
graded by only two raters. Each rater was paired with another rater for a same amount of times
and each rater graded a same number of essays. The two sample sizes were chosen to meet these
requirements. In addition, data generation was replicated 500 times for each condition.

Therefore, data were simulated under six conditions based on: (1) three sets of rater
detection (a mix of 2, 3, and 4; 2 for all three raters; and 4 for all three raters); and (2) two

sample sizes (225 being small and 1080 being large). A SAS macro written by DeCarlo was



30

modified for the current study to generate 500 raw data files for subsequent analyses using
Latent GOLD. Certain information from the outputs generated by Latent GOLD based on each
data replication was then stored separately for further analyses.

Study Two: BIB design

The above is a fully-crossed design where each rater response is independent and all
possible combinations of responses are considered. For large-scale assessments, however, an
incomplete design is more commonly used. For example, as DeCarlo (2008) mentioned, each
essay in an educational assessment is usually graded by two raters because of resource
limitations. Therefore, to approximate real-world situations, a balanced incomplete block design
was employed in comparison to the fully-crossed design.

The same data simulation conditions for the fully-crossed design were used except for
some adjustments that had to be made due to the properties of the BIB design. In this design,
each essay was graded by two raters only. Each rater graded a same number of essays. Each rater
was also paired with each of the other raters for a same number of times. Thus, for this design,
ten rater variables (Y1 - Y10) were generated (J = 10 in Figure 5). However, in each data
generation, each essay had missing values for eight of the ten rater variables because each essay
was set to be graded by only two raters. These values, missing by design, were considered
missing completely at random (Graham, Hofer, and Mackinnon, 1996; Rubin and Little, 2002).
Therefore, in the data with a small sample size of 225, each rater was paired with each of the
other nine raters five times and graded 45 essays, while in the data with a large sample size of
1080, each rater was paired with each of the other nine raters 24 times and graded 216 essays.

Since there were ten rater variables, for the condition with a mix of rater detection levels,

d was set up to be 1 to 5 with every two raters having same detection to approximate real-world
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situations. Therefore, the average d for the ten raters was 3. In addition, d was set up to be 2
(moderate) for all ten raters in condition two and 4 (excellent) for all ten raters in condition three
to see how changes in rater detection affect the relation between the latent class variable and the
outcome variables. Therefore, the simulation conditions for detection and response criteria for
the ten rater variables are listed as follows:

Table 3.

Detection and Response Criterion Parameters for Simulating Ten Response (Rater) Variables for

the BIB Design with Mixed Rater Detection

d; C, C, Cs Cy Cs
1 0.5 1.5 2.5 3.5 45
2 1 3 5 7 9
3 1.5 4.5 7.5 10.5 13.5
4 2 6 10 14 18
5 2.5 7.5 12.5 17.5 22.5

As DeCarlo (2008) noticed, estimation problems occurred in pilot simulations due to
missing values. This is a type of boundary problems that often occur in maximum likelihood
estimation when one or more of the parameter estimates are close to the boundary, for example,
estimating a latent class size to be zero (DeCarlo et al., 2011). Using a Bayes’ constant of one for
the latent and categorical options in Latent GOLD, a Bayesian approach called posterior mode
estimation, appeared to eliminate the problems (DeCarlo, 2008; Vermunt and Magidson, 2008).
Bayes’ constants are like the number of observations added to the cells of the data frequency
table. Therefore missing values in the cells will be replaced. It is a common way to reduce bias
and improve confidence intervals (Agresti, 2002; Agresti and Coull, 1998; Brown, Cai, and
DasGupta, 2001; Goodman, 1970; Vermunt and Bergsma, 2004). Vermunt and Bergsma (2004)

found, in their study investigating the performance of point and interval estimates of logit
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parameters with small samples, that Bayesian posterior mode estimation performed better than
maximum likelihood estimation and posterior mean estimation. Galindo-Garre and Vermunt
(2006) also found, in their simulation study, that posterior mode estimation obtained more
reliable parameter estimates and standard errors than those obtained by the classical maximum
likelihood and parametric bootstrapping. Therefore, in the current study, posterior mode
estimation was used in all simulation studies.

Study Three: An Approximation to the Real Data

The real data (DeCarlo, 2002b) analyzed for this study were essay scores given by eight
raters for 125 graduate students. Each essay was graded by all raters. The outcome was each
student’s ordered average score on three multiple-choice exams. Therefore, to approximate the
real data, a third simulation study was conducted. Since the real data have a fully-crossed design
with each essay being graded by all eight raters, a fully-crossed design was used in the
simulation as well. Eight rater variables were generated based on the same LC-SDT model (see
Equation (9)). The sample size was set to 125, the same as in the real data. Three conditions of
rater detection similar to those in the previous two simulation studies were used: (1) mixed rater
detection where d was set up to be 1 to 4 with every two raters having same detection; (2)
moderate detection (d = 2) for all eight raters; and (3) excellent detection (d = 4) for all eight
raters. Three ordinal outcome variables were also generated based on the same algorithm and
conditions as those for the first two simulation studies.

Data Analysis Models

In Clark and Muthén’s simulation study (2009), they compared five regression methods

to investigate how the different methods for treating latent class variables could impact the

relationship between the latent classes and a covariate. They examined the situation when a
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continuous covariate was considered. In the current study, the relationship between a latent class
variable and ordinal outcome variables was examined. Therefore, the five methods were adjusted
to fit the conditions set up in the current study.

After raw data including rater variables and outcome variables were generated using the
SAS macro written by DeCarlo, an LCA model including only the rater variables was fit to the
data in Latent GOLD. Classification results including the most likely class membership and
calculated posterior probabilities to be in each of the six latent classes for each observation were
saved to the original data for further analyses. The classification results were also used for
pseudo-class draws. The five regression models were fit to the saved data using Latent GOLD.
Parameter estimates and standard errors over the 500 replications were then saved. Their average
values were calculated using SAS and examined for comparisons of the five methods. The
following sections describe in detail how each method was adjusted for the current study.
Most likely class regression

By this method, each observation was assigned to the latent class with the highest
posterior probability. The outcome variables were regressed on the assigned class membership
using ordinal logistic regression. Ordinal logistic regression is similar to multinomial logistic
regression which, however, ignores the order of responses and is not appropriate for the current
situation. Ordinal logistic regression takes into account the order of responses by using
cumulative probabilities, cumulative odds, and cumulative logits (Bender and Grouven, 1997).
Cumulative probability is the probability of a response falling in category k or below with k =1,
2, ..., Kwhere K is the total number of response categories (Agresti and Finlay, 2007). In the

current study, K = 6. The ordinal logistic regression model can be summarized as:

pP(O, =k |n)

In[
17 p(0, =k|n)

] = bik—aim, (13)
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where m is the most likely class membership with values from 1 to 6. The 1 to 6 categories can
be recoded into 0 to 5 without affecting the parameter estimates. p(O; <k | n) is the probability of
outcome i having a value of k or less given the latent class variable n. i =1, 2, and 3 in the
current study because three outcome variables were considered. k = 1, ..., K—1 in Equation (13).
In ordinal logistic regression, we examine the probability of an outcome category k or less and
this probability is compared to the probability of categories larger than k. This is not necessary
for the last category because the probability of k or less is one (Agresti and Finlay, 2007; Norusis,
2010). Therefore, there is no need to consider the situation when k = 6 in the equation. by are the
threshold values for category k. As we can see, they are different for each logit. a is the
coefficient indicating that the independent variable has the same effect on all logit functions for a
specific case (Norusis, 2010). Equation (13) indicates that the log odds of comparing the
outcome categories k and less to categories larger than k is a linear function of the most likely
class membership. The minus sign before a is to make the value of m correspond to the value of
Oik so that when m is higher, Oj is higher (Agresti and Finlay, 2007; Norusis, 2010). To be more
specific, if a is positive indicating a positive association between the latent class variable and the
outcome variable, higher a leads to smaller cumulative probabilities. This means that it is more
likely for the outcome to fall in categories larger than k.
Posterior probability regression

As mentioned, after data were simulated, an LCA model including only the indicators
was fit to the data in Latent GOLD. Classification results were saved including the most likely
class membership and the posterior probabilities of a rater response to be in each of the six latent
classes. In Clark and Muthén’s study (2009), the posterior probability of an observation being in

class one was used for the regression because the latent class variable only had two classes. In
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the current study, the latent class variable considered had six classes. Therefore, rather than using
the posterior probability of every observation being in class one or any other single class alone,
the product of the most likely class membership and the maximum posterior probability was used
as the predictor. The outcome variables were regressed on these products using ordinal logistic
regression. Therefore, in Equation (13), m was replaced by mxmax[p(n | Y;)] with m being the
most likely class membership and max[p(n | Y;)] being the maximum posterior probability given
the response pattern ;.

This is similar to the maximum a posterior (MAP) or Bayesian modal estimate which is
the mode of the posterior distribution of an unobserved population parameter 6 (Linden and
Pashley, 2002; Lord, 1986; Mislevy, 1986). This mode is used to provide a point estimate of 6.
Probability-weighted regression

This method is similar to the most likely class membership. The outcome variables were
still regressed on the most likely class membership using ordinal logistic regression as shown in
Equation (13). However, in addition to that, the maximum posterior probability of an observation
was added into the model as a sampling weight.

Pseudo-class draw regression

Since a rater response’s posterior probabilities to be in the latent classes are
multinomially distributed, random draws from the distribution will give a response an
opportunity to be in other classes rather than just the most likely class. This can, to some extent,
account for the bias caused by simply classifying a response into the most likely latent class.
Therefore, random draws were made from the distributions of the posterior probabilities and
used as class membership. Once a random draw was made from the posterior probability

distribution, it was compared to the latent class probabilities. If the randomly drawn probability
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was no larger than the probability of latent class one, the observation was assigned to class one.
If the randomly drawn probability was larger than the probability of latent class one but no larger
than the sum of the probabilities of class one and two, the observation was assigned to class two,
and so on. Ten random draws were made for each observation since ten imputations would be
sufficient under most realistic circumstances (Rubin, 1987). The outcome variables were then
regressed on the class membership based on the random draws. Therefore, in Equation (13), m
would be replaced by the randomly drawn class membership. The regression coefficient was
calculated by averaging the ten regression coefficients based on the ten random draws. The
standard errors were calculated similarly.
The Simultaneous approach

By this approach, the outcome variables were included in the LCA model when the latent
classes were being formed. Since the outcome variables were generated using the same model as
the rater variables, it was straightforward to include the outcome variables in the LCA model.
Therefore, in Figure 5, Oy, O, and O3 became Y41, Y42, and Ys+3. An LC-SDT model (see
Equation (9)) was then fit to the simulated data using Latent GOLD.
Assessing Estimation Quality and Power

As mentioned, after data were generated, statistical models using the five approaches
were fit to each of the 500 replications using Latent GOLD. Results from all replications were
saved for comparisons among approaches. Parameter estimate was obtained by averaging all
parameter estimates over the 500 replications. Standard error (SE) was computed similarly by
averaging all standard errors reported for each replication.

Results were examined to see how they were affected by the outcome effects, differences

in rater detection, sample sizes, and response designs (fully-crossed versus BIB). Similar to what
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was done in Clark and Muthén’s study (2009), a few statistics were examined including mean
square error (MSE), coverage, and power to see how well the parameters and their standard
errors were being estimated using each of the five methods.

MSE reflects how far an estimate is different from the true value of the regression
coefficient. It is calculated as follows (Devore and Berk, 2007):

MSE = variance of estimator + (bias)>.
A smaller MSE means a smaller discrepancy between the estimate and the true value and
therefore indicates a better estimate. Coverage was defined by Muthén and Muthén (1998 - 2008)
as the proportion of replications for which the 95% confidence interval contains the population
parameter value. It has values from O to 1. Larger coverage indicates better estimates of
parameters and their standard errors.

Power is the probability of rejecting the null hypothesis when it is false and provides an
estimate of whether there is enough information in the data to detect an outcome effect. Because
the asymptotic distributions of the estimators are normal, the ratio of parameter estimate over SE
can be calculated to get the z statistic (Berlin, Laird, Sacks, and Chalmers, 1989) which can then
be used to determine whether the null hypothesis of no outcome effect can be rejected. If the
absolute z value is larger than 1.96, then the null hypothesis should be rejected at the 0.05
significance level. It indicates that an outcome effect is detected and is not due to chance. A
larger absolute z statistic indicates a big difference between the estimate and the value of zero.
The z statistics across the 500 replications were examined to see how many of them had an
absolute value larger than 1.96 indicating a significant effect. The proportion of replications with
an absolute z value larger than 1.96 was calculated. This proportion indicates the power to reject

the null hypothesis of no outcome effect when it is false. A value of 0.8 or higher is usually



38

considered sufficient power (Muthén, 2002; Muthén and Muthén, 2002). One thing to pay
attention to is that here the parameter estimates are all compared to zero, not the true outcome
parameter values of —1, 0.5, or 4.
3.2 Real Data Example

The real data set being analyzed includes essay scores for 125 students in a graduate
introductory measurement course (DeCarlo, 2002b). The students were given one hour in class to
write a one-page essay on how they would evaluate a new questionnaire. Eight raters then
assessed the quality of the essays and assigned a score to each essay based on a 1 to 4 scoring
rubric (1 = definitely below average, 2 = average to slightly below average, 3 = average to
slightly above average, and 4 = definitely above average). The raters were instructed to focus on
the content of the essays rather than handwriting quality, spelling, etc. The first seven raters used
all four scoring categories, while the last rater only used the first three categories. To validate the
essay scores given by the eight raters, the average score on three multiple-choice exams for each
student was used to create an ordinal score from 1 to 4 corresponding to the ratings on the essays.
As DeCarlo (2002b) explained, the average scores were converted to z scores and categorized
based on whether z<—1,-1<z<0,0<z<1,orz>1. Therefore, in this data set, the student
essay quality is the latent class variable. The eight rater scores are the response variables or
indicators and the ordinal average score on the three multiple-choice exams is the outcome
variable. The same analysis strategies for simulated data were used. Parameter estimates, SES, z

values, and p values were compared among approaches.

Chapter 1V

RESULTS
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This chapter presents results from the two simulation studies using a fully-crossed and a
BIB design, the third simulation study to approximate the real data, and the analysis of the real
data set. Section 4.1 to section 4.3 summarize the results from the three simulation studies,
respectively. As mentioned in the previous chapter, several statistics were generated and
examined including MSE, coverage, and power to see how well the parameters and their
standard errors were being estimated by each of the five approaches. Section 4.4 talks about the
simultaneous approach, including how the rater parameters could be affected by the inclusion of
the outcome variables in the LCA model. Section 4.5 discusses the analysis results based on the
real data set.
4.1 Simulation Study One: Fully-Crossed Design
4.1.1 Condition One: Mixed Rater Detection (d = 2, 3, and 4)

As mentioned earlier, since the three raters had detection of 2, 3, and 4 under this
condition, the average detection of these raters was 3.
Parameter Estimation Bias and MSEs

Since —1, 0.5, and 4 were used as true parameter values for the negative, weak, and
strong outcome effects in the simulations and the five approaches were then used to measure
these effects, we wanted to see how each of the five approaches can recover these effects. The
closer to the true values the parameter estimates are, the better the approach is. To present the
differences between estimated parameter values and true parameter values, we use percentage
bias in the parameter estimates (DeCarlo, 2008; Muthén, 2002), i.e., the difference between an
estimated parameter value and the true parameter value divided by the true parameter value and
multiplied by 100. If the estimated value is smaller than the true value, the percentage bias will

be negative. This indicates that the approach used to measure the association underestimates the
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true parameter. If the estimated value is larger than the true value, the percentage bias will be
positive. This indicates that the approach overestimates the true parameter. If the percentage bias
is exactly zero, it indicates that the true parameter is recovered perfectly. Usually percentage bias
no larger than 10% indicates good parameter recovery (DeCarlo, 2008; Kaplan, 1989).
Percentage bias less than 5% is trivial (Flora and Curran, 2004). MSE reflects how close a
parameter estimate is to the true value. It is a summary of both bias and variability (Muthén ,
2002). The smaller the MSE, the better the estimate.

Table 4.1.1A below summarizes the mean parameter estimation bias and MSEs for all
five approaches in a small sample (N = 225). As seen in this table, the five approaches all
underestimated the three outcome effects except that the simultaneous approach slightly
overestimated the negative effect with trivial percentage bias of 1.219%. The percentage bias for
the negative outcome effect (a = —1) for the other four methods was from —2.109% to —9.726%
with probability regression having the smallest percentage bias and pseudo-class draw regression
having the largest. The percentage bias for the weak outcome effect (a = 0.5) was from —1.407%
to —10.131% with the simultaneous approach having the smallest percentage bias and pseudo-
class regression having the largest. It seems that the five approaches were generally able to
recover both the negative and the weak outcome effect with percentage bias within the
acceptable range. The underestimation of the strong outcome effect (a = 4), however, was much
more severe for the four methods other than the simultaneous approach. The percentage bias was
from —26.318% to —42.915% with most likely class regression having the smallest percentage
bias and probability regression having the largest. The big bias for the estimates of the strong
outcome effect is because the estimated parameters from the three-step approaches were biased

towards zero (Bolck, Croon, and Hagenaars, 2004; Croon, 2002). This is also similar to what
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Bray and others (2011) found in their study, i.e., when the strength of the association increased,
bias increased as well when most likely class regression or pseudo-class regression was used to
measure the association. The simultaneous approach, however, recovered the true strong
outcome parameter very well with percentage bias of only —0.079%. Bray and others (2011)
noted that the big bias from the three-step approaches made the benefits of the simultaneous
approach substantially more obvious.

Table 4.1.1A.

Mean Parameter Estimates, Percentage Bias, and MSEs for the Five Approaches for the Fully-

Crossed Design with Mixed Rater Detection and Small Sample Size (N = 225)

Outcome Effect
Method . 1 . 0.5 . 4_
Estimate % Bias MSE Estimate % Bias MSE Estimate % Bias MSE
Most Likely Class Regression -0.939 -6.068% 0.033 0.463 -7.351% 0.009 2.947 -26.318% 1.161

Probability Regression -0.979 -2.109% 0.039 0.450 -9.979% 0.011 2.283-42.915% 2.988
Probability-Weighted Regression -0.930 -7.021% 0.035 0.458 -8.353% 0.010 2.830-29.239% 1.423
Pseudo-Class Regression -0.903 -9.726% 0.038 0.449 -10.131% 0.010 2.616 -34.608% 1.957

Simultaneous Approach -1.012 1.219% 0.034 0.493 -1.407% 0.009 3.997 -0.079% 0.149

Table 4.1.1A also shows that MSEs were consistent with the parameter estimates. MSEs
for the five approaches were from 0.033 to 0.039 for the negative outcome effect and from 0.009
to 0.011 for the weak outcome effect which were all quite small. For the strong outcome effect,
MSEs for the four methods other than the simultaneous approach were from 1.161 to 2.988,
which were much larger that that for the simultaneous approach. MSE for the simultaneous
approach was only 0.149. As mentioned previously, MSE is calculated as the sum of the variance
and the squared bias of the parameter estimates (Devore and Berk, 2007). We can see from Table
4.1.1A that the bias for the strong outcome effect for the simultaneous approach was —0.003

which was close to zero and much smaller than that for the other four approaches. The standard
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deviation of the parameter estimate was 0.386 (this is presented in Table 4.1.1C when we discuss
standard errors). Since variance is equal to the square of standard deviation, MSE for the
simultaneous approach was calculated as follows:

MSE = (0.386)° + (—0.003)? = 0.149.

Therefore, because the bias of parameter estimate for the simultaneous approach was so small, its
MSE was much smaller than that for the other four approaches.

By looking at the parameter recovery and MSEs for the three outcome effects, it is
obvious that all approaches were able to recover the negative and the weak effect quite well.
However, none of the four three-step approaches was able to recover the strong outcome effect to
a satisfactory extent at all. The simultaneous approach recovered the true parameters best among
all approaches with much smaller percentage bias and smaller MSEs. Most likely class
regression seemed to perform comparatively better than the other three-step approaches.

Similarly, Table 4.1.1B summarizes the mean parameter estimates, percentage bias, and
MSEs in a large sample (N = 1080). The four approaches other than the simultaneous approach
generally underestimated the three outcome effects except that probability regression
overestimated the negative outcome effect. The simultaneous approach, however, overestimated
all three outcome effects, but the percentage bias was close to zero. The percentage bias for the
negative effect for the five approaches was from 0.654% to —8.862% with the simultaneous
approach having the smallest percentage bias and pseudo-class regression having the largest. The
percentage bias for the weak outcome effect for the five approaches was from 0.375% to
—7.000% with the simultaneous approach having the smallest percentages bias and pseudo-class
regression having the largest. As we also see in the small sample, the underestimation of the

strong outcome effect was severe for the four methods other than the simultaneous approach.
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The percentage bias was from —23.241% to —41.906% with most likely class regression having
the smallest percentage bias and probability regression having the largest. The simultaneous
approach recovered the true parameter of the strong outcome effect very well with a percentage
bias of only 0.452%.

Table 4.1.1B.

Mean Parameter Estimates, Percentage Bias, and MSEs for the Fully-Crossed Design with

Mixed Rater Detection and Large Sample Size (N = 1080)

Outcome Effect
-1 0.5 4
Estimate % Bias MSE Estimate % Bias MSE Estimate % Bias MSE
Most Likely Class Regression -0.962 -3.806% 0.007 0.488 -2.401% 0.002 3.070 -23.241% 0.874

Method

Probability Regression -1.009 0.930% 0.008 0.468 -6.367% 0.003 2.324 -41.906% 2.818
Probability-Weighted Regression -0.962 -3.823% 0.008 0.490 -2.039% 0.002 2.974 -25.658% 1.063
Pseudo-Class Regression -0.911 -8.862% 0.013 0.465 -7.000% 0.003 2.675-33.122% 1.764

Simultaneous Approach -1.007 0.654% 0.007 0.502 0.375% 0.002 4.018 0.452% 0.029

Table 4.1.1B also shows that the trends of MSEs were similar to those in the small
sample. They were also consistent with the parameter estimates. MSEs for the five approaches
were from 0.007 to 0.013 for the negative outcome effect and from 0.002 to 0.003 for the weak
outcome effect. They were all small. For the strong outcome effect, MSEs for the four methods
other than the simultaneous approach were from 0.874 to 2.818, which were much larger that
that for the simultaneous approach. As we can see, most likely class regression seemed to have
the smallest MSE of these four methods. MSE for the simultaneous approach, however, was only
0.029 due to its bias being almost zero. Again, it seems that both the negative and the weak
outcome effect were recovered well by all approaches. The simultaneous approach recovered all

three outcome parameters best among all approaches with much smaller percentage bias and
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smaller MSEs. Most likely class regression seemed to perform comparatively better than the
other three-step approaches.

As shown in Table 4.1.1A and Table 4.1.1B, parameter estimates were generally
improved when the sample size was increased. The extent of improvement was quite small,
though, especially for the strong outcome effect.

Standard Errors

Since the true population standard error (SE) is not known, we can use standard deviation
(SD) of the parameter estimate as an estimate of the true value (Muthén, 2002). Estimated SEs of
parameter estimates were compared to the standard deviations of parameter estimates to see how
well they were recovered by the five approaches.

Table 4.1.1C presents mean SEs recovered by all approaches and percentage bias
compared to SDs in the small sample (N = 225). As shown in Table 4.1.1C, the percentage bias
by all five approaches was within the acceptable range of —10% to 10% for both the negative and
the weak outcome effect. SEs ranged from 0.158 to 0.195 for the negative effect and 0.084 to
0.097 for the weak effect with the simultaneous approach and probability regression having
larger values. For the strong outcome effect, only probability regression and probability-
weighted regression underestimated SE by more than 10%. The other approaches all had
percentage bias within the acceptable range. SEs for this effect ranged from 0.180 to 0.217 for
the four methods other than the simultaneous approach which had a larger SE at 0.394. This
seems to be consistent with what Clark and Muthén (2009) found in their study, which is that the
other approaches underestimated SEs.

Table 4.1.1D shows mean SEs and percentage bias in the large sample (N = 1080). All

five approaches had insignificant percentage bias for the three outcome effects. SEs were from
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0.077 to 0.091 for the negative effect, 0.042 to 0.045 for the weak effect, and 0.083 to 0.173 for

the strong effect.

Table 4.1.1C.

Mean SDs, SEs, and Percentage Bias for the Five Approaches for the Fully-Crossed Design with

Mixed Rater Detection and Small Sample Size (N = 225)

Outcome Effect

-1 0.5 4

Method SD. SE. %Bsfgs_ sD. SE %if SD. SE. %z'?
Most Likely Class Regression 0.172 0.173 0.936% 0.088 0.092 4.503% 0.230 0.217 -5.712%
Probability Regression 0.197 0.195 -0.933% 0.094 0.097 3.049% 0.203 0.180 -11.334%
Probability-Weighted Regression 0.173 0.158 -8.893% 0.090 0.084 -6.982% 0.235 0.190 -19.365%
Pseudo-Class Regression 0.168 0.169 0.502% 0.089 0.091 2.673% 0.201 0.195 -3.069%
Simultaneous Approach 0.185 0.188 2.142% 0.094 0.096 2.054% 0.386 0.394 2.076%
Table 4.1.1D.

Mean SDs, SEs, and Percentage Bias for the Five Approaches for the Fully-Crossed Design with

Mixed Rater Detection and Large Sample Size (N = 1080)

Outcome Effect

-1 0.5 4
Method sD. SE %Bsfgs_ sD. SE %gfés_ sD. SE %z'és
Most Likely Class Regression 0.077 0.080 3.906% 0.041 0.043 5.547% 0.099 0.102 3.000%
Probability Regression 0.090 0.091 1.742% 0.044 0.045 3.436% 0.089 0.083 -6.637%
Probability-Weighted Regression 0.079 0.074 -6.579%  0.042 0.040 -4.340% 0.100 0.090 -9.489%
Pseudo-Class Regression 0.075 0.077 3.669% 0.041 0.042 3.412% 0.091 0.090 -1.024%
Simultaneous Approach 0.083 0.085 1.485% 0.043 0.044 1.377% 0.168 0.173 3.167%
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The simultaneous approach and probability regression still had comparatively larger SEs for the
negative and the weak outcome effect and the simultaneous approach had the largest SE for the
strong effect. From Table 4.1.1C and Table 4.1.1D, we can see that SEs became smaller with the
increase in the sample size.
Coverage

As mentioned previously, coverage is the proportion of replications for which the 95%
confidence interval contains the population parameter value (Muthén, 2002; Muthén and Muthén,
2008). It ranges from 0O to 1. Larger values indicate better coverage. Table 4.1.1E presents
coverage for the five approaches for all three outcome effects in the small sample (N = 225).
Most approaches had coverage at 0.9 or above for both the negative and the weak outcome effect
with the simultaneous approach having larger values at over 0.95. This is not surprising
according to the parameter estimates and SEs presented in previous tables (see Table 4.1.1A -
Table 4.1.1D). The simultaneous approach had better parameter recovery and larger SEs, which
made the 95% confidence intervals broader so that they covered the true parameter value more
often in the replications. When it came to the strong outcome effect, the patterns of coverage
across the five approaches changed. Coverage for the three-step approaches was close to zero. It
was, however, consistent with the patterns of parameter estimates. As shown in Table 4.1.1A,
only the simultaneous approach could obtain unbiased parameter estimate for this outcome effect.
Its percentage bias was much smaller than that of the other approaches which was all over 26%.
The much bigger bias of estimates caused the 95% confidence intervals of estimates by the other
approaches to be much further away from the true parameter value and therefore not able to
cover the true parameter value in most replications. Table 4.1.1E1 in Appendix A summarizes

the parameter estimates of the strong outcome effect and SEs for most likely class regression for
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all 500 replications. The 95% confidence interval for the parameter estimate in each data
replication was also calculated and listed in this table. As we can see, of the 500 replications,
only six had a 95% confidence interval covering the true value of 4 for the strong outcome effect.
Coverage for this effect for most likely class regression was then calculated as 6 divided by 500
which was 0.012.

Therefore, consistent with their performance on recovering the true parameter and SE for
the strong outcome effect (see Table 4.1.1A and Table 4.1.1C), most likely class regression and
probability-weighted regression were able to have a 95% confidence interval covering the true
parameter in some replications. Probability regression and pseudo-class regression were not able
to have a 95% confidence interval covering the true parameter in any replications at all. Both had
zero coverage for the strong outcome effect.

Table 4.1.1E.
Coverage for the Five Approaches for the Fully-Crossed Design with Mixed Rater Detection and

Small Sample Size (N = 225)

Outcome Effect

Method E) 05 2
Most Likely Class Regression 0.930 0.942 0.012
Probability Regression 0.948 0.930 0.000
Probability-Weighted Regression 0.888 0.894 0.004
Pseudo-Class Regression 0.891 0.917 0.000
Simultaneous Approach 0.966 0.958 0.960

Table 4.1.1F presents coverage for the five approaches for all three outcome effects in the
large sample (N = 1080). The pattern illustrated was similar as that in the small sample. Except

for pseudo-class regression, all approaches had coverage at over 0.90 for both the negative and



48

the weak outcome effect. The simultaneous approach had coverage at over 0.95 for both effects.
As similarly shown in Table 4.1.1E, the simultaneous approach had much larger coverage for the
strong outcome effect than the other four methods which all had zero coverage. This is because
with the increase in the sample size, SEs became smaller. Therefore the 95% confidence
intervals became narrower.

Table 4.1.1F.

Coverage for the Five Approaches for the Fully-Crossed Design with Mixed Rater Detection and

Large Sample Size (N = 1080)

Outcome Effect

Method E) 05 2
Most Likely Class Regression 0.940 0.942 0.000
Probability Regression 0.960 0.906 0.000
Probability-Weighted Regression 0.904 0.934 0.000
Pseudo-Class Regression 0.784 0.876 0.000
Simultaneous Approach 0.952 0.958 0.954
Power

As discussed previously, a z statistic is calculated by dividing parameter estimate by SE
for determining whether the null hypothesis of no outcome effect can be rejected. A larger
absolute z statistic indicates a bigger difference between the estimated parameter value and zero.
For the 500 replications, the proportion of replications with an absolute z value larger than 1.96
was calculated. As mentioned previously, this proportion indicates the power to reject the null
hypothesis of no outcome effect when it is false. A value of 0.8 or higher is usually considered

sufficient power (Muthén, 2002; Muthén and Muthén, 2002). To confirm the power obtained
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based on the z statistics, 95% confidence intervals were also examined to see whether zero was
in the intervals for all replications. The results were consistent with the z statistics.

Table 4.1.1G presents the average z values across 500 replications for each outcome
effect and each approach used to measure the effect in the small sample (N = 225). The
proportion of replications with an absolute z value larger than 1.96 was also included in the table.
It is obvious that all approaches were able to reject the null hypothesis of no outcome effect,
meaning that parameter estimates were all significant at 95% confidence level.

Table 4.1.1G.
Mean z Values and Power for the Five Approaches for the Fully-Crossed Design with Mixed

Rater Detection and Small Sample Size (N = 225)

Outcome Effect

-1 0.5 4
e SUSE e raree BUSE Coes o FVSE Eses o
Most Likely Class Regression -5.389 1.000 5.012 1.000  13.587 1.000
Probability Regression -4.982 1.000 4.615 0.998  12.658 1.000
Probability-Weighted Regression -5.863 1.000 5.430 1.000 14.901 1.000
Pseudo-Class Regression -5.309 1.000 4.921 1.000 13.411 1.000
Simultaneous Approach -5.350 1.000 5.105 1.000  10.246 1.000

The z values for all five approaches were quite similar within the outcome effect for both
the negative and the weak outcome effect, indicating that they were almost equally able to detect
the outcome effects. The z values ranged from —4.982 to —5.863 for the negative effect and from
4.615 to 5.430 for the weak effect. The z values were much bigger for the strong outcome effect
than for the other two effects. The simultaneous approach had a z value of 10.246 and the others
had a value from 12.658 to 14.901. This is because the parameter estimates for all five

approaches were all over 2 which were obviously far from zero, compared with the estimates for
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the negative and the weak outcome effect. The z value by the simultaneous approach for the
strong outcome effect was smaller than those by the other approaches because it had a larger SE
than the other approaches.

Table 4.1.1H includes power results based on the large sample (N = 1080). When the
sample size was increased, as shown in Table 4.1.1H, the absolute z values all increased to 10 or
lower teens for the negative and the weak outcome effect. For the strong outcome effect, z values
were all in the 20s or 30s for all five approaches. This was because the parameters were
recovered better, but SEs got smaller with the increase in the sample size. Again, for the strong
outcome effect, the simultaneous approach had a z value that was smaller than the others because
it had the largest SE. Table 4.1.1G and Table 4.1.1H show that all approaches had power of one
in detecting all outcome effects.

Table 4.1.1H.
Mean z Values and Power for the Five Approaches for the Fully-Crossed Design with Mixed

Rater Detection and Large Sample Size (N = 1080)

Outcome Effect

-1 0.5 4
e SUSE e ratee BUSE foes e FVSE Eses o
Most Likely Class Regression -11.961 1.000 11.245 1.000  30.057 1.000
Probability Regression -11.046 1.000 10.336 1.000 27.939 1.000
Probability-Weighted Regression -13.053 1.000 12.243 1.000 32.910 1.000
Pseudo-Class Regression -11.769 1.000 11.028 1.000  29.730 1.000
Simultaneous Approach -11.883 1.000 11.440 1.000  23.209 1.000

4.1.2 Condition Two: Moderate Rater Detection (d = 2)
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Table 4.1.2A - Table 4.1.2H (Appendix B) include information on mean parameter
estimates, mean SEs, coverage, mean z values, and power under the condition of moderate rater
detection for the fully-crossed design.

Table 4.1.2A and Table 4.1.2B present mean parameter estimates and MSEs for the five
approaches in a small (N = 225) and a large (N = 1080) sample when all three raters had
moderate detection. As we can see from both tables, parameters were recovered worse than
under the condition of mixed rater detection, especially for the three-step approaches. This was
because raters did not have as good detection as under the previous condition. Under the
condition of mixed rater detection, d for the three raters was 2, 3, and 4. This means that the
average detection of the three raters was 3, which was better than the detection of raters under
the current condition. As DeCarlo (2002a, 2008) found, better rater detection leads to improved
classification. In another word, when raters have worse detection, observations are classified less
accurately. Therefore, under the condition of moderate detection, observations were classified
with lower accuracy. Using classification results to predict outcomes then yielded less accurate
predictions. Table 4.1 below shows classification accuracy results under the three conditions of
rater detection for the fully-crossed design. Classification error is the proportion of observations
estimated to be misclassified when observations are being classified to the class having the
highest membership probability (Vermunt and Magidson, 2005a). The closer it is to zero, the
better the classifications. Entropy R-squared is an index to indicate how well class membership
are predicted based on the observed indicators with values close to one indicating better
predictions (Vermunt and Magidson, 2005a). As we can see from Table 4.1, when raters had

moderate detection (d = 2), classification error was larger than that when raters had mixed
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detection (average d = 3). This also means that observations were classified less accurately when
raters had worse detection.
Table 4.1.

Classification Accuracy Results for Simulation Study One

N=225 N=1080
Fully-crossed Design (3 Clssification  Entropy R- Clssification  Entropy R-
raters) Error squared Error squared
d=2 0.294 0.586 0.305 0.584
d = mixed (average d = 3) 0.151 0.773 0.151 0.775
d=4 0.074 0.878 0.072 0.876

The changes in percentage bias for the simultaneous approach, compared with that under
the condition of mixed rater detection (see Table 4.1.1A versus Table 4.1.2A and Table 4.1.1B
versus Table 4.1.2B), however, were very small because this approach does not require
classification of observations. Therefore, the changes in rater detection did not seem to affect its
parameter recovery as much as that for the three-step methods.

All approaches still generally underestimated the three outcome parameters except that
probability regression overestimated the negative and the weak effect and the simultaneous
approach overestimated the negative effect (see Table 4.1.2A and Table 4.1.2B). In both samples,
only the simultaneous approach was able to recover the three outcome effects well with trivial
percentage bias. For the other four approaches, percentage bias was generally beyond the
acceptable range of —10% to 10% for all outcome effects. The three-step approaches all severely
underestimated the strong outcome effect with percentage bias ranging from —43.349% to
—55.346% in the small sample and —36.171% to —52.475% in the large sample. Table 4.1.2A and

Table 4.1.2B show that MSEs were generally small across all approaches for the negative and
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the weak outcome effect. MSEs were generally much larger for the strong effect, especially for
the methods other than the simultaneous approach. They ranged from 3.053 to 4.920 in the small
sample and 2.105 to 4.410 in the large sample. The simultaneous approach had an MSE of only
0.265 in the small sample and 0.061 in the large sample. As observed under the condition of
mixed rater detection, when the sample size was increased, parameters were recovered slightly
better in general. However, the extent of improvement was small. It seems that the changes in
rater detection had a bigger effect on parameter estimates than the changes in sample size.

Table 4.1.2C and Table 4.1.2D show mean SEs and percentage bias compared to SDs in
both samples. SEs were generally slightly smaller than those under the condition of mixed rater
detection. The simultaneous approach, however, had larger SEs under this condition. Probability-
weighted regression underestimated SEs by more than 10% for all outcome effects in both the
small and the large sample. All other approaches generally had percentage bias within the
acceptable range. Probability regression and the simultaneous approach seemed to have larger
SEs for both the negative and the weak outcome effect in both samples. For the strong outcome
effect, the simultaneous approach had largest SE. The two tables show that when the sample size
got larger, SEs became smaller.

In Table 4.1.2E and Table 4.1.2F, coverage is presented. Coverage was worse than that
under the condition of mixed rater detection, especially for the three-step approaches, as shown
in Table 4.1.1E and Table 4.1.1F. As explained previously, worse rater detection leads to lower
classification accuracy, which then leads to worse parameter estimates. The bigger bias caused
the 95% confidence intervals to be further away from the true parameter value. Only the

simultaneous approach was able to obtain coverage at or close to 0.95 for all three outcome
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effects in both samples. The other four methods all had zero coverage for the strong outcome
effect in both samples.

Power for the five approaches under the condition of moderate rater detection is
presented in Table 4.1.2G and Table 4.1.2H. The trends were similar as those under the condition
of mixed rater detection. Mean z values did not differ much across the five approaches within
either the negative or the weak outcome effect. The simultaneous approach had a much smaller z
value than the other methods for the strong outcome effect due to its larger SEs. When the
sample size was increased, z values became larger due to smaller SEs. It is obvious that all
approaches were able to detect the three outcome effects as values different from zero with
power of one or close to one.

4.1.3 Condition Three: Excellent Rater Detection (d = 4)

Similarly, we examined the results under the condition where all three raters had
excellent detection. Table 4.1.3A - Table 4.1.3H (Appendix C) present information on mean
parameter estimates, mean SEs, coverage, mean z values, and power for this condition for the
fully-crossed design.

Table 4.1.3A and Table 4.1.3B present mean parameter estimates and MSEs for the five
approaches in a small (N = 225) and a large sample (N = 1080), respectively. As shown in these
tables, parameters were recovered better than under the condition of mixed rater detection where
the average d was 3, especially for the three-step approaches because of more accurate
classification of observations as a result of better rater detection (see Table 4.1). All approaches
generally underestimated the three outcome parameters as under the other two conditions of rater
detection. They were able to recover the negative and the weak outcome effect well with trivial

percentage bias. However, except for the simultaneous approach, no method was able to recover
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the strong outcome effect well. Similar to what happened under the other two conditions of rater
detection, the three-step approaches all severely underestimated the strong outcome effect with
percentage bias ranging from —13.219% to —20.056% in the small sample and —13.451% to
—20.149% in the large sample. The simultaneous approach seemed to perform best with trivial
percentage bias for all three outcome effects in both samples.

As we can see, MSEs for all approaches were small for both the negative and the weak
effect in both samples. The simultaneous approach still had much smaller MSEs than the other
approaches for the strong outcome effect, but the difference between its MSEs and those of the
others got smaller than that under the other two conditions of rater detection. This is more
because MSEs for the three-step approaches were much smaller than those under the other two
conditions, as a result of better parameter recovery. From these two tables (Table 4.1.3A and
Table 4.1.3B), it seems that when rater detection was excellent across the board, MSEs got
slightly smaller with an increase in the sample size as similarly observed under the other two
conditions of rater detection, but the changes in parameter estimates were negligible. The
reduction in MSEs was mainly due to smaller SEs in the large sample.

Table 4.1.3C and Table 4.1.3D include mean SEs and percentage bias compared to SDs
in the small and the large sample with excellent rater detection. Probability regression and
probability-weighted regression tended to underestimate SEs by 10% or more for the strong
outcome effect. Other approaches generally recovered SEs well. As observed under the other two
conditions of rater detection, probability regression and the simultaneous approach seemed to
have larger SEs for both the negative and the weak outcome effect in both samples. For the

strong outcome effect, the simultaneous approach had largest SEs. It seems that SEs tended to
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get slightly larger in general than those under the condition of mixed rater detection except for
the simultaneous approach. It had smaller SEs.

Table 4.1.3E and Table 4.1.3F present coverage information. Coverage is better than that
under the other two conditions of rater detection, especially for the three-step approaches. All
approaches had coverage at over 0.91 for both the negative and the weak outcome effect in both
samples. The simultaneous approach had coverage at or above 0.95. Coverage for these two
outcome effects in the two samples was quite similar within each approach. It seems that the
sample size did not affect coverage much for these two effects when rater detection was
excellent. This is mainly because parameter estimates did not change much when the sample size
changed (see Table 4.1.3A and Table 4.1.3B). SEs did get smaller in the large sample, but the
difference was too small to have a big impact on the 95% confidence intervals. For the strong
outcome effect, only the simultaneous approach was able to obtain acceptable coverage at over
0.935 in both samples. The other four approaches had much lower coverage and their coverage
was worse in the large sample. This is because while their parameter estimates did not change
much with an increase in the sample size, the reduction in SEs for this outcome effect was bigger
than that for the negative and the weak effect. The reduction was large enough to make the 95%
confidence intervals considerably narrower than those in the small sample.

Table 4.1.3G and Table 4.1.3H show power for the five approaches under the condition
of excellent rater detection. The trends were similar as those under the other two conditions of
rater detection. Mean z values did not differ much across the five approaches within either the
negative or the weak outcome effect. In both samples, the simultaneous approach had a smaller z
value than the other methods for the strong outcome effect due to its larger SE. However, as we

can see from these two tables, the difference between the z values for the simultaneous approach
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and those for the other approaches was not as big as under the other two conditions of rater
detection. This is because when rater detection was excellent, all approaches seemed to be able
to obtain unbiased parameter estimates and the difference of SEs among approaches got smaller.
Similarly, all approaches were able to detect the three outcome effects as values different from
zero with power of one or close to one.
Summary of the Fully-Crossed Design

In the fully-crossed design, the five approaches generally underestimated the three
outcome effects regardless of sample size and rater detection except that probability regression
and the simultaneous approach sometimes overestimated some parameters. The simultaneous
approach seemed to overestimate the negative outcome effect all the time, but the percentage
bias was trivial. When looking at the parameter recovery for the three outcome effects together,
we found that the simultaneous approach was always able to recover the parameters very well
with small percentage bias and MSEs and desirable coverage under all conditions of rater
detection. Its MSE for the strong outcome effect was always much smaller than those for the
other approaches. It also tended to have a larger SE among all approaches. It had a similarly
large SE as probability regression for the negative and the weak outcome effect and always had
the largest SE for the strong effect. When the three raters had various levels of detection or when
rater detection was excellent across the board, the other four approaches were able to recover the
negative and the weak outcome effect quite well. If rater detection was moderate for all raters,
they were not able recover these two effects. However, none of them was able to recover the
strong outcome effect to a satisfactory extent at all under any condition, but most likely class

regression seemed to perform comparatively better than the other three-step approaches. All



58

approaches seemed to have power of one or almost one which was sufficient to detect the
outcome effects.

It is also noticed that parameters were recovered better across the board when raters had
better detection. This is especially true for the three-step approaches. As explained previously,
this is because better rater detection leads to improved classification of observations (DeCarlo,
2002a, 2008; also see Table 4.1). Therefore, using classification results to predict outcomes
yielded better predictions. The improvement in parameter recovery for the simultaneous
approach was not as big as that for the other methods because this approach does not require
classification and was always able to obtain unbiased parameter estimates anyway. When raters
had better detection, MSEs also got smaller because of smaller bias, but SEs were slightly larger
in general except that the simultaneous approach tended to have smaller SEs. The possible
explanation for this is that when raters had better detection, observations were classified more
accurately. Therefore, for the three-step approaches, the extent of the underestimation of
standard errors became less. However, for the simultaneous approach, no classification is
required. When raters had better detection, the indicators reflected the latent class variable better
and therefore less measurement errors were generated. Coverage was larger as well due to better
parameter estimates. When the sample size was increased, parameters were recovered slightly
better. However, when rater detection was excellent, the improvement in parameter estimates
caused by an increase in the sample size was negligible.

4.2 Simulation Study Two: BIB Design

As done for the fully-crossed design, in this section, results for the BIB design are

described and compared for each condition of rater detection and sample size. They are also

compared to those for the fully-crossed design. Table 4.2.1A - Table 4.2.1H (Appendix D)
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present information on mean parameter estimates, mean SEs, coverage, mean z values, and
power under the condition of mixed rater detection for the BIB design; Table 4.2.2A - Table
4.2.2H (Appendix E) and Table 4.2.3A - Table 4.2.3H (Appendix F) have the same information
for the condition of moderate and excellent rater detection, respectively.

4.2.1 Condition One: Mixed Rater Detection (d =1 to 5)

Under this condition, the detection of the ten raters was 1 to 5 with every two raters
having same detection. Therefore the average d of the ten raters was 3. Table 4.2.1A and Table
4.2.1B summarize the percentage bias in mean parameter estimates and MSEs in a small (N =
225) and a large (N = 1080) sample with a BIB design. As seen in these tables, parameters were
recovered worse in general in the BIB design than in the fully-crossed one. All approaches
generally underestimated the outcome effects except that the simultaneous approach
overestimated the strong effect. None of the three-step approaches seemed to able to recover any
of the three outcome effects well. The simultaneous approach was able to obtain unbiased
estimate for the negative and the weak effect, but overestimated the strong effect by 13.336% in
the small sample. It recovered the strong effect very well in the large sample. As observed in the
fully-crossed design, the underestimation of the strong effect by the other four methods was still
much more severe than that of the negative or the weak effect with percentage bias from
—52.169% to —59.038% in the small sample and —37.405% to —52.549% in the large sample.

Table 4.2.1A and Table 4.2.1B also show that, consistent with parameter estimates,
MSEs for the negative and the weak outcome effect were generally small. For the strong
outcome effect, the simultaneous approach had an MSE of 0.649 in the small sample and 0.057

in the large sample. All other approaches had much larger MSEs from 4.380 to 5.595 in the small
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sample and 2.247 to 4.423 in the large sample. The trends were very similar as those observed in
the fully-crossed design.

It seems parameters were generally recovered better across approaches when the sample
size was increased. The simultaneous approach recovered parameters best in both samples as
similarly observed in the fully-crossed design. However, its percentage bias of the estimate of the
strong outcome effect was slightly beyond the acceptable range when the sample size was small.

Table 4.2.1C and Table 4.2.1D present mean SEs for the BIB design in both samples. In
general, SEs for the BIB design were slightly smaller than those for the fully-crossed design
across the board. The simultaneous approach, however, had larger SEs in general for the BIB
design than for the fully-crossed design. For example, SE for the strong outcome effect for the
simultaneous approach in the small sample was 0.671 for the BIB design but 0.394 for the fully-
crossed design.

Probability-weighted regression had the largest percentage bias of all approaches in
recovering SEs for the three outcome effects. All other approaches generally had insignificant
percentage bias for all three outcome effects. Like in the fully-crossed design, probability
regression and the simultaneous approach had larger SEs for the negative and the weak outcome
effect. For the strong outcome effect, the simultaneous approach still had much larger SEs than
the others. As in the fully-crossed design, SEs became smaller with an increase in the sample
size.

Table 4.2.1E and Table 4.2.1F include coverage results for estimates obtained using the
five approaches in both samples for the BIB design. As we can see, only the simultaneous
approach was able to obtain desirable coverage at around 0.95 for all outcome effects in both

samples. Probability regression had higher coverage among the other four approaches in both
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samples for the negative effect only. Different from the fully-crossed design where most
approaches had acceptable coverage for the weak outcome effect, only the simultaneous
approach had desirable coverage for this effect. Except for the simultaneous approach, no
method obtained an estimate with a 95% confidence interval being able to cover the true
parameter for the strong outcome effect at all. They all had zero coverage for this effect. The
simultaneous approach, however, had large coverage at 0.968 for this effect in both samples.

Table 4.2.1G and Table 4.2.1H present the results of mean z values and power obtained
based on the small and the large sample for the BIB design. As similarly observed in the fully-
crossed design, the average z values for all five approaches were quite similar within the
outcome effect for both the negative and the weak effect. The z values were generally much
bigger for the strong outcome effect than for the other two effects. The simultaneous approach
still had a smaller z value than the other approaches for the strong effect because it had much
larger SEs. As we see in the fully-crossed design, all approaches had power of one or almost one
in detecting all outcome effects as values different from zero. In addition, they show that, overall,
z values did not differ much between the fully-crossed and the BIB design.

4.2.2 Condition Two: Moderate Rater Detection (d = 2)

Table 4.2.2A and Table 4.2.2B present mean parameter estimates and MSEs for the five
approaches in a small (N = 225) and a large sample (N = 1080) where rater detection was
moderate for all raters. Again, all approaches generally underestimated the three outcome
parameters. Only the simultaneous approach was generally able to recover all parameters with
acceptable percentage bias. Overall parameters were recovered worse than under the condition
when raters had mixed detection, or in another word, when the average detection was 3. As seen

in both the fully-crossed design and under the condition of mixed rater detection for the BIB
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design, the three-step approaches all severely underestimated the strong outcome effect. Pseudo-
class regression still had largest percentage bias of all approaches as observed previously. It
seems that when the sample size was increased, parameters were recovered slightly better in
general.

Table 4.2.2C and Table 4.2.2D show mean SEs and percentage bias compared to SDs in
both samples. SEs were underestimated overall. They were generally slightly smaller than those
under the condition of mixed rater detection and smaller than those in the fully-crossed design.
SEs for the simultaneous approach, however, were overall slightly larger than those under the
condition of mixed rater detection and larger in the BIB design. As observed before, probability
regression and the simultaneous approach generally seemed to have larger SEs among all
approaches for both the negative and the weak outcome effect in both samples. For the strong
outcome effect, the simultaneous approach had a considerably larger SE than the others in both
samples.

Table 4.2.2E and Table 4.2.2F present coverage for the small and the large sample.
Coverage was worse than that under the condition of mixed rater detection (see Table 4.2.1E and
Table 4.2.1F). The patterns across the approaches and the sample sizes, however, were very
similar as those observed in the fully-crossed design. Except for the simultaneous approach, all
methods had zero coverage for the strong outcome effect in both samples. The simultaneous
approach was able to obtain acceptable coverage for all outcome effects with coverage being
slightly better in the large sample. Coverage for the large sample was generally worse than that

in the small sample for the other approaches.
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Table 4.2.2G and Table 4.2.2H present power for the five approaches. The trends were
similar as those under the condition of mixed rater detection and as those in the fully-crossed
design.

4.2.3 Condition Three: Excellent Rater Detection (d = 4)

Similarly, the results obtained under the condition of excellent rater detection for all
raters were examined. Table 4.2.3A and Table 4.2.3B present mean parameter estimates and
MSEs for the five approaches in a small (N = 225) and a large sample (N = 1080). Overall,
parameters were recovered better than under the condition when raters had mixed detection. All
approaches underestimated the three outcome parameters except that the simultaneous approach
overestimated the negative outcome effect in the large sample and the strong effect in both
samples. Similar to what happened under the other two conditions of rater detection and in the
fully-crossed design, the three-step approaches all severely underestimated the strong outcome
effect. Only the simultaneous approach was able to obtain unbiased parameter estimates for all
three outcome effects in both samples. All other approaches generally had significant percentage
bias. It seems that when the sample size was increased, the improvement in parameter estimates
was not as noticeable as that under the other conditions of rater detection.

Table 4.2.3C and Table 4.2.3D include mean SEs and percentage bias compared to SDs
in the small and the large sample with excellent rater detection. SEs were generally slightly
larger than those under the condition of mixed rater detection, but generally smaller than those in
the fully-crossed design. SEs for the simultaneous approach were overall slightly smaller than
those under the condition of mixed rater detection, but larger than those in the fully-crossed
design. Probability-weighted regression underestimated SEs by more than 10% for all outcome

effects in both samples. All other approaches recovered SEs well with insignificant percentage
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bias. As observed under the other two conditions of rater detection and in the fully-crossed
design, probability regression and the simultaneous approach seemed to generally have larger
SEs among approaches for both the negative and the weak outcome effect in both samples. For
the strong outcome effect, the simultaneous approach had obviously larger SE than the others in
both samples.

Table 4.2.3E and Table 4.2.3F present coverage information. Coverage was better than
that under the other two conditions of rater detection. All approaches except for probability-
weighted regression had coverage at or over 0.8 for both the negative and the weak outcome
effect in the small sample. Unlike in the fully-crossed design where the sample size did not affect
coverage much for these two effects when rater detection was excellent, coverage was worse in
the large sample for the three-step approaches due to big bias and smaller SEs in the large
sample. The simultaneous approach, however, was able to obtain desirable coverage at over 0.95
for all outcome effects in both samples. The other four approaches had generally zero coverage
for the strong outcome effect in both samples.

Table 4.2.3G and Table 4.2.3H show power for the five approaches under the condition
of excellent rater detection. The trends were similar as those under the other two conditions of
rater detection and in the fully-crossed design.

Summary of the BIB Design

In general, parameters were not recovered as well as in the fully-crossed design. This is
not surprising because there were missing values in the BIB design (DeCarlo, 2008). Less
information was available for estimating parameters. However, the simultaneous approach was
able to recover all outcome effects very well with small percentage bias and MSEs and

acceptable coverage under almost all conditions. It only had percentage bias slightly over 10%
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for the strong outcome effect in the small sample where the ten raters had mixed levels of
detection. Like in the fully-crossed design, its MSE for the strong outcome effect was always
much smaller than those for the other approaches due to its small bias of parameter estimate.

Based on the results for all three conditions of rater detection, all approaches generally
underestimated the outcome effects except that the simultaneous approach had a tendency to
overestimate the strong outcome effect in the BIB design. Unlike in the fully-crossed design
where the other four approaches were at least able to recover the negative and the weak outcome
effect quite well when all raters had mixed detection or when rater detection was excellent across
the board, they had unsatisfactory performance on parameter recovery in general in the BIB
design. They were not able to obtain unbiased parameter estimates, even though most likely class
regression seemed to do slightly better than the other three-step approaches.

Generally, SEs for the BIB design were only slightly smaller than those for the fully-
crossed design except for those for the simultaneous approach. SEs for this approach were
overall larger in the BIB design. This might be because for the three-step approaches, the
missing information in the BIB design caused observations to be classified less accurately and
therefore SEs were underestimated to a larger extent when the classification results were used to
predict outcomes. SEs therefore became generally smaller in the BIB design. This is consistent
with the patterns of parameter estimates. Parameters were recovered worse by these approaches
in the BIB design. However, for the simultaneous approach, classification is not required. But the
missing information might have caused more measurement errors to be generated in the BIB
design. Therefore, SEs for this approach became larger in the BIB design. The trends about SEs
within the BIB design were very similar to those observed in the fully-crossed design. When

raters had better detection, SEs for the three-step approaches tended to become larger possibly
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due to less underestimation of SEs as a result of better classification of observations. The
simultaneous approach, however, tended to have smaller SEs with better rater detection probably
because of less measurement errors being generated when the LCA model was formed.
Probability regression and the simultaneous approach usually had larger SEs among approaches
for the negative and the weak outcome effect, while the simultaneous approach always had
considerably larger SEs than the other methods for the strong effect. All approaches had power
of one or almost one which was sufficient to detect the outcome effects.

Like in the fully-crossed design, parameters were recovered better across the board when
raters had better detection, especially for the three-step approaches because of more accurate
classification of observations (see Table 4.2 in Appendix G). MSEs got smaller and coverage got
larger. Similar to what we see in the fully-crossed design, when the sample size was increased,
parameter estimates got better in general. When detection was excellent across all raters, the
improvement in parameter recovery with the increase in the sample size was not as large as that
when detection was overall moderate or when raters had mixed levels of detection.

4.3 Simulation Study Three: An Approximation to the Real Data

Table 4.3A - Table 4.3L (Appendix H) present results based on a fully-crossed design
with eight raters and a sample size of 125. As mentioned previously, these conditions were set up
to match those in the real data so that results from the simulation study and the real data could be
easily compared. Three conditions of rater detection were considered: mixed, moderate, and
excellent detection for all raters.

The patterns of performance by the five approaches were similar as those observed
previously. The simultaneous approach was still the one that performed best in recovering

parameters. Parameters were generally underestimated when rater detection was moderate or
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mixed. Different from the first two simulation studies, when rater detection was excellent for all
raters, all approaches overestimated the negative and the weak outcome effect. However, the
percentage bias was trivial.

It is obvious that the small sample size did not affect the parameter estimates much at all.
As we can see, all five methods were able to obtain unbiased estimates of the negative and the
weak outcome effect with trivial to small percentage bias under all three conditions of rater
detection. The four methods other than the simultaneous approach still underestimated the strong
outcome effect to a greater extent as observed before. It is evident that when rater detection was
better, parameters were recovered better by all methods, especially for the three-step approaches
because of more accurate classification of observations (see Table 4.3 in Appendix G). The
impact of the changes in rater detection on parameter estimates by the simultaneous approach
was not as much as for the other methods. This is similar to what we have observed in the other
two simulation studies. When rater detection was excellent for all raters, all methods were able to
recover all three outcome effects very well. The percentage bias was trivial across the board,
especially for the negative outcome effect. In the first two simulation studies, none of the four
methods other than the simultaneous approach was ever able to obtain unbiased estimate of the
strong outcome effect. It seems that when there were more raters, parameters were recovered
better, especially for the three-step approaches. This indicates that more raters bring in more
information which leads to more accurate classification of observations.

SEs were generally recovered well with percentage bias within the acceptable range
under the three conditions of rater detection. Coverage obtained by all five approaches was
acceptable for both the negative and the weak outcome effect. Coverage for the strong outcome

effect was not satisfying for the three-step approaches when rater detection was moderate or
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mixed for all raters. However, it was much higher than that observed in the previous simulation
studies where coverage was often zero for the strong outcome effect for these four approaches.
This is not surprising because more rater responses provided more information about the latent
class variable, which led to better classifications. Therefore, parameters were recovered better
with higher classification accuracy (Clark and Muthén, 2009) and coverage was better as well.
4.4 The Simultaneous Approach

As we have found from the simulation results, the simultaneous approach was able to
recover the true outcome parameters almost all the time. However, when outcome variables are
included in an LCA model, they will likely affect the parameters of the response (rater) variables.
To see how they are affected, the rater parameters estimated by the LCA model without the
outcome variables were compared with those obtained by the simultaneous approach.

Table 4.4A - Table 4.40 (Appendix I) present the comparisons between the two models
for all simulation conditions that were discussed previously. For example, Table 4.4A shows
how the rater parameters differ in the two models in the small sample (N = 225) with a fully-
crossed design where the three raters had mixed levels of detection. Because the data were
simulated and not perfect, the model without the three outcome variables had bias in recovering
the true rater parameters, for example, —1.020% for d;, 1.517% for d,, and —0.728% for ds. After
the three outcomes were included in the model, the percentage bias was reduced to 0.140% for d,
0.120% for d,, and 0.368% for ds. The percentage bias for the threshold values was also reduced.

The trends were consistent in all simulations. It seems that, in the current study, including
all outcome variables at the same time in the LCA model made the rater parameters recovered
better.

4.5 Analysis of Real Data
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As mentioned in the methods section, the real data set includes essay scores for 125
students in a graduate introductory measurement course (DeCarlo, 2002b). Eight raters graded
each essay and assigned a rating based on a 1 to 4 scale. The first seven raters used all four
categories, while the last rater only used the first three categories. The ordinal average score on
three multiple-choice exams for each student was used to validate the essay ratings. In this data
set, the student essay quality is the latent class variable. The eight rater scores are the response
variables or indicators and the ordinal average score on the three multiple-choice exams is the
outcome variable.

The real data were analyzed using the same five methods to see how each one performs.
Table 4.5 presents the analysis results including parameter estimates, SEs, z values, and
significance. Since we do not know the true parameter coefficient, we only compared the results
obtained by the five methods rather than assessed their ability to recover the true parameter.

It is interesting to notice that most likely class regression, probability regression,
probability-weighted regression, and pseudo-class regression all had a smaller regression
coefficient estimate than the simultaneous approach (see Table 4.5). The simultaneous approach
obtained an estimate of 1.387 which is 33% to 42% larger than those obtained by the other
approaches. Probability regression had the next largest regression estimate of 1.039, followed by
most like class regression with an estimate of 1.021 and probability-weighted regression with an
estimate of 0.996. Pseudo-class regression had the smallest estimate of 0.98.

Similarly, the simultaneous approach had an SE of 0.255 which was largest of all. The
other four approaches all had SEs lower than 0.2. Probability regression had the next largest SE
of 0.193. Most likely class regression and pseudo-class regression had a same SE of 0.186.

Probability-weighted regression had the smallest SE of 0.172.
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The z values, calculated as the ratio of estimate over SE, were similar for the five
approaches. All were around 5.5. All z values were significant at 0.01 level. The five approaches
had a p value less than 0.001 indicating that all of them were able to reject the null hypothesis of
the parameter coefficient being zero, i.e., there is a real relation between the latent class variable
of student essay quality and the outcome variable.

Table 4.5.

Results from the Real Data

Method Estimate S.E. Est./S.E. p value
Most Likely Class Regression 1.021 0.186 5.498 <.0001
Probability Regression 1.039 0.193 5.370 <.0001
Probability-Weighted Regression 0.996 0.172 5.782 <.0001
Pseudo-Class Regression 0.980 0.186 5.278 <.0001
Simultaneous Approach 1.387 0.255 5.434 <.0001

These results are not surprising given what we have observed in the simulation studies.
We have learned that the simultaneous approach was able to obtain unbiased estimate of the true
parameters almost all the time. For the strong outcome effect, the other approaches always had a
downward bias. In the first two simulation studies, this downward bias was always significant. In
the third simulation study to approximate the real data, this bias became insignificant only when
rater detection was excellent for all the eight raters. The simultaneous approach always obtained
a parameter estimate that was larger and closer to the true parameter than the other approaches.
The analysis results from the real data showed a similar trend. The estimate obtained by the

simultaneous approach was bigger than those by the other approaches.
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In addition, in the simulation studies, we see that rater parameters were underestimated in
the LCA models without the outcome variables (see Appendix I). When the outcome variables
were included in the models, the estimates of rater parameters became larger and closer to the
true values. Similarly, in the real data, the rater parameter estimates became larger after the
outcome variable was included in the LCA model. See Table 4.5A (last table in Appendix I) for
the comparisons of rater parameters in the LCA model with and without the outcome variable.
The simulation results show that the rater parameters were recovered better with the outcome
variables included in the model and this trend existed under all simulation conditions. Therefore,
it is reasonable to conclude, for the real data, that the estimated rater parameters were closer to
their true values in the simultaneous model. Similarly, the estimate of the strength of the
association between the latent class variable and the outcome variable was likely closer to the
true outcome parameter in the simultaneous model.

Similarly, in the simulation studies, we see that the simultaneous approach always
obtained a larger SE, especially for the strong outcome effect. The other approaches always
underestimated SEs. The results from the real data were consistent with this trend. The
simultaneous approach had the largest SE of all.

In practice, however, it is not unusual to calculate an average score based on multiple
rater scores and use this average as the predictor of outcomes. This was also done for the real
data for comparisons with the five approaches being studied. The average score for each student
essay based on the eight rater scores was calculated. It ranged from 1.00 to 3.50. They were
rounded to whole numbers. After rounding, the average scores ranged from 1 to 4. They were
then recoded to 0 to 3 for being consistent with the scales used in the three simulation studies.

The outcome variable was then regressed on the recoded average scores. The regression
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coefficient obtained was 1.775. SE was 0.313. z value was 5.677. p value was less than 0.001. It
seems that the z value was similar to those obtained by the five approaches. However, using the
average score as the predictor yielded an estimate of association between the latent classes and
the outcome variable that was even larger than that by the simultaneous approach. Since the
results of the simulations show that the simultaneous approach was generally able to obtain
unbiased outcome parameter estimates, it might be that using the average score as the predictor
overestimated the association between the latent classes and the outcome variable. Similarly, SE
obtained by using the average scores as the predictor was larger than that by the simultaneous
approach. However, as mentioned earlier, we do not know the true outcome parameter and SE in
the real data. Therefore, we are not able to make a definite conclusion before more investigations

have been conducted.

Chapter V
DISCUSSION
Summary and Discussion
This study was conducted to examine the relation between a latent class variable and
ordinal outcome variables. Five different approaches were used to measure the relation: most
likely class regression, probability regression, probability-weighted regression, pseudo-class
regression, and the simultaneous approach. In the simulations, three ordinal outcome variables
were considered. They were set to have a negative, weak, and strong association (outcome effect
of —1, 0.5 and 4) with the latent class variable and were fit together in each of the five models
using the five approaches. Three conditions of rater detection (moderate to excellent) and two

sample sizes (small versus large) were considered in two simulation studies with a fully-crossed
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design and a BIB design. In addition, a third simulation study was conducted to approximate the
real data analyzed for the current study. The results obtained by the five approaches were
compared to see which one can better recover the pre-set association parameter between the
latent class variable and the outcome variables, i.e., the values of —1, 0.5, and 4. By doing this,
we would be able to see which approach can better account for the uncertainty in latent class
membership when measuring the association between a latent class variable and outcome
variables. While some of the results have confirmed findings by previous studies, some others
have led to new findings.

First, parameters were generally underestimated by all approaches, especially the strong
outcome parameter. Previous research also noted similar findings (Bolck et al., 2004; Lu and
Thomas, 2008; Muthén and Shedden, 1999). For example, Bolck and others (2004) found that
parameters were underestimated when using predicted latent class membership instead of the
true membership. The underestimation of the true parameter was most severe for the strong
outcome effect by the four approaches other than the simultaneous approach. Percentage bias in
this case was always far beyond the acceptable range. Bray and others (2011) also found in their
study that bias increased with the increase in the strength of the association between the latent
class variable and outcome variables when using most likely class regression and pseudo-class
regression.

However, the simultaneous approach tended to overestimate the negative outcome effect
in the fully-crossed design, but the percentage bias was trivial under all conditions. It also tended
to overestimate the strong outcome effect in the BIB design. Except that the overestimation in
the small sample in the BIB design was slightly over 10%, it was insignificant under other

conditions.
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Second, it is not surprising that the simultaneous approach performed best in parameter
recovery under most conditions in both the fully-crossed and the BIB design. Previous studies
had similar findings (Bray, Lanza, and Tan, 2011; Clark and Muthén, 2009; Muthén and
Shedden, 1999). The other four approaches did not perform as well as the simultaneous approach.
In the fully-crossed design, the other four approaches were at least able to recover the negative
and the weak outcome effect quite well when rater detection was mixed or excellent across the
board. In the BIB design, however, they had unsatisfactory performance on parameter recovery
in general. They were not able to obtain unbiased parameter estimates, even though most likely
class regression seemed to do slightly better than the other three methods. It seems that the
recovery of the strong outcome effect was the most problematic for those four approaches. As
mentioned previously, they severely underestimated this effect and were not able to recover it
under any conditions in the first two simulation studies. They were only able to obtain unbiased
estimate of this effect when all raters had excellent detection in the simulation study to
approximate the real data where more raters were involved.

In addition, the simultaneous approach seemed to have larger SEs of all in general. The
other approaches underestimated SEs. This is also consistent with previous findings (Clark and
Muthén, 2009; Loken, 2004; Roeder et al., 1999). The underestimation was especially obvious
for the strong outcome effect. The simultaneous approach usually had a much larger SE than the
other methods for this effect. Due to their smaller SEs and smaller parameter estimates, the other
approaches obtained narrower 95% confidence intervals which were also further away from the
true strong outcome parameter and therefore were not able to cover the true parameter in most

replications. As we have seen from the results, the other approaches had zero or close to zero
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coverage for the strong outcome parameter under most conditions. The simultaneous approach,
however, was able to obtain acceptable coverage for this outcome effect all the time.

In sum, the simultaneous approach had best parameter recovery with small MSEs and
large coverage. Unless more raters all having excellent detection are involved as under one of the
conditions in the third simulation study, none of the other approaches will be able to obtain an
unbiased estimate of the strong outcome effect. Most likely class regression might be the second
option if the simultaneous approach is not feasible at all. However, one thing to pay attention to
is that it will likely have a downward bias for estimating strong outcome effects. It seems that
pseudo-class draw regression had worst parameter recovery and lowest coverage for all outcome
effects in both the fully-crossed and the BIB design. Previous studies also found that pseudo-
class draw regression does not achieve satisfactory parameter estimates (Bray et al., 2011; Clark
and Muthén, 2009; DeCarlo, 2005b). With this said, all five approaches were able to detect all
outcome effects as values different from zero. This suggests that if the purpose of an analysis is
to tell whether there is an association between a latent class variable and an outcome variable, all
five approaches can be used. In this case, obtaining a parameter estimate suggesting the existence
of the association will be sufficient and obtaining an unbiased parameter estimate will therefore
be desirable but probably unnecessary.

Third, results show that when raters had better detection, parameters were generally
recovered better. The improvement was especially evident for the three-step approaches. As
explained previously, this is because better rater detection leads to improved classification of
observations (DeCarlo, 2002a, 2008; also see Table 4.1 and Table 4.2 - Table 4.3 in Appendix
G). Therefore, using classification results to predict outcomes yielded better predictions. The

simultaneous approach generally obtained better parameter estimates, too, when raters had better



76

detection, but the extent of improvement was not as much as that for the other approaches. This
is because the simultaneous approach does not require classification and was almost always able
to obtain unbiased parameter estimates anyway under all simulation conditions. This is
consistent to what Clark and Muthén (2009) found in their simulation studies. They found that
when the entropy, an indicator of classification accuracy, was higher, parameters were recovered
better by all approaches.

In addition, when raters had better detection, MSEs got smaller because of smaller bias in
parameter estimates, but SEs were slightly larger in general for the three-step approaches. The
simultaneous approach tended to have smaller SEs. It is possible that observations were
classified more accurately when raters had better detection. Therefore, for the three-step
approaches, the standard errors were underestimated to a smaller extent. However, for the
simultaneous approach, no classification is required. When raters had better detection, the
indicators provided more accurate information on the latent class variable and therefore smaller
measurement errors were generated. When raters had better detection, coverage became larger as
well due to better parameter estimates.

Fourth, in both the fully-crossed and the BIB design, when the sample size was increased,
all approaches generally obtained better parameter estimates. However, when rater detection was
excellent across all raters, the improvement in parameter estimates caused by an increase in the
sample size became less noticeable compared to that when rater detection was moderate or
mixed for all raters. This might be because when rater detection was excellent overall, the
information on the latent class variable provided by the indicators was already as much and
accurate as it could possibly be. An increase in the sample size would not provide much more

information on the latent class variable, and therefore would not improve the parameter estimates
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by much anymore. It is also noted that the extent of improvement in parameter estimates when
raters had better detection was greater than that when the sample size was increased. This seems
to imply that in order to get better parameter estimates, training raters to improve their abilities to
discriminate between events will be more effective than simply collecting more observations.
DeCarlo (2005a) also noted the importance of training raters on their abilities to detect.

Lastly, parameters were not recovered as well in the BIB design as in the fully-crossed
design due to missing values in the BIB design, especially for the three-step approaches. For
those approaches, the missing information caused observations to be classified less accurately
and therefore using classification results to predict outcome yielded worse predictions. For the
simultaneous approach, classification is not required. Therefore, it was not affected by the fact
that observations were classified less accurately due to all those missing values. The effect of
missing values on its ability to recover parameters was much smaller than that on the other
approaches. Since in reality, incomplete designs are more frequently adopted, it is important to
take this finding into consideration when deciding which method to use for measuring the
association between a latent class variable and outcomes.

Cautions in Using the Simultaneous Approach

Even though the results have shown that the simultaneous approach performed best in
estimating parameters, cautions need to be taken when using this method. First, including
outcome variables in an LCA model can minimize classification errors since it does not require
assigning observations to latent classes, but it will likely affect the parameters of the response or
indicator variables. Tofighi and Enders (2008) noted that the number and structure of the latent
classes might be affected by the inclusion of external variables. Clarks and Muthén (2009) also

raised the concern about the formation and interpretation of the latent classes being influenced by
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including other variables into the LCA model. If outcome variables are included in the latent
class model, they might have a direct effect on the latent class indicators, which will then affect
the relationship between the outcome variables and the latent class variable. In this case, Figure 3
will become Figure 6 where the arrows pointing from the outcome variables O; - O3 to the
indicators Y; - Y; indicate that the outcome variables have a direct effect on the indicators. The
model in Figure 6 is different from that in Figure 3 when this direct effect has to be considered.
Figure 6.

Latent Class Model with Outcome Variables Included in the Model
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The results of the current study show that when the outcome variables were included in
the LCA model, the parameters of the response variables were recovered better. This seems to
work for our benefits. However, in the current study, the outcome variables were generated using
the same LC-SDT model and therefore had the same categories corresponding to the six latent
classes as the response variables. They were generated as correct outcomes and assumed to be
conditionally independent from the response variables given the latent classes. Therefore, there

was no direct effect of the outcome variables on the response variables. The outcome variables
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were able to provide more information on the latent classes without affecting the structure of the
latent classes and therefore improved parameter recovery for the response variables. In this case,
the outcome variables worked as additional indicators for the latent class variable. In the real
world, outcome variables can be of other types, for example, continuous, and can have direct
effects on response variables, which might affect the formation of latent classes. In that case, the
latent classes might have to be specified differently and so would be the interpretation. Huang
and others (2010) included mortality rate, a continuous outcome variable, in a latent growth
mixture model in their study about the effect of heroin use on mortality and found that including
the outcome variable in the model changed latent class membership classification.

Second, sometimes it might not be practical or desirable to include outcome variables in a
model, especially when a large number of outcome variables are involved. Clark and Muthén
(2009) mentioned that the inclusion of other variables might significantly increase computation
time due to more parameters. As mentioned by Tofighi and Enders (2008), the complexity of the
LCA model would also increase dramatically because of the need to estimate a large number of
additional regression coefficients for the external variables. They suggested the consideration of
model complexity when deciding whether to include external variables or not.

Lastly, including outcome variables in the same model when the classes of the latent
predictor are being formed is quite counterintuitive and might not seem logical for most applied
researchers (Bakk et al., 2011; Vermunt, 2010). Jo and others (2009) pointed out that by the
simultaneous approach, identification of outcome effects would rely on empirical model fitting
and parametric assumptions, which would not be desirable from the perspective of causal
inference. They argued that it would be critical to exclude estimation of outcome effects from the

exploratory analysis process.



80

Therefore, while the simultaneous approach is a better method for estimating parameters,
cautions should be taken when we consider including outcome variables in an LCA model and
for the interpretation of results as well. One might use an LCA model including only the
indicators to decide the structure of latent classes and then use a simultaneous model to estimate
the association between the latent classes and outcome variables. This option will free the
formation of latent classes from being affected by the outcome variables but still obtain a more
reliable estimate of the outcome parameters, which will make the interpretation of results
consistent with the theoretical framework about the latent classes. One might also use both a
most likely class regression model and a simultaneous model to fit the data, and compare the
results to make informed decisions on how to choose the appropriate model and interpret the
measured association between a latent class variable and outcomes.

Limitations and Future Research

The current study has confirmed some findings by previous studies such as that the
simultaneous approach can best account for the uncertainty in latent class membership among
the currently widely-used methods. It has also made additional findings. However, there are
limitations as well.

First, the study only considered a limited number of conditions based on specific numbers
of raters, rater detection levels, and sample sizes. The effect of other conditions was not
examined. Other combinations of rater detection levels and other factors might have a different
effect on parameter recovery by the approaches studied. In addition, in the real world, many
more raters are often used to grade essays. Therefore, future research is needed to examine the
differences between approaches under more conditions based on other combinations of rater

detection levels, numbers of raters, and so on.
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Second, the study only considered a fully-crossed design and a BIB design. These are
only two limited designs and might not be used all the time in the real world. As DeCarlo (2008)
mentioned, each essay in an educational assessment is usually graded by two raters because of
resource limitations. In the current study, we used a BIB design to approximate real-world
situations. In practice, conditions can be even less perfect. For example, it might not be practical
to have every rater paired with every other rater for an exactly same number of times and grade
an exactly same amount of essays as other raters. Therefore, while the BIB design in the current
study can serve as a baseline for incomplete designs, future research should look at this issue in
other incomplete designs such as an unbalanced incomplete design.

Third, the study only considered three ordinal outcome variables. They were generated
using the same LC-SDT model as the response variables from which they were assumed to be
independent and therefore improved the recovery of the response variable parameters as
discussed previously. How the five approaches differ in measuring the relation between a latent
class variable and outcome variables of other types were not examined. In the real world,
outcomes are often continuous as well, for example, students’ GPA and scores on a certain
subject based on a scale of 100. When continuous outcome variables are included in an LCA
model, they might affect the parameters of the response variables in a different way. The
performance of the five approaches in recovering the true outcome parameters might be different
from what is observed in the current study, too. Besides, we might also want to know how the
approaches studied differ in measuring the association between a latent class variable and
outcomes of a combination of different types such as one being categorical and another one
being continuous as well as when many more outcome variables are involved. In addition, as

mentioned, the three ordinal outcome variables considered in this study were correct outcomes,
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meaning that they were conditionally independent from the response variables given the latent
classes. If a direct effect of outcome variables on the response variables is involved, the
performance of the simultaneous approach might be different. More research is needed to look at
all these conditions.

Fourth, as discussed previously, the simultaneous approach performed best in estimating
the association parameters between the latent class variable and the outcome variables. It can
best account for the uncertainty in latent class membership. However, cautions need to be taken
due to the fact that including outcome variables in an LCA model might affect the structure of
latent classes and the interpretation of results. Some studies have suggested using correction
methods for adjusting the estimation bias in the traditional classify-analyze strategy or the three-
step approaches (Bakk et al., 2011; Bolck et al., 2004; Vermunt, 2010). By these correction
methods, an LCA model will be fit to the data first. Observations will be assigned to latent
classes based on posterior probabilities. The assigned class membership will then be used for
further analyses. The measurement errors generated in the second step, which will lead to a
downward biased estimate of the association between the latent class variable and outcome
variables, will be adjusted in the third step. The current study did not look at how these
correction methods could affect the association between the latent class variable and the outcome
variables in the simulations. This should be examined in an LC-SDT model in future research.
Conclusion

Even though this study has limitations that suggest avenues for future research, it has
provided important implications for how to choose the appropriate method for measuring the
association between a latent class variable and outcome variables in the context of a latent class

signal detection model. It has also suggested that cautions be taken when using the simultaneous
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approach and interpreting results even though it has the advantage of obtaining unbiased
parameter estimates. The findings can be used to help design real-world studies and make better

inferences based on analysis results.
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APPENDICES
Appendix A
Table 4.1.1E1.

95% Confidence Intervals for the Parameter Estimates of the Strong Outcome Effect (a = 4)
for the Most Likely Class Regression (Fully-crossed; 3 raters; d = 2, 3, & 4; N = 225)

Data Replication Parameter Lower Bound of Higher Bound of
ID Estimate SE 95% ClI 95% ClI
1-494 2.268 - 3.502 0.171-0.255 1.933 - 3.004 2.603 - 3.999
495 3.551 0.266 3.029 4.072
496 3.577 0.257 3.073 4.081
497 3.586 0.260 3.077 4.096
498 3.665 0.269 3.139 4.192
499 3.758 0.279 3.211 4.304

500 3.768 0.268 3.243 4.293
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Table 4.1.2E.
Coverage (Fully-crossed; 3 raters; d = 2; N = 225)

Outcome Effect

Method

-1 0.5 4
Most Likely Class Regression 0.818 0.906 0.000
Probability Regression 0.880 0.946 0.000
Probability-Weighted Regression 0.714 0.796 0.000
Pseudo-Class Regression 0.651 0.778 0.000
Simultaneous Approach 0.946 0.950 0.942
Table 4.1.2F.

Coverage (Fully-crossed; 3 raters; d =2; N = 1080)

Outcome Effect

Method

-1 0.5 4
Most Likely Class Regression 0.598 0.778 0.000
Probability Regression 0.658 0.858 0.000
Probability-Weighted Regression 0.416 0.636 0.000
Pseudo-Class Regression 0.227 0.522 0.000

Simultaneous Approach 0.930 0.936 0.966
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Table 4.1.3E.

Coverage (Fully-crossed; 3 raters; d = 4; N = 225)

Outcome Effect

Method

-1 0.5 4
Most Likely Class Regression 0.940 0.952 0.432
Probability Regression 0.948 0.958 0.258
Probability-Weighted Regression 0.918 0.936 0.360
Pseudo-Class Regression 0.930 0.936 0.122
Simultaneous Approach 0.948 0.958 0.938
Table 4.1.3F.
Coverage (Fully-crossed; 3 raters; d = 4; N = 1080)
Method Outcome Effect

-1 0.5 4
Most Likely Class Regression 0.944 0.924 0.008
Probability Regression 0.964 0.940 0.000
Probability-Weighted Regression 0.922 0.912 0.004
Pseudo-Class Regression 0.916 0.914 0.000
Simultaneous Approach 0.964 0.946 0.944
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Table 4.2.1E.
Coverage (BIB; 10 raters; d = 1-5; N = 225)

Outcome Effect

Method

-1 0.5 4
Most Likely Class Regression 0.472 0.498 0.000
Probability Regression 0.942 0.724 0.000
Probability-Weighted Regression 0.244 0.314 0.000
Pseudo-Class Regression 0.417 0.512 0.000
Simultaneous Approach 0.948 0.926 0.968
Table 4.2.1F.

Coverage (BIB; 10 raters; d = 1-5; N = 1080)

Method Outcome Effect

-1 0.5 4
Most Likely Class Regression 0.576 0.718 0.000
Probability Regression 0.928 0.692 0.000
Probability-Weighted Regression 0.378 0.550 0.000
Pseudo-Class Regression 0.210 0.456 0.000

Simultaneous Approach 0.946 0.946 0.968
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Table 4.2.2E.
Coverage (BIB; 10 raters; d = 2; N = 225)

Outcome Effect

Method

-1 0.5 4
Most Likely Class Regression 0.338 0.430 0.000
Probability Regression 0.852 0.498 0.000
Probability-Weighted Regression 0.210 0.308 0.000
Pseudo-Class Regression 0.130 0.238 0.000
Simultaneous Approach 0.912 0.892 0.946
Table 4.2.2F.

Coverage (BIB; 10 raters; d = 2; N = 1080)

Method Outcome Effect

-1 0.5 4
Most Likely Class Regression 0.114 0.296 0.000
Probability Regression 0.536 0.826 0.000
Probability-Weighted Regression 0.068 0.194 0.000
Pseudo-Class Regression 0.002 0.023 0.000

Simultaneous Approach 0.940 0.940 0.968
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Table 4.2.3E.
Coverage (BIB; 10 raters; d = 4; N = 225)

Outcome Effect

Method

-1 0.5 4
Most Likely Class Regression 0.814 0.848 0.002
Probability Regression 0.888 0.854 0.000
Probability-Weighted Regression 0.678 0.716 0.000
Pseudo-Class Regression 0.798 0.854 0.000
Simultaneous Approach 0.964 0.954 0.970
Table 4.2.3F.

Coverage (BIB; 10 raters; d = 4; N = 1080)

Method Outcome Effect

-1 0.5 4
Most Likely Class Regression 0.660 0.804 0.000
Probability Regression 0.488 0.186 0.000
Probability-Weighted Regression 0.328 0.560 0.000
Pseudo-Class Regression 0.652 0.788 0.000

Simultaneous Approach 0.960 0.956 0.960
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Appendix G
Table 4.2
Classification Accuracy Results for Simulation Study Two

N=225 N=1080
BIB Design (10 raters; 2 Clssification  Entropy R- Clssification  Entropy R-
raters per essay) Error squared Error squared
d=2 0.293 0.515 0.388 0.476
d =mixed (average d = 3) 0.285 0.575 0.251 0.640
d=4 0.184 0.731 0.158 0.780
Table 4.3
Classification Accuracy Results for Simultaion Study Three

N=125

Clssification ~ Entropy R-

Fully-crossed (8 raters) Error squared
d=2 0.112 0.830
d = mixed (average d = 3) 0.043 0.930
d=4 0.005 0.991
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Table 4.3G.
Coverage (Fully-crossed; 8 raters; d = 1-4; N = 125)

Outcome Effect

Method

-1 0.5 4
Most Likely Class Regression 0.944 0.950 0.767
Probability Regression 0.934 0.942 0.263
Probability-Weighted Regression 0.936 0.938 0.688
Pseudo-Class Regression 0.945 0.956 0.589
Simultaneous Approach 0.945 0.961 0.955
Table 4.3H.

Coverage (Fully-crossed; 8 raters; d = 2; N = 125)

Outcome Effect

Method

-1 0.5 4
Most Likely Class Regression 0.915 0.956 0.262
Probability Regression 0.940 0.946 0.004
Probability-Weighted Regression 0.907 0.930 0.163
Pseudo-Class Regression 0.900 0.949 0.508

Simultaneous Approach 0.934 0.956 0.926
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Table 4.3lI.
Coverage (Fully-crossed; 8 raters; d = 4; N = 125)

Outcome Effect

Method

-1 0.5 4
Most Likely Class Regression 0.959 0.932 0.938
Probability Regression 0.953 0.932 0.855
Probability-Weighted Regression 0.959 0.934 0.919
Pseudo-Class Regression 0.956 0.933 0.926

Simultaneous Approach 0.954 0.935 0.950
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Appendix I

Table 4.4A.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome

Variables (Fully-crossed; 3 raters; d =2, 3 & 4; N = 225)
Estimate (without

Estimate (with

Parameter Value Outcomes) % Bias Three Outcomes) % Bias
dl 2 1.980 -1.020% 2.003 0.140%
cl,1 1 0.878 -12.250% 0.971 -2.930%
cl2 3 2901 -3.290% 2.983  -0.583%
cl1,3 5 4949 -1.020% 5.018 0.366%
cl4 7 6.965 -0.501% 7.023 0.321%
cl5 9 8.998 -0.023% 9.039 0.431%
d2 3 3.046 1.517% 3.004 0.120%
c2,1 15 1.323 -11.820% 1430 -4.673%
c2,2 4.5 4474 -0571% 4479 -0471%
c2,3 7.5 7.593 1.241% 7.516 0.209%
c2,4 10.5 10.709 1.993% 10.536 0.344%
c2,5 135 13.868 2.727% 13.575 0.559%
d3 4 3.971 -0.728% 4.015 0.368%
c3,1 2 1.687 -15.650% 1914 -4.315%
c3,2 6 5.832 -2.800% 6.004 0.060%
c3,3 10 9.887 -1.131% 10.030 0.300%
c3,4 14 13.984 -0.116% 14.078 0.558%
c3,5 18 18.119 0.662% 18.101 0.563%
bl -1 - - -1.012 1.219%
al,l -0.5 - - -0.504 0.860%
b2 0.5 - - 0.493 -1.407%
a2,1 0.25 - - 0.227  -9.160%
az2,2 0.75 - - 0.733  -2.240%
a2,3 1.25 - - 1.240 -0.784%
a2,4 1.75 - - 1.735 -0.840%
a2,5 2.25 - - 2.245  -0.244%
b3 4 - - 3.997 -0.079%
a3,1 2 - - 1915 -4.235%
a3,2 6 - - 5.969 -0.525%
a3,3 10 - - 9.985 -0.152%
a3, 4 14 - - 14.015 0.110%

a3,5 18 - - 18.070 0.387%




Table 4.4B.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (Fully-crossed; 3 raters; d =2, 3 & 4; N = 1080)

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 2 2.008 0.375% 2.006 0.290%
cl,1 1 0.998 -0.210% 1.004 0.380%
cl,2 3 3.008 0.267% 3.010 0.327%
cl,3 5 5.010 0.204% 5.008 0.156%
cl4 7 7.023 0.329% 7.016 0.224%
cl,5 9 9.043 0.476% 9.030 0.338%
d2 3 3.014 0.463% 2995 -0.173%
c2,1 1.5 1.483 -1.140% 1.484 -1.060%
c2,2 4.5 4,514 0.316% 4490 -0.213%
c2,3 7.5 7.532 0.425% 7.488 -0.159%
c2,4 10.5 10.540 0.376% 10.473  -0.259%
c2,5 135 13.579 0.583% 13.485 -0.110%
d3 4 4,013 0.325% 4.004 0.087%
c3,1 2 1.985 -0.730% 2.012 0.585%
c3,2 6 6.004 0.065% 6.000 -0.002%
c3,3 10 10.028 0.282% 10.012 0.124%
c3,4 14 14.048 0.341% 14.011 0.081%
c3,5 18 18.104 0.580% 18.037 0.206%
bl -1 - - -1.007 0.654%
al,1 -0.5 - - -0.509 1.700%
b2 0.5 - - 0.502 0.375%
az2,1 0.25 - - 0.246 -1.600%
a2,2 0.75 - - 0.749 -0.120%
a2,3 1.25 - - 1.255 0.360%
a2,4 1.75 - - 1.756 0.314%
a2,5 2.25 - - 2.257 0.320%
b3 4 - - 4.018 0.452%
a3,1 2 - - 1.996 -0.200%
a3,2 6 - - 6.031 0.518%
a3,3 10 - - 10.043 0.432%
a3 4 14 - - 14.059 0.421%

a3,5 18 - - 18.088  0.490%
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Table 4.4C.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (Fully-crossed; 3 raters; d = 2; N = 225)
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Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 2 1.874  -6.285% 2.001 0.030%
cl,1 1 0.703 -29.750% 0.969 -3.110%
cl,2 3 2.721  -9.303% 2.988 -0.387%
cl,3 5 4,749  -5.028% 5.021 0.410%
cl4 7 6.762  -3.404% 7.048 0.681%
cl,5 9 8.765 -2.613% 9.067 0.743%
d2 2 1.897 -5.145% 1.985 -0.745%
c2,1 1 0.707 -29.310% 0.931 -6.860%
c2,2 3 2781  -7.307% 2975 -0.833%
c2,3 5 4,803 -3.948% 4,974 -0.528%
c2,4 7 6.825 -2.507% 6.978 -0.310%
c2,5 9 8.856 -1.596% 8.998 -0.021%
d3 2 1.896 -5.190% 2.000 0.020%
c3,1 1 0.693 -30.670% 0.930 -6.990%
c3,2 3 2.750 -8.327% 2972 -0.950%
c3,3 5 4,802 -3.956% 5.016 0.326%
c3,4 7 6.823 -2.526% 7.033 0.477%
c3,5 9 8.875 -1.390% 9.084 0.938%
bl -1 - - -1.030 2.961%
al,1 -0.5 - - -0.512 2.360%
b2 0.5 - - 0.499 -0.206%
az2,1 0.25 - - 0.244  -2.600%
a2,2 0.75 - - 0.750 -0.027%
a2,3 1.25 - - 1.255 0.408%
a2,4 1.75 - - 1.757 0.400%
a2,5 2.25 - - 2.253 0.116%
b3 4 - - 3.929 -1.774%
a3,1 2 - - 1.787 -10.630%
a3,2 6 - - 5.852 -2.465%
a3,3 10 - - 9.843 -1.574%
a3,4 14 - - 13.882 -0.844%

a3,5 18 - - 17.936  -0.357%




Table 4.4D.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (Fully-crossed; 3 raters; d = 2; N = 1080)
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Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 2 1.983 -0.860% 1.995 -0.230%
cl,1 1 0.966 -3.380% 0.991 -0.880%
cl,2 3 2966 -1.120% 2.988 -0.393%
cl,3 5 4,967 -0.652% 4,988 -0.234%
cl4 7 6.973 -0.387% 6.998 -0.033%
cl,5 9 8.982 -0.201% 9.007 0.074%
d2 2 1.993 -0.355% 1.994 -0.320%
c2,1 1 0972 -2.780% 0.985 -1.480%
c2,2 3 2985 -0.517% 2986 -0.477%
c2,3 5 4,991 -0.182% 4,984 -0.324%
c2,4 7 6.995 -0.070% 6.981 -0.274%
c2,5 9 9.005 0.056% 8.983 -0.188%
d3 2 1.990 -0.515% 2.003 0.125%
c3,1 1 0.957 -4.300% 0.985 -1.520%
c3,2 3 2978 -0.733% 3.002 0.063%
c3,3 5 4,982 -0.356% 5.005 0.096%
c3,4 7 6.990 -0.139% 7.015 0.211%
c3,5 9 8.991 -0.106% 9.017 0.187%
bl -1 - - -1.000 0.022%
al,1 -0.5 - - -0.491  -1.720%
b2 0.5 - - 0.500 -0.065%
az2,1 0.25 - - 0.243  -2.800%
a2,2 0.75 - - 0.746  -0.533%
a2,3 1.25 - - 1.245 -0.424%
a2,4 1.75 - - 1.745 -0.280%
a2,5 2.25 - - 2.244  -0.267%
b3 4 - - 4.024 0.602%
a3,1 2 - - 1.972  -1.390%
a3,2 6 - - 6.034 0.568%
a3,3 10 - - 10.070 0.699%
a3 4 14 - - 14.100 0.714%

a3,5 18 - - 18.162 0.897%




Table 4.4E.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (Fully-crossed; 3 raters; d = 4; N = 225)
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Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 4 4.017 0.418% 4.000 0.002%
cl,1 2 1.947 -2.645% 1.956 -2.225%
cl,2 6 6.006 0.107% 5.985 -0.250%
cl,3 10 10.030 0.300% 9.979 -0.211%
cl4 14 14.064 0.459% 14.002 0.017%
cl,5 18 18.134 0.746% 18.039 0.218%
d2 4 4.034 0.840% 4.005 0.113%
c2,1 2 1.928 -3.585% 1.937 -3.145%
c2,2 6 6.042 0.692% 6.006 0.102%
c2,3 10 10.098 0.978% 10.019 0.193%
c2,4 14 14.125 0.891% 14.018 0.129%
c2,5 18 18.225 1.248% 18.078 0.432%
d3 4 4.038 0.953% 3.999 -0.018%
c3,1 2 1.956 -2.225% 1.952 -2.415%
c3,2 6 6.067 1.113% 6.011 0.175%
c3,3 10 10.103 1.029% 10.004 0.037%
c3,4 14 14.130 0.931% 13.996 -0.031%
c3,5 18 18.213 1.186% 18.025 0.137%
bl -1 - - -1.017 1.707%
al,1 -0.5 - - -0.511 2.140%
b2 0.5 - - 0.498 -0.463%
az2,1 0.25 - - 0.242 -3.360%
a2,2 0.75 - - 0.746  -0.560%
a2,3 1.25 - - 1.251 0.072%
a2,4 1.75 - - 1.750 -0.006%
a2,5 2.25 - - 2.250 0.009%
b3 4 - - 4.026 0.645%
a3,1 2 - - 1.958 -2.115%
a3,2 6 - - 6.046 0.758%
a3,3 10 - - 10.062 0.624%
a3 4 14 - - 14.062 0.444%

a3,5 18 - - 18.114 0.636%




Table 4.4F.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (Fully-crossed; 3 raters; d = 4; N = 1080)
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Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 4 3.998 -0.052% 3.998 -0.043%
cl,1 2 1.974 -1.290% 1.991 -0.455%
cl,2 6 5983 -0.280% 5989 -0.185%
cl,3 10 9.995 -0.048% 9.996 -0.036%
cl4 14 13.999  -0.005% 13.989  -0.079%
cl,5 18 17.994  -0.031% 17.990 -0.058%
d2 4 4.011 0.265% 4.006 0.143%
c2,1 2 1.991  -0.445% 2.004 0.210%
c2,2 6 6.008 0.132% 6.005 0.075%
c2,3 10 10.024 0.242% 10.010 0.097%
c2,4 14 14.050 0.356% 14.021 0.153%
c2,5 18 18.067 0.371% 18.040 0.222%
d3 4 4,006 0.158% 4.002 0.057%
c3,1 2 1.991 -0.435% 2.002 0.110%
c3,2 6 5999 -0.010% 6.000 -0.007%
c3,3 10 10.009 0.085% 9.998 -0.016%
c3,4 14 14.030 0.211% 14.004 0.026%
c3,5 18 18.032 0.178% 18.008 0.043%
bl -1 - - -1.007 0.676%
al,1 -0.5 - - -0.507 1.360%
b2 0.5 - - 0.500 0.062%
az2,1 0.25 - - 0.245 -1.960%
a2,2 0.75 - - 0.747  -0.360%
a2,3 1.25 - - 1.246  -0.360%
a2,4 1.75 - - 1.749  -0.046%
a2,5 2.25 - - 2.250 -0.013%
b3 4 - - 3.999 -0.030%
a3,1 2 - - 1.981 -0.930%
a3,2 6 - - 5986 -0.240%
a3,3 10 - - 10.004 0.038%
a3,4 14 - - 13.995 -0.039%

a3,5 18 - - 17.998  -0.009%




Table 4.4G.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 1-5; N = 225)

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 1 0.938 -6.200% 0975 -2.470%
cl,1 0.5 0.129 -74.140% 0.345 -31.100%
cl,2 1.5 1.267 -15.567% 1.420 -5.347%
cl,3 2.5 2.364  -5.432% 2.454  -1.856%
cl4 35 3429 -2.023% 3460 -1.131%
cl,5 4.5 4.509 0.209% 4492 -0.187%
d2 2 1.878 -6.125% 1.946 -2.685%
c2,1 1 0.199 -80.070% 0.758 -24.220%
c2,2 3 2.415 -19.490% 2.831 -5.637%
c2,3 5 4,659 -6.824% 4,848 -3.044%
c2,4 7 6.953 -0.667% 6.932 -0.974%
c2,5 9 9.156 1.730% 8.986 -0.151%
d3 3 2.403 -19.897% 2.729  -9.037%
c3,1 1.5 0.041 -97.267% 0.981 -34.633%
c3,2 4.5 3.013 -33.049% 3972 -11.727%
c3,3 75 5.982 -20.241% 6.831 -8.921%
c3,4 10.5 8.982 -14.459% 9.706 -7.566%
c3,5 135 11.903 -11.828% 12.658 -6.235%
d4 4 2673 -33.175% 3.465 -13.388%
c4,1 2 0.066 -96.715% 1.306 -34.725%
c4,2 6 3.288 -45.205% 5.007 -16.547%
c4,3 10 6.669 -33.310% 8.693 -13.069%
c4,4 14 10.097 -27.876% 12.379 -11.580%
c4,5 18 13.306 -26.077% 16.027 -10.961%
d5 5 2.860 -42.792% 4.037 -19.268%
c5,1 2.5 -0.036 -101.436% 1.435 -42.608%
c5,2 7.5 3.444 -54.077% 5.844 -22.079%
c5,3 12.5 7.195 -42.444% 10.155 -18.759%
c5,4 175 10.849 -38.005% 14.353 -17.985%
c5,5 22.5 14.403 -35.985% 18.805 -16.423%
dé 1 0.923 -7.750% 0.965 -3.550%
c6,1 0.5 0.166 -66.900% 0.386 -22.740%
6,2 1.5 1.217 -18.847% 1.390 -7.320%

6,3 2.5 2.280 -8.784% 2.396  -4.164%
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Table 4.4G. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 1-5; N = 225)

Estimate (w/o Estimate (w/ Three

Parameter  Value % Bias % Bias
Qutcomes) Outcomes)
c6,4 35 3.373  -3.626% 3425 -2.131%
c6,5 4.5 4427 -1.620% 4432 -1522%
d7 2 1.891 -5.475% 1.913 -4.370%
c7,1 1 0.215 -78.470% 0.729 -27.130%
c7,2 3 2.390 -20.327% 2.728  -9.073%
c7,3 5 4.680 -6.400% 4766  -4.690%
c7.4 7 6.959 -0.586% 6.793  -2.956%
c7,5 9 9.203 2.252% 8.817 -2.029%
ds 3 2.402 -19.927% 2.763  -7.917%
c8,1 1.5 0.095 -93.653% 1.011 -32.620%
8,2 4.5 3.034 -32.584% 4.036 -10.307%
8,3 7.5 6.009 -19.879% 6.929 -7.611%
c8,4 10.5 8.982 -14.460% 9.820 -6.472%
c8,5 13.5 11.975 -11.300% 12.863  -4.722%
d9 4 2.679 -33.015% 3.471 -13.235%
c9,1 2 0.040 -98.015% 1.314 -34.290%
9,2 6 3.274 -45.433% 5.006 -16.575%
c9,3 10 6.679 -33.211% 8.675 -13.250%
c9,4 14 10.088 -27.946% 12.316 -12.031%
c9,5 18 13.444 -25.312% 16.163 -10.206%
d10 5 2.873 -42.534% 4.057 -18.868%
cl0,1 2.5 0.015 -99.412% 1.529 -38.828%
cl0,2 7.5 3.437 -54.168% 5.870 -21.737%
c10,3 12.5 7.157 -42.746% 10.157 -18.748%
cl0,4 17.5 10.893 -37.756% 14.472 -17.301%
cl10,5 22.5 14.405 -35.978% 18.886 -16.064%
bl -1 - - -1.007 0.669%
al,l -0.5 - - -0.452  -9.520%
b2 0.5 - - 0.485 -2.967%
a2,1 0.25 - - 0.200 -20.160%
a2,2 0.75 - - 0.700 -6.733%
a2,3 1.25 - - 1.208  -3.400%
a2,4 1.75 - - 1.719 -1.789%

a2,5 2.25 - - 2.228 -0.991%
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Table 4.4G. (Continued)

Comparisons of Rater Parameters in the LCA Models with and without the Outcome

Variables (BIB; 10 raters; d = 1-5; N = 225)

Estimate (w/o Estimate (w/ Three

Parameter Value Outcomes) % Bias Outcomes) % Bias
b3 4 - - 4533 13.336%
a3,1 2 - - 1.888 -5.580%
a3,2 6 - - 6.668 11.140%
a3,3 10 - - 11.362 13.615%
a3, 4 14 - - 15.999 14.276%
a3,5 18 - - 20.813  15.626%
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Table 4.4H.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 1-5; N = 1080)

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 1 0.966 -3.360% 0.994 -0.570%
cl,1 0.5 0.410 -18.080% 0.484  -3.200%
cl,2 1.5 1.420 -5.307% 1.491  -0.593%
cl,3 2.5 2422 -3.108% 2.488 -0.496%
cl4 35 3433 -1.926% 3493 -0.203%
cl5 4.5 4443  -1.258% 4499  -0.027%
d2 2 1.953 -2.345% 1.978 -1.090%
c2,1 1 0.799 -20.070% 0.931 -6.940%
c2,2 3 2.846 -5.147% 2.933 -2.250%
c2,3 5 4896 -2.072% 4941 -1.182%
c2,4 7 6.944  -0.800% 6.948 -0.740%
c2,5 9 9.002 0.023% 8.966 -0.378%
d3 3 2989 -0.353% 2.959 -1.380%
c3,1 15 1.231 -17.947% 1445 -3.660%
c3,2 4.5 4367 -2.951% 4417 -1.847%
c3,3 7.5 7.501 0.015% 7.401 -1.315%
c3,4 10.5 10.596 0.913% 10.361  -1.320%
c3,5 135 13.766 1.970% 13.377  -0.910%
da 4 3.944  -1.405% 3.970 -0.762%
c4,1 2 1.492 -25.420% 1.893  -5.350%
c4,2 6 5740 -4.338% 5934 -1.095%
c4,3 10 9.850 -1.502% 9.905 -0.953%
c4,4 14 14.046 0.330% 13.956 -0.312%
c4,5 18 18.211 1.171% 17.947  -0.292%
d5 5 4576 -8.478% 4861 -2.784%
c5,1 2.5 1.580 -36.788% 2.280 -8.784%
c5,2 7.5 6.550 -12.668% 7.217 -3.768%
c5,3 12.5 11.472  -8.228% 12.135 -2.918%
c5,4 175 16.351  -6.565% 17.082 -2.389%
c5,5 22.5 21.298  -5.342% 22.046  -2.020%
dé 1 0.965 -3.500% 0.991 -0.860%
c6,1 0.5 0.390 -22.020% 0.465 -7.000%
c6,2 1.5 1.404  -6.380% 1.475 -1.673%

6,3 2.5 2414  -3.444% 2479  -0.860%
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Table 4.4H. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 1-5; N = 1080)

Estimate (w/o Estimate (w/ Three

Parameter  Value % Bias % Bias
Qutcomes) Outcomes)
c6,4 35 3420 -2.297% 3.478 -0.634%
c6,5 4.5 4446  -1.209% 4499  -0.029%
d7 2 1.955 -2.250% 1.981 -0.935%
c7,1 1 0.779 -22.120% 0.921  -7.910%
c7,2 3 2.845 -5.183% 2943  -1.917%
c7,3 5 4894 -2.130% 4949 -1.018%
c7.4 7 6.935 -0.930% 6.952 -0.680%
c7,5 9 8.990 -0.109% 8.967 -0.372%
ds 3 2.996 -0.143% 2.984  -0.540%
c8,1 1.5 1.198 -20.120% 1.439 -4.067%
8,2 4.5 4395 -2.324% 4471 -0.644%
8,3 7.5 7.515 0.200% 7.464  -0.483%
c8,4 10.5 10.644 1.374% 10.481 -0.178%
c8,5 13.5 13.824 2.397% 13.509 0.064%
d9 4 3.879  -3.030% 3.902 -2.448%
c9,1 2 1.440 -27.990% 1.829 -8.565%
9,2 6 5.640 -6.002% 5.814 -3.097%
c9,3 10 9.716  -2.840% 9.754  -2.457T%
c9,4 14 13.821 -1.278% 13.709  -2.080%
c9,5 18 17.995 -0.029% 17.690 -1.723%
d10 5 4571 -8.582% 4.846  -3.090%
cl0,1 2.5 1.560 -37.620% 2.195 -12.212%
cl0,2 7.5 6.589 -12.153% 7.204  -3.941%
cl10,3 12.5 11.392 -8.866% 12.048 -3.616%
cl0,4 17.5 16.297 -6.877% 17.016 -2.764%
c10,5 22.5 21.272  -5.458% 21.975 -2.334%
bl -1 - - -0.996  -0.385%
al,l -0.5 - - -0.481 -3.720%
b2 0.5 - - 0.497 -0.586%
a2,1 0.25 - - 0.245 -1.880%
a2,2 0.75 - - 0.745  -0.680%
a2,3 1.25 - - 1.247 -0.272%
a2,4 1.75 - - 1.747 -0.177%

a2,5 2.25 - - 2.246 -0.173%
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Table 4.4H. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 1-5; N = 1080)

Estimate (w/o Estimate (w/ Three

Parameter  Value Outcomes) % Bias Outcomes) % Bias
b3 4 - - 4.092 2.312%
a3, 1 2 - - 1.972 -1.390%
a3,2 6 - - 6.114 1.900%
a3,3 10 - - 10.233 2.332%
a3, 4 14 - - 14.353 2.523%

a3,5 18 - - 18.497 2.759%
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Table 4.41.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 2; N = 225)

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 2 1.609 -19.550% 1.859  -7.065%
cl,1 1 -0.189 -118.870% 0.502 -49.830%
cl,2 3 1.873 -37.557% 2.577 -14.093%
cl,3 5 4.030 -19.408% 4.646  -7.082%
cl4 7 6.185 -11.649% 6.733  -3.821%
cl,5 9 8.262 -8.198% 8.835  -1.832%
d2 2 1.609 -19.550% 1.845  -7.745%
c2,1 1 -0.155 -115.500% 0.511 -48.880%
c2,2 3 1.947 -35.113% 2.607 -13.113%
c2,3 5 4,046 -19.090% 4641  -7.178%
c2,4 7 6.112 -12.680% 6.677  -4.617%
c2,5 9 8.152 -9.418% 8.729  -3.011%
d3 2 1.615 -19.255% 1.860  -7.025%
c3,1 1 -0.125 -112.530% 0.554 -44.610%
c3,2 3 1.948 -35.067% 2.644 -11.867%
c3,3 5 3.999 -20.022% 4.640  -7.200%
c3,4 7 6.138 -12.313% 6.707  -4.184%
c3,5 9 8.213  -8.749% 8.780  -2.440%
d4 2 1.584 -20.820% 1.840  -8.025%
c4,1 1 -0.211 -121.090% 0.455 -54.520%
c4,2 3 1.867 -37.753% 2.569 -14.363%
c4,3 5 3.946 -21.072% 4595  -8.110%
c4,4 7 6.030 -13.857% 6.621  -5.411%
c4,5 9 8.105  -9.946% 8.720  -3.109%
d5 2 1.608 -19.600% 1.816  -9.200%
c5,1 1 -0.147 -114.680% 0.496 -50.390%
c5,2 3 1.908 -36.407% 2.517 -16.100%
c5,3 5 4,054 -18.916% 4559  -8.828%
c5,4 7 6.147 -12.187% 6.566  -6.203%
c5,5 9 8.258  -8.246% 8.656  -3.824%
dé 2 1.603 -19.850% 1.833  -8.340%
c6,1 1 -0.129 -112.920% 0.539 -46.100%
c6,2 3 1.940 -35.350% 2.589 -13.687%
6,3 5 3.954 -20.920% 4543  -9.150%
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Table 4.41. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 2; N = 225)

Estimate (w/o Estimate (w/ Three

Parameter  Value % Bias % Bias
Qutcomes) Outcomes)
c6,4 7 6.070 -13.286% 6.585 -5.931%
c6,5 9 8.154 -9.399% 8.656 -3.823%
d7 2 1.618 -19.095% 1.876 -6.195%
c7,1 1 -0.120 -112.040% 0.556 -44.440%
c7,2 3 1.901 -36.627% 2.623 -12.557%
c7,3 5 4.026 -19.490% 4.674 -6.516%
c7.4 7 6.159 -12.010% 6.755 -3.507%
c7,5 9 8.250 -8.332% 8.869 -1.456%
ds 2 1.626 -18.700% 1.827 -8.640%
c8,1 1 -0.142 -114.150% 0.490 -50.980%
8,2 3 1.939 -35.370% 2542 -15.277%
8,3 5 4.082 -18.370% 4.590 -8.210%
c8,4 7 6.198 -11.454% 6.614 -5.510%
c8,5 9 8.277 -8.030% 8.661 -3.762%
d9 2 1.609 -19.560% 1.834 -8.300%
c9,1 1 -0.149 -114.900% 0.517 -48.300%
c9,2 3 1.913 -36.233% 2.557 -14.777%
c9,3 5 4.035 -19.310% 4.600 -7.992%
c9,4 7 6.137 -12.334% 6.636 -5.200%
c9,5 9 8.254 -8.289% 8.742 -2.872%
d10 2 1.628 -18.595% 1.868 -6.615%
cl0,1 1 -0.129 -112.940% 0.546 -45.450%
cl0,2 3 1.983 -33.893% 2.641 -11.967%
cl10,3 5 4113 -17.738% 4.683 -6.334%
c10,4 7 6.225 -11.074% 6.734 -3.801%
cl10,5 9 8.306 -7.710% 8.837 -1.813%
bl -1 - - -0.949 -5.065%
al,l -0.5 - - -0.315 -36.940%
b2 0.5 - - 0.468 -6.495%
a2,1 0.25 - - 0.152 -39.400%
a2,2 0.75 - - 0.657 -12.440%
a2,3 1.25 - - 1.173 -6.184%
a2,4 1.75 - - 1.690 -3.457%

a2,5 2.25 - - 2182  -3.022%
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Table 4.41. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome

Variables (BIB; 10 raters; d = 2; N = 225)
Estimate (w/o

Estimate (w/ Three

Parameter  Value Outcomes) % Bias Outcomes) % Bias
b3 4 - - 4.005 0.127%
a3, 1 2 - - 1.154 -42.310%
a3,2 6 - - 5.625 -6.245%
a3,3 10 - - 10.033 0.328%
a3, 4 14 - - 14.466 3.328%

a3,5 18 - - 18.891 4.948%
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Table 4.4J.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 2; N = 1080)
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Estimate (w/o Estimate (w/ Three

Parameter  Value % Bias % Bias
Qutcomes) Outcomes)
dl 2 1.789 -10.530% 1.957 -2.160%
cl1 1 0.392 -60.850% 0.868 -13.240%
cl,2 3 2.438 -18.723% 2.881 -3.973%
cl,3 5 4.484 -10.328% 4902 -1.964%
cl4 7 6.522 -6.829% 6.907 -1.326%
cl5 9 8.536 -5.152% 8.882 -1.310%
d2 2 1.799 -10.040% 1.955 -2.255%
c2,1 1 0.407 -59.310% 0.879 -12.130%
c2,2 3 2.464 -17.853% 2.885 -3.843%
c2,3 5 4512 -9.760% 4900 -2.004%
c2,4 7 6.523  -6.809% 6.871 -1.847%
c2,5 9 8.591  -4.542% 8.895 -1.172%
d3 2 1.794 -10.310% 1.953 -2.375%
c3,1 1 0.392 -60.800% 0.862 -13.840%
c3,2 3 2.454 -18.203% 2.878 -4.077%
c3,3 5 4500 -10.006% 4887 -2.258%
c3,4 7 6.521 -6.840% 6.870 -1.861%
c3,5 9 8.596 -4.493% 8.901 -1.097%
d4 2 1.771 -11.445% 1.949 -2.530%
c4,1 1 0.393 -60.750% 0.888 -11.170%
c4,2 3 2426 -19.123% 2.886 -3.797%
c4,3 5 4.448 -11.044% 4.887 -2.264%
c4,4 7 6.438 -8.024% 6.861 -1.980%
c4,5 9 8.464 -5.961% 8.860 -1.560%
d5 2 1.809 -9.565% 1.969 -1.550%
c5,1 1 0.375 -62.550% 0.854 -14.640%
c5,2 3 2.475 -17.513% 2902 -3.267%
c5,3 5 4551 -8.988% 4944 -1.122%
c5,4 7 6.587 -5.907% 6.947 -0.753%
c5,5 9 8.646  -3.930% 8.971 -0.321%
dé 2 1.816 -9.225% 1.970 -1.510%
6,1 1 0.426 -57.430% 0.893 -10.730%
6,2 3 2504 -16.527% 2911 -2.953%
c6,3 5 4570 -8.600% 4943 -1.142%



Table 4.4). (Continued)

Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 2; N = 1080)
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Estimate (w/o

Estimate (w/ Three

Parameter  Value % Bias % Bias
Qutcomes) Outcomes)
c6,4 7 6.601 -5.704% 6.937 -0.894%
c6,5 9 8.662 -3.751% 8.948 -0.580%
d7 2 1.786 -10.695% 1.954 -2.280%
c7,1 1 0.387 -61.270% 0.872 -12.810%
c7,2 3 2.440 -18.683% 2.877 -4.107%
c7,3 5 4.481 -10.378% 4897 -2.070%
c7.4 7 6512 -6.967% 6.901  -1.414%
c7,5 9 8.562 -4.867% 8.914  -0.960%
ds 2 1.804 -9.800% 1.962 -1.915%
c8,1 1 0.419 -58.080% 0.895 -10.470%
8,2 3 2.463 -17.887% 2.887 -3.753%
8,3 5 4529 -9.420% 4911 -1.784%
c8,4 7 6.576  -6.064% 6.919 -1.154%
c8,5 9 8.623  -4.193% 8.928 -0.797%
d9 2 1.774 -11.300% 1.958 -2.090%
c9,1 1 0.373 -62.690% 0.866 -13.370%
9,2 3 2.403 -19.907% 2.870 -4.350%
c9,3 5 4.440 -11.198% 4896 -2.076%
c9,4 7 6.452 -7.836% 6.886 -1.630%
c9,5 9 8.496 -5.603% 8.917 -0.923%
d10 2 1.790 -10.495% 1.952 -2.415%
cl0,1 1 0.416 -58.390% 0.887 -11.290%
cl0,2 3 2.445 -18.497% 2.871 -4.293%
c10,3 5 4474 -10.514% 4872 -2.562%
cl0,4 7 6.511 -6.981% 6.879 -1.733%
cl10,5 9 8.570 -4.773% 8.891 -1.211%
bl -1 - - -0.979  -2.138%
al,l -0.5 - - -0.442 -11.620%
b2 0.5 - - 0.491 -1.799%
a2,1 0.25 - - 0.228 -8.880%
a2,2 0.75 - - 0.727  -3.080%
a2,3 1.25 - - 1.228 -1.800%
a2,4 1.75 - - 1.725 -1.434%
a2,5 2.25 - - 2.226  -1.049%
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Table 4.4]. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome

Variables (BIB; 10 raters; d = 2; N = 1080)

155

Estimate (w/o Estimate (w/ Three

Parameter  Value Outcomes) % Bias Outcomes) % Bias
b3 4 - - 4.035 0.863%
a3, 1 2 - - 1.804 -9.805%
a3,2 6 - - 5.962 -0.642%
a3,3 10 - - 10.075 0.749%
a3, 4 14 - - 14.225 1.606%

a3,5 18 - - 18.404 2.243%
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Table 4.4K.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 4; N = 225)

156

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 4 3.414 -14.645% 3.665 -8.388%
cl,1 2 0.764 -61.825% 1.461 -26.940%
cl,2 6 4,627 -22.888% 5.333 -11.123%
cl,3 10 8.525 -14.748% 9.171 -8.294%
cl4 14 12.313 -12.051% 12.892 -7.913%
cl,5 18 16.316  -9.354% 16.880 -6.221%
d2 4 3.440 -14.003% 3.642 -8.960%
c2,1 2 0.801 -59.975% 1.451 -27.435%
c2,2 6 4,712 -21.460% 5.322 -11.295%
c2,3 10 8.538 -14.617% 9.059 -9.413%
c2,4 14 12.443 -11.124% 12.858  -8.159%
c2,5 18 16.364  -9.091% 16.729  -7.062%
d3 4 3.422 -14.445% 3.599 -10.015%
c3,1 2 0.775 -61.255% 1.420 -29.025%
c3,2 6 4,652 -22.470% 5.233 -12.777%
c3,3 10 8.548 -14.520% 9.019 -9.815%
c3,4 14 12.347 -11.806% 12.654 -9.611%
c3,5 18 16.286  -9.524% 16.543  -8.096%
d4 4 3.452 -13.705% 3.697 -7.570%
c4,1 2 0.853 -57.350% 1.544 -22.780%
c4,2 6 4,716 -21.402% 5405 -9.925%
c4,3 10 8.632 -13.683% 9.253 -7.467%
c4,4 14 12.530 -10.499% 13.077 -6.595%
c4,5 18 16.422 -8.766% 16.991 -5.606%
d5 4 3.464 -13.393% 3.642 -8.960%
c5,1 2 0.795 -60.255% 1.412 -29.420%
c5,2 6 4,782 -20.308% 5.333 -11.117%
c5,3 10 8.653 -13.474% 9.126 -8.741%
c5,4 14 12.486 -10.817% 12.816 -8.461%
c5,5 18 16.515 -8.249% 16.790 -6.725%
dé 4 3.488 -12.810% 3.702  -7.455%
c6,1 2 0.862 -56.910% 1.489 -25.565%
6,2 6 4,752 -20.807% 5.388 -10.195%

6,3 10 8.665 -13.347% 9.221 -7.788%



Table 4.4K. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 4; N = 225)

157

Estimate (w/o Estimate (w/ Three

Parameter  Value % Bias % Bias
Qutcomes) Outcomes)
c6,4 14 12.646  -9.671% 13.076  -6.598%
c6,5 18 16.620 -7.667% 17.027  -5.406%
d7 4 3.414 -14.640% 3.642 -8.963%
c7,1 2 0.780 -61.005% 1.461 -26.960%
c7,2 6 4.632 -22.793% 5.296 -11.737%
c7,3 10 8.515 -14.851% 9.097 -9.027%
c7.4 14 12.379 -11.576% 12.889  -7.933%
c7,5 18 16.258 -9.676% 16.758  -6.903%
ds 4 3.437 -14.073% 3.697 -7.578%
c8,1 2 0.833 -58.350% 1.511 -24.450%
8,2 6 4.663 -22.283% 5.350 -10.838%
8,3 10 8.612 -13.876% 9.269 -7.311%
c8,4 14 12.484 -10.832% 13.124  -6.261%
c8,5 18 16.337  -9.242% 17.000 -5.557%
d9 4 3.433 -14.178% 3.658 -8.540%
c9,1 2 0.783 -60.860% 1.418 -29.105%
9,2 6 4730 -21.165% 5.358 -10.700%
c9,3 10 8.587 -14.127% 9.137 -8.632%
c9,4 14 12.476 -10.889% 12.935 -7.608%
c9,5 18 16.308  -9.399% 16.758  -6.900%
d10 4 3.493 -12.665% 3.735  -6.638%
cl0,1 2 0.816 -59.185% 1.522 -23.895%
cl0,2 6 4.830 -19.507% 5.500 -8.330%
cl10,3 10 8.706 -12.944% 9.319 -6.806%
cl0,4 14 12.672  -9.484% 13.239  -5.436%
cl10,5 18 16.690 -7.278% 17.260 -4.111%
bl -1 - - -0.995  -0.455%
al,l -0.5 - - -0.452  -9.540%
b2 0.5 - - 0.495 -1.027%
a2,1 0.25 - - 0.227  -9.280%
a2,2 0.75 - - 0.726  -3.160%
a2,3 1.25 - - 1.232  -1.480%
a2,4 1.75 - - 1.740 -0.549%

a2,5 2.25 - - 2.247  -0.120%
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Table 4.4K. (Continued)

Comparisons of Rater Parameters in the LCA Models with and without the Outcome

Variables (BIB; 10 raters; d = 4; N = 225)

158

Estimate (w/o Estimate (w/ Three

Parameter  Value Outcomes) % Bias Outcomes) % Bias
b3 4 - - 4.298 7.442%
a3, 1 2 - - 1.902 -4.910%
a3,2 6 - - 6.386 6.432%
a3,3 10 - - 10.758 1.577%
a3, 4 14 - - 15.113 7.948%
a3,5 18 - - 19.619 8.993%
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Table 4.4L.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 4; N = 1080)

159

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 4 3.996 -0.097% 3.978 -0.550%
cl,1 2 1.584 -20.815% 1.918 -4.120%
cl,2 6 5790 -3.503% 5923 -1.288%
cl,3 10 9.959 -0.408% 9.919 -0.806%
cl4 14 14.139 0.991% 13.922  -0.560%
cl,5 18 18.355 1.971% 17.947  -0.292%
d2 4 3.908 -2.293% 3.944  -1.410%
c2,1 2 1.586 -20.705% 1.927 -3.675%
c2,2 6 5693 -5.118% 5899 -1.678%
c2,3 10 9.792 -2.081% 9.868 -1.320%
c2,4 14 13.893 -0.764% 13.831 -1.206%
c2,5 18 18.047 0.259% 17.858 -0.789%
d3 4 3.952 -1.210% 3.956 -1.105%
c3,1 2 1.580 -21.005% 1.899 -5.075%
c3,2 6 5800 -3.337% 5.947 -0.890%
c3,3 10 9911 -0.889% 9.907 -0.926%
c3,4 14 14.022 0.155% 13.883  -0.834%
c3,5 18 18.181 1.003% 17879 -0.671%
d4 4 3.980 -0.497% 3.977 -0.585%
c4,1 2 1.590 -20.505% 1.901 -4.940%
c4,2 6 5786 -3.572% 5929 -1.192%
c4,3 10 9.934 -0.664% 9.926 -0.743%
c4,4 14 14.110 0.786% 13.928 -0.515%
c4,5 18 18.350 1.942% 17.999 -0.007%
d5 4 3974 -0.662% 3.981 -0.480%
c5,1 2 1.617 -19.155% 1937 -3.130%
c5,2 6 5772 -3.802% 5.952 -0.808%
c5,3 10 9.933 -0.669% 9.947 -0.535%
c5,4 14 14.059 0.420% 13.923  -0.551%
c5,5 18 18.259 1.438% 17969 -0.172%
dé 4 3.987 -0.335% 3.967 -0.830%
c6,1 2 1.622 -18.910% 1.926 -3.720%
c6,2 6 5818 -3.042% 5932 -1.137%

6,3 10 9.981 -0.189% 9.916  -0.844%



Table 4.4L. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (BIB; 10 raters; d = 4; N = 1080)
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Estimate (w/o Estimate (w/ Three

Parameter  Value % Bias % Bias
Qutcomes) Outcomes)
c6,4 14 14.149 1.061% 13.910 -0.641%
c6,5 18 18.320 1.777% 17.915 -0.474%
d7 4 3.948 -1.295% 3.967 -0.818%
c7,1 2 1.568 -21.625% 1.936 -3.185%
c7,2 6 5.737  -4.380% 5.931 -1.150%
c7,3 10 9.845 -1.549% 9.883 -1.170%
c’7,4 14 14.015 0.109% 13.913 -0.621%
c7,5 18 18.198 1.098% 17.937 -0.353%
ds 4 3.998 -0.060% 4.006 0.140%
c8,1 2 1.657 -17.145% 1.997 -0.175%
8,2 6 5.848 -2.538% 6.010 0.163%
8,3 10 10.010 0.104% 10.021 0.205%
c8,4 14 14.197 1.406% 14.042 0.299%
c8,5 18 18.384 2.133% 18.102 0.568%
d9 4 3.954 -1.140% 3.959 -1.033%
c9,1 2 1.576 -21.200% 1.902 -4.915%
9,2 6 5.742  -4.300% 5914 -1.428%
c9,3 10 9.883 -1.168% 9.890 -1.103%
c9,4 14 14.050 0.354% 13.894  -0.758%
c9,5 18 18.197 1.092% 17.873  -0.708%
d10 4 3.921 -1.988% 3.956 -1.093%
c10,1 2 1.561 -21.955% 1.915 -4.260%
cl0,2 6 5.671 -5.487% 5.884  -1.942%
cl10,3 10 9.810 -1.896% 9.888 -1.116%
cl0,4 14 13.912 -0.632% 13.867 -0.951%
cl10,5 18 18.065 0.359% 17.898  -0.566%
bl -1 - - -1.008 0.789%
al,l -0.5 - - -0.507 1.420%
b2 0.5 - - 0.499 -0.135%
a2,1 0.25 - - 0.252 0.840%
a2,2 0.75 - - 0.753 0.427%
a2,3 1.25 - - 1.254 0.328%
a2,4 1.75 - - 1.752 0.131%

a2,5 2.25 - - 2.252 0.084%
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Table 4.4L. (Continued)

Comparisons of Rater Parameters in the LCA Models with and without the Outcome

Variables (BIB; 10 raters; d = 4; N = 1080)

161

Estimate (w/o Estimate (w/ Three

Parameter  Value Outcomes) % Bias Outcomes) % Bias
b3 4 - - 4.047 1.171%
a3, 1 2 - - 1.986 -0.710%
a3,2 6 - - 6.063 1.047%
a3,3 10 - - 10.103 1.033%
a3, 4 14 - - 14.182 1.300%
a3,5 18 - - 18.250 1.389%
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Table 4.4M.

Comparisons of Rater Parameters in the LCA Models with and without the Outcome

Variables (Fully-crossed; 8 raters; d = 1-4; N = 125)

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 1 1.001 0.052% 1.005 0.519%
cl,1 0.5 0.467 -6.633% 0.478  -4.459%
cl,2 1.5 1.472  -1.865% 1.483 -1.119%
cl,3 2.5 2491 -0.342% 2.502 0.071%
cl4 35 3.505 0.149% 3.516 0.453%
cl,5 4.5 4,531 0.683% 4,541 0.903%
d2 2 2.001 0.028% 2.005 0.226%
c2,1 1 0.993 -0.733% 1.010 1.032%
c2,2 3 3.005 0.161% 3.020 0.667%
c2,3 5 5.000 -0.009% 5.010 0.196%
c2,4 7 7.031 0.447% 7.036 0.508%
c2,5 9 9.040 0.441% 9.039 0.435%
d3 3 2986 -0.453% 2989 -0.378%
c3,1 15 1.424  -5.038% 1453 -3.142%
c3,2 4.5 4480 -0.443% 4,503 0.072%
c3,3 7.5 7.459  -0.542% 7.462 -0.505%
c3,4 10.5 10.479  -0.198% 10.469  -0.294%
c3,5 135 13.515 0.109% 13.497 -0.020%
d4 4 3.988 -0.295% 3.983 -0.419%
c4,1 2 1.882  -5.890% 1.924 -3.805%
c4,2 6 5921 -1.322% 5939 -1.023%
c4,3 10 9.956 -0.436% 9.942 -0.582%
c4,4 14 13.980 -0.145% 13.938 -0.441%
c4,5 18 18.088 0.489% 18.014 0.080%
d5 1 0.997 -0.252% 1.002 0.159%
c5,1 0.5 0.480 -4.019% 0493 -1.437%
c5,2 1.5 1.504 0.262% 1.515 1.023%
c5,3 2.5 2.513 0.525% 2.524 0.964%
c5,4 35 3.512 0.356% 3.522 0.639%
c5,5 4.5 4,538 0.841% 4,548 1.061%
dé 2 2.004 0.225% 2.004 0.180%
c6,1 1 0.965 -3.516% 0975 -2.520%
6,2 3 2990 -0.346% 2995 -0.170%
6,3 5 5.018 0.368% 5.017 0.349%
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Table 4.4M. (Continued)

Comparisons of Rater Parameters in the LCA Models with and without the Outcome

Variables (Fully-crossed; 8 raters; d = 1-4; N = 125)

Estimate (w/o Estimate (w/ Three

Parameter  Value % Bias % Bias
Qutcomes) Outcomes)
c6,4 7 7.036 0.508% 7.025 0.361%
c6,5 9 9.064 0.716% 9.046 0.513%
d7 3 2977 -0.757% 2.988  -0.404%
c7,1 1.5 1.412 -5.842% 1.443 -3.775%
c7,2 4.5 4437 -1.405% 4468 -0.719%
c7,3 7.5 7.450 -0.660% 7476  -0.323%
c7.4 10.5 10.483 -0.167% 10.506 0.061%
c7,5 13.5 13.482 -0.137% 13.500 0.003%
ds 4 4.019 0.465% 4.012 0.310%
c8,1 2 1.904 -4.816% 1.930 -3.516%
8,2 6 5.989 -0.178% 6.007 0.122%
8,3 10 10.017 0.167% 9.997 -0.029%
c8,4 14 14.086 0.616% 14.042 0.303%
c8,5 18 18.217 1.207% 18.142 0.787%
al -1 - - -1.015 1.542%
b1,1 -0.5 - - -0.489  -2.248%
a2 0.5 - - 0.492 -1.503%
b2,1 0.25 - - 0.221 -11.602%
b2,2 0.75 - - 0.725  -3.315%
b2,3 1.25 - - 1.232 -1.474%
b2,4 1.75 - - 1.746  -0.222%
b2,5 2.25 - - 2.256 0.272%
a3 4 - - 3.965 -0.866%
b3,1 2 - - 1.935 -3.243%
b3,2 6 - - 5.893 -1.782%
b3,3 10 - - 9.873 -1.273%
b3,4 14 - - 13.930 -0.501%
b3,5 18 - - 17.951 -0.273%

163


zcheng
Typewritten Text

zcheng
Typewritten Text
 (Continued)

zcheng
Typewritten Text

zcheng
Typewritten Text

zcheng
Typewritten Text

zcheng
Typewritten Text

zcheng
Typewritten Text

zcheng
Typewritten Text

zcheng
Typewritten Text


Table 4.4N.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (Fully-crossed; 8 raters; d = 2; N = 125)

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
di 2 1.957 -2.129% 1.979 -1.067%
cl,1 1 0.837 -16.283% 0.898 -10.180%
cl,2 3 2.866 -4.454% 2930 -2.336%
cl,3 5 4910 -1.791% 4,966 -0.689%
cl4 7 6.918 -1.166% 6.962 -0.540%
cl,5 9 8.963  -0.408% 8.998 -0.024%
d2 2 1.964 -1.807% 1.986 -0.702%
c2,1 1 0.882 -11.755% 0.949 -5.144%
c2,2 3 2.896 -3.458% 2.958 -1.414%
c2,3 5 4,907 -1.859% 4961 -0.773%
c2,4 7 6.934  -0.949% 6.978 -0.310%
c2,5 9 8.963 -0.416% 9.001 0.013%
d3 2 1.952  -2.393% 1.983 -0.873%
c3,1 1 0.843 -15.668% 0917 -8.278%
c3,2 3 2.850 -4.998% 2.927 -2.421%
c3,3 5 4865 -2.697% 4,942 -1.168%
c3,4 7 6.899 -1.436% 6.975 -0.353%
c3,5 9 8.908 -1.017% 8.986 -0.158%
d4 2 1.973 -1.326% 1.997 -0.135%
c4,1 1 0.869 -13.147% 0.939 -6.063%
c4,2 3 2901 -3.286% 2970 -1.016%
c4,3 5 4,938 -1.242% 4,999 -0.018%
c4,4 7 6.965 -0.501% 7.017 0.245%
c4,5 9 9.013 0.141% 9.060 0.667%
d5 2 1.966 -1.722% 1.986 -0.721%
c5,1 1 0.852 -14.837% 0914 -8.618%
c5,2 3 2.884  -3.859% 2.945 -1.846%
c5,3 5 4931 -1.379% 4981 -0.377%
c5,4 7 6.948 -0.741% 6.986 -0.202%
c5,5 9 8.990 -0.114% 9.020 0.228%
dé 2 1.958 -2.091% 1.988 -0.598%
c6,1 1 0.845 -15.489% 0918 -8.226%
c6,2 3 2.892 -3.593% 2970 -1.016%
c6,3 5 4871 -2572% 4947 -1.057%
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Table 4.4N. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (Fully-crossed; 8 raters; d = 2; N = 125)

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Qutcomes) Outcomes)
c6,4 7 6.885 -1.638% 6.959 -0.592%
c6,5 9 8.947 -0.591% 9.020 0.219%
d7 2 1.954 -2.287% 1.980 -0.992%
c7,1 1 0.843 -15.748% 0912 -8.766%
c7,2 3 2.869 -4.363% 2.938 -2.061%
c7,3 5 4879 -2.411% 4944  -1.126%
c7,4 7 6.899 -1.443% 6.957 -0.608%
c7,5 9 8.928 -0.805% 8.982 -0.197%
ds 2 1.977 -1.171% 1.999 -0.055%
c8,1 1 0.924 -7.639% 0.992 -0.829%
c8,2 3 2936 -2.126% 3.002 0.072%
c8,3 5 4,947  -1.054% 5.004 0.082%
c8,4 7 6.995 -0.068% 7.041 0.584%
c8,5 9 9.056 0.620% 9.094 1.049%
al -1 - - -0.998  -0.197%
b1,1 -0.5 - - -0.471  -5.707%
a2 0.5 - - 0.501 0.208%
b2,1 0.25 - - 0.232 -7.123%
b2,2 0.75 - - 0.745 -0.647%
b2,3 1.25 - - 1.260 0.795%
b2,4 1.75 - - 1.761 0.630%
b2,5 2.25 - - 2.274 1.051%
a3 4 - - 3.937 -1.577%
b3,1 2 - - 1.793 -10.352%
b3,2 6 - - 5.860 -2.340%
b3,3 10 - - 9.825 -1.749%

b3,4 14 - - 13.844  -1.115%
b3,5 18 - - 17.865 -0.751%
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Table 4.40.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (Fully-crossed; 8 raters; d = 4; N = 125)

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Outcomes) Outcomes)
di 4 4.002 0.061% 3.996 -0.089%
cl,1 2 1979 -1.034% 1975 -1.242%
cl,2 6 6.020  0.331% 6.011  0.181%
cl,3 10 10.040  0.405% 10.027  0.269%
cl4 14 14.028  0.201% 14.011  0.076%
cl,5 18 18.030  0.165% 17.994  -0.031%
d2 4 3.970 -0.739% 3.965 -0.865%
c2,1 2 1.963 -1.849% 1.960 -2.003%
c2,2 6 5943 -0.955% 5937 -1.045%
c2,3 10 9.926 -0.742% 9.916 -0.844%
c2,4 14 13.912 -0.626% 13.890 -0.786%
c2,5 18 17.921  -0.439% 17.893  -0.597%
d3 4 3.961 -0.968% 3.962 -0.939%
c3,1 2 1.959 -2.041% 1.966 -1.678%
c3,2 6 5935 -1.079% 5936 -1.060%
c3,3 10 9.911 -0.890% 9.914 -0.863%
c3,4 14 13.875  -0.890% 13.874  -0.903%
c3,5 18 17.869  -0.728% 17.866  -0.746%
d4 4 3.975 -0.628% 3.969 -0.771%
c4,1 2 1.920 -4.013% 1.921 -3.926%
c4,2 6 5939 -1.010% 5934 -1.101%
c4,3 10 9.918 -0.817% 9.906 -0.942%
c4,4 14 13.919 -0.578% 13.897  -0.735%
c4,5 18 17951 -0.274% 17.918 -0.456%
d5 4 3.991 -0.216% 3.991 -0.232%
c5,1 2 1977 -1.140% 1981 -0.963%
c5,2 6 6.005  0.085% 6.006 0.097%
c5,3 10 9.975 -0.255% 9.974 -0.261%
c5,4 14 13.994  -0.042% 13.987  -0.095%
c5,5 18 18.019  0.106% 18.004  0.020%
dé 4 3.992 -0.199% 3.996 -0.095%
6,1 2 1.942  -2.899% 1.949  -2.557%
c6,2 6 5955 -0.756% 5963 -0.611%

6,3 10 9.980 -0.203% 9.987 -0.130%
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Table 4.40. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variables (Fully-crossed; 8 raters; d = 4; N = 125)

Estimate (w/o Estimate (w/ Three

Parameter Value % Bias % Bias
Outcomes) Outcomes)
c6,4 14 14.012 0.088% 14.021 0.148%
6,5 18 17.997 -0.015% 18.011 0.062%
d7 4 3.957 -1.064% 3.961 -0.984%
c7,1 2 1.905 -4.748% 1.910 -4517%
c7,2 6 5938 -1.029% 5949  -0.849%
c7,3 10 9.899 -1.009% 9.908 -0.923%
c7,4 14 13.882  -0.843% 13.887  -0.808%
c7,5 18 17.888  -0.622% 17.893  -0.596%
ds 4 3.986 -0.338% 3.982 -0.462%
c8,1 2 1931 -3.451% 1.937 -3.161%
8,2 6 5962 -0.637% 5960 -0.673%
8,3 10 9.972 -0.276% 9.961 -0.395%
c8,4 14 13.962 -0.271% 13.945  -0.395%
c8,5 18 17.998 -0.013% 17.969 -0.173%
al -1 - - -1.008 0.789%
b1,1 -0.5 - - -0.461  -7.874%
a2 0.5 - - 0.514 2.751%
b2,1 0.25 - - 0.276  10.323%
b2,2 0.75 - - 0.783 4.358%
b2,3 1.25 - - 1.290 3.181%
b2,4 1.75 - - 1.786 2.076%
b2,5 2.25 - - 2.289 1.754%
a3 4 - - 3.970 -0.757%
b3,1 2 - - 1.943 -2.842%
b3,2 6 - - 5928 -1.202%
b3,3 10 - - 9.934 -0.662%
b3,4 14 - - 13.882  -0.840%

b3,5 18 - - 17.894  -0.587%
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Table 4.5A.
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variable for the Real Data (Fully-crossed; 8 raters; N = 125)

Estimate (w/o Estimate (w/ Three

Parameter Outcomes) Outcomes) % Difference
di 2.285 2.364 3.4%
cll 0.740 0.524 -29.2%
cl,2 4.031 3.404 -15.5%
cl,3 5.940 5.099 -14.2%
d2 3.561 4.409 23.8%
c2,1 3.278 3.455 5.4%
c2,2 7.170 7.310 2.0%
c2,3 10.806 10.795 -0.1%
d3 2.027 2.223 9.6%
c3,1 -0.353 -0.466 32.0%
3,2 4.067 3.635 -10.6%
c3,3 6.511 5.985 -8.1%
d4 1.733 2.102 21.3%
c4,1 -0.163 -0.202 23.5%
c4,2 3.084 3.025 -1.9%
c4,3 5.494 5.488 -0.1%
ds 0.659 0.814 23.5%
c5,1 0.551 0.558 1.3%
c5,2 2.435 2.465 1.3%
c5,3 4.114 4.139 0.6%
dé 2.708 3.305 22.0%
6,1 1.631 1.631 0.0%
6,2 5.365 5.270 -1.8%
6,3 7.750 7.631 -1.5%
d7 1.504 1.660 10.4%
c7,1 -1.028 -1.123 9.2%
c7,2 2.772 2.523 -9.0%
c7,3 6.060 5.794 -4.4%
ds 0.673 0.733 9.0%
c8,1 -1.116 -1.195 7.1%
8,2 2.736 2.606 -4.7%
8,3 - - -
b2 - 1.387 -

az2,1 - -0.376 -
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Table 4.5A. (Continued)
Comparisons of Rater Parameters in the LCA Models with and without the Outcome
Variable for the Real Data (Fully-crossed; 8 raters; N = 125)

Estimate (w/o Estimate (w/ Three

% Difference
Outcomes) Outcomes) °

Parameter

a2,2 - 1.156 -
a2,3 - 3.863 -
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