
  

 

 

Tilburg University

Multiple imputation for incomplete test, questionnaire, and survey data

van Ginkel, J.R.

Publication date:
2007

Document Version
Publisher's PDF, also known as Version of record

Link to publication in Tilburg University Research Portal

Citation for published version (APA):
van Ginkel, J. R. (2007). Multiple imputation for incomplete test, questionnaire, and survey data. Ridderprint.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal
Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Download date: 24. May. 2023

https://research.tilburguniversity.edu/en/publications/518977a5-b9a3-45be-b8ad-7b041a8f773d




ISBN 978-90-5335-119-2
NUR 916
Printed by: Ridderprint BV. Ridderkerk
Copyright: © Joost R. van Ginkel, 2007



Multiple imputation for incomplete test, questionnaire,
and survey data



Multiple imputation for incomplete test, questionnaire,
and survey data

Proefschrift

ter verkrijging van de graad van doctor aan de Universiteit van Tilburg, op gezag van
de rector magnificus, prof. dr. F. A. van der Duyn Schouten, in het openbaar te
verdedigen ten overstaan van een door het college voor promoties aangewezen

commissie in de aula van de Universiteit op vrijdag  8 juni  2007  om  14: 15 uur door

Joost Roelant van Ginkel

geboren op 25 november 1977 te Amsterdam



Promotores:   Prof. dr. K. Sijtsma
Prof. dr. J. K. Vermunt

Copromotor:  Dr. L. A. van der Ark

.ir.
13;..; 'OrHEEK

- L23-/:5                    1



Acknowledgements

I would like to thank the following people for either helping me. supervising me, or

supporting me in the past four years that 1 have been working on this PhD thesis. First

of all I would like to thank my supervisors, Klaas Sijtsma, Andries van der Ark, and

Jeroen Vermunt. Thank you for your great supervision and for your help. I enjoyed
working together and I have learned a lot from you. Klaas and Andries, also thank you

for keeping me company during the train trips from and to Tilburg.

Next, I would like to thank a number of people who have somehow helped me

in writing of this thesis: Coen Bemaards (Coen. also thanks for the conversations we

had about missing data during the IMPS 2004 in Monterey, California), Herbert

Hoijtink, Norman Verhelst, and Andrew Gelman for the help they provided me

through email. I thank Ton Aalbers from Spits who helped me debug my simulation

programs, and Jay Magidson who read chapter 5 of my thesis and provided me

feedback. Finally, of the people who helped me I would like to thank Greg Richards

from ATLAS and Families in Society for letting me use the data from the ATLAS

Cultural Tourism Research Project, 2003 (2004) and the data from Blenkner, Bloom,

and Nielsen (1971) in chapter 5. You have all been very helpful.
I would like to thank my colleagues at the Department of Methodology and

Statistics in Tilburg. First, Marieke Spreeuwenberg, thanks for being such a great

roommate for all these years. I thank Wobbe Zijlstra and Rudy Ligtvoet for all the fun

we had in the last two years of my PhD studentship, especially in Montrtal during the

IMPS of 2006. Wouter van der Horst, I really liked your presence and the discussions

we had when you were in Tilburg. Janneke te Marvelde, you have been such a great

support to me while you were working at the department. Samantha Bouwmeester, I

think we had a great time in Montrdal too, and I liked your presence in Tilburg when

you were around. I thank my neighbor colleague Luc van Baest for all the nice

conversations. especially the ones about martial arts, and for sending the people to me

who needed help with their missing data. Carmen Petrovici, thank you for keeping me

company in the office for the last few months of my PhD studentship. Liesbet van

Dijk, I thank you for providing me feedback about my teaching style for the course

MTO-C. GOnul Dogan, I liked the Queensdays that we have spent together. Jacques

Hagenaars, I enjoyed working together with you for the IOPS and I think we have



accomplished quite a lot for the past two years. And, of course I would also like to

thank all my other colleagues: John Gelissen, Wilco Emons, Marcel van Assen,

Wicher Bergsma, Marcel Croon, Olga Lukociene, Guy Moors, Ad Vossen, Marieke

Timmermans, Sandra van Abswoude, Marieke van Onna. and Francisca Galindo-

Garre.

I would also like to thank two colleagues outside the Department of

Methodology and Statistics: Marjolein Berings and Brigitte Kroon. Thank you both
for stimulating me to make my two-way-for-separate-scales method from chapter 3

more user-friendly.
I would like to thank some of the people that I used to travel with by train to

Tilburg: Joris Knoben, I enjoyed our discussions in the train about politics (even

though   we   didn' t always agree), about scientific publications, about statistics,   and

about other things that made the journey a lot nicer. I want to thank Christiaan

Monden and Ries Agterberg. Ries, I enjoyed provoking all the other train travelers

with our conversations about politics. Marion Smale, thank you for our interesting

discussions about religion during our train trips.

I would like to thank my friends: Nikolaj Groeneweg, thank you for
supporting me whenever I needed you. Ernst Carstens, the same applies to you. Jim

Krab, thank you for standing by me for all these twenty-three years that we've known

each other. Furthermore, I would like to thank all my other friends: Joyce Smit,

Stanley Swinkels, Ditte Frank, David Uriot, Hans Tabar, Jessica Schoemaker, and

Liesbeth van Tongeren.

Of my family, I would like to thank my cousin Robbert Crusio and his wife

Kelly Moran. Robbert, thank you for being such a great cousin, and I especially
enjoyed our visits to the movies and the chess games we used to play. Kelly, I enjoyed

your four-year stay in Amsterdam a lot. I want to thank both of you for your
hospitality during my stay in New York. I would like to thank my father, Floris van

Ginkel (also thank you for teaching me so many things about statistics during my

studies) and my mother Els Crusio. Without the two of you, I couldn't have come to

the level that I'm at right now. And finally, I want to thank my sister Sofie van

Ginkel, just for being my sister.



Contents

Chapter 1  Introduction                                                                     1

Chapter 2 Multiple imputation of item scores in test and                                               29

questionnaire data, and influence on psychometric results

Chapter 3 Multiple imputation of item scores when test data are                                  59

factorially complex

Chapter 4 Two-way imputation: a Bayesian method for estimating                          89

missing scores in tests and questionnaires, and an accurate

approximation

Chapter 5 Multiple imputation of categorical data using latent class 115

analysis

References 135

Summary 149

Samenvatting (Summary in Dutch) 153



Chapter 1

Introduction

1.1 Nonresponse

In social and behavioral science research, data are often collected by means of tests or

questionnaires that are filled out by respondents who participate in the investigation.

The tests and questionnaires consist of several items. These items may measure one or

more different constructs, such as depression (psychology), religiosity (sociology),

service-quality (marketing) and health-related quality-of-life (medicine). In this data

collection procedure it happens regularly that some respondents fail to answer to all

the questions. This type of missingness is called item-nonresponse. The result is an

incomplete data set.

Incomplete data may complicate the statistical analyses, and missing data must

therefore be dealt with. If missing data are treated improperly, results of statistical

analyses may be biased. Thus, it is important to study the problem of missing data,

and to find possible solutions to this problem. Ideally, respondents should be

reapproached to obtain the responses that were initially missing. However, this is very

time-consuming and often not even possible. When this is the case, missing data must

be dealt with in other ways.

Perhaps the most simple solution to item-nonresponse is to include only

respondents in the statistical analyses that provided complete response patterns. This

is called listwise deletion (LD). Besides a loss of power, method LD can also lead to

biased results unless some strong assumptions about the mechanism that caused the

missingness are met. Thus, this solution may not be satisfactory. The problem of a

loss of power may be reduced by using all people who provided observed data on the

variables that are used for analysis. This is called available-case analysis (AC).

Although method AC uses more data than method LD, it has the same strong

assumptions about the missingness mechanism as method LD.

The third approach to handle missing data is called maximum likelihood of the

incomplete data (MLID). Under certain conditions discussed later on, the missing



2                                                                              Chapter 1

scores can be ignored and maximum likelihood estimates of the parameters of the

desired statistical model can be obtained in the presence of missing data. Examples

can be found in item response theory modeling (IRT) Ce.g., Rasch, 1960: Birnbaum,

1968: Masters, 1982: Samejima, 1969), latent class modeling (Lazarsfeld. 1950a;

1950b, Goodman. 1974), or structural equation modeling (Joreskog, 1969; 1977)

The fourth approach to handle missing data is called imputation, which is the

estimation of the missing scores according to a statistical model. Imputation yields

one a plausible complete version of the incomplete data set. The first variant of

imputation is called deterministic imputation in which the missing scores are replaced

by the estimates. For example, each missing score may be replaced by the sample

mean (e.g., Saggino & Kline. 1995) or each missing score may be replaced by the

expected value from a regression model (e.g., Sheviin & Adamson, 2005). The
advantage of deterministic imputation is that it provides the researcher with a

complete data set which can be used for any further statistical analysis. A
disadvantage of deterministic imputation is that variances and covariances are biased

(Schafer, 1997, p. 2), which will probably lead to biased results in many statistical

analyses.

One way to resolve this problem is to add a random error term to the imputed

scores. This is called stochastic imputation. Stochastic imputation will keep the
covariance structure intact but the problem remains that in subsequent statistical

analyses the imputed scores are treated as if they were observed without taking

uncertainty about these imputed values into account. This results in standard errors

that are too small.

A more complete solution not only adds a random error term but also

estimates the scores multiple times by generating multiple random values for the

missing values under a statistical model. This results in multiple completed data sets.

Next, these completed data sets are analyzed by standard statistical procedures and the

results are combined into one overall conclusion while standard errors are corrected

for the extra uncertainty caused by the missing data. This procedure is called multiple

imputation (MI). Examples are MI under the multivariate normal model. the loglinear

model, or the general location model (Schafer, 1997, chaps. 5,6,8, and 9).
For many researchers in psychology, sociology, marketing research, and

medical and health research, who have not been trained to become full-blown

statisticians, the use of statistically optimal missing-data handling methods like MLID
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and MI may be beyond their horizon. Although there is an abundance of literature on

handling missing data. the methods are seldomly applied in the social and behavioral

sciences and researchers resort to method LD or AC instead. For them, alternative

methods that are easier to understand and implement on the one hand, and provide

results without serious bias on the other hand may be welcome. The focus of this

thesis is primarily on providing and studying relatively simple methods for dealing

with missing item scores in test and questionnaire data, and in survey data that also

contain incomplete background variables. Both simple and complex methods are

studied, and their performance is compared. Methods for dealing with missing data

are discussed in more detail later on. but first we take a look at possible causes of

missing data.

1.2 Causes of Missing Data

Huisman (1998, chap. 3) studied the causes of missing data in a survey study with

people who were on a waiting list for orthopaedic surgery (Krol. 1996). By
reapproaching the respondents who had not responded to all the questions. insight was

gained in the causes of the missing data. Huisman (1998) identified six main causes of

missing data. First, scores could be missing by design, meaning that the question did

not apply to the respondent's circumstances. For example, a question was asked about

a    respondent' s treatment while he/she     had    not been treated yet. Second.     the

respondent erroneously thought a question did not apply to him/her. For example. the

respondent thought that a particular question was irrelevant for the waiting list

problem. Third, for some respondents the cognitive task was too difficult. For

example. the respondent found it difficult to recall an event or did not understand the

question. Fourth, the respondent refused to respond to the question for no apparent

reason. Fifth, the respondent answered "don't know" when this was not an option

provided by the researcher. Sixth, a respondent gave an inadequate answer, such as

"sometimes" to an item that could either be answered "yes" or "no", or multiple

answers to a question when only one answer was possible.

Although Huisman studied only one data set, it seems to be reasonable to

assume that many of the possible causes of missing data can be generalized to other

situations. For example, in other research it may easily happen that due to a badly
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formulated question some respondents do not understand it. It may also easily happen

that respondents respond "sometimes" to questions where "yes" and "no" were the

only two options.

We conclude that item nonresponse may occur for various reasons.

Precautions should be taken to prevent it in the first place, such as providing an

unequivocal instruction and questions that have been formulated as clearly as

possible. However, once data have been collected the missing data must be dealt with

in such a way that the statistical analyses are not seriously biased.

Besides the question what causes missing data, prior to finding possible

solutions to this problem it is also important to obtain an impression of how often

missing data occurs. This is investigated in the next section.

1.3 Frequency of Occurrence of Missing Data

Different types Of nonresponse. Before investigating how often missing data

occurs, we first distinguish four different types of nonresponse. In addition to item-

nonresponse, we distinguish unit-nonresponse, attrition, and planned missingness.

Unit-nonresponse means that a participant refuses to take part in the investigation at

all, so that for this person no observed data exist. The handling of unit-nonresponse

has been studied extensively by De Leeuw and Hox (1988), Dillman (1991), and
Groves and Couper (1998).

Attrition occurs in longitudinal studies, in which respondents are observed at

several time points. Initially, a respondent may participate in the study but later on

drop out. This dropout may have several causes. For example, a respondent may

initially agree to participate but lose interest later on. Also, a respondent may have
moved to another city and be no longer available for the study. In medical and health

studies, some patients may become too ill to participate further, some may be cured

and no longer be available, and others may die as a result of their illness. Attrition is

usually handled using survival analysis (e.g., Fleming & Harington, 1991; Andersen,

Borgan, Gill, & Kleiding, 1993).
Planned missingness is different from the other three types because it is

planned by the researcher. For example, in a medical screening using multiple tests

for efficiency reasons the researcher may decide not to administer all tests to all
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subjects. Another example comes from educational testing aimed at constructing huge

collections of items known as item banks. Here, structurally incomplete designs are
used to equate and calibrate the items on the same scale (Eggen & Verhelst. 1992;

Mislevy & Wu, 1988).

Unit-nonresponse, attrition, and planned missingness must be handled in

different ways than item-nonresponse. They are not further investigated in this thesis.

However, in investigating how often missing data occurs in social science research. it

is useful to also consider other types of nonresponse because many researchers seem

to think of them as being one and the same problem that should be treated it in the

same (generally unsatisfactory) way. Thus, studying how researchers treat other types

of nonresponse may give us an idea of how they will probably treat item-nonresponse

in future research.

Occurence of different types of nonresponse. To study the frequency of
occurence of missing item scores in social science research, the following strategy

was used. First, two psychological journals were chosen that publish many studies

that use tests and questionnaires: Psychological Assessment and Personality and

individual Differences. Second, three recent volumes were selected: 1995, 2000, and

2005. For each volume, four issues were selected (Psychological Assessment is issued

four times per year; Personality and Individual Differences is issued monthly; the

January, April, August, and December issues were selected). In each issue, all articles

were scanned for missing data.

Several articles reported multiple types of nonresponse. Table 1.1 treats these

articles as separate cases of nonresponse. This explains why the total frequency of 345

is higher than the total number of scanned research articles.

Table 1.1 shows clearly that item-nonresponse (third column) occurs

frequently. Approximately 30% of the studies published in both journals are reported

to suffer from item-nonresponse. Unit-nonresponse and attrition typically occur in

survey and longitudinal studies. These types of study are not frequently published in

Psychological Assessment and Personality and Individual Differences. This explains
the low prevalence of unit-nonresponse (second column) and attrition (third column)
in Table  1.1.
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Table     1.1.      Frequency     of     Occurence      of     Missing     Data     in     Three     Volumes      of

Psychological Assessment and Personality and Individual Differences.

Type of Nonresponse
Journal Volume UN AT  IN NC NF MD Total
Psychol. Assessment 1995        2     5 15 1 21 1    45

2000 3     5 20 1 12 1    42

2005        1     8 14 2 17 0    42

Total 6    18    49     4 50 2   129

Pers. Indiv. Differ. 1995        3     4 16 041064
2000       4     1 14 3 41 0    63

2005        7     3 24 3 52 0    89

Total 14 8 54 6 134 0   216

Total 1995        5     9 31 1 62 1   109

2000        7     6 34 4 53 1   105

2005 81138569 0   131

Total 20 26 103 10 184 2   345

UN = Unit nonresponse, AT = Attrition, IN = Item-nonresponse, NC = type of

missingness not clear, NF = nothing found on missing data, MD = missing by design.

The amount of missingness was mostlty specified in terms of the number of persons

who provided incomplete response patterns, irrespective of whether these resulted

from unit-nonresponse, attrition, item-nonresponse, or planned missingness. Thus, for

item-nonresponse the amount of missing data per variable often could not be

determined. To obtain an impression of the average amount of missingness for each

type of nonresponse, we recorded the percentage of cases that had incomplete data or

no observed data at all. However, this percentage could not always be derived either.

For example, in their article Farrell and Sullivan (2000) noted about missing data:

"Excluding data from 53 students who exercised their option to return incomplete or

blank measures and 24 who met statistical criteria for random responding [...] left a
final sample of  1,289 (674 girls,  612  boys,  and 3 missing gender data)." Apparently

these researchers considered persons with blank measures (unit-nonresponse),

incomplete measures (item-nonresponse), or random answers (outliers) to be useless

for analysis. Thus, we cannot derive how many of the 53 students had not filled out

anything, how many of them had incomplete data, and how many of them met the

criteria for random responding. Other articles mentioned the presence of missing data,

but not the percentage of incomplete response patterns. For example, Wade et al.

(2000) noted that: "Data were available for 537 MZ twin pairs, and 344 DZ twin
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pairs, where each woman had provided at least one of the six variables of interest

[...]". Again it is not clear what percentages of the total sample provided incomplete

response patterns.

Table 1.2 shows the results  for the studies that provided information  on  the

percentage of incomplete response patterns. It can be seen that for item-nonresponse,

the percentage of incomplete item-score patterns on average equals approximately

8%. Thus, if only the complete response patterns are used for further analysis, this

will reduce the sample size by about 8%. For the other types of missingness, the

percentages are even higher. Besides a loss of power, leaving out of the analysis the

respondents with incomplete item-score patterns may also lead to bias in statistical

results, unless strong assumptions about the missingness mechanism are met. These

assumptions are discussed next.

Table  1.1.  Mean  (M)  and  Standard  Deviation  (SD)  of  the   Percentage  of  Incomplete

Response Patterns for Each Type of Nonresponse, Computed Across All Studies in

Psychological Assessment and Personality and Individual Differences That Reported
the Percentage of Incomplete Response Patterns.

UN AT                    IN                    NC

(n = 17) (n = 22) (n = 71) (n = 4)
M   SD M SD M SD M   SD

Percentage missingness    0.37    0.17    0.20    0.13    0.08    0.09    0.45    0.29

1.4 Missingness Mechanisms

The concept of missingness mechanism was first introduced by Rubin ( 1976, also, see

Little & Rubin, 2002). He divided missingness mechnisms into three main types:

missing completely at random (MCAR), missing at random (MAR), and not missing

at random (NMAR). In combination with the missing-data method used, these main

types define cirumstances under which valid inferences can or cannot be guaranteed.

as will become clear later on. Missingness mechanism MCAR means that the

missingness is totally unrelated to completely observed scores and covariates, and to

unobserved variables. Suppose X is an incomplete data matrix with an observed part

Xeb' and a missing part Xmis. so that X = (Xebi, Xmis), and R is an observed-indicator
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matrix of which an element equals 1 if the corresponding score in X is observed, and

0 if the corresponding score in X is missing. Furthermore, let 4 be an unknown

parameter vector that characterizes the missingness mechanism. Missingness

mechanism MCAR can be formalized as follows:

P(R| Xeb. XII, 0 = P(Rl # (1.1)

In other words, the probability of a score being missing is unrelated to both Xet„ and

X,„„. Missingness mechanism MAR occurs when the missingness is related to other

observed data (Xet„) but not to the unobserved data (X.,·.). MAR is formalized as

P(RI Xebi, X,„,s, O = P(Rl Xeb., 0. (1.2)

Finally, NMAR is any missingness mechanism that cannot be formalized as in

Equation 1.l o r l.2. A distinction  can  be made between ignorable and nonignorable
missingness. Suppose 0 is a vector of parameters that govern the data. When Gand<
are distinct, MCAR and MAR are ignorable missingness mechanisms, and NMAR is

a nonignorable missingness mechanism (Schafer, 1997, p. 11). When a missingness

mechanism is ignorable, inferences based on likelihood-based methods are valid

(Rubin, 1976), and the missingness mechanism does not have to be modeled.

Schafer    ( 1997,    pp. 20-22) gives an overview of situations in which    the

assumption of ignorability is met. For example, in a survey study some respondents

may provide incomplete response patterns. If a follow-up study is conducted in which

a random sample of nonrespondents is reapproached and provides complete response

patterns, a covariate is created that indicates whether the response patterns were either

complete or incomplete before follow-up. Because the missingness depends on this

covariate, the missingness becomes MAR. Also, in studies with planned missingness,

ignorability is known to hold because the cause of the missingness is known, and the

variable(s) that explain the missingness can be included in the likelihood. Thus, the
assumption of ignorability is met in situations where the researcher has control over

the missingness.

Ignorability is defined as a condition under which likelihood-based inferences

can be guaranteed to hold. In some designs, these conditions can be controlled by the

researcher but in other designs in which such control is absent, for example, when
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respondents leave questions open for unknown reasons, often it is unknown whether

ignorability holds. Sometimes nonresponse mechanisms can be argued to resemble

one of the missingness mechanisms MCAR, MAR or NMAR. For example, if a
respondent accidentally skips a question, it is reasonable to assume that the

missingness is MCAR. Also, if men find it more difficult to answer a question about

crying than women. and gender is observed for all respondents, missingness is MAR.

NMAR may occur when people with high or low incomes have a higher probability of
not responding to a question about their income than people with a moderate income.

It is unlikely, however, that different respondents leave an item open for the

same reason. One respondent may accidentally skip a question, another respondent

may skip the same question because (s)he did not understand it, and yet another

respondent may have personal reasons for not answering the same question (Huisman,

1998). Thus, in one data set some missing item scores may be MCAR, others may be

MAR, and yet others may be NMAR.

The MAR assumption is more plausible as more observed variables are

included in the missing-data handling procedure. The more information Xebs contains

relevant for predicting Xm„, the less depencence between R and Xm,s remains after

conditioning on Xebs (Schafer, 1997, p. 29). For example, method MLID estimates the

statistical model of interest based on the observed data, and imputation and MI use the

statistical model for generating plausible values for the missing data. Both procedures

are more successful when more variables in the data are included in the model

because these variables contain information that is useful for explaining the

missingness mechanism.

Many of the available missing-data methods assume MAR, and some methods

are suited for nonignorable missingness. Examples are sensoring (Heckman, 1976),

and contingency-table approaches for nonignorable missingness (Fay, 1986).
Moustaki and Knott (2000) discussed latent variable models for nonignorable

missingness, and Pimentel (2005) studied item response models for nonignorable

missingness.
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Table 1.3. Example of an Incomplete Item Scores (Sijtsma & Van der Ark, 2003).

Case Xi  X, X.3  4   XS
1 2 1 1
235455
343 3      4

4 1 1 1 3      2

5 33 4
6 5 5 3   5
713222
8 3 3 1 2

1.5 Solutions to Missing-Data Problems for Item Scores

The next sections give an overview of different solutions to missing-data problems for

item scores. Some of the methods are illustrated using an incomplete-data example

(see,  Sijtsma & Van der Ark, 2003), which is shown in Table  1.3.

1.5.1 Traditional Methods

Before MI was first introduced by Rubin (1987), missing data were usually handled

by using only the cases in the data that had no missing values. Little & Rubin (2002,

p. 41) refer to this method as complete-case analysis, also known as method (LD).

Because social and behavioral science researchers are more familiar with the term

listwise deletion, we will use the abbreviation LD throughout this thesis. One

advantage of method LD is that statistical analyses can be applied without any

modifications. Another advantage is that univariate statistics are comparable because

they are based on the same sample. Method LD derives much of its popularity from

being included in standard statistical packages, such as SPSS (2006). However, it also

has disadvantages. For example, much information is lost which results in a loss of

precision. Also, valid inferences can only be guaranteed when the missingness

mechanism is MCAR.

Loss of power may be reduced by using all the cases that have observed values

on the variables that take part in the statistical analyses. Thus, missing values on other

variables do not lead to exclusion of a case from the analyses. This approach is the

default option for missing-data handling in SPSS, and is referred to as available-case
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(AC) analysis (Little & Rubin, 2002, pp. 53-54). The special case of AC, pairwise

deletion. is discussed later on.

Compared to method LD, a disadvantage of this method is that different

statistical analyses with different variables may be based on different subsamples with

different sample sizes. A disadvantage shared with method LD is that valid inferences

based on method AC are guaranteed only under MCAR. Kim and Curry (1977)

showed that method AC is superior to method LD when correlations among variables

are modest. Other studies (Azen & Van Guilder. 1981; Haitovsky, 1968) showed that

method LD is superior to method AC when correlations among variables are large.

However, Little and Rubin  (2002, p. 55) claimed that both options are generally

unsatisfactory.

To illustrate methods  LD  and  AC,  we  use  the data example in Table   1.3.

Suppose a researcher would like to compute a correlation matrix for variables X2, X3'

and X4. Method LD uses cases 2.4, and 7 for computing the correlations among the

variables, and method AC uses cases 2,4,7, and 8. The traditional methods LD and

AC are studied in chapters 3 and 5, respectively, and are compared with other

missing-data methods. In chapter 3, item scores are simulated for tests consisting of

four subscales. Statistics are computed for each of these subscales. Because sets of

available cases are different for each subscale, method AC will  lead to analyses based

on different subsamples. Thus, to keep all the analyses maximally comparable,

chapter 3 uses method LD. In chapter 5, however, only one analysis is carried out

using one subset of variables. Because comparability between different analyses is not

an issue here, and because method AC uses more cases for analysis than method LD.

method AC is studied as traditional method in chapter 5.

Because methods LD and AC result in a loss of power and only lead to valid

inferences when the missingness mechanism is MCAR, researchers should be

cautious using them. It is recommendable only to use these methods when the left-

over sample is large enough and when it has been checked whether there are

systematic differences on the observed variables between the completely observed

cases and the incomplete cases, so that the MCAR assumption becomes plausible.

Another simple way of dealing with missing data is painvise deletion (PD).

Method PD is also an option in several statistical packages. This method is mostly

used when covariance or correlation matrices are analyzed. For a particular

covariance or correlation estimate, method PD uses the complete pairs of
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observations. Consider  the  data  set in Table   1.3. For computing the correlation

between  X2 and Xi method  PD uses cases   1,2,4,5,6.7,  and  8, for computing  the

correlation between X2 and X4 it uses cases 2.3.4,7. and 8, and for computation of

the correlation between variables X, and X4 method PD uses cases 2,4,7, and 8. Thus,

each covariance or correlation estimate may be based on a different set of complete

pairs of observations.

Method PD has the advantage over methods LD and AC that more cases are

used to compute covariances and correlations. However, it also has disadvantages.

First, the missingness mechanism is assumed to be MCAR. In empirical data this

assumption often is unrealistic. Second, the resulting correlation or covariance matrix

may not be positive definite. Positive definiteness is a necessary condition for
optimization problems such as those in multivariate statistics. Third, because

correlations or covariances are computed across different pairs of observations the

sample size on which analyses are based is unknown. This is a problem in estimation

and hypothesis testing.

1.5.2 Imputation Methods

Methods AC, LD and PD run into many serious problems. Thus, they are not

recommended as generally applicable missing-data handling tools. Instead, it is
desirable to use a method that provides the possibility to analyze all observed data

without computational problems, and not only the data from the respondents who do

not have missing data. Imputation is a good candidate. Imputation estimates the

missing values so that cases that are not completely observed can be included in the

statistical analyses. For test and questionaire data. specific imputation methods exist

which are discussed next.

Deterministic imputation in test and questionnaire data. Tests and
questionnaire data consist of the responses of N responsents on J items. The items

measure one or more different constructs. For example. a questionnaire may consist of

20 items, divided across several subscales each of which measures different

symptoms of posttraumatic stress disorder (PTSD). Due to the data structure of tests

and questionnaires, a wide variety of simple imputation methods can be applied.

Perhaps the simplest method is overall mean substitution (OM). This method

substitutes for each missing score the overall mean of all observed item scores in the
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Nxjdata matrix. The disadvantage of method OM is that it ignores differences
among persons in ability or trait level. and differences between items in difficulty or

popularity, respectively. Moreover, all imputed scores have the same value so that the

total variance is biased downwards.

Item-mean imputation (IM) substitutes the mean of item j across all observed

scores for this item for every missing score on item j. The advantage of method IM

over method OM is that it takes the differences between the items in difficulty or

popularity into account. Some statistical packages have an option for method IM; for

example, see SPSS (2006). A disadvantage of method IM is that it ignores differences

among persons in ability or trait level. Two consequences are that the item variances

are biased downwards, and that the correlation structure among the items is lost.

Person-mean imputation (PM) substitutes the mean of person i obtained across

all observed scores for this person for every missing score of person i. Method PM

takes a person' s ability into account but ignores item difficulty or popularity.

Bernaards and Sijtsma (1999; 2000) found that method PM better recovered the

loadings of a factor analysis than method IM.

Huisman (1998) proposed method corrected item-mean substitution (CIMS.

This method imputes item scores that depend both on item mean and person mean.

Let #obs(i) be the number of observed scores of person i, PM,· the mean score of

person i, and /Mj the mean score of item j, then method CIMS estimates the missing

score in cell (i, j) of the data matrix by means of

/                       \

CIMS = PM,
x IM i

1 SIM, #obs(i) j.«b,LE)      /

The ratio between parentheses is smaller    than    1    when a person' s    mean

observed item score (i.e., person mean  PMi ) is smaller than the mean of the items

that (s)he answered and larger than 1 when his/her person mean is higher than the

mean of the items that (s)he answered. Method CIMS produces small bias in

Cronbach's (1951) alpha and Loevinger's (1948) H (Huisman, 1998; also, see Smits,

Mellenbergh & Vorst, 2002).
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Table 1.4. Incomplete   Data   Set   (Sijtsma   &   Van   der  Ark,   2003)   Completed   Using

Methods OM, IM, PM, TW, and CIMS.

OM IM

2  1  1  2.88 2.88 1.33  2 1 1  3.00 3.67 1.33
354554.403545 5          4.40
4 3 2.88 3 4 3.50 4  3  2.14 3 4 3.50

1 1 1 3 2 1.60 1 1 1 3 2 1.60

2.88 3  3  2.88 4 3.33 2.71 3  3  3.00 4 3.33
5  5  3  2.88 5 4.50 5 5 3  3.00 5 4.50
13222 2.0013222 2.00

3 3 1 2 2.88 2.25 3 3 1 2 3.67 2.25
2.71 3.00 2.14 3.00 3.67 2.88 2.71 3.00 2.14 3.00 3.67 2.88

PM TW
2 1 1 1.33 1.33 1.33 2 1 1  1.45 2.12 1.33

354554.4035455 4.40
4 3 3.50 3 4 3.50 4  3  2.76 3 4 3.50

1 1 1 3 2 1.60   1   1   1   3 2 1.60

3.33 3  3  3.33 4 3.33 3.16 3  3  3.45 4 3.33
5  5  3  4.50 5 4.50 5 5 3  4.62 5 4.50
13222 2.0013222 2.00

3 3 1 2  2.25 2.25 3 3 1 2 3.04 2.25
2.71 3.00 2.14 3.00 3.67 2.88 2.71 3.00 2.14 3.00 3.67 2.88

CIMS
2  1  1  1.53 1.87 1.33
3545 5         4.40

4 3 2.42 3 4 3.50

1 1 1 3 2 1.60

3.08 3  3  3.41 4 3.33
5  5  3  4.69 5 4.50
13222 2.00

3       3       1       2      3.04   2.25
2.71 3.00 2.14 3.00 3.67 2.88
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Bernaards and Sijtsma (2000) proposed method two-way (TW) imputation.

Like method CIMS. method TW imputes scores that depend on a person effect and an

item effect by following the typical analysis-of-variance (ANOVA) layout of the

dependent variable as:

TW,j = PM, + IMi - OM.

Little and Su (1987) discussed this method in the context of incomplete longitudinal

data. Simulation studies have shown that methods TW and CIMS perform better in

recovering the results of factor analysis, measures in item response theory, and

Mokken (1971) scale analysis, than methods OM, IM, and PM (Bernaards & Sijtsma,

2000; Sijtsma & Van der Ark, 2003; Van der Ark & Sijtsma, 2005).

For illustrative purposes, methods OM, IM, PM, TW, and CIMS are all

applied to the data example in Table  1.3. The resulting completed data sets are shown

in Table 1.4. Person means, item means and overall means are given in the marginals.

The imputed values resulting from methods CIMS and TW are very much alike but

different from the imputed values resulting from the other methods.

Stochastic imputation in test and questionnaire data. Because of their

deterministic nature, methods OM, IM, PM, TW, and CIMS may produce biased

variances. This problem may be fixed by adding a random error term to the imputed

scores. This can be done as follows. First, for a particular method we compute the

expected item scores for each element of the set of all observed scores (this set is

denoted obs). Second, we use the sum of squared differences between the observed

and expected scores in set obs, and divide this sum by the total number of observed

scores, denoted #obs. For example, for method TW this becomes

S,2 = IE(X,j- TW„)2/(#obs-1).
i.j'obs

Third, for each imputed score a random error term is drawn from a normal

distribution with mean 0 and variance equal to the estimated error variance. Bernaards

and Sijtsma (2000) studied stochastic versions of methods OM, IM, PM, TW, and

CIMS. and called them OM-E, IM-E, PM-E, TW-E, and CIMS-E. They found that, in

general, the stochastic versions of the methods recovered factor loadings better than
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the deterministic versions. In particu ar, methods TW-E and CIMS-E performed well.

Smits (2003, chap. 3) found that method TW-E performed well in recovering the

validity coefficient of a test.

Another recently developed imputation method for tests and questionnaires is

Response-Function imputation (method RF; Sijtsma & Van der Ark, 2003; Van der
Ark & Sijtsma, 2005). Method RF was developed in the framework of nonparametric

item-response theory (Boomsma, Van Duijn, & Snijders, 2001; Sijtsma & Molenaar,
2002; Van der Linden & Hambleton, 1997). First, method RF estimates the response

function for score x on item j. This  is done by means of a nonparametric regression
method called binning (Fox, 1991, pp. 44-46). Second, for person i his/her ability or
trait level is estimated, and given this level the distribution of the scores on item j is

estimated from the response function fur item j. Third, a random draw from this
distribution is imputed in empty cell  (i, j)  of the data matrix.

1.5.3 Statistically Advanced Methods

An advantage of imputation is that all cases can be used in the statistical analyses.

Because the imputed data are treated as if they were real data, this results in standard

errors that are too small. More advanced methods such as MI under the multivariate
normal model, the loglinear model, and the general location model (Schafer, 1997)
deal with this problem by taking the uncertainty due to the missing data into account                    I
in the statistical analyses. Under the assumptions that the imputation models are              
correct and that the missingness mechanism is MAR, these methods produce unbiased

estimates and correct standard errors. Such results are not obtained in general for
simple imputation methods.

Multiple Imputation (MI) Method MI (Rubin, 1987) handles missing data so
as to correct the standard errors for the extra uncertainty caused by the presence of

missing data. First, missing data are estimated using a stochastic model and this is
repeated more than once, usually w=5 times. This results in w plausible complete

data sets. Second, each of these data sets is analyzed by standard statistical
procedures, and the results are combined into one overall conclusion or parameter

estimate. The variance of w parameter estimates is also used for computing the
standard errors. See Rubin (1987, chap. 3) for details.
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The goal of MI is to find the distribution of P(Xm:,1Xqt„) under a specific

imputation model, and to draw the missing values from this distribution multiple

times. This may be achieved by means of data augmentation (DA; Tanner & Wong,

1987) or related algorithms. DA iteratively draws the model parameters from
posterior distributions, given the observed data, and draws the missing data from the

distribution of Xm,i, given the current model parameter estimates. After convergence

of DA, the imputed scores can be considered random draws from the distribution of

P(Xmi,IXobs); see Schafer (1997, chaps. 5,6,8, and 9) for examples.

Many MI methods use DA to generate imputed values but other methods can

also be used. As long as an imputation method is stochastic, that is, the imputed

values are random draws rather than expected values, it can be used for MI. However,

when an MI method uses DA for estimating the imputation model, it is said to be

Bayesianly proper (Schafer, 1997. p. 105). This is an important property because.

given the assumption of MAR and provided that the imputation model is correct,

Bayesianly proper methods lead to valid inferences with respect to parameter

estimates and their confidence intervals. Such methods are rather involved and they

are mostly available in software packages that are not frequently used among social

science researchers. Examples are SAS 8.1, in the procedure PROC MI (Yuan, 2000),

S-plus 6 for Windows (2001), AMOS 6.0 (Arbuckle & Wothke, 2006), and the stand-

alone program NORM (Schafer, 1998).

Maximum likelihood of the  incomplete data (MLID). Method MUD is useful

especially for estimation of model parameters. Method MLID uses the EM algorithm

(Dempster, Laird, & Rubin, 1977) for estimating parameters based on all observed

data. The method is used for the estimation of, for example, parametric IRT models,

latent class models, or structural equation models. An advantage of method MLID is

that all cases can be used to estimate the model. Moreover, under the assumption of

MAR and provided that the estimated model is true, method MLID also leads to

unbiased estimates.

One disadvantage of method MLID is that, like most MI methods, it is a
relatively complex method that can only be used in non-standard statistical procedures

and in non-standard statistical software packages. Method MLID cannot be used for

much-used procedures like principal components analysis (PCA) or ANOVA.

Moreover, the standard statististical package SPSS does not provide the possibility of

using method MLID even for procedures that can make use of method MLID, such as
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loglinear models. Another disadvantage of method MLID is that the model that is

used for analysis is also the model that handles the missing data. Thus, a model may

be estimated for analysis that uses only few variables in the data, while missingness

may be related to observed variables outside this model. As a result, the missingness

becomes NMAR, and valid inferences can no longer be guaranteed. Alternatively, a
model for statistical analyses may be used that includes all observed variables in the

data. However, this may not always be a model of interest to the researcher.

Bayesianly proper MI methods, on the other hand, do not have this problem

because the model that is used for analysis and the model that handles the missing

data, are not (necessarily) equal. MI can use as many variables in the data to estimate

an imputation model, and analyses can be done later using a more restrictive model

with fewer variables.

1.6 Missing-data handling in practice

For the past thirty years much has been written about missing-data handling.

Among these publications are many simulation studies that have been performed on
either highly advanced MI methods (Ezzati-Rice et al., 1995; Schafer et al., 1996;

Schafer, 1997; Graham & Schafer, 1999), simple imputation methods (Huisman,

1998; Bernaards & Sijtsma, 1999; 2000; Van der Ark & Sijtsma, 2005) or both

(Smits, Mellenbergh, & Vorst. 2002. Smits, 2003, chap. 3; Sijtsma & Van der Ark,
2003). An interesting question is how often these missing-data methods are actually

used in practice and, more specific, how often they are used for imputing item scores

in  test and questionnaire  data.  In the literature study discussed in section  1.3,  the

methods that were used to handle the missing item scores were recorded. They are

shown in Table  1.5.

LD-M (row 2)  and LD-N (row 3) were usually done as follows. It was

checked whether respondents with completely observed item-score patterns and
respondents with incomplete item-score patterns differed significantly with respect to

demographic variables such as gender or ethnicity. For example, see Hishinuma et al.

(2000) and Cole, Hoffman, Tram, and Marwell (2000). Imputation (5th row) could

vary from method IM (Duriez, Soenens, & Hutsebaut, 2005; Saggino & Kline, 1995)
to the more advanced regression imputation in SPSS (Marsh, Ellis, Parada, Richards

& Heubeck, 2005; Sheviin & Adamson, 2005). Prorating the test scores (8th row)
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means that for respondents with incomplete item-score patterns the total score is

computed across all observed scores and then rescaled. Together with the total scores

for respondent with complete data these total score are used as dependent variable in

statistical analyses. It may be noted that although this method does not explicitly

impute data, it is equivalent to using method PM.

Table 1.5. Missing-Data Methods Reported in Articles in Three Volumes of
Psychological Assessment and Personality and Individual DijIerences.

Missing-data method Abbreviation
Listwise deletion, no check for MCAR assumption     LD
Listwise deletion, MCAR assumption met LD-M
Listwise deletion, MCAR assumption not met LD-N
Available-case analysis AC
Imputation IMP
Maximum likelihood of the incomplete data MLID
Variables with missing values not used in analysis NU
Test scores prorated PRO
Nothing found on missing-data handling NFM

Table 1.6 shows the frequencies by which the different combinations  of type

of missingness and missing-data method occur. It should be noted that in some studies

different missing-data methods were used to treat the same type of item nonresponse.

For example, first Hemphill and Howel (2000) deleted one case with almost no

observed data (LD). Second, variables with many missing values were deleted (NU).

Third, Cronbach's (1951) alpha was computed across all resulting complete response

patterns (LD), but in other analyses where only the total scores were needed, the total

scores of the persons with missing values were prorated (PRO). For studies such as

these, different types of missing-data handling are treated in Table  1.6 as separate

cases.  This also explains why the total frequency does not add to 345, as in Table  1.1.

Table 1.6 shows that method LD is by far the most frequently used missing-

data method, followed by method AC. Imputation was only done 8 times. No studies

were found that used MI.

In addition to this literature study, practical missing-data handling was studied

in two other ways:

1. Empirical studies were searched that cited Bernaards and Sijtsma's (2000) and

Huisman's (1998) studies on simple imputation methods;



10                                                                             Chapter I

2. Empirical studies were searched that cited Schafer and Olsen's (1998) paper

on MI under de multivariate normal model.

Table  1.6.   Frequencies  in  which  Missing-Data  Methods  were   Used  in  Studies  from

Three Volumes of Psychological Assessment and Personality and Individual

Differences.

Missing-data Type of Nonresponse
method UN AT IN NC NF MD Total
LD   17 14 61 3 0 0    95
LD-M 2240008
LD-N 1 5 3 1 0 0    10
AC 0     4    19     4 0 0    27
IMP 0080008
MLID 0 0 6 1 1 1 9
NU 0080008
FU 0100001
PRO 0050005
NFM 009 1 184 1   195

Total   20 26 123 10 185 2   366
UN = Unit nonresponse, AT = Attrition, IN = Item-nonresponse, NC = type of

missingness not clear, NF = nothing found on missing data, MD = missing by design.

Of the ten empirical studies that cited Bernaards and Sijtsma (2000), seven used

method TW, one used method IM, one used method CIMS, and one study used the

EM algorithm to estimate the factor model (notice that Bernaards & Sijtsma, 2000,

also used the latter method and provided an S-code for this purpose). Of the six

empirical studies that cited Huisman (1998), four used method CIN(IS, one used

method IM, and one used another imputation method called hot-deck nearest

neighbor (Rubin, 1987, p. 9).

Of the ten empirical studies that cited Bernaards and Sijtsma (2000), seven

used method TW, one used method IM, one used method CIMS, and one study used
the EM algorithm to estimate the factor model (notice that Bernaards & Sijtsma, 2000,

also used the latter method and provided an S-code for this purpose). Of the six
empirical studies that cited Huisman (1998), four used method CIMS, one used
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method IM, and one used hot-deck imputation (notice that Huisman, 1998, also used

hot-deck nearest neighbor imputation).
Substantially more articles were found that cited Schafer and Olson (1998) and

used MI. These articles were mainly medical studies that did not use tests or

questionnaires. A possible explanation for this result is that in medical research

statisticians may be much more involved in the statistical analyses of research data

than in social science research, where the researchers more often carry out the

statistical analyses themselves.

The results of these modest literature studies suggest that empirical studies

reporting on the analysis of test and questionnaire data mostly use method LD. A

possible reason for this preference is that researchers are not aware of the possible

dangers. In many studies it was found that all types of nonresponse and also other

problems unrelated to missing data (such as random responses) were considered to

produce useless data patterns that should be thrown away. For example, Farell and

Sullivan (2000) stated the following about preparing their data set for analysis: "The

1993 sample, which was used for cross-validation, represented students from six

middle schools (initial n = 1,369). This sample was reduced to 1,157 (534 boys; 620

girls; 3 missing gender data) after excluding   data  from 153 students who returned

incomplete or blank measures, and 59 random responders. The 1996 sample was used

to test a latent-variable model. These students came from the same three middle

schools as the 1995 sample (initial n = 581) and included some of the same students.

This sample was reduced to 560 after excluding 7 students who returned incomplete

or blank measures and 14 random responders." From this passage it becomes clear

that the authors treated blank measures (unit-nonresponse), incomplete measures

(item-nonresponse), and random responders (outliers) equally: cases suffering from
these problems were all excluded from further analysis. In many articles, similar

descriptions were found. Supposedly, many social science researchers think of
missing data only as a power problem. Missing data are discussed as if they were

nothing more than an unavoidable side effect of the data-collection process, which can

simply be remedied by collecting enough data so that even after LD enough cases are

left for analysis.

Only few studies were found that checked whether the MCAR assumption was

met prior to deleting the cases from the analyses that were incomplete due to unit-

nonresponse, attrition, or item-nonresponse. However, even when MCAR was
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Violated authors always proceeded with the analyses based on the complete cases, and

only in the discussion they mentioned briefly that the sample was probably not

completely representative resulting in limited generalizability (e.g., Munafo et al..

1995).

Sher et al.  ( 1995) even deliberately avoided imputation in favor of method LD,

as is clear from their claim that: "Of these 601 participants, 3 were eliminated because

of questionable  data,  and  15 were missing  data  on at least  one  of the TPQ subscales

and could not be included without imputing data. Thus, data analyses were conducted

on those 583 participants with complete data. .

It may be noted that in some cases method LD may be a good solution. For

example, when some respondents have almost no observed data it may be

questionable to keep them for data analyses. Also, when only a few respondents have

incomplete item-score patterns it may be asked whether it is worth the effort to use

advanced methods to maintain these few extra cases  for data analysis. Table  1.6 does

not distinguish such studies and studies in which method LD would have been less

appropriate. However, the use of method LD was so frequently found that that it may

be claimed safely that it is used inappropriately in many studies.

Bernaards and Sijtsma (2000) showed that the stochastic methods TW-E and

CIMS-E produced better results than the deterministic methods TW and CIMS, but

the studies that cited Bernaards & Sijtsma (2000) or Huisman (1998) always used the

deterministic methods. A possible reason may be that the stochastic methods require

some additional programming to incorporate the random error component in the

imputation.

To summarize, many social science researchers use method LD probably because

they are unaware of its potential problems, and because they are unaware of the

availability of better alternatives. Even when researchers are aware, they probably will

resort to method LD anyway or use deterministic methods because of the complexity

of more advanced methods or because software for simple stochastic methods is

unavailable. Thus, more research on simple methods is needed. and better software is

needed to facilitate the implementation of simple stochastic methods.



Introduction 23

1.7 Statistical Analyses With Test and Questionnaire Data

When studying the performance of missing-data methods in test and questionnaire

data, an important question is to what extent these methods produce biased results and

incorrect standard errors in statistical analyses of such data. In this section, we discuss

statistics that are frequently used to analyze test and questionnaire data and require a

complete data set. Statistics that rely on method MLID, such as parameters in item
response models, are beyond the scope of this thesis.

1.7.1 Factor Analysis

Factor analysis is statistical technique that represents a set of observed variables in

terms of a smaller number of factors (Harman, 1976, p. 4). These factors can be

conceived of as latent variables that underlie the observed data. For example, a

researcher may be interesested in different aspects of children's intelligence, such as

verbal comprehension, perceptual organization, freedom from distractability, and
processing speed (Cockshott, Marsh, & Hine, 2006), and construct a new test battery

consisting of tests each of which measures one of these aspects. In such a test battery,

large numbers of items are included that each is hypothesized to measure one

particular factor that represents an aspect of intelligence. After the data have been

collected in a representative sample, factor analysis may be used to investigate

whether the items indeed load on factors following the patterns that were
hypothesized by the researcher. Besides being used as a confirmatory method, factor

analysis can also be used as an exploratory method to assign items to factors on which

the load highest.

Many different factor analysis techniques exist. Bernaards & Sijtsma  ( 1999;

2000; 2005) studied the influence of simple imputation methods on two different

factoring techniques: principal components analysis (PCA) with Varimax rotation,

and maximum likelihood factor analysis. The results showed that especially methods

CIMS-E and TW-E produced factor loadings with small bias.
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1.7.2 Cronbach's Alpha

Cronbach's (1951) alpha is a lower bound to the reliability of test scores that is

reported in almost every study that uses tests or questionnaires. Define the testscore of

person i as Xi+ = If=IX,j . Next, let J hQ the total number of items,  Sf the sampling

variance of item j, and  Si the variance of the testscore. Then, Cronbach's alpha is

estimated as

/J)
I Sf6=-1 - 1-j=i

J -1   "2
JX_

I                          /

Theoretically, for incomplete data Cronbach' s alpha can be estimated directly from  an
estimated covariance matrix using the EM algorithm. Thus, imputation is not needed.

Because this option is not available in SPSS, researchers will have to program the

estimation procedure themselves. This is most likely not an attractive alternative, and

we expect that simple missing-data methods based on imputation may be preferred for

obtaining an estimate of Cronbach's alpha.

1.7.3 Mokken Scale Analysis

The program MSP (Molenaar & Sijtsma, 2000) performs an item clustering technique,

which is known as Mokken (1971) scale analysis. Like PCA and other types of factor

analysis, Mokken scale analysis clusters items together that are assumed to measure

the same construct, and does this in the context of nonparametric IRT (Mokken,

1971). Mokken scale analysis has been used in several research areas for constructing
scales (Sijtsma & Molenaar, 2002, pp. 149-150, provide an overview of such

applications).

Mokken scale analysis uses scalability coefficient H as a selection criterion. If

COV( X j , Xk ) is the covariance between items j and k, and Cov(Xj, Xk )max is the

maximum covariance given the marginal distributions of the bivariate frequency table

for the item scores, the sample scalability coefficient for two items is defined as
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Covtxj,Xk)
H

jk

-  CO,CXJ,X,j max

The sample scalability coefficient of itemj with the other J-1 items is defined as

1

I. Cov<X j.xk)
A _ k*j1- J

E   Cov(Xj,Xk ) max
k#j

Finally, the sample scalability coefficient for all J items is defined as

J -1      J
E    I   Cov(X j,Xk)

A   =        3    1  k=Fl
J -1     J
I I Cov(Xj,Xk) max
1+1 k=j+1

Mokken scale analysis selects items using these scalability coefficients by means of

the following algorithm:

1.  Two items are selected which have the highest Hjk value significantly greater

than 0, and also greater than a constant c. This constant is c = 0.3 by default.

2.  From the remaining J-2 items, the item is selected which has a positive

covariance  with both items selected  Step   1,  an   H j   with the items  from  step   1

that is at least c, and the highest common H value with the items from Step  L

3.  The next items are selected one by one as in Step 2, increasing the selected set

of items in each step by one item. until no more items satisfy these conditions.

4.  From the items that remain unselected after the first scale has been formed, if
possible a second scale (and a third, a fourth, and so on) is formed, following

steps 1 to 3. Step 4 is repeated until no items are left or until no items satisfy

the conditions of Step  1

The clustering algorithm from MSP may also be labeled exploratory Mokken scale

analysis. Alternatively, when a researcher is more confident about the dimensional
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structure of the data, (s)he may compute the scalability coefficient H for all items of a

predefined scale and check whether that H value is high enough to confirm his/her

expectations. This may be labeled as confirmatory Mokken scale analysis.

Because the program MSP has no other option for missing-data handling than

method LD, it may be very useful to study the influence of better missing-data

methods on the results of Mokken scale analysis, including scalability coefficient H.

1.8 Contents of this Thesis

The goal of this thesis is to study and further develop simple imputation methods for

test and questionnaire data. First, imputation methods that existed only as single-

imputation methods are adapted to MI. Second, new MI methods are proposed for

multidimensional test and questionnaire data. Third, a Bayesian version of method

TW-E is proposed, which eliminates some of TW-E's potential bias. Fourth, a latent

class method is proposed for data that may contain categorical background variables

in addition to item scores. More specifically, the next four chapters contain the

following topics.

In chapter 2 the performance of five simple MI methods for dealing with

missing data are compared. In addition, random imputation and multivariate normal

imputation (Schafer, 1997) were used as lower and upper benchmark, respectively.
Test data are simulated and item scores are deleted according to missingness

mechanisms MCAR, MAR, and NMAR. Cronbach's alpha, Loevinger's scalability
coefficient H. and the item cluster solution from Mokken scale analysis of the

complete data are compared with the corresponding results based on the data

including imputed scores.

In chapter 3, extensions of method TW-E to multidimensional data are
proposed. A simulation study is used to investigate whether these extensions produce

biased estimates of important statistics in multidimensional data, and to compare them
with lower benchmark method LD, and with existing MI methods TW-E and MI

under the multivariate normal model (Schafer, 1997)

Method TW-E is an attractive simple method, but it is Bayesianly improper.
chapter 4 focuses on this issue and also on some statistical flaws of this method. A

proper version of method TW-E is proposed, which is called method two-way with
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data augmentation (TW-DA). Simulation studies are used to study how much more

bias method TW-E produces in results of Cronbach's alpha, the mean of squares in

ANOVA, the item means, the mean testscore and the factor loadings from principal

components analysis, than the Bayesianly proper method TW-DA.

In chapter 5, we propose the use of latent class analysis as a tool for MI of

incomplete categorical variables (i.e., any variables, not only item scores). This

approach is attractive because it combines great flexibility due to being_able to pick

up any type of association between the variables under study with applicability to data

sets containing large numbers of variables. The proposed MI procedure is illustrated

using two empirical-data examples, one of which concerns a small number of

variables such that standard methods such as MLID and MI using a log-linear model

are also applicable, and another that has many variables such that these standard

methods can no longer be used and our method is a reasonable alternative.
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Chapter 2

Multiple imputation of item scores in test and questionnaire
*

data, and influence on psychometric results

Abstract

The performance of five simple multiple-imputation methods for dealing with missing

data were compared. In addition, random imputation and multivariate normal

imputation were used as lower and upper benchmark, respectively. Test data were

simulated and item scores were deleted such that they were either missing completely

at random, missing at random,    or not missing at random. Cronbach' s alpha,

Loevinger' s scalability coefficient H,  and the item cluster solution from Mokken scale

analysis of the complete data were compared with the corresponding results based on

the data including imputed scores. The multiple-imputation methods, two-way with

normally distributed errors, corrected item-mean substitution with normally

distributed errors, and response function, produced discrepancies in Cronbach' s

coefficient alpha, Loevinger' s coefficient  H,  and the cluster solution from Mokken

scale analysis, that were smaller than the discrepancies in upper benchmark

multivariate normal imputation.

2.1 Introduction

Tests and questionnaire data consist of the scores of N subjects on J items. Together

these items measure one or more psychological traits. Scores in test and questionnaire

data can be missing for several reasons. For example, a respondent accidentally

skipped an item or even a whole page of items, he/she found a particular question too

personal to answer, or he/she became bored filling out the test or questionnaire and

skipped some questions on purpose.

'
This chapter has been accepted for publication and will appear as: Van Ginkel, J. R., Van der Ark. L.

A.. & Sijtsma, K. (in press). Multiple imputation of item scores in test and questionnaire data. and
influence on psychometric results. Multivariate Behavioral Research.
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Let X b e a n incomplete data matrix of size N x J with an observed part Xebs

and a missing part X™„. so that X = (X,t,s, X.i,). Let R b e a n N x J indicator matrix of

which an element equals one if the corresponding score in X is observed, and zero if
the corresponding score in X is missing. Furthermore, let 4 be an unknown parameter

vector that characterizes the missingness mechanism. Missingness mechanisms can be

divided into three categories: missing completely at random (MCAR), missing at

random (MAR), and not missing at random (NMAR) (Rubin, 1976; Little & Rubin,

2002, p. 12). MCAR is formalized as

P(RI Xobs, X,„I, b = p(Rl 0 (2.1)

MCAR means that the missing scores in the data are a random sample of all scores in

the data, and that the missingness does not depend on either the observed scores (Xebb

or values of the missing scores (Xmis)

MAR means that the missing values depend on the observed scores,

P(RI Xob. XII, # = P(RI Xebs·, #· (2.2)

For example, if gender is observed for all subjects it may be found that men find it
more difficult or embarrassing to answer a question about depression than women.

Therefore, the probability of not answering such a question is higher for men than for

women. If in addition the missing scores within each covariate class are a random

sample of all scores, the scores are said to be MAR.

Any missingness mechanism that cannot be formalized as in Equation 2.1 or

Equation 2.2 is NMAR. NMAR means that the missingness on variable X either

depends on variables that are not part of the investigation, or on the missing score on

variable X itself, or both. For example, if people who are depressed have a higher
probability of not responding to a question about depression than people who are not

depressed, the missingness is NMAR.

A popular method for dealing with missing data is listwise deletion. This

method entails the removal of all cases with at least one missing score from the
statistical analysis. Listwise deletion reduces the sample size and therefore results in a

loss of power. Moreover, if listwise deletion results in only a few complete cases
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statistical analyses may be awkward. Additionally, when the missingness mechanism

is not MCAR, the resulting sample may be biased.

Another procedure of missing-data handling is imputation of scores to replace

missing data. Examples are hot-deck imputation (Rubin, 1987, p. 9) and regression

imputation (Rubin, 1987, pp. 166-169). Hot-deck imputation matches to each

nonrespondent another respondent who resembles the nonrespondent on variables that

are observed for both, and donates the observed scores of this respondent to the

missing scores of the nonrespondent; see Huisman (1998, pp. 96-97) and Bernaards et

al. (2003). Regression imputation imputes scores under a regression model, using one

or more independent variables to predict the most likely scores; see Smits,

Mellenbergh, and Vorst (2002) and Bernaards et al. (2003).

In multiple imputation (Rubin, 1987, p. 2), an imputation method is applied w

times to the same incomplete data set, so as to produce w different plausible versions

of the complete data set. Each of these w data sets is analyzed by standard complete-

data methods and the results are combined into one overall estimate of the statistics of

interest. An advantage is that the uncertainty about the imputed values is taken into

account when drawing a final conclusion. Software programs for multiple imputation

under the multivariate normal model are, for example, NORM (Schafer, 1998) and the

missing-data module of S-plus 6 for Windows (2001). The method used by NORM is

also  available   in   SAS   8.1,   in the procedure  PROC  MI   (Yuan,   2000). The program

AMELIA by King, Honaker, Joseph, & Scheve (200la; 200lb) imputes scores

according to a multivariate normal model, but uses another computational method

(Schafer & Graham, 2002). The stand-alone software package SOLAS (2001)

performs hot-deck imputation and multiple imputation that relies on regression

models (Schafer & Graham, 2002). Multiple imputation under the saturated logistic

model and the general location model can be applied by means of the missing-data

module of S-plus 6 for Windows (2001) (Schafer & Graham, 2002).

Simulation studies on the performance of multiple-imputation methods were

conducted by, for example, Ezzati-Rice et al. (1995), Schafer et al. (1996), Schafer

(1997), and Graham and Schafer (1999). These studies showed that these methods

produce small bias in statistical analyses, and are robust against departures of the data

from the imputation model. Most of these methods require the use of algorithms like

EM (Dempster, Laird, & Rubin, 1977: Rubin, 1991) or data augmentation (Tanner &

Wong, 1987). that appear complicated to social scientists who lack enough training in
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statistics and programming to effectively apply these methods. Instead, these

researchers often resort to listwise deletion.

Alternatively, simpler methods have been developed, such as corrected item-
mean substitution (CIMS; Huisman, 1998, p. 96), two-way imputation (TW;
Bernaards & Sijtsma, 2000), and response-function imputation (RF; Sijtsma & Van
der Ark, 2003). Subroutines in SPSS (2004) for methods TW, RF, and CIMS have
been made available by Van Ginkel and Van der Ark (2005a; also see: Van Ginkel &
Van der Ark, 2005b). These methods are easy to comprehend and can be useful
alternatives to listwise deletion. The question is to what extent the simplicity of these

methods goes at the expense of their performance. The aim of this study was to
determine the extent to which multiple-imputation versions of simple methods
produced discrepancies in results of statistical techniques, and the extent to which
they produced stable results over replicated data sets. Moreover, the aim was to
compare the results of these methods to those obtained by means of lower and upper

benchmark methods.

Bernaards and Sijtsma (1999; 2000) found that factor loadings could be
recovered well using simple single-imputation methods. Huisman (1998, chap. 5)
used real data to study the effects of nine imputation methods on the discrepancy in

Cronbach's (1951) alpha and Loevinger's (1948) H, and found that method CIMS
performed best in recovering these statistics. Smits (2003, chap. 3) investigated the

influence of simple and more advanced single-imputation methods on the reliability,
the test score, and the external validity of a test. Van der Ark and Sijtsma (2005) used

multiple-imputation methods to recover item clusters from Mokken (1971) scale

analysis in real data sets.

In the present study, we investigated the influence of six imputation methods

on   Cronbach' s alpha, coefficient   H,   and the cluster solution from Mokken scale

analysis. The results of the analyses of completely observed data sets were compared
with the results of analyses of the same data sets but with some scores missing
according to some specified research design, and replaced by imputed scores. The
data were simulated following methodology used by Bernaards and Sijtsma (1999;
2000). Unlike the studies of Bernaards and Sijtsma (1999; 2000) and Huisman (1998,

chap. 5 & chap. 6), multiple-imputation versions of imputation methods were studied.
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2.2 Method

Data sets were simulated according to an item response theory (IRT) model proposed

by Kelderman and Rijkes (1994). In these data sets, denoted original data,
missingness was simulated according to either MCAR, MAR, or NMAR. The

resulting data sets were denoted incomplete data. Next, the missing scores were
estimated according to multiple-imputation versions of six imputation methods, and

the resulting data sets were denoted completed data. The results of Cronbach's alpha,

coefficient H, and the cluster solution from Mokken scale analysis based on the

original data were compared with the results based on the completed data. Differences

were denoted discrepancies.

2.2.1 Imputation Methods

Random imputation (RI). Let the random variable for the score on item j be

denoted   X, , with integer values   x,   =  0. . . . ,  m. RI inserts an integer item score  for

missing item scores. This value is drawn at random from a uniform distribution of

integers 0, . . . , m.  RI was used as a lower benchmark.

Two-way imputation (TW). Method TW (Bernaards & Sijtsma, 2000) corrects

both for a person effect and an item effect. Let PM,  be the mean of the observed item

scores  of person  i,   IM f   the  mean  of the  observed  item  scores  of item j, and OM the

overall mean of all observed item scores; then in cell (i, j) of the data matrix, define

TW,j   =   PM, +    IM  1 -  OM . (2.3)

A random component is added to the result of Equation 2.3 as follows: If TW„ is a

real number that lies between integers a and b, it is rounded to a with probability

TW„ -b|  or to b with probability  |TW  - al (Sijtsma &  Van der Ark,  2003),  and the

result is imputed in cell (i, j). If TW,j isoutside therange of the scores 0,..., m, itis

rounded to the nearest feasible score.

Two-way with normally distributed errors (TW-E). Bernaards and Sijtsma

(2000)  added a random error  to TW,j, denoted 2,3, which was drawn  from a normal
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distribution with zero mean and a variance  a£-. In order to obtain values of 4, first

the expected item scores are computed for all observed scores by means of Equation

2.3.  Second. let obs denote the set of all observed cells in data matrix X, and let #obs

be the size of set obs. The sample error variance S,1 is computed as

sl = EE(X,j -Twu)2 /(#obs- 1).
i.jeobs

Third,  4 is drawn from N(0.  Sel ). The imputed value in cell (i, j) then equals

4  (E)     =   TW,t  +     E 'i

TWU (E) is rounded to the nearest integer within the range of the scores 0,..., m.

Corrected item-mean substitution with normally distributed errors (CIMS-E).

Let obs(i) be the set of all observed cells in X for person i and let #obs(i) be the size

of set obs(il Then CIMS U is defined as

/                     \

CIMS. = PM,
x IM j

1 1  IM,#obs(i) j«•D,(,1    /

(Huisman, 1998, p. 96; also, see Bernaards & Sijtsma, 2000). Thus, the item mean is
corrected for person  i' s score level relative  to  the  mean  of the items to which he/she

responded. Normally distributed errors are added to CIMSU using a procedure similar

to the procedure used for adding normally distributed errors in method TW-E. The

final result is rounded to the nearest integer within the range 0,..., m.

Response-function imputation (RF). In IRT, the regression of the score on item

j  on   latent  variable   e   PC X,  -x i 8), is called the response function. Method   RF

(Sijtsma & Van der Ark, 2003) uses the estimated response function to impute item

scores. Restscore R (this  is the total score on  J- 1 items without X j)i s  used  as  anl-j,
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estimate of person parameter 8 (Junker & Sijtsma. 2000), and the response function is

estimated by means of  P[X i  =x i Rt.„]· Method RF has three steps.

1.    The restscore of respondent i on item jis estimated by means of

RI-fl, = PM, x[J -1].

1

If respondent i has no missing values, Ri-Jw = R,-JR - E X,k  is an integer,
k'j

but if respondent i has missing values Rt- 1,; need not be an integer.

2.   Probability P[X t=x i Rc_j,  =r] is estimated for x=0, . . . ,m and r=0

m(J- 1), by dividing the number of respondents  with  both   X, =x   and

R<_,  = r by the number of respondents with Rc_j, =r.  If  r is not an

integer and the nearest integers are a and b, such that  a<r<b. then

P[X,=xl R,_j)-r] is estimated by linear interpolation of

PIX j =x i Rc_,1 =a]  and  P[Xf =x i Rt-,1 =b] . See Sijtsma and Van der

Ark (2003) for details.

3.  An integer score is drawn from a multinomial distribution with category

probabilities corresponding to the estimated probabilities

P[X, -xIR,_j,=r]. This integer score is imputed for a missing score of

person i on itemj, with restscore Rt- i,i·

When restscore groups contain few observations, adjacent restscore groups are

joined until resulting groups exceed an acceptable minimum size, denoted minsize. In

a pilot study, it was found that minsize = 10 was the optimal value for estimating the

response function that, while adequately balancing bias and accuracy, recovered the

estimates of Cronbach's alpha, coefficient H, and the cluster solution from Mokken

scale analysis best.

Multivariate normal imputation (MNI). Method MNI assumes that the data are

a random sample from a multivariate normal distribution. An iterative procedure is

used to obtain the distribution of the missing item scores, given the observed item

scores and the model parameters. This procedure is known as data augmentation

(Tanner & Wong, 1987; Schafer, 1997, pp. 70-77). Initial estimates of the model
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parameters are obtained by means of EM algorithm. EM posterior modes estimates

serve as the starting values for the data augmentation chain. Finally, scores are

imputed by randomly drawing values from the conditional distribution P(X„„,1 Xebs).

MNI was implemented using the missing-data library in S-plus 6 for Windows

(2001). The imputed scores were rounded to the nearest integer within the range of 0,

. . . ,  m.  We used method  MNI  as an upper benchmark because  it  is a well-known

method with readily available software, and simulation studies indicated that the

method works well.

Note that a saturated logistic model (Schafer, 1997, chap. 7 & chap. 8) may be
a more logical upper benchmark because item scores in test and questionnaire data are

discrete. However, estimating the parameters of a logistic model requires the

evaluation of a contingency table with (m + 1)1 cells. which makes the logistic model

inappropriate for test and questionnaire data sets with large numbers of items. Van der

Ark and Sijtsma (2005) found that the missing-data procedure in S-plus could not

estimate a logistic model   for  a  data   set  with 17 items. Graham and Schafer  ( 1999)

found that method MNI is robust against departures from the multivariate normal

model.

2.2.2 Simulating the Original Data

All respondents in the population had scores on a two-dimensional latent

variable, 0, driving the item responses, and a binary score on an observed covariate Y.

Both covariate scores had equal probability, P(Y = 1) = P(Y = 2) = .50. The latent

variable had a bivariate normal distribution with mean vectors pi = [-0.25, -0.25] for
Y = 1, and mean vector 112 = [0·25, 0.25] for Y = 2. The covariance matrix (which is
also the correlation matrix) was in both classes

„I; 11
Responses to J items with n, +1 ordered answer categories were generated using the

multidimensional polytomous latent trait (MPLT) model (Kelderman & Rijkes, 1994).
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Let   8,4 (i  =  l.  ...,  Ni  n  =  1,  ...,  Q)  be the score of respondent  i on latent

variable   q;  let   F,q,    U  -   1,...,J;  q  - 1 . . „ Q,  x  =  0,....  m)  be the separation

parameter of item j, latent variable q, and answer category x; and let B ,«,   9  =  1,...,  J,

·i= '. ...,Q; X = 0,.-.,m) be the (nonnegative) discrimination parameter of item j,

answer category x, and latent variable q. The MPLT model is defined as

[Q
expl I (8,4  - FiF )B jq,  

L q=i
(2.4)p(xu=xle,1'...,8,0)= , f   re

  { expl  X (04  - F» )B» -1 JV=0
l L q=1

Parameters B '40 and 111'jqo must be set to 0 to ensure uniqueness of the parameters.

The following factors were considered for simulating of the original data:

Test length. The test length was fixed at J = 20 items.

Number ofanswer categories. The number of answer categories was either

two (dichotomous items) or five (polytomous items).

Sample sizes. The sample sizes were N = 200 and N = 1000, representing small

and large samples, respectively.

Correlation between latent variables. The correlation p was varied to be 0,

.24, and .50 (these values were based on Bernaards & Sijtsma, 1999).

Discrimination parameters for polytomous  items.  In  the main design,  item  sets

were either unidimensional (meaning one 0 in Equation 2.4), or consisted of ten items

that were mainly driven by one latent variable (81) and to a lesser degree by another

latent variable (02). and ten other items that were mainly driven by 02 and to a lesser

degree by  4.  In a specialized design, the first ten items were completely driven  by  Oi

and the other ten items were completely driven by 82. The degree to which item

responses were driven by latent variables was manipulated by means of the

discrimination parameters, Bm, (in the simulation study the discrimination parameters

were equivalent for categories  1,..., m; therefore, the subscript x will be dropped.)

For unidimensional tests,  for an item j, discrimination parameters  8,1   and  B,z

were either both equal to 0.25 or both equal to 1, summing up to 0.5 or 2, respectively
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(choices loosely based on Thissen & Wainer, 1982). T:his means that responses to

items were driven in the same degree by the two latent variables, either weakly (B =

0.25) or strongly (B = 1). This is expressed by the ratio of B ji and Biz, which is

called a talent-variable ratio and denoted Mix  1: 1. The responses to all items in a test

may be driven in the same degree by two latent variables, such as reading ability and

arithmatic ability. Mathematically. this is an instance of unidimensionality because all

items measure the two latent variables in the same ratio.

In the second dimensionality configuration, for fixed  item j, parameters B
jl

and Bil were unequal, expressing dependence on the latent variables in different

degrees. For the first ten items, Bli was three times  B 12 • For the last ten items this

ratio was reversed. Numerically, for the same item the two B parameters were either

0.125  and 0.375 (summing  up  to  0.5; this represents weak discrimination)  or 0.5  and

1.5 (summing up to 2; this represents strong discrimination). The ratio of the B
parameters  was  3:1  for the first ten items and  1:3  for the last ten items. ™s latent-

variable ratio is denoted  Mix  3: 1. For example, the first ten items  may be influenced

more by reading ability than by arithmetic ability, and for the last ten items this may

be reversed.

The third latent-variable ratio (to be treated in a specialized design) had the B

parameter of one latent variable Set to 0 and of the other set to either 0.5 or 2. For the

first ten items B,2 = 0 and for the last ten items Bil = 0. Thus, the ratio of the B

parameters  was   1:0  for the first ten items  and  0: 1   for  the  last ten items. This latent-

variable ratio is denoted Mix 1:0. See Bernaards and Sijtsma (1999) for the use of the

same three latent-variable ratios. For the first ten items in each data set, items with

even numbers had B j  and 8,2 values adding up to 2, and items with odd numbers

had BB and B,2 values adding up to 2, and items with odd numbers had B j, and B,2

values adding  up  to  0.5.  For  the  last ten items,  this was reversed. Table 2.1 shows  the

discrimination parameters for all items, latent-variable ratios, and latent variables.

Separation parameters for polytomous items. Because the polytomous items
had five answer categories, each item had four adjacent response functions defined by

Equation 2.4. The distance between two adjacent separation parameters, 9 and
/q=x-1
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Table 2.1:  Discrimination  Parameters,   Biq,  of all  ISRFs  of the  Iteins.

Mix 1:0 Mix 3:1 Mix  1:1
Items                                      01                82                 81                82                 01                02

1,3,5,7,9 0.5 0 0.375 0.125 0.25 0.25

2,4,6,8,10                 2           0 1.5 0.5             1              1
11,13,15,17,19           0           2        0.5         1.5           1           1
12,14,16,18.20 0 0.5 0.125 0.375 0.25 0.25

F,«,, was 0.5, for allj; q - 1,2, and x - 1,2,3.4. These values fell within the interval

(-3,3), which Thissen and Wainer ( 1982) considered  to be realistic, given a standard

normal distribution of 8. Because the responses to the items were driven by two latent

variables and because there were four adjacent response functions per latent variable.

each item had eight 9 parameters. The values of the separation parameters are given

in Table 2.2. The separation parameters of the first ten items for 01 were equal to the

separation parameters of the last ten items for 02. Likewise, the separation parameters

of the last ten items for 81 were equal to the separation parameters of the first ten

items for latent 02. This way, within the same test items had varying difficulty. For

example, if an item is difficult with respect to 81 but easy with respect to 82, the four

values of the separation parameters for 01 were higher on average than the four values

of the separation parameters for 02·

Table 2.2: Separation Parameters,  9,4„ of Polytomous Items.

Items                     9,1 1 F,12 IK'13 F/14 F,21 F.,22 10)23

1,2,19,20 -2.75 -2.25 -1.75 -1.25 1.25 1.75 2.25 2.75

3,4,17,18 -1.75 -1.25 -0.75 -0.25 0.25 0.75 1.25 1.75

5,6,15,16 -0.75 -0.25 0.25 0.75 -0.75 -0.25 0.25 0.75

7,8,13,14 0.25 0.75 1.25 1.75 -1.75 -1.25 -0.75 -0.25

9,10,11,12 1.25 1.75 2.25 2.75 -2.75 -2.25 -1.75 -1.25

Item parameters fbr dichotomous items. The discrimination parameters for

dichotomous items  had the same values as those for polytomous items; see Table 2.1.

For dichotomous item j, the separation parameter V was chosen such that it was
Jq.

equal to the mean of the four 9 parameters of polytomous item j. This resulted in

integer 9 Jqx values ranging from -2 to 2.
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2.2.3 Simulating Missing Item Scores: Incomplete Data

After simulating original data sets, completed data sets were created by

replacing some values in the complete data by imputed values. Two steps were taken

to achieve this result:

1.   The   percentages of missingness   that were studied   were   5   and   15.   For

example. for N = 200, J = 20 and 5% missing scores, 200 item scores were

selected to be missing.

2. Missingness was simulated by removing item scores from the data

following particular missingness mechanisms. Covariate variable Y was

always observed. For MCAR all item scores had equal probability of being
missing. For MAR the probability of item scores being missing was twice as

high for subjects within covariate class Y=1 as for subjects within covariate

class Y = 2. Using these relative probabilities, a sample of scores was removed

from the complete data. Finally, NMAR was simulated as follows: Let

trunc(m/2) be a cut-off value that divides item scores into low scores and high

scores (Van der Ark & Sijtsma, 2005). For scores above this cut-off value, the

probability of being missing was twice as high as for scores below this cut-off

value. Using these relative probabilities, a sample of item scores was removed

from the complete data.

2.2.4 Imputing Item Scores: Completed Data

After simulating the incomplete data, completed data sets were created. Two aspects

of the impution process were varied.

Imputation method. Missing data were estimated according to six imputation

methods: methods RI, TW, TW-E, RF, CIMS-E, and MNI.
Inch,ding or excluding the covariate. In using the imputation methods, the

covariate may either be included or excluded. When missingness depends on the

covariate and this covariate is used in the imputation procedure, missingness is MAR.

When the covariate is excluded, missingness becomes NMAR because it depends on a

variable that is not used in the imputation procedure.
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Methods RI, TW, TW-E, RF, and CIMS-E, were applied to each covariate

class separately. For method MNI, covariate Y was included in the multivariate

normal model estimated from the data. When the covariate was excluded, methods RI,

TW, TW-E, RF, and CIMS-E were applied to the whole dataset, and for method MNI

the covariate was not included in the multivariate normal model. Both options were

studied.

2.2.4 Designs

Main Design

The six factors relevant to the main study were: (1) Latent-variable ratio (Mix  1:1  and

Mix 3:1); (2) Sample size (N = 200 and N = 1000); (3) Percentage of missingness (5%

and  15%); (4) Missingness mechanism  (MCAR,  MAR,  and  NMAR); (5) Imputation

method (RI, TW, TW-E, RF, CIMS-E, and MNI), and (6) Covariate treatment

(included, excluded). The correlation between the latent variables was .24 throughout.

The number of answer categories was 5, the number of items was 20, and the number

of imputations in multiple imputation was 5. The design consisted of 2 (latent-variable

ratio) x 2 (sample size) x 2 (percentage of missingness) x 3 (missingness mechanism)

x 6 (imputation method) x 2 (covariate treatment) = 288 cells. In each cell 100

replicated original data sets. indexed by v, were drawn. Table 2.3 gives an overview

of the factors and the fixed design characteristics.

Table 2.3:  Factors and  Fixed Characteristics of the  Main  Design.

Factors Levels
Latent-variable ratio Mix 3.1, Mix 1:1
Sample size 200, 1000
Percentage of missingness 5%, 15%
Mechanism of missingness MCAR, MAR, NMAR
Imputation methods RI, TW, TW-E, RF, CIMS-E, MNI.
Covariate Included, Excluded
Fixed design characteristics Value
Number of latent variables 2; bivariate standard normal
Correlation between latent variables .24

Number of items                                            20
Number of answer categories                 5
Number of imputations                         5
Separation parameter, p,q, Fixed per item. see Table 2.2
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Specialized Designs

The four factors held constant in the specialized designs were sample size (N = 1000),

percentage of missingness (5%). missingness mechanism (MAR), and covariate

treatment (it was included in the imputation procedure). The following factors were

varied.

Correlation between latent  variables. in practice, latent variables are often
correlated. In this specialized design, performance of the imputation methods was

studied for different correlations between latent variables. Following Bernaards and

Sijtsma (2000). the correlation between latent variables was 0..24. and .50. Only

latent-variable ratio  Mix   3.1 was considered. This design  had 3 (correlation)   x  6

(imputation method) = 18 cells.

Latent-variable ratios. According to Sijtsma and Van der Ark (2003).
imputation methods produce the smallest discrepancies when a test is unidimensional.

In   the main design, latent-variable ratios   Mix   1:1    and   Mix   3:1 were studied,

representing unidimensional tests and two-dimensional tests, respectively. To study

the effects of larger deviations from unidimensionality, Mix  1:0 was investigated in a

specialized design. The correlation between latent variables was .24. All imputation
methods were studied, resulting in a completely crossed 3 (latent-variable ratio) x 6

(imputation method) design.

Number of answer categories. In this design, dichotomous items were studied,

and the results were compared with the results based on polytomous items. The

number of answer categories could either be 2 o r 5. Only latent-variable ratio Mix  1:1

was considered, and the correlation between the latent variables was .24. A

completely crossed 2 (number of answer categories) x 6 (imputation method) design

was used.

2.2.5 Dependent Variables

The dependent variables were the discrepancy in Cronbach's (1951) alpha. coefficient

H, and in the cluster solution from Mokken (1971) scale analysis. Cronbach's alpha is

reported in almost every study that uses tests or questionnaires; Loevinger's H is an

easy-to-use coefficient that is important in nonparametric IRT for evaluating the

scalability of a set of items (Sijtsma & Molenaar, 2002. pp. 149-150, provide a list of
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22 studies in which H was used. many of which had incomplete data): and Mokken's

item selection cluster algorithm is used for investigating the dimensionality of test and

questionnaire data (see, e.g., Van Abswoude, Van der Ark, & Sijtsma, 2004).

Together these dependent variables provide a good impression of the degree of

success of the proposed imputation methods.

Discrepancy in Cronbach's alpha. Within  each  design  cell,  Cronbach' s  alpha

was computed for each original data set (indexed v  =  1,  ...,  100), and denoted aor,v ;

and for each of the five completed data sets corresponding to original data set v. The

mean of these five values was denoted a,-p.'.. The discrepancy in alpha was defined as

aimA,· - aer.,t. and served as dependent variable  in an ANOVA.  The  mean (M)  and

standard deviation (SD) of the discrepancy were computed within each design cell

across 100 replications. The tables show results   that   have been aggregated across

design cells.

Discrepancy in co<Oicient H.  Let   Co« Xf,X,)   be the covariance between

items j  and  k,  and   Cov(Xj, Xk ).u the maximum covariance given the marginal

distributions of the bivariate frequency table for the item scores. The H coefficient,

which is a scalability coefficient for all J items together, is defined as

J -/       J

E ICOV(xj,x,)
H =   j=i k- j.1

1-\  j

I Xcov(xj,xk)m.
j+1 k=j+1

(Mokken, 1971, pp 148-153; 1997; Sijtsma & Molenaar, 2002, pp. 49-64). Similar to

discrepancy in Cronbach's alpha, the discrepancy in coefficient H in the vth

replication is defined as Himp., - illor. 1,· This was the dependent variable in an ANOVA.

The mean (M) and standard deviation (SD) of the discrepancy were computed within

each design cell across 100 replications. The results in the tables have been

aggregated across design cells.

Discrepancy   in  cluster   solution  from   Mokken   scale   analysis.  Mokken  (1911)

scale analysis is a method for test construction based on nonparametric item response

theory (Boomsma, Van Duijn & Snijders, 2001; Sijtsma & Molenaar, 2002, Van der
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Linden & Hambleton, 1997). It may be used for exploratory test construction.

Exploratory test construction selects one or more scales from the data, and uses the H

coefficient as a selection criterion. The algorithm for the selection of items into
clusters is contained in the computer program MSP (Molenaar & Sijtsma, 2000). The
discrepancy in the cluster solution, to be denoted cluster discrepancy, was determined

as follows: For each original data matrix, the five replicated completed data matrices

yielded five cluster solutions of which two or more could be different. From these five

cluster solutions, one modal cluster solution was obtained, which was compared with
the cluster solution based on the original data matrix.

A plausible measure for the discrepancy in the modal cluster solution relative
to the original-data cluster solution is the minimum number of items that have to be
moved from the modal cluster solution in order to reobtain the original-data cluster

solution (Van der Ark & Sijtsma, 2005). In doing this, the nominal cluster numbering

is ignored. The minimum number of items to be moved was computed for each data

set, and these numbers were used as the dependent variable in logistic regression with

binomial counts. The mean (M) cluster discrepancy over replications and the standard

deviation (SD) of the cluster discrepancy over replications are reported.

2.2.6 Statistical Analyses

Two full-factorial 2 (latent-variable ratio) x 2 (sample size) x 2 (percentage of
missingness) x 3 (missingness mechanism) x 5 (imputation method) x 2
(include/exclude covariate) ANOVAs had the discrepancies in Cronbach's alpha and

coefficient H as dependent variables. Sample size was a between-subjects factor.

Percentage of missingness and missingness mechanism were within-subjects factors

because different kinds of missingness were simulated per replication in the same
original data set. Because each of the six imputation methods was applied to the same

incomplete data set in each replication, imputation method was also treated as a
within-subjects factor. Variation of the factors latent-variable ratio, correlation
between latent variables, and the number of answer categories resulted in different
data sets. These data sets were mutually dependent because the same seeds were used

in each cell of the design. Thus, these factors also had to be treated as within-subjects
factors.
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A logistic regression with binomial counts was used to analyze the cluster

discrepancies because this variable was ordinal (implying that it was not normally

distributed). Let y„ be the cluster discrepancy of data set v in design cell t, and let e,«

be the maximum number of items that can be incorrectly clustered. Theoretically, for

a  test  of 20 items the cluster discrepancy  can  be   19  at  most. This happens   if  in  the

original cluster solution all items form one scale, and in the modal cluster solution of

five completed data sets all items remain unselected (Van der Ark & Sijtsma, 2005);

thus, e„ = 19. Furthermore, let # be a column vector with regression coefficients, and

for simulated data set v, let z„ be a row vector with responses to the independent

(dummy) variables. The probability of one incorrectly clustered item is

x = exp(z,B)
i.z '

1+ exp(z,.#)

The logistic regression model with binomial counts is

P(y„ Iz„e„)=     , e.,!    ,1- (14.'.)"' (1-;r'.*.)",-,"
L Y,,(ew  _ Y.,1.1

(see, Vermunt & Magidson, 2005b, p. 11). To correct for dependency among

measures, primary sampling units were used (Vermunt, & Magidson, 2005b, p. 97).

As  in the ANOVAs  for the discrepancy in Cronbach' s alpha and coefficient H, sample

size was the only factor treated as an independent measure.

We excluded method RI from the analyses because it is a lower benchmark not

recommended for practical purposes and we expected that this method would have a

large effect on the results of the statistical analyses, which would have a

disproportional effect on significance tests. For method RI, only the means and

standard deviations of the discrepancy are reported. Leaving out method RI reduced

the design from 288 to 240 cells. The ANOVAs were conducted in SPSS (2004), the

logistic regressions with binomial counts were conducted in Latent Gold 4.0

(Vermunt & Magidson, 2005a).
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2.3 Results

ANOVA is robust in some degree against violations of normality (e.g., Stevens, 2002,

pp. 261-262) and, in balanced designs. equal variances (e.g., Stevens, 2002, p. 268).

Histograms of discrepancy in Cronbach' s alpha and coefficient H showed

approximate normality. The designs in this study were balanced. Based on this

information conclusions from ANOVA were considered valid.

2.3.1 Main Design

Discrepancy in Cronbach's Alpha

Thirty-five effects out of 61 from the ANOVA of the discrepancy in Cronbach's alpha

were significant. Following Cohen's (1988) guidelines for effect sizes, only small (,f

>  .01),  medium  (42  >  .06), and large effects  (42  >  .14) are reported. Table 2.4 (upper

panel) shows the effects that have a discernable effect size.

Table 2.4. ANOVA for Discrepancy in Cronbach's alpa and Discrepancy in
Coefficient H. All p-values Were Less Than .001

Effect F      dfl   dfl.      112

Discrepancy in Cronbach' s alpha
Imputation method 24057.81 4 792 .67***

Percentage missingness 458.99 1 198 .02*

Percentage of missingness x method 16947.73 4 792 .17***

Discrepancy in coefficient H
Imputation method 55778.37 4 792 .67***

Percentage missingness 735.45 1 198 .02*

Percentage of missingness x method 36295.45 4 792 .19***

*Small effect.
** Medium effect.

***Large effect.

Interaction Effects

Effect of percentage of missingness x imputation method. Table 1.5 (upper
panel) shows that, in general, mean discrepancy (M) and standard deviation of

discrepancy (SD) were small. For all combinations of percentage of missingness and
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imputation method, mean discrepancy ranged from M = -.059  (SD = .012; 15%

missingness, method RI) to M = .015 (SD = .002; 15% missingness, method TW).

Table 2.5.  Mean (M) and Standard  Deviation (SD) of the Discrepancy  in  Cronbach's

Alpha and Coefficient H for all Combinations of Percentage of Missingness and
Imputation Method. Totals Represent Results Aggregated Across Either Imputation

Method (Rows),  Percentage of Missingness (Columns),  or Both (Lmver Right Corner

in Both Panels). Entries in the Table Must Be Multiplied by 10-1 .

Percentage of missingness
Dependent 5% 15% Total

Variable Method M SD M SD M   SD
Discrepancy RI -18 4    -59     12    -38     22

in                  TW                   5         1 15 2    10     6

Alpha TW-E                0         1          1          2         0         2
RF                     -1          2 -3 3          -2           3
CIMS-E             0         1         0         2         0         2
MNI                 -1          1        -3         3        -2         2
Total*                1         3         2         7          1         5

Discrepancy RI -37 7   -100     14    -68     33

in  TW  13 3 41 5        27         15
H TW-E 030504

RF                   -1          3        -6         7        -4         6
CIMS-E 030504
MNI -2          3         -6          6         -4          5
Total* 26 6     19      4     4

*Aggregated across all imputation methods, except method RI.

The discrepancy in Cronbach's alpha was larger for 15% missingness (upper

panel, third and fourth column) than for 5% missingness (upper panel, first two

columns). This effect was stronger for imputation methods that already produced a

relatively large discrepancy for 5% missingness. Upper benchmark method MNI

produced a small discrepancy in Cronbach's alpha for 5% missingness and a

somewhat larger discrepancy for 15% missingness. With the exception of methods RI

and TW, the simpler methods produced similar or smaller discrepancies, and also

smaller increases in discrepancy in going from 5% to 15% missingness. Methods TW-

E and CIMS-E in particular produced almost no discrepancy in results for both 5%

and 15% missingness. Methods RF and MNI produced small negative discrepancy for

5% missingness and larger negative discrepancy for 15% missingness (Table 2.5,



48                                                                                                                   Chapter 2

middle panel, columns     1 -4). Method TW produced relatively large positive
discrepancy  for 5% missingness, and discrepancy that was three times larger for  15%

missingness.

For most imputation methods the standard deviation of the discrepancy was

close to .001 for 5% missingness, and close to .004 for 15% missingness. This means

that if mean discrepancy equals .003 for 15% missingness, then assuming normality
the 95% confidence interval of the discrepancy ranges from -.005 to .011.

Main Effects

Ejfect of percentage of missingness. Table 2.5 (last row of upper panel, first
two columns) shows that the discrepancy in Cronbach's alpha was smaller for 5%
missingness than for 15% missingness (last row of upper panel, third and fourth

column).

Effect of imputation method. Table 2.5 (last two columns of upper panel)
shows the mean discrepancy and the standard deviation of discrepancy in Cronbach's

alpha for all imputation methods, aggregated across all other design factors. Method
MNI produced small discrepancy in Cronbach's alpha, but the simple methods TW-E
and CIMS-E produced even smaller discrepancy. The positive discrepancy produced
by method TW and the negative discrepancy produced by method RI were
substantially larger.

Discrepancy in Coefficient H

Conclusions about discrepancy in H based on effect sizes and F-values (Table 2.4,
lower panel) were similar to those for Cronbach's alpha. All means and standard

deviations of discrepancy in H were approximately two times larger than the

corresponding statistics for Cronbach' s alpha (Table 2.5, lower panel).    For    all
combinations of percentage of missingness and imputation method, discrepancy in
coefficient H ranged from M = -.100 (SD = .014; 15% missingness, method RI) to M
=.041 (SD = .005; 15% missingness, method TW).
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Cluster Discrepancy

Logistic regression with binomial counts produced many small significant effects;

only the means and standard deviations of the largest effects are discussed.

Interaction effects

Effect of percentage of missingness x imputation method. A Wald-test for

individual effects revealed a significant interaction of percentage of missingness and

imputation method [,r2(4) = 348.66, p < .001]. Table 2.6 (last two columns) shows that

for all methods the minimum number of items to be moved was larger for 15%

missingness than for 5% missingness. Method MNI produced small discrepancy for

5% missingness. and a small increase in discrepancy in going to 15% missingness.

For methods TW-E and RF similar results were found (not counting method RI).

Method TW produced the largest increase in discrepancy when going from 5%

(second row of upper panel) to 15% missingness (second row of middle panel),

followed by method CIMS-E (fifth row of upper panel; fifth row of middle panel).

Compared   to the theoretical maximum cluster discrepancy   of   19, the means   and

standard deviations reported in Table 2.6 are small.

Effects of sample size x imputation method. The interaction effect of sample

size and imputation method was significant [r2(4) = 120.22, p < .001]. Table 2.6

(lower panel) shows that with the exception of method TW, the other imputation

methods produced smaller discrepancy for N = 1000 than for N = 200. Method TW

produced larger discrepancy for N = 1000 than for N = 200. With the exception of
methods TW and CIMS-E, all other methods had a larger standard deviation for N =

200 than for N = 1000. For methods TW and CIMS-E this was reversed.

Main effects

Effect of percentage of missingness. Percentage of missingness had a main

effect [%2(1) = 899.08, p < .001]. Table 2.6 shows that cluster discrepancy was smaller

for   5%   missingness   (last   row of upper panel,   last two columns)   than   for   15%

missingness (last row of middle panel, last two columns).

Efect of imputation method. Imputation method had a main effect 52(4) =
549.82, p < .001] Table 2.6 (last two columns. bottom panel) shows that the results of
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methods TW-E, RF, and CIMS-E differed little from those of method MNI. Of the
other methods except method RI, method TW produced the largest discrepancy.

Table 2.6. Mean (M) and Standard  Deviation (SD) of the Cluster Discrepancy for all

Combinations of Percentage of Missingness, imputation Method, and Sample Size. In

Each Panel, Totals Represent Results Aggregated Across Either Imputation Method

(Rows), Sample Size (Columns), or Both (Lower Right Corner in Each Panel). Bottom

Panel  Represents all Totals Aggregated Across  Percentage of Missingness.

Sample size
Percentage 200 1000 Total

missingness Method M SD M SD M   SD
5%               RI 2.08 1.14 1.93 .76 2.01 .97

TW 1.12 1.03 1.18 .94 1.15 .99

TW-E 1.01 1.04 .79 1.03 .90 1.04

RF 1.01 1.00 .79 .99 .90 1.00

CIMS-E 1.02 1.04           .91 1.09 .97 1.07

MNI 1.05 1.05 .74 .97 .89 1.02

Total* 1.04 1.03 .88 1.02 .96 1.03

15%                    RI 4.16 1.32 2.95 .97 3.55 1.31

TW 2.70 1.14 3.45 1.04 3.08 1.16

TW-E 1.67 1.23 1.42 1.19 1.55 1.22

RF 1.67 1.23 1.38 1.16 1.52 1.20

CIMS-E 1.81 1.24 1.81 1.32 1.81 1.28

MI\II 1.80 1.28 1.32 1.20 1.56 1.26

Total* 1.93 1.29 1.87 1.44 1.90 1.36

Total                      RI 3.12 1.61 2.44 1.01 2.78 1.39

TW 1.91 1.34 2.31 1.51 2.11 1.44

TW-E 1.34 1.19 1.10 1.16 1.22 1.18

RF 1.34 1.17 1.08 1.12 1.21 1.15

CIMS-E 1.41 1.21 1.36 1.29 1.39 1.25

MNI 1.42 1.23 1.03 1.19 1.22 1.19

Total* 1.49 1.25 1.38 1.34 1.43 1.30

*Aggregated across all imputation methods, except method RI.

Specialized Designs

Correlation between latent variables. A 3 (correlation) x 6 (imputation

method) ANOVA had discrepancy in Cronbach's alpha as a dependent variable. A
similar ANOVA was done for discrepancy in coefficient H. For cluster discrepancy, a
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3 (correlation) x 6 (imputation method) logistic regression with binomial counts was

done. All effects of all analyses were significant.

For    Cronbach' s alpha, the interaction effect of imputation method    and

correlation was small [F(8, 792) = 1068.25, p < .001, 42 - .02], the effect of

correlation was small [F(2, 198) = 211.01, p < .001, '12 = .01], and the effect of

imputation method was large [F(4, 396) = 6636.21, p < .001, '12 - .92]. The effect

sizes showed that most variance was explained by differences between imputation

methods. The large effect of imputation method was mainly caused by method TW,

which produced a larger discrepancy than the other imputation methods. Because of

the large contribution of method TW to effect size, we also compared the cell means

(multiple t-tests using Bonferroni corrections), of the interaction of imputation method

and correlation between latent variables. These tests revealed that as the correlation

between latent variables increased, discrepancy decreased for methods TW, TW-E,

and CIMS-E, but this decrease was small (Table 2.7, upper panel). For methods RF

and MNI discrepancy was the same for different correlations.

For discrepancy in coefficient H (Table 2.7, middle panel), only the effect of

imputation method was large [17(4, 396) = 8950.37, p < .001, 112 = .92]; the other

effects were not discernable. Furthermore, multiple t-tests using Bonferroni correction

revealed that methods TW, TW-E, and CIMS-E produced a downward shift of

discrepancy in H which was greater as the data came closer to unidimensionality

(represented by a correlation of p = .50).

For cluster discrepancy, the largest effect was the main effect of correlation

Df(2)  =  42.62,  p  <.001]. As correlation increased, more items  had  to be moved  to

reobtain the original cluster solution (Table 2.7, bottom panel). The imputation

methods had a larger standard deviation of cluster discrepancy as correlation

increased.

Intent-variable ratio. 'For the specialized design with different latent-variable

ratios, a 3 (mix) x 7 (method) ANOVA was carried out, with discrepancy in

Cronbach' s alpha    as the dependent variable. All effects were significant.    The

interaction effect of imputation method and latent-variable ratio was small [F(8,792)

= 1184.15, p < .001, 42 = .04], and the main effect of imputation method was large

[F(4,396) = 6613.77, p < .001,,12 = .71]

For all imputation methods, discrepancy in Cronbach's alpha decreased as the
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Table 2.7.  Mean  (M)  and  Standard  Deviation  (SD)  of the  Discrepancy  of Cronbach's

Alpha, Coefficient H. and Cluster Solution for the Specialized Design With Dgerent

Correlations Between Latent Variables. Totals Represent Results Aggregated Across
Either Imputation Method (Rows). Correlation (Columns), or Both (Lower Right

Corner in Each Panel). Entries of Discrepancy in Alpha and Coefficient H Must Be

Multiplied by 10-3 .

Correlation
Dependent                           0 .24 .50 Total

variable Method M   SD M SD M SD M   SD
Discrepancy RI -23 2 -20 2 -17 2 -20 3
in TW 7 1 6 1 5 1 6 1
alpha TW-E 1 1 0 1 0 1 1 1

RF 0 1 0 1 0 1 0 1
CIMS-E 1 1 0 1 0 1 0 1
MNI 0 1 -1 1 -1 1 -1 1
Total* 2 3 1 3 1 2 1 3

Discrepancy RI -34 3 -38 4 -42 4   -38     5
in  TW  13 2 13 2 13 2    13     2
H TW-E 12020202

RF 02020202
CIMS-E 1202-1202
MNI -1 2 -1 2 -1 2 -1 2
Total* 25262625

Discrepancy Rl .45 .61 1.88 .73 2.80 .79 1.71 1.20
in TW .59 .55 1.04 .95 1.53 1.16 1.05 1.00

cluster TW-E .29 .56 .54 .83 1.00 1.21 .61 .95

solution RF .27 .57 .74 .93 .96 .99 .66 .90

CIMS-E .27 .51 .79 .98 1.04 1.29 .70 1.03

MNI .28 .59 .50 .86 .95 1.05 .58 .89

Total* .33 .57 .71 .92 1.09 1.14 .71 .96

*Aggregated across all imputation methods, except method RI.

data approached unidimensionality more closely (from  Mix  1:0,  via Mix  3:1,  to Mix

1:1); this decrease was small for all methods (Table 2.8, upper panel). Method TW
produced a larger (positive) discrepancy than the other methods (not counting method

RI). Differences in discrepancies found between imputation methods were small.

AlI effects on discrepancy in H were significant, but only the main effect of
imputation method was discernable [F(4.396) = 8873.46, p < .001. 112 = .89). Table

2.8 (middle panel) shows that the discrepancy in H varied little across different latent-

variable ratios. Method TW, which showed the largest differences in discrepancy over
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Table  1.8.  Mean  (M)  and  Standard  Deviation  (SD)  of the  Discrepancy  of Cronbach' s

Alpha. Coefficient H.  and Cluster Solution for the Specialized Design with Different

Latent-Variable Ratios. Totals Represent Results Aggregated Across Either

Imputation Method (Rows), Intent-Variable Ratio (Columns), or Both (I wer Right

Corner in Each Panel). Entries of Discrepancy in Alpha and Coefficient H Must Be

Multiplied by 104.

Latent-variable ratio
Dependent Mix 1:0 Mix 3.1 Mix 1:1 Total
variable Method M SD M SD M   SD M SD
Discrepancy RI -32 3    -20 2 -16 2 -19 3
in alpha TW 8 1 6 1 5 1 6 2TW-E 1 1 0 1 0 1 1 1

RF -1          1           0         1           0            1         0          1
CIMS-E           0          1           0         1 0 1 0 1
MNI -1           1           -1           1 0 1 -1 1
Total* 2 4 1 3 1 2 1 3

Discrepancy RI -39 4 -38 4 -36 3  -38     4
in H TW  12 2 13 2 13 2 13 2

TW-E 0 2 0 2 1 2 0 2
RF -1          2          0         2 0 202
CIMS-E           0         2          0         2 1 202
MNI -2 2 -1 2 -1 2 -1 2
Total* 1 5 2 6 2 525

Discrepancy RI 3.27 1.04 1.88 .73 1.98 .82 2.38 1.08

in cluster TW .57 .71 1.04 .95 1.38 1.04 1.00 .97

solution TW-E .72 .98 .54 .83 1.00 1.20 .75 1.03

RP .82 .97 .74 .93 .90 1.02 .82 .97

CIMS-E .82 .95 .79 .98 1.04 1.18 .88 1.04

MNI .51 .69 .50 .86 .88 1.04 .63 .89

Total* .72 .90 .71 .92 1.02 1.10 .82 .99

*Aggregated across all imputation methods, except method RI.

the three latent-variable ratios (not counting method RI), produced discrepancies of

.012  (SD = .002), .013  (SD = .002) and .013  (SD = .002) for Mix 1:0, Mix 3:1, and

Mix   1: 1, respectively. All effects on cluster discrepancy were significant. Logistic
regression yielded the following results: for the interaction of imputation method and

latent-variable ratio: %2(8) = 45.29, p < .001; for the main effect of imputation method:

/2(4) = 44.14,p < .001; and for the main effect of latent-variable ratio: %2(2) = 11.13, p

< .001. Table 2.8 (bottom panel) shows that for most methods discrepancy decreased
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in going from Mix 1:0 to Mix 3:1. but increased in going from Mix 3:1 to Mix 1:1.

For method TW discrepancy increased as the data came closer to unidimensionality.

The standard deviation of discrepancy showed an irregular pattern. Methods TW-E

and   RF   had the smallest standard deviation   for   Mix   3: 1.   and   the largest standard

deviation for Mix  1:1. For methods TW, CIMS-E,  and  MNI the standard deviation

increased as the data came closer to unidimensionality.

Number of answer categories. All effects  of the ANOVAs  for the specialized

design with dichotomous and polytomous items were significant. For discrepancy in
Cronbach's alpha, the interaction effect of imputation method and number of answer

categories was medium [F(4,396) = 797.54, p < .001, 42 = .07], and the main effect of

imputation method was large [F(4, 396) = 3524.56, p < .001, 112 = .66]. Table 2.9

(upper panel) shows that method MNI produced larger means and larger standard

deviations of discrepancy in Cronbach's alpha for dichotomous items than for

polytomous items. For methods TW, TW-E, RF, and CIMS-E only small differences

in discrepancy were found between dichotomous and polytomous items. The standard

deviations of discrepancy were larger for dichotomous items than for polytomous

items.

For discrepancy in coefficient H, the interaction effect of imputation method

and number of answer categories was medium [F(4, 396) = 3932.28, p < .001, 42 =

.11], the main effect of imputation method was large [F(4,396) = 6071.88, p < .001,

,/2 = .71], and the main effect of number of answer categories was small [17(1, 99) =
243.55, p < .001, 12 = .05]. The results for coefficient H (Table 2.9, middle panel)

differed   from the results for Cronbach' s alpha. Discrepancy in coefficient   H   was

smaller for dichotomous items, than for polytomous items. This was found for five

imputation methods but not for method MNI: this method showed a little larger

discrepancy for dichotomous items than for polytomous items. Unlike Cronbach's

alpha, the standard deviation of the discrepancy in coefficient H was smaller for

dichotomous items than for polytomous items.

For cluster discrepancy, all effects were significant: interaction of imputation
method and number of answer categories [X2(4) = 38.91, p < .001]; imputation method

%2(4) = 54.07, p <.001]; and number of answer categories [ 2(1) = 37.22, p <.001]

In general. cluster discrepancy was larger for polytomous items than for dichotomous

items, but the difference varied across methods. Table 2.9 (lower panel, first two

columns) shows that method MNI produced a small cluster discrepancy for
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Table 2.9. Mean (M) and Standard Deviation (SD) of the  Discrepancy of Cronbach's

Alpha, Coefficient H. and Cluster Solution for the Specialized Design with Different

Number of Answer Categories. Totals Represent Results Aggregated Across Either

Imputation Method (Rows),  Number of Answer Categories (Columns), or Both (Lnwer

Right Corner in Each Panel). Entries of Discrepancy in Alpha and Coeficient H Must

Be Multiplied by 10-1 .

Number of answer categories
Dependent                             2 5 Total
variable Method M            SD            M SD M     SD

Discrepancy RI -21 2 -17 2          -19              3

in alpha        TW                   7           2           1            1          4          3
TW-E                   0             2            0              1            0            2
RF                          0              2             0               1             0              1
CIMS-E                0             2            0              1            0            2
MNI                    -4             2           -1              1           -2             2
Total*                   0             4            0              1            0            3

Discrepancy RI -14        2     -36        3     -25       11

in H TW                       5             1           13             2            9            4
TW-E                   0             2             1              2            0            2
RF                        0             1            0             2            0            2
CIMS-E                0             2             1              2            0            2
MNI                    -3             1           -1              2           -2            2
Total*                   0             3            2             5            1             4

Discrepancy RI 2.55 1.77 1.98 .82 2.26 1.41

in cluster TW .20 .53 1.38 1.04 .79 1.02

solution TW-E .55           .81 1.00 1.20 .78 1.04

RF .15 .48 .90 1.02 .53 .88

CIMS-E               .51 .85 1.04 1.18 .78 1.06

MNI .24 .49 .88 1.04 .56 .87

Total*                  .31 .65 1.02 1.10 .66 .97

*Aggregated across all imputation methods, except method RI.

dichotomous items. For dichotomous items, discrepancies produced by TW and RF
resembled discrepancy produced by method MNI. Methods TW-E and CIMS-E

produced largest cluster discrepancy for dichotomous items (not counting method RI).

However, for polytomous items (third and fourth column of lower panel), method TW

produced the largest cluster discrepancy (not counting method RI), followed by

method CIMS-E. Methods TW-E, RF, and MNI produced smaller cluster discrepancy

for polytomous than the other methods. For method RI the standard deviation of the

cluster discrepancy was larger for dichotomous items than for polytomous items. For

the other imputation methods, the opposite result was found.
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2.4 Discussion

The aim of this study was to determine the influence of simple multiple-imputation

methods on results of psychometric analyses of test and questionnaire data. The

statistically more elegant and advanced multiple-imputation method MNI was
included as an upper benchmark for these simpler methods.

Surprisingly, in most situations multiple-imputation method TW-E produced
the smallest discrepancy, which often was even smaller than that produced by upper

benchmark MNI. For MAR and MCAR with 5% missingness, the discrepancy in

Cronbach's alpha and the H coefficient produced by method TW-E came close to 0.

Method TW-E also produced small cluster discrepancy.
Methods CIMS-E and RF were the next best methods. Method CIMS-E

produced discrepancy in Cronbach's alpha and coefficient H similar to that produced

by method TW-E, but larger cluster discrepancy. Method RF produced larger

discrepancy in Cronbach's alpha and coefficient H than method TW-E, but cluster

discrepancy close to that of method TW-E. For dichotomous items, method RF
produced the smallest cluster discrepancy of all methods.

Method MNI has been claimed to be robust against departures from

multivariate normality (Graham & Schafer, 1999) but the highly discrete item-
response data used here nevertheless may have led MNI to produce larger discrepancy

relative to statistically simpler methods that are free of these distributional

assumptions.

A noticeable result was that, although significant, missingness mechanism did

not have much influence on the discrepancy measures. This may be due to the large

number of variables (20 items and one covariate) included in the imputation
procedures causing even NMAR mechanisms to closely approach MAR (see, e.g.,

Schafer, 1997, p. 28).

Finally, it may be noted that for data sets other than those obtained from

typical 'multiple-items' tests and questionnaires, such as medical data containing
variables like age. body mass, and total serum cholesterol, and data sets containing
only total scores for various scales (but no underlying item scores), the simple

methods investigated in this study cannot be used. For these kinds of data sets method



Mitltiple Imputation in Test and Questionnaire Data                                             51

MNI is recommended. For test and questionnaire data, methods TW-E. CIMS-E. and

RF may be preferred. but differences relative to MNI with respect to expected

discrepancy often are so small that advocates of this method can also use it for

analyzing such data sets without running serious risks of obtaining distorted results.
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Chapter 3

Multiple Imputation of Item Scores When Test Data are

Factorially Complex*

Abstract

Multiple imputation under a two-way model with error is a simple and effective

method that has been used to handle missing item scores in unidimensional test and

questionnaire data. Extensions of this method to multidimensional data are proposed.

A simulation study is used to investigate whether these extensions produce biased

estimates of important statistics in multidimensional data. and to compare them with

lower benchmark listwise deletion. two-way with error, and multivariate normal

imputation. The new methods produce smaller bias in several psychometrically
interesting statistics than the existing methods of two-way with error and multivariate

normal imputation. One of these new methods clearly is preferable for handling

missing item scores in multidimensional test data.

3.1. Introduction

This study deals with the imputation of scores in incomplete, multidimensional rating-

scale data stemming from questionnaires used in psychological, sociological, and

other research. Examples of such multidimensional data come from questionnaires

intended to measure different ways of being religious (Hills, Francis, & Robbins,

2005), different aspects of schizotypal personality disorder (Mata, Mataix-Cols, &

Peralta, 2005), different coping styles (Brough, O'Driscoll, & Kalliath, 2005), and

different kinds of phobias (Brown, White, & Barlow, 2005). Each subset of items in

such a questionnaire measures one dimension of a broader construct and different

subsets measure different dimensions. The data are often collected by means of group,

* This chapter has been accepted for publication and will appear as: Van Ginkel, J. R., Van der Ark. L.
A., Sijtsma. K. (in press). Multiple imputation of item scores when test data are factorially complex.

British Journal of Mathematical and Statistical  Psychology.
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mail, telephone and Internet testing, each of which gives ample rise to the occurrence

of missing data.

The focus of this study is item nonresponse - the respondent leaves at least

one answer open but also provides at least one answer so that his/her data record is

incomplete but not completely missing. Item nonresponse may have many causes,

such as embarrassment (e.g., invasion of privacy), secrecy (e.g., income, career

history), boredom (e.g., too many questions), misunderstanding (e.g., unfortunate

phrasing of questions), stubbornness (e.g., reluctance to cooperate), or sloppiness. The

multidimensional or multi-factor structure in the available data is used to obtain good

item-score estimates by means of simple multiple-imputation methods. Hopefully,
statistical results based on this completed data matrix show little bias and also little

discrepancy relative to the results based on the original, complete data.

Item scores may be missing completely at random (MCAR), missing at
random (MAR), and not missing at random (NMAR) (Rubin, 1976; Little & Rubin,
2002, p. 12). Let N be the number of participants who filled out a questionnaire

consisting of J items, and let X b e the resulting N x J data matrix consisting of scores

Xe· (i = 1, N., j -1,...,J). Furthermore, let R be a response-indicator matrix with
entry RU = 1 if score Xu in X is observed, and Rg = O if score X,3 in X is missing.

Finally. let 4 be a parameter vector that explains the missingness. MCAR means that

the item-score missingness is neither related to the observed part of data matrix X

(denoted Xob,) nor the unobserved part (X,„i,), and is formalized as

P(Rl Xeb.. Xm,5, 3 - P(RI # (3.1)

MAR means that missingness depends on completely observed covariates, so that:

P(RI Xebi, X,„i., b = P(Rl Xebi, 0 (3.2)

NMAR means that the missing item score Xu either depends on variables that were

not collected, or on the unobserved value of X;j itself, or both. When the missingness

parameters (O and the parameters that govern the data are distinct, MAR and MCAR

represent ignorable missingness, and NMAR nonignorable missingness. Otherwise

the missingness is always nonignorable. We assume that the parameters are distinct.
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Multiple imputation (MI) is a procedure recommended for handling missing

data (Rubin, 1987, p. 9). MI estimates the missing data w times using a stochastic

population model, resulting in w different plausible, complete data sets. The results

from statistical analyses on these w data sets are combined into one conclusion.

Accordingly, uncertainty about missing values is taken into account. Multivariate

normal imputation is available in the programs NORM (Schafer, 1998), S-plus 6 for

Windows (2001), and SAS 8.1 (Yuan, 2000). S-plus also performs MI under the

saturated logistic model and the general location model. These methods produce

statistical results with little bias (Ezzati-Rice et al., 1995; Graham & Schafer, 1999:

Schafer, 1997; and Schafer et al., 1996). Each method assumes ignorable missingness.

For nonignorable missingness methods, see Heckman (1976) for continuous data. and

Fay (1986) and O'Muircheartaigh and Moustaki (1999) for categorical data.

Many practical researchers only have been trained in basic data analysis and

do not have a statistician 'available' who can help them use relatively complicated

methods. They often resort to methods such as listwise deletion that produce biased

and less efficient results (Schafer & Graham, 2002). Alternatively, imputation

methods may be used, such as two-way imputation (TW; Bernaards & Sijtsma, 2000),

corrected item-mean substitution (Huisman, 1998, p. 96), relative mean imputation

(Raaijmakers, 1999). and response-function imputation (Sijtsma & Van der Ark,
2003): also see Smits, Mellenbergh, and Vorst (2002).

Van der Ark and Sijtsma (2005), and Van Ginkel, Van der Ark, & Sijtsma

(2005) showed that an MI version of method TW produced little discrepancy and little

loss of efficiency in Cronbach's (1951) alpha, Loevinger's  (1948)  H, the item-cluster

solution from Mokken (1971) scale analysis, and fit statistics for the Rasch (1960)

model, for unidimensional data and correlated (at least 0.24) two-dimensional data

(Bernaards & Sijtsma, 2000; Van Ginkel et al., 2005). This study discusses new

versions of method TW that deal explicitly with general forms of multidimensional

data by making use of the correlation structure of the items in the questionnaire.
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3.2 Method

3.2.1 Outline of Methodology

The outline of the methodology of this study is the following:

1.     Complete   data   sets of multidimensional rating-scale scores were simulated

using a multidimensional item response model, producing original data sets.
Statistics of interest were estimated from these data. For each combination of

questionnaire and population. 100 original   data   sets were sampled.   This
enabled estimation of the sampling variation of statistics of interest.

2. Item scores were deleted from original data sets, thus creating data sets with

missing item scores. These were called incomplete data sets.

3.     For an incomplete  data  set, a multiple-imputation method  was  used to estimate

the missing item scores five times yielding five completed data sets.

4. The statistical calculations on each of the five completed data sets were

combined using Rubin's (1987) rules.

5.    Steps  2,3,  and  4 were repeated  for  each  of the 100 independently sampled

original data sets. The mean and the sampling variation were determined of the

bias in, for example, Cronbach's alpha. When the complete data produce

biased estimates of Cronbach's alpha, the discrepancy in Cronbach's alpha

between original data and completed data may be a better indicator of the
performance of the multiple-imputation methods. Thus, the mean and

sampling variation of this discrepancy measure were also determined.

Imputation methods should produce little bias and discrepancy.

3.2.2 Missing-Data Methods

Listwise Deletion (LD)

Method LD - removal of all incomplete cases prior to analysis - was used as lower

benchmark.
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Two-Way Imputation With Normally Distributed Errors (TW-E) -

Unidimensional-Data Case

Following ANOVA. method TW-E (Bernaards & Sijtsma. 2000; also, see Little & Su,

1989) imputes scores using a person and an item effect. Let obs(i) be the set of

observed item scores of person i, and #obs(i) the size of this set. The mean of the

#obsti) observed  scores for person i  is denoted PM, .  Likewise,  item mean  /M.  for

the observed scores on item j and the overall mean OM for all observed item scores in

X are defined. First, for cell (i, j). in which R,j = 0, define an expected item score,

denoted TWij, as

TW,l  =   PM, +   IM  1 - OM . (3.3)

Second,  let  Eu   be a random error  from   N(0, 0  ). To estimate a£·2, expected  item

scores are computed for all observed scores using Equation 3.3. This results in

estimate

sz = EE (Xit -Twu)2 /(#obs - 1).
i,j€obs

Third,  24 is drawn from  N(0. S22 ), and added to TWu. so that

TWUCE) = TW,1 + tij

Let item scores be adjacent, ordered integers, denoted   xmin,    · · · ,   xmax, and round

TW, (E)  to the nearest feasible integer. The result is imputed in cell (i, j).

Two-Way Imputation - Multidimensional-Data Case

Main Types of Two-Way Imputation Throughout this section, we use factor

loadings resulting from principal components analysis followed by varimax
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(PCANR) for weighting item scores. PCA/VR is often used for determining the

dimensionality of questionnaire data. We assume that the number of principal

components was equal  to the number of dimensions  in the simulated data. Table  3.1

shows six new extensions of method TW to multidimensional data. They represent

two main types with three variations each.

Table 3.1. Missing-Data Methods.

Missing-     Factor loadings obtained PM, and OM are Are item scores
data from: computed using: weighted with
method loadings?
TW-SSIW Completed data using TW-E Only items in scale k  No
TW-SSb, Bootstrap sample Only items in scale k  No
TW-SSod Original data Only items in scale k  No
TWIFI,tw Completed data using TW-E All items Yes
TW-FLb: Bootstrap sample All items Yes
TW-FLo,1 Original data All items Yes
TW-E - All Items No
LD     -
MNI           -                                                -

Main type 1: two-way imputation for separate scales (TW-SS). Assume the

availability of a PCANR solution for the incomplete data matrix X (how this solution

is obtained, will be discussed shortly). Next, apply method TW-E separately to each

item subset consisting of the items that load highest on the same rotated factor. This

main type is denoted TW-SS ('SS' for separate scales).

Main type II. two-way with factor loadings (TW-FL). Assume that Ru = 0 and
that item j has its highest loading on the kth rotated factor; denote this loading ajk

Method TW-FL ('FL' for factor loadings)  uses a different estimate of the person mean

than methods TW-E and TW-SS, and weights available item scores with the items'

loadings on factor k. As a point of departure, consider

2 allxxu
PM"sk, = *'il», :   a (3.4)

jk
j€„bilit
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Note that negative loadings may have the effect of reducing the denominator so that

the behavior of PM is unpredictable. This effect can be corrected by means of the#
i(k)

midrange score of item j, defined as

Xmid  -2 (Xmax  - Xmin ) I

and, using xmid, by defining an alternative person mean as

I   a,k ><(Xy -Xm,d)

PM.',1, = **,1,-  - -

_     + Amid

' (3.5)

I  a ,/
jeobs(i)

This definition does not suffer from the undesirable effect that negative loadings may

have; see the Appendix for details. The item means and the overall means can be

defined similarly, but technical details are ignored here.

Using these corrected means, expected value TWJ.k is computed as

TW,i = IMIi + PM1 -OMI . (3.6)

Let obs(k) be the set of all observed scores on the items that load highest on factor k,

and let #obs(k) be the size of this set. The error variance of these data is estimated as

7*                           I

SAk =  EE (Xj-7194.k)2/[#obs(k)-11.
i, jeobs(k)

For cell  (i, j) we obtain

TWij.k<FL) = Twi .k+ Ev.k'

with  2,1.1   -  N(0.   Sfk ) Finally,  TWy., (FL) is rounded  to the nearest feasible integer

and the result is imputed in cell (i, j).
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Specific Types of Two-Way Imputation We distinguish three versions of method

two-way for separate scales (Main type I):

1. Method TW-SS using two-way (TW-SS,„) Method TW-SSt. has the
following steps: (1) Item scores are imputed in the incomplete data using

method TW-E, ignoring the dimensionality of the data; (2) PCA/VR is
applied to the completed data set, and item subsets are identified by the

items' highest loadings; and (3) item scores are imputed anew in the

incomplete data using method TW-E, but now for each item subset

separately. This process is repeated five times yielding five completed data

sets.

1. Method TW-SS using bootstrap sampling (TW-SSby). Method TW-SS,w

does not propagate error in the factor loadings; thus it is improper (Rubin,

1987). A reviewer suggested remedying this by means of bootstrap
sampling: (1) A bootstrap sample is drawn from the incomplete data set;

(2) method TW-E is applied to this bootstrap sample; (3) PCANR is

applied to the completed data; and (4) method TW-SS is applied to the

incomplete data set, using factor loadings obtained from the completed

bootstrap data set. This process is repeated five times. Method TW-SSbs is

a refinement of method TW-SStw, and was studied in a specialized design.

3.  Method TW-SS using original data (TW-SS.d)· PCANR on the original
data yielded factor loadings that could be used for identifying item subsets

and, using this information method TW-SS could be used for imputing
scores in the incomplete data. This is method TW-SSod. Five data sets are

created. This is not a practically useful method, but it provided information

on the amount of discrepancy produced by method TW-SSt- due to using

factor loadings obtained from a completed data set in which scores were

imputed using method TW-E, and method TW-SSbs due to using factor

loadings obtained from a completed bootstrap data set in which scores

were imputed using method TW-E.

Also, three versions of method two-way using factor loadings (Main type II) are

distinguished:

1. Method TW-FL using two-way (TW-FLm) Method TW-FL.t: has the
following steps: (1) Item scores are imputed in the incomplete data using
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method TW-E, ignoring the dimensionality of the data; (2) the PCA/VR

solution for this completed data set is used to identify item subsets; and (3)

method TW-FL is used to impute item scores in the incomplete data using

the factor loadings found in the second step. This is repeated to obtain five

completed data sets.

2.  Method TW-SS using bootstrap sampling (TW-SS ) Method TW-FL , has

the following steps. (1) A bootstrap sample is drawn from the incomplete

data. (2) this bootstrap sample is completed using method TW-E. (3)

PCANR is applied to this completed bootstrap data set, and (4) the

resulting factor solution is used for imputation with method TW-FLb:. This

is repeated five times. Method TW-FLbs was studied in a specialized

design.

3. Method TW-FL using original data (TW-FLod)· This method has the

following steps: (1) Method TW-FLod uses the PCA/VR solution for the

original data: and (2) method TW-E is applied to each of the item subsets

resulting from PCA/VR. Five data sets are created. This method cannot be

used in practice but is used to assess discrepancy compared with methods

TW-FLt. and TW-FLbs.

Multivariate Normal Imputation (MNI)

Method MNI (Schafer, 1998) uses data augmentation (Tanner & Wong, 1987), which

obtains the distribution of the missing item scores, given the observed data. Scores are

imputed by random draws from the multivariate normal distribution. Starting values

are obtained using an EM algorithm (Dempster. Laird, & Rubin, 1977). In this study,

imputed scores were rounded to the nearest integer within the range xmin ,···,xmax

MI under the saturated logistic model could have been a more natural choice,

but its application was found to be problematic for large data sets (cf. Van der Ark &

Sijtsma, 2005). Also, Ezzati-Rice et al. (1995) and Schafer et al. (1996) showed that

MNI is robust to departures from the multivariate normal model. MNI is available in

the programs NORM, S-plus 6, and SAS 8.01.
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3.2.3 Setup of Simulation Study

Fixed Design Characteristics

Item scores. Data sets were simulated using the multidimensional polytomous

latent trait (MPLT) model (Kelderman & Rijkes, 1994). Four latent variables were

assumed, denoted  Oq (q =1, . . . ,Q;  here Q= 4). Parameter  0,q   is the value of person  i

on latent variable q. Also, ly, ,  is the separation parameter of item j for latent variable

q and answer category x; and  B , C BA, 2 0) is the discrimination parameter of item j

with respect to latent variable q and score x. The MPLT model is defined as

explt (,4  - 'j. )B» 11Lq=i (3.7)
P(X ij = x\ eii.···.e,Q) -

2 le,plf ce" -,» )B».11 I
Y=OL Lq=1

Parameters BMo and W jqo must be set to 0 to ensure uniqueness of the parameters.

Data sets  of 40 polytomously scored items  with five answer categories  (i.e.,  xmin  = 0.

Xm--4) were simulated. Items  1 -10 were driven  by 4, items  11-20 by 82, items

21-30 by 83, and items 31-40 by 04 ·

Item parameters. Table 3.2 shows the item parameters (based on Van Ginkel

et  al., 2005). Items  with  an even index  in the range   1-20 had Bjq, = 2 (i.e., high
discrimination) and items with an odd index had Bjq, = 0.5 (i.e., low discrimination).

For items 21-40 this was reversed. The separation parameters p,q, ranged from -2.75

to 2.75. For each latent variable. item difficulty increased with increasing item index.
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Table 3.2. Location Parameters 9,4, and Discrimination Parameters Bi«, of
Simulated Data.

Items  "41 Fiqi 43 94     84
1,11,22.32 1.25 1.75 2.25 2.75 0.5

2,12.21.31 1.25 1.75 2.25 2.75          2

3,13,24,34 0.25 0.75 1.25 1.75 0.5

4,14,23,33 0.25 0.75 1.25 1.75     2

5,15,26,36 -0.75 -0.25 0.25 0.75 0.5

6.16,25,35 -0.75 -0.25 0.25 0.75         2

7.17.28,38 -1.75 -1.25 -0.75 -0.25 0.5

8,18,27,37 -1.75 -1.25 -0.75 -0.25         2

9,19,30,40 -2.75 -2.25 -1.75 -1.25 0.5

10,20,29,39 -2.75 -2.25 -1.75 -1.25          2

Covariate classes. Dichotomous covariate Y was used for simulating

missingness mechanisms. For Y =  1, four latent variable values were randomly drawn

from a multivariate normal distribution with Ill = [-·25.-.25,-.25.-.25] Likewise. for

Y=2 we used 112 - 1.25,.25,.25,.25]. Both covariance matrices of the latent variables

were equal to express that the items measured the same constructs in, for example,

gender groups. Covariance matrices equaled the correlation matrices, with ones on the

main diagonal and elements p on the off-diagonal places.

Independent Variables

Sample size. The sample sizes N = 300 ('fair'), and N = 1000 ('excellent')
were based on rules of thumb for PCA (Comrey & Lee,  1992).

Correlation between latent variables. The correlation (p) between the latent

variables was varied to be 0,0.24, and 0.50 (see Bernaards & Sijtsma, 2000).

Percentage of missing  item scores. One, 5, and 15 percent missing item scores

were simulated.

Effect of covariate on missingness. For missingness unrelated to Y. the

probability of scores being missing was equal for both classes. For missingness

related to K the probability of scores being missing was twice as high for Y=2 a s for

Y =  1. Given these relative probabilities. a random sample of item scores was removed

from the original data matrix.
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Joint effect of item score and item location parameters on missingness. For

ignorable (MAR. MCAR) missingness, all scores within one covariate class had equal
probability of being missing. Given these probabilities, a random sample of item
scores was removed from the original data matrix.

Nonignorable missingness (NMAR) was simulated as follows. Let Fjq be the

mean location parameter of item j (Equation 3.7). Within one covariate class, for

items with  Fjq  2 0 scores of X4 2 3 had a higher probability of being missing than

smaller scores: For Fjq = 0 this probability was twice as high, for Fjq - 1 this

probability was four times as high, and for Vjq = 2 this probability was six times as

high. This type of missingness may occur when people with higher latent variable

values are reluctant to answer questions that may reveal their latent variable value.

Together with the influence of the covariate this manipulation of the response

probabilities resulted in four different missingness mechanisms. Missingness was
MCAR if it depended neither on Y nor on Xu and  Fjq; MAR if it depended only on Y;

NMAR  of type  1 [denoted NMAR(1)]  when it depended  on  X   and  Fiq;  and

NMAR(2) when it depended on  K Xu, and  F,q; see Table 3.3. Table 3.4 shows the

probability ratios for the four missingness mechanisms, all values of K all values of

the mean location parameter  F,q,  and of all values of Xi.

Table 3.3. The Relation of the Four Different Missingness Mechanisms Used in the

Simulation Study: MCAR, MAR, NMAR(1), and NMAR(2).

Is missingness related to value of Y?
No Yes

Is missingness related to values NO MCAR MAR
of Xu and VJq'! Yes NMAR(1) NMAR(2)

Ignoring the covariate. Ignoring a relevant covariate produces NMAR
(Schafer, 1997, p. 23). Its effect was compared to properly taking the covariate into

account. For method TW-E, the influence of the covariate was evaluated by using

TW-E in both classes separately. For methods TW-SS,w. TW-FL,tw. TW-SSbs. and

TW-FL , scores were first imputed for both classes separately using method TW-E.

Next, a PCASVR solution was obtained for the whole completed data, and then scores
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Table 3.4: Probability Ratios for all Missingness Mechanisms, and all Values of

Covariate  Y,  Mean  I.ocation  Parameter  W „1,  and Item Score X,j.

Y
1                                                     2

Missingness                         Xi,                              Xii
mechanism &0123401234
MCAR -2 1 1 1 1 1 1 1 1 1 1

-1 1 1 1 1 1 1 1 1 1 1
01111111111
11111111111
2 1 111111111

MAR -2 1 1 1 1 1 22222
-11111122222
0 1 1 1 1 122222
11111122222
21111122222

NMAR(1) -2 1 1 1 1 1 1 1 1 1 1
-1 1 1 1 1 1 1 1 1 1 1
01112211122
11114411144
21116611166

NMAR(2) -21111122222
-11111122222
01112222244
11114422288
2    1    1    1    6    6    2    2    2   12   12

were imputed in the incomplete data for both classes separately, using for both classes

the same PCANR results. For methods TW-SSod and TW-FLod, a PCA/VR solution

was obtained for the original data after which the imputation methods were used in

both classes separately, using for both classes the same PCA1VR results. For method

MNI, the covariate was included in the multivariate normal model that was estimated

from the data. Ignoring the covariate meant that each of the five TW methods was

used for imputation in the whole data set, and for method MNI the covariate was not

included in the multivariate normal model estimated from the data.

Dependent Variables

Cronbach' s alpha is reported in almost every study  that uses tests or questionnaires;

Loevinger' s   H  is an easy-to-use coefficient that evaluates the scalability  of  a  set  of
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items [see Sijtsma & Molenaar (2002) for an overview of approximately 30
applications]; and Mokken's (1971) item selection cluster-algorithm is used for
investigating the dimensionality of test and questionnaire data (see, e.g., Van

Abswoude, Van der Ark, & Sijtsma, 2004). These three dependent variables provide a

good impression of the degree of success of the proposed imputation methods.

Results of Cronbach's alpha and coefficient H. Definitions and computations
concerning Cronbach's alpha and coefficient H run parallel; thus, to avoid redundancy

we focus exclusively on alpha. First, the discrepancy between Cronbach's alpha based

on  completed  data and Cronbach' s alpha based on corresponding original  data  was
computed. Second, the bias of Cronbach's alpha based on completed data relative to

the population value was computed. Note that there were four population values of

Cronbach's alpha, one for each item subset that was driven by a particular Oq  (q = 1,

..., 4), and denoted  a4. Bias was computed for each item subset.

Computations were done as follows. Cronbach's alpha was computed for each

item subset in each original data set (indexed v = 0,  ...,  100), and denoted a + and
Or.\,4.

for each of the five completed data sets corresponding to original data set v. The mean

of these five values was denoted aimp..q· Bias in the original data was LY0 9 _65 . and

bias  in the completed data  was  a;,m,4 -Crq . Discrepancy in alpha was defined  as

&11,81'q  -  ,r., q · Both bias and discrepancy served as dependent variables in ANOVAs.

The tables contain the mean (M) and the standard deviation (SD) of the

bias/discrepancy calculated  over 100 replications.
For method LD. alpha was computed for the available complete cases and

denoted d . Bias and discrepancy produced by method LD are defined asC'.."q

dc,„ 9 - aq    and    (t,·., q -

r., q, respectively. Because each item subset produced a

bias/discrepancy estimate, 'item subset' was included as a within-subjects factor in
ANOVA.

Results  of cluster solution from Mokken scale  analysis. In exploratory Mokken
scale analysis one or more scales are selected from the data using a sequential cluster

algorithm, described in detail by Mokken (1971) and Sijtsma and Molenaar (2002).
The program MSP (Molenaar & Sijtsma, 2000) was used for this analysis. First, by
assigning the items to the clusters in which they were selected most frequently the
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modal cluster solution was determined for the five completed data sets; see Van der

Ark and Sijtsma (2005) for details. Second, the minimum number of items to be

moved from the modal cluster solution to re-obtain the four theoretical scales from the

simulation model was determined, and denoted population classification error. Also,

the minimum number of items to be moved from the modal cluster solution to re-

obtain the original-data cluster solution was computed, and denoted original-data

classification error.
For method LD the classification errors were the minimum number of items to

be moved from the cluster solution based on the available complete cases in order to

re-obtain the population cluster solution and the original-data cluster solution,

respectively. The means (M) and standard deviations (SD) of the classification errors

across 100 replicated  data sets are reported.

Main Design

The seven independent variables were: (1) Correlation between latent variables (p =

0,0.24,0.5); (2) Sample size (N = 300, 1000); (3) Percentage of missingness (1%,

5%,  15%); (4) Effect of covariate on missingness (No, Yes); (5) Joint effect of item

score and location parameters on missingness (No, Yes); (6) Ignoring covariate (No,

Yes); and (7) Missing-data method (LD, TW-E, TW-SSiwi TW-FL,w, TW-SSod,TW-

FLod, and MNI). An item had five answer categories, and the number of items was 40

(see Table 3.5 for the design characteristics).

Three Specialized Designs

Specialized design:  Unequal correlations between latent variables. In practice,

the correlations between latent variables are likely to be unequal. Thus, in a
specialized design the correlation matrix of the latent variables was

0     1
I= 0.24 0.50 1

0.50 0.24 0 1
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Table 3.5.  Independent Variables  and Fixed Characteristics  of the Main  Design.

Independent variables Levels
Correlation between latent variables 0,0.24,0.50
Sample size 300,1000
Percentage of missingness 1%, 5%, 15%
Effect of covariate on missingness No, Yes
Joint effect of item scores and location  No, Yes
parameters on missingness
Ignoring covariate No, Yes
Imputation methods TW-E, TW-FL,w, TW-SSm, TW-FLe,t,

TW-SSed, MNI.
Fixed design characteristics Value
Number of latent variables 4; multivariate normally distributed
Number of items                                             40
Number of answer categories                        5
Number of imputations                               5
Item parameters Fixed per item, see Tables 3.1 and 3.2

using correlations from the main design. Methods TW-E, TW-SS,w, TW-FL,w, TW-

SSod, TW-FLo , and MNI were studied, the sample size was fixed at N = 1000, the

percentage of missingness was 5%, the missingness mechanism was MAR, and the

effect of the covariate Was taken into account.

Specialized design: Conjidence intervals. Because MI corrects confidence

intervals of parameter estimates using Rubin's (1987) rules, this specialized design

studied focused on this topic. Kristofs (1963) derivation of the sampling distribution

of Cronbach's alpha assumes multivariate normality and compound symmetry. Thus,
data were sampled from a multivariate standard normal distribution for the item

scores (J = 40). Even though these assumptions do not hold for highly-discrete

questionnaire  data,  Kristof' s results  were  used  as a benchmark for performance  of the

multiple-imputation methods.

There were four scales, and each scale consisted of ten items. Items within the

same scale correlated 0.5, and items from different scales correlated 0. There was no

covariate. Methods TW-E, TW-SStw, TW-FI«tw, TW-SSo,t, TW-FLa, and MNI were

used, sample size was 1000, missingness mechanism was MCAR, and percentage of
missingness was 5. One thousand replications were drawn to have more accurate

estimates of the confidence intervals.
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Because Rubin' s rules  for  MI are defined for normally distributed variables,

the non-normal sampling distribution of Cronbach' s alpha was transformed   into   an

approximately normal Fisher z-score by means of

7 =1111    1   )
-  2 11-aJ

(e.g., McGraw, & Wong, 1996). The number of replicated data sets out of 1000 in

which aq was covered by the confidence interval was counted, and the mean (M) and

standard deviation (SD) of the bias were computed.

The sampling distribution of coefficient H has been derived only for binary

items (Mokken, 1971, pp. 157-169). Thus, confidence intervals for coefficient H were

not considered here. Mokken scale analysis was not considered because its outcome is

not a parameter estimate.

Specialized  design:  Bootstrap  methods.  Bootstrap methods TW-SS,» and TW-

FL , were compared with methods TW-SS,W, TW-FL,w, TW-SSo,i, and TW-FLod. It

was expected that the bootstrap would be more relevant for large percentages of

missingness; thus, 15% missingness was studied here. Missingness mechanism was

MAR and covariate was taken into account. Correlations between latent variables

were 0,0.24, and 0.50, and sample sizes were 300 and 1000; for this design choice the

largest differences between the bootstrap and the other methods were expected.

3.2.4 Statistical Analyses

ANOVAs were used to analyze bias and discrepancy in coefficients alpha and H.

Sample size was treated as a between-subjects factor. All other factors were

dependent measures and treated as within-subjects factors. Because classification

error is discrete and skewed, a logistic regression with binomial counts was used. Let

y„ be the classification error of data set v in within-subjects design cell t, and e., the

maximum number of items that are incorrectly clustered. For a test of 40 items, we

have e,t = 39. Let B be a column vector with regression coefficients, and for simulated

data set v let z,. be a row vector with responses to the independent (dummy) variables.

The probability that one item is incorrectly clustered is modeled as
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exp(z,.B)
4.Z- =' 1+exp(zv#)

The logistic regression model with binomial counts is

evt!
P(yi,,   I z a. , e,,i )= ,

 Ort.z. )Y., (1 - 1rt,z, )e" -Y,.L Yw (ew  - Yvt)!

(Vermunt, & Magidson, 2005a, p. 11). Sample size was treated as an independent
measure and the other factors as dependent measures. The logistic regression analyses

with binomial counts were done using Latent Gold 4.0 (Vermunt & Magidson,
2005b).

3.3 Results

Both for alpha and H, the standard deviations of bias were approximately ten times

larger than the standard deviations of discrepancy. Because the original data produced

unbiased estimates of alpha and H in all situations (one-sample t-tests) the mean bias
and the mean discrepancy were almost identical. Thus, it is sufficient to discuss only

bias and ignore discrepancy.

The results for the population classification error in Mokken scale analysis

deviated substantially from those for the original-data classification error. However,
this was not entirely an effect related to missing-data problems but also of MSP
having trouble finding the population cluster solution when correlations between

latent variables were relatively high [see Van Abswoude et al. (2004) for similar

conclusions]. Because the modal cluster solutions for the completed data and those for

the corresponding original data were often similar, it made sense to only study the

original-data classification error, from now on denoted classification error.

The results of method LD were much worse than the results of MI methods.

LD produced bias with larger standard deviations, relatively large bias for 5%
missingness, and under departures from MCAR bias increased dramatically while bias
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due to MI methods was much smaller.  For 15% missingness almost no complete cases

were available. Therefore, results of method LD are not further discussed.

3.3.1 Results of Main Design

Bias in Cronbach's Alpha

A full-factorial ANOVA was conducted on the data from the completely crossed

design of order 4 (item subsets) x 2 (sample size) x 3 (correlation) x 2 (percentage of

missingness) x 2 (effect of covariate) x 2 (effect of nonignorable missingness) x 2

(ignoring covariate)   x 6 (imputation method),    with   bias in Cronbach' s alpha   as

dependent variable. One hundred and nine effects out of 240 were statistically

significtint, but Table 3.6 only shows the small, medium, and large effects and their

effect sizes (based on Cohen, 1988). Table 3.7 shows that bias usually was small; it

ranged from -0.049 (method TW-E, 15% missingness, p = 0) to 0 (method TW-SS,w,

1% missingness, p = O) (Table 3.7). Standard deviations ranged from 0.011 to 0.024.

Table 3.6. Effect Size of ANOVA with Bias in Cronbach's Alpha as Dependent

Variable. All p-values Smaller than 0.001

Effect          F #1 4/2 42
Method 53844.39 5  990 0.16***
Percentage of Missingness 21819.53 2  396 0.08**
Method x Percentage of Missingness 46632.58   10 1980 0.12**
Method x Correlation 33067.88   10 1980 0.02*
*Small effect.

**Medium effect.

***Large effect.

Imputation method x percentage missingness. For all imputation methods,
bias in Cronbach' s alpha increased as percentage of missingness increased (Table

3.7), but for 1% missingness bias was small. Increase in bias was larger for methods

that produced larger bias for 19 missingness.

Imputation method x correlation. Bias produced by method MNI and the TW-

SS methods was the same for different correlations (Table 3.7). Bias produced by the
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Table 3.7. Mean (M) and Standard Deviation (SD) of Bias in Cronbach's Alpha for
All Combinations of Percentage of Missingness, Imputation Method, and Correlation

Between Intent Variables.  Entries  in Table  Must Be  Multiplied by  10-3

Percentage Correlation between latent variables
of               Imputation         0 0,24 0.50 Mean
missingness method M SD M SD M   SD M SD
1% TW-SS,» 0 11 0 11 0 11 0    11

TW-FL,„ 0 11 -1 11 -1 11 -1    11

TW-SSed 0 11 0 11 0 11 0    11
Tw-FL„d 0 11 -1 11 -1 11 -1    11

TW-E -3 11 -3 11 -2    11     -3    11

MNI 0    11     -1    11    -1 11 -1    11

Mean                             -1               11               -1 11 -1 11 -1    11

5% TW-SSM 1 11 0 11 0 11 0    11

TW-FLm -2 11 -4 11 -4 11 -3    11

TW-SSed 0 11 0 11 0 11 0    11

TW-FL ,1 -2 11 -3 11 -4 11 -3    11
TW-E -15    12   -12    11    -9 12 -12    12
MNl -2 11 -2 11 -2 11 -2    11

Mean -3 13 -3 12 -3 12 -3    12
15% TW-SS,w 2 11 1 11 1 11 1    11

TW-FLm -10    13   -13    14   -14    14   -12    14

TW-SSed 1 11 1 11 1 11 1    11

TW-FLed -6 12 -10    13   -12    13     -9    13
TW-E -49    17   -37    15   -16    14   -37    18
MI\II -7 12 -7 12 -7 12 -7    12
Mean -11    22   -11    18   -11    18    -9    16

Mean TW-SSM 1 11 1 11 1 11 1    11

TW-FL,w -4 17 -4 13 -4 13 -4    13

'[3  -Ssed 1 11 1 11 1 11 1    11

TW-FLe,i -3 12 -3 12 -3 12 -3    12
TW-E -22 24 -22 24 -22 24 -22 24
MNI -3 12 -3 12 -3 12 -3    12

TW-FL methods increased little and for method TW-E bias decreased as the

correlation between latent variables increased (Table 3.7).

Percentage Of,nissingness.  As the percentage of missingness increased, the

bias in Cronbach's alpha also increased (Table 3.7).

Imputation method. Biases in Cronbach's alpha due to methods TW-FI«twi

TW-FLo , and method MNI were similar. Methods TW-SSI. and TW-SS„1 produced

smaller bias and method TW-E the largest bias (Table 3.7).
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Bias in Coefficient H

Means and standard deviations of bias in H were somewhat larger than those for

Cronbach's alpha, but conclusions were similar (Table 3.8). Bias ranged from -0.082

(method TW-E, 15% missingness, p = 0) to 0 (method TW-FL,w, 1% missingness, p =

0). Standard deviations of bias ranged from 0.019 to 0.039.

Table 3.8. Mean (M) and Standard Deviation (SD) of Bias in Coefficient H for all

Combinations of Percentage of Missingness. Imputation Method, and Correlation
Between Litent Variables. Entries in Table Must Be  Multiplied by  10-3.

Percentage Correlation between latent variables

of               Imputation         0 0.24 0.50 Mean

missingness method M SD M SD M SD M   SD
1% TW-SS,„ 2 20 1 19 1 20 1    20

TW-FLm 1 20 0 19 0 20 0    20

TW-SSed 2 20 2 19 1 20 1    20

TW-FLod 1 20 0 19 0 20 0   20

TW-E -4 20 -3 19 -2 20 -2    20

MNI 1 20 1 19 1 20 1    20

Mean* 0 20 0 19 0 20 0    20

5% TW-SS,» 1 20 0 19 0 20 0    19

TW-FL,w -4 20 -7 19 -7 20 -6    20

TW-SSed 1 20 0 19 0 20 0    19

TW -FLod -3 20 -6 19 -7 20 -6   20

TW-E -27    20   -22    19   -16    20   -22    20

MNI -2 20 -3 20 -3 20 -3    20

Mean -6 22 -6 21 -6    20    -6    21

15% TW-SSM -2 20 -3 20 -4 21 -3    21

TW-FLm -21    24   -27    24   -27    24   -25    24

TW-SSed -3 20 -3 20 -3 21 -3    20

TW-FLod -15    22   -22    22   -24    23   -20    23

TW-E -82    23   -65    22   -47    21    -65    26

MNI -13    21   -13    21   -13    21    -13    21

Mean -22    35   -22    30   -20    27   -21    31

Mean TW-SS,„ -2 20 0 20 -1 20 0    20

TW-FLn, -10    23   -11 24 -12    24   -10    24

TW-SSed -2 20 0 20 -1 20 0    20

TW -FLOd -8 22 -9 22 -10    23     -8    22

TW-E -40 39 -30 33 -22 28 -30 34
MNI -7 21 -9 21 -5 21 -5    21
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Classification Error

A full-factorial logistic regression with binomial counts was conducted on a

completely crossed design of order 2 (sample size) x 3 (correlation) x 2 (percentage

of missingness) x 2 (effect of covariate) x 2 (effect of nonignorable missingness) x 2

(ignoring covariate) x 6 (imputation method), with classification error as dependent
variable. Thirty-seven effects  out  of  127 were significant.  Only the largest effects  are

reported. Table 3.9 shows classification error results for all combinations of

imputation method and correlation between latent variables.

Imputation method x correlation between latent variables. The interaction
effect of imputation method and correlation between latent variables was significant
[Wald test; A 10) = 874.38, p< 0.001]. For p=0 and 0.24, classification error was
smaller than for p = 0.50 (Table 3.9). For methods TW-FL,*t and TW-FL,w, the effect
of correlation resembled that for method MNI. Methods TW-SS,- and TW-SSod
produced the largest classification error for p = 0.50, but method TW-E produced

nearly the same classification error for different correlations.

/mputation method x percentage ofmissingness. The interaction of imputation
method and percentage of missingness was significant [f(10) = 732.16, p < 0.001].

Classification error increased as percentage of missingness increased, and methods

that produced a relatively large classification error  for  1 % missingness also produced

a larger classification error as percentage of missingness increased further (Table 3.9).
Imputation method. A significant effect of imputation method was found,

%2(5) =  1562.64, p  <  0.0011.  Methods  MNI, TW-FL™. and TW-FLod produced the
smallest classification error. Method TW-E produced the largest classification error.

Correlation between latent variables. Correlation between latent variables had
a  significant main effect &2(2) = 204.82, p< 0.001].  For p=0 and 0.24, classification
error was smaller than forp = 0.50 (Table 3.9).

Percentage Of,nissingness. Percentage of missingness had a significant effect

[Wald test: %2(2) = 2418.22, p < 0.001]. As percentage of missingness increased, the

magnitude of the classification error also increased (Table 3.9).
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Table  3.9.   Mean   (M)   and   Standard   Deviation  (SD)   of  Classification   Error  for  All

Combinations of Imputation Method, Percentage of Missingness, and Correlation
Between Liztent Variables.

Correlation between latent variables
Percentage Imputation          0 0.24 0.50 Mean
missingness method M   SD M SD M   SD M SD
1% TW-SSM .45 37 .53 .85 1.59 2.64 .86 1.74

TW-FL,w .48 .79 .56 .85 1.47 2.50 .83 1.65

TW-SSed .44 .75 .54 .85 1.59 2.78 .86 1.81

TW-FL„  .46 .77 .55 .85 1.43 2.34 .81 1.57
TW-E .71 .90 .73 .98 1.48 2.46 .97 1.66

MNI .52 .81 .64 1.00 1.37 2.36 .84 1.59

Mean .51 .80 .59 .90 1.49 2.52 .86 1.67

5% TW-SS„, .99 1.04 1.14 1.31 4.09 4.56 2.07 3.15

TW-FLm .98 1.05 1.25 1.35 2.71 3.09 1.65 2.17

TW-SSed .99 1.04 1.13 1.25 4.20 4.76 2.11 3.26

T'N -FLo,t .99 1.05 1.19 1.25 2.78 3.21 1.65 2.23

TW-E 2.60 1.35 2.27 1.56 2.71 3.06 2.52 2.14
MNI 1.19 1.17 1.33 1.34 2.55 3.11 1.69 2.16

Mean 1.29 1.27 1.38 1.41 3.17 3.77 1.95 2.58
15% TW-SSM 1.89 1.23 2.01 1.53 15.89 8.94 6.60 8.44

TW-FL,w 2.23 1.49 2.73 1.79 4.88 4.34 3.28 3.06

TW-SSed 1.86 1.24 2.01 1.54 15.90 8.86 6.59 8.42
TW-FLed 1.91 1.38 2.29 1.70 4.94 4.47 3.05 3.17

TW-E 8.49 1.93 6.68 2.10 3.71 3.38 6.29 3.23

MNI 2.37 1.46 2.55 1.75 3.82 3.53 2.91 2.51
Mean 3.12 2.82 3.04 2.40 8.19 8.17 4.79 5.71

Mean TW-SS,» 1.11 1.19 1.23 1.40 7.19 8.65 3.17 5.84

TW-FLm 1.23 1.36 1.51 1.65 3.02 3.68 1.92 2.58

TW-SSed 1.10 1.18 1.22 1.39 7.23 8.66 3.18 5.88

TW-FLe  1.12 1.25 1.34 1.50 3.05 3.74 1.83 2.58

TW-E 3.93 3.62 3.23 3.00 2.63 3.13 3.26 3.30

MNI 1.33 1.40 1.47 1.62 2.58 3.16 1.79 2.27

Mean 1.64 2.15 1.67 1.98 4.28 6.10 2.53 4.09

3.3.2 Results of Specialized Designs

Unequal correlations between latent variables. An ANOVA was conducted on a

completely crossed design of order 4 (item subset) x 4 (correlation) x 6 (imputation

method). For Cronbach' s alpha, two effects were found: a small interaction effect  of

correlation between latent variables and imputation method [F(15, 1485) = 8470.36, p

< 0.001, 112 = 0.01] and a large main effect of imputation method [F(5, 495) =
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18955.68, p < 0.001, ,12 - 0.22]. For coefficient H, also two effects were found: a

small interaction effect of imputation method and correlation between latent variables

[F(15, 1485) = 7994.57, p < 0.001. 42 = 0.01] and a large main effect of imputation

method [F(5,495) = 19180.15, p < 0.001, 212 - 0.22]

For classification error, a logistic regression with binomial counts on the 4

(correlation) x 6 (imputation method) design showed significant effects for correlation

between latent variables [;:2(3) = 289.21, p < 0.001], imputation method [*2(5) =
135.29,  p   <   0.001], and interaction of imputation method and correlation between

latent variables [/(15) = 210.90, p < 0.001].

Table 3.10 shows that for unequal correlations between latent variables, bias in

Cronbach's alpha and coefficient H was similar to bias for equal correlations. Unequal

correlations produced the largest classification error for all imputation methods.

Table 3.10. Mean (M) and Standard Deviation (SD) of Bias in Cronbach's Alpha,
Coefficient H. and the Classification Error, for Specialized Design with Unequal

Correlation Between Intent Variables. Entries in Upper and Middle Panel Must Be

Multiplied by 104 .

Correlation between latent variables
Dependent                         0 0.24 0.50 Unequal Mean
variable Method M  SD M SD M  SD M  SD M  SD
Bias in alpha TW-SS,w 1 8 1 7 1 8 1 8 1 8

TW-FLm -1 8 -3 7 -3 8 -28-28
TW-SSed 1 8 1 7 1 8 1 8 1 8
TVV-FL„d -1 8 -2 7 -3 8 -2 8-28
TW-E -15 8 -11 8 -8 8 -11 8 -11 8
MNI  -2 8 -2 8 -2 8 -1 8-28

Bias in H TW-SSM 0 14 0 13 0 14 1 14 0 14
TW-FL,. -3 14 -6 14 -6 14 -5 14 -5   14

TW-SSed 0 14 0 13 0 14 1 14 0   14

TW-FLe  -2 14 -5 13 -6 14 -4 14 -4   14

TW-E -27 13 -22 13 -15 13 -20 13 -21 14
MNI -3 14 -3 14 -3 14 -2 14 -3   14

Classification TW-SS™ .85 .82 .86 .93 4.25 5.81 6.62 5.88 3.14 4.83
error TW-FLm .71 .86 .74 .84 1.71 2.74 3.52 3.63 1.67 2.61

TW-SSed .88 .90 .89 .86 4.49 6.79 7.07 5.62 3.33 5.15

TW-FLe  .82 .88 .78 .91 1.95 3.66 3.63 3.85 1.80 2.96
TW-E 2.46 1.25 1.90 1.29 1.99 3.66 4.87 3.79 2.80 3.02
MNI .84 .91 .88 .96 1.84 3.65 3.66 3.83 1.81 2.95
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Confidence intervals. Table 3.11 shows that methods TW-FL,w and MNI
closely recover the theoretical 95% confidence intervals for Cronbach's alpha (upper

panel), directly followed by method TW-SStw. Method TW-E performs worst: Only

60%  of the simulated confidence intervals cover aq Furthermore, method  MNI

produces the smallest bias, followed by method TW-FI,tw (bottom panel). This result

is due to MNI assuming multivariate normal data, which is the data model used here.

Method TW-E produces the greatest bias.

Table   3.11.   Simulated   95%-Confidence    Intervals   and    Mean   (M)   and   Standard

Deviation (SD) of Bias in Cronbach' s Alpha for Specialized  Design with Multh,ariate

Normally Distributed Variables. Entries in Bottom Panel Must Be Multiplied by 10-1 .

Scale
Method 1 2 3 4

Confidence Original data 94.5 94.0 94.3 95.4

intervals of TW-SStw 92.6 90.9 94.3 93.6
Cronbach' s TW-FI,tw 95.0 93.5 95.4 94.7

alpha TW-SSod 93.1 91.5 94.5 94.0
TW-FLo  94.8 93.6 94.8 94.5
TW-E 61.2 61.8 58.3 58.0

MNI 94.7 94.2 94.0 95.6

Method M SD M SD M SD M  SD
Bias in Original data 0 9 0    10    -1     9    0    9

Cronbach' s TW-SStw 49493949
alpha TW-FI«tw 29291919

TW-SSod 49493949
TW-FLo  29291929
TW-E -16    10   -16    10   -17    10   -17     9

MNI 0 9 010-1 9-1 9

Bootstrap methods. Imputation method had a large main effect on both bias in

Cronbach's alpha and coefficient H [Cronbach's alpha: F(5,990) = 11754.49, p <

0.001, 42 = .19; Coefficient H: F(5,990) = 10516.80, p < 0.001, 42 = .17] Biases

produced by methods TW-SStw, TW-SSOd, and TW-SSbs were equally large (Table

3.12). Method TW-Flt. produced a smaller bias in Cronbach' s alpha and coefficient

H than method TW-FLbs· Of the TW-FL methods, method TW-FLod produced the

smallest bias.
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Table 3.11. Mean (M) and Standard Deviation (SD) of Bias  in Cronbach's Alpha and
Coefficient H, for Specialized Design with Methods TW-FL , and TW-SS , in Addition

to Four Other TW-Methods. Entries Must Be Multiplied by 10-1 .

Bias
lillI}utation alpha                         H
Method                   M            SD             M            SD
TW-SS,»                  3             11               1             20
TW-FLm                 -8             12            -17             20
TW-SSed 3 11         1        19
TW-FLed                 -6             12            -13             20
TW-SSb,·                   3             11               1             20
TW-FL*                 -9             12            -19             19

All effects on classification error in Mokken scale analysis were significant;

means and standard deviations are reported in Table 3.13. Differences in classification

error among methods TW-FLtw / TW-SS,w, methods TW-FLod / TW-SSOd, and
methods TW-FLbs / TW-SSb, were small (Table 3.13).

3.4 Discussion

Bias produced by multiple-imputation versions of variations on method Two-

Way is mainly influenced by percentage of missingness and correlation between latent

variables. Thus, a good MI method should be robust against variations of these

factors. Sample size and missingness mechanism were not as influential.

Method TW-SStw is the preferred method because it produced almost no bias

in Cronbach's alpha and coefficient H for various percentages of missingness and
correlations between latent variables. Method MNI also produced small bias but, in

general, was outperformed by method TW-SStw.

For Mokken scale analysis, method TW-FL,w is a better alternative. It
produced the smallest classification error for p = 0.50. However, as long as the
different item clusters in the data are not highly correlated, method TW-SS,w may also

be used.

One noticeable result was that methods that used factor loadings from the
original data (i.e., methods TW-SSOd and TW-FLo ) did not produce smaller bias than

methods that used factor loadings from a completed data set using method TW-E
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Table  3.13.   Mean  (M)   and  Standard   Deviation  (SD)  of  Classification   Error  for  All

Combinations of Sample Size, Imputation Method, and Correlation Between Littent
Variables, for Specialized Design with Methods TW-SSb. and TW-FL , in Addition to

Four Other TW-Methods.

Correlation between latent variables
Imputation         0 0.24 0.50 Mean

Sample size method M SD M   SD M SD M   SD
300 TW-SSM 2.36 1.34 2.55 1.73 10.79 6.04 5.23 5.40

TW-FLm 2.23 1.38 2.50 1.78 5.25 3.49 3.33 2.75

TW-SSed 2.38 1.41 2.67 1.86 11.08 5.69 5.38 5.37

TW-FL„d 2.14 1.42 2.34 1.77 5.23 2.98 3.24 2.58
TW-SSB, 2.27 1.41 2.49 1.80 10.90 6.13 5.22 5.51
TW-FLbs 2.20 1.29 2.66 1.85 4.87 3.38 3.24 2.61
Mean 2.26 1.37 2.54 1.80 8.02 5.60 4.27 4.38

1000 TW-SSM 1.92 1.02 1.79 1.09 21.19 9.07 8.30 10.55

TW-FLn, 1.60 1.13 1.50 1.13 3.29 4.52 2.13 2.88
TW-SSed 1.94 1.10 1.72 1.09 20.59 8.96 8.08 10.29
TW-FL d 1.66 1.03 1.38 1.07 3.29 3.96 2.11 2.58
TW-SSb, 1.94 1.18 1.89 1.14 21.23 9.36 8.35 10.64
TW-FLb, 1.54 .97 1.56 1.07 3.07 4.19 2.06 2.65

Mean 1.77 1.08 1.64 1.11 12.11 11.38 5.17 8.25
Mean TW-SSM 2.14 1.21 2.17 1.49 15.99 9.29 6.77 8.51

TW-FLm 1.92 1.29 2.00 1.57 4.27 4.14 2.73 2.88

TW-SSed 2.16 1.28 2.20 1.60 15.84 8.88 6.73 8.31
TW-FL.,1 1.90 1.26 1.86 1.54 4.26 3.63 2.67 2.64
TW-SSh. 2.11 1.31 2.19 1.53 16.07 9.44 6.79 8.61
TW-FLbs 1.87 1.18 2.11 1.60 3.97 3.90 2.65 2.69
Mean 2.01 1.26 2.09 1.56 10.06 9.20 4.72 6.62

(methods TW-SStw and TWIFL«J• Moreover, methods that estimated the factor

loadings from completed bootstrap data sets (TW-FLb, and TW-SSbs) did not produce

smaller bias, and sometimes even larger bias than methods that estimated factor

loadings from the completed data set (TW-FL,w and TW-SSrw). Thus, from a practical

point of view, methods TW-FLtw and TW-SSt: may be preferred over methods TW-

FLbs and TW-SSbs even though the latter may be argued to be theoretically superior.

Another noticeable result was that when scores were MAR, including the

covariate in the analysis had little effect on bias. This result may have been due to the

factorial structure being the same in both covariate classes while the different latent

variable means may have been too close to make a difference. NMAR mechanisms
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did not have a discernable effect on the bias in Cronbach's alpha and coefficient H

either, but an effect was found for discrepancy (results not discussed).

To summarize, method TW-SStw in particular, and method TW-FL. are
promising and simpler alternatives to method MI\H for multidimensional rating-scale

test and questionnaire data. These methods are easily accessible in SPSS (subroutines

due   to Van Ginkel   &   Van   der   Ark, 2005). Method   MNI is applicable   in   many

missing-data problems and may be the preferred method for many researchers who

are used to it already, also when the data are multi-item, multidimensional and highly

discrete. Nevertheless, in psychometric work the simple method TW-SS,w is a good

alternative.

Appendix

Justification fur weighting the item scores with the factor loadings (Equation 3.5). The

reversed item score is computed as

X      =  X max  +  Xmin  -  X  u  ·

First, Harman (1976, p. 169) showed that if the loading of factor k on item j is aj ,
then the loading of factor k on the reversed scored item is - aj . The scores of an item

are reversed, the loading on factor k is retained with opposite sign. Hence reversing all
items with negative loadings on factor k is a way to circumvent negative loadings in

the denominator of Equation 3.4. Equation 3.4 may then be written as

I. a„   x Z,         < j  = X,  for at,  » 0
PM,ck 1 = feet",  la,i  

u = X,3 for ajk < 0 (Al)
jeobs (i)

Second, for computational convenience we transform item score Xg into

X..ix. -X (A2)
U             U           mid
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Transformation (A2) produces item scores  such  that   X; = -X;',  and  thus  the

following condition is satisfied:

aAXX6=-a,kxxu. (A3)

Equation A l  can now be written as

I   a,k x X, 
PM+11 = (A4)

j../. m

To obtain the correct value of PML'. Xmid must be added to Equation A4 which

yields Equation 3.5.
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Chapter 4

Two-way Imputation: A Bayesian Method for Estimating
Missing Scores in Tests and Questionnaires, and an

*

Accurate Approximation

Abstract

Previous research has shown that method Two-Way with Error for multiple
imputation in test and questionnaire data produces small bias in statistical analyses.

This method is based on a two-way ANOVA model of persons by items but it is
improper from a Bayesian point of view. Proper two-way imputations are generated

using data augmentation. Simulation results show that the resulting method Two-Way

with Data Augmentation produces unbiased results in Cronbach' s alpha,  the  mean  of

squares in ANOVA, the item means, and small bias in the mean testscore and the

factor loadings from principal components analysis. The data with imputed scores

result in statistics having a slightly larger standard deviation than the original

complete data. Method Two-Way with Error produces results that are only slightly

more biased, especially for low percentages of missingness. Thus, it may serve as an

accurate approximation to the more involved method Two-Way with Data

Augmentation.

4.1 Introduction

Tests and questionnaires are used as measurement instruments in psychological,
sociological, marketing and medical research. Data collected by means of tests and

questionnaires consist of the scores of N subjects (N is relatively large, e.g., N = 200)

on J items (J is relatively small. e.g.. J = 20). Together the items may measure one

attribute, such as introversion (psychology), religiosity (sociology), service-quality
'

This chapter has been published as: Van Ginkel. J. R.. Van der Ark, L. A.. Sijtsma. K.. & Vermunt. J.
K. (2007). Two-way imputation: A Bayesian method for estimating missing scores in tests and
questionnaires. and an accurate approximation.Computational  Statistics  and  Data  Analysis,  51,  4013-
4027.

89
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(marketing) and health-related quality-of-life (medicine). Occasionally, subsets of

items measure different attributes, such as different aspects of introversion (e.g., fear,

depression, and shame). Typically, an attribute is measured by multiple items. Often,

several respondents do not answer all the questions, which results in item-

nonresponse. Reasons may be sloppiness, tiredness, lack of motivation, or the
personal nature of the questions causing people to experience feelings of irritation or

uneasiness, threat, or invasion of privacy. The result is an incomplete data matrix.

Multiple imputation (Rubin, 1987) may be used for handling missing item

scores by estimating the missing scores M times according to a statistical model. The

resulting M different complete data sets are analyzed by means of standard statistical

procedures. Results are combined into overall estimates of the statistics. Multiple

imputation corrects estimates and their standard errors for the uncertainty caused by

the missing data, using rules proposed by Rubin (1987).

Some statistical techniques that rely on, for example, full information

maximum likelihood or procedures using multilevel modeling as described by Maas

and Snijders (2003), do not require the use of multiple imputation. The advantage of

multiple imputation, however, is that it produces complete data sets that may be used

for just any further statistical analysis. In this study, we investigate two multiple

imputation methods that both yield complete data sets.

Multiple imputation for tests and questionnaires may be done by means of

statistically involved and often superior methods, or simpler methods that require little

statistical knowledge of the substantive researcher. Involved methods often use data

augmentation (Tanner & Wong, 1987) for estimation of the imputation model.

Examples are multiple imputation under the multivariate normal model, the saturated

multinomial or loglinear models, or the general location model (Schafer, 1997).

Examples of simple methods are two-way imputation with normally distributed errors

(TW-E; Bernaards & Sijtsma, 2000), corrected item-mean substitution (Huisman,

1998), and response-function imputation (Sijtsma & Van der Ark, 2003). Several

studies (Bernaards & Sijtsma, 2000; Huisman, 1998; Sijtsma & Van der Ark, 2003;

Smits, Mellenbergh, & Vorst,  2003;  Van  der Ark & Sijtsma,  2005, Van Ginkel,  Van

der Ark, & Sijtsma, in press-a) have produced evidence that these simple methods

perform rather well in recovering results of factor analysis, classical test theory, and

item response theory.
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This study combines features of a statistically sound approach to multiple

imputation with the simplicity often appreciated by substantive researchers. Method

TW-E (Bernaards & Sijtsma, 2000). which is the most promising among the simple

methods, produces little bias and relatively accurate standard errors in several

statistical computations (e.g.. Van Ginkel, Van der Ark, & Sijtsma, in press-a; in

press-b) but the method is statistically improper (Schafer, 1997, p. 105), and also has

some other statistical flaws. These problems still may produce some bias in results of

statistical analysis. We propose a multiple-imputation version of method TW-E that

generates proper multiple imputations under a two-way ANOVA model.

This study has three goals. First, we propose a proper multiple-imputation

method (TW-DA; DA stands for data augmentation). Second, we investigate how

much bias of method TW-E can be attributed to its improperness and its statistical

problems. Also, we study whether method TW-DA can eliminate this bias. Third, we

study how much bias the methods produce in practically useful statistics. The first two

goals are pursued by studying the bias produced by the methods in several two-way

ANOVA-based statistics. The third goal is pursued by studying the bias in the mean

testscore, Cronbach's (1951) alpha, and in factor loadings.

First, method TW-E is discussed. Second, the novel proper method TW-DA is

explained. Third, the results of two simulation studies on the performance of methods

TW-DA and TW-E are discussed. Finally, recommendations on the practical use of
both methods are given.

4.2 Two-Way Imputation

Notation. Let X be an N (persons) x J (items) data matrix with an observed

part, Xeb. and a missing part. X,„„, so that X = (Xebs, X,„i,). The set of observed scores

is denoted obs, and the set of missing scores is denoted mis. The total number of

observed scores in the set obs is denoted #obs: likewise. #mis is defined. The set of

observed scores on item j is denoted obs(i), and the set of missing scores on item j is

denoted mis(j); counts in these sets are denoted #obs(j) and #mis(/). respectively. The

set of observed scores of person i is obs(i). and the set of his/her missing scores is

mis(i); counts in these sets are denoted #obs(i) and #mis(i). respectively.
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Dejinition of properness. Schafer (1997, p. 105) defined a multiple-imputation

method to be Bayesianly proper if the imputed values are independent realizations of

P(X mis 1 Xebs)' given some complete-data model and a prior distribution of a set of

model parameters, denoted   R.   If this condition  is   met, the distribution  of

P(X mis 1 Xobs ) equals

P(Xmis 1 Xebs ) = f P(Xmis 1 Xobs ' 1)P(,11 Xobs )dA, (4.1)

and the imputed values reflect both uncertainty about Xmis· given    1,   and  the

unknown model parameters R.

4.2.1 Two-Way With Normally Distributed Errors (TW-E)

Method TW-E is based on a two-way ANOVA model of persons by items (Bernaards

& Sijtsma, 2000, p. 333). Define Vi•  as the population mean of person i. U.j  as the

mean score on item j in the population of persons. and  v  as the overall mean across

both  Bi.  and  K.j. The error  term is denoted  £u   with  E - N(0,0-2). The two-way

ANOVA model is defined as

Xii= Mi• + M. j- M +Eij, withe -N(0,02). (4.2)

Parameter Vi• is estimated by the mean of all observed scores for person i,

denoted PM,:  v,j is estimated by the mean of all observed scores on item j, denoted

IM ,: and  it is estimated by the overall mean of all observed item scores, denoted

OM. The estimators are defined as

PM,=  62  X,jl#obs<ij·. IM j=  62  Xij/#obs(j)·. OM= L'21 Xijl#obs.
j€obstil ieobs(J 1 i.jeobs

For a missing score in cell (i. j), we  define a preliminary estimate of the item score as
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Xij  -  PM  i +  JIM  j - OM . (4.3)

The error variance 02 is estimated by means of

SZ = II (XU -Xu)2/(#obs -1). (4.4)

i,jeobs

Following the two-way ANOVA model, error score  E,·j is drawn  from N(0.S-)  and

added to Xu to obtain the final estimated item score.

-

(4.5)Xij= Xij+ €ij.

and this item score X,7 is imputed  in cell  (i, j). Before imputing, scores may (Van

Ginkel, Van der Ark, & Sijtsma, in press-a; in press-b) or may not (Bernaards &

Sijtsma, 2000) be rounded to the nearest feasible integer. Both options were studied.

Besides being improper, this method has two potential problems. One pertains

to the preliminary estimate of the missing score (Equation 4.3), and the other to the

magnitude of the error variance (Equation 4.4). For complete data matrix X, in a
balanced design variations in the item scores due to overall main effects are additive

(Winer, 1971, pp. 402-404). Then, the two-way ANOVA model may be formalized as

in Equation 4.3. The parameter in cell (i, j) equals  Vu  = Fi• + B.j-M.

Given normality of errors, the sample means  X,·.,  f. j. and X  are maximum

likelihood estimates (MLEs) of their corresponding population means. The mean of

squares (MS) of the error, MS(E) = SS(E)/[(N - 1)(J - 1)], is an unbiased estimate of

the error variance (Brennan. 2001. p. 27). Then. given that the design is balanced. the
-.

estimate  Xu = Xi.+ X.1 -X  is  an  MLE  of /1,1 However,  due to missing  item

scores the design is unbalanced and additivity of main effects is lost: thus, Equation

4.3 does not provide an MLE of Uu ·

Due to this problem, the numerator in Equation 4.4 is biased in an unknown

direction. Also, because method TW-E uses (#obs - 1) instead of (#obs-N-J+1)the
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number of degrees of freedom is too large and the error variance in Equation 4.4 may

be_biased. This bias may produce biased standard errors and confidence intervals in

the results from statistical analysis. A Bayesianly proper method TW-E version could

resolve such problems.

4.2.2 Two-Way Imputation with Data Augmentation (TW-DA)

Because it uses data augmentation, method TW-DA yields Bayesianly proper multiple
imputations (Schafer, 1997, p. 106). First, we reparameterize the two-way ANOVA

model (Equation  4.2)  such  that  ai  = Pi•   and  #j  = B.j-#;  this  is a necessary  step

for the data augmentation sampling scheme, which is explained later on. Next, we

assume that  a,  is a random person effect with normal distribution  N(#, r2 ),  and that

#j a fixed item effect, which is restricted such that If=i # ' -0. The two-way

ANOVA model can now be considered to be a random intercept model:

X ij -ai + B j +E,j, with a -NCM,Tz). and E - N(0, a2) (4.6)

The parameters are  Bj ,  I t,  02, and  r2. Data augmentation (Tanner & Wong,  1987)

is used to obtain values of ai, and to generate proper multiple imputations according

to the two-way ANOVA model.

Following a sampling scheme proposed by Hoijtink (2000) and using

noninformative priors for each parameter, the following steps are taken:

1. Starting values are assigned to  # ,  4,  ai,  02,  and r2 which are denoted

pco, ,  4 o, ,  aco, ,  02(0) , and r2(0). respectively. Starting values are obtained

using the TW-E estimates (Equation 4.5), that is,

IX xij + II.. xv
iu(01 =

i.jeobs 1.jemis

NJ



A Bayesian Method for  Estimating  Missing  Item Scores                                                        95

I   xu +   I   XU
R (0) _ i€obs(j) ie mis(jy (0).
Pj - B .N

I   XU +   I   XU
a.(0) = jEobs(i) j€misti )

1
.j

IX (X,3 -a,(0) _Bi(0))2 + Ix [Xy -a,·(0) -Bi(0)12
 2(0) = i.jEobs i, je mis

(N-1)(J-1)

r2(0, =  [a,(0, _p (0,12 /( N -1).
i=1

Note that the random error component of Xu (Equation 4.5) produces

different starting values for each chain.

2.   At iteration t, person effect a, is sampled from a normal posterior distribution,

conditional on the other current parameter estimates. Specifically,

a(t) 1 A(/-1) &1(1-1) a2(t-1),Z.2(1-1), X ,X obs is sampled with meani  Vt  '   .

(t-t) I    [xu -BJ'-1)]
M               jeobs(i)

12(1-1) Qbt-1)

1 #obs(i)
 .2(1-1) | Q2(t-1)

and variance

1      #obs(i)-+-- -
'r 2(1-1)    a 2(1-1)

3.   At iteration t, item effect #j is sampled from a normal posterior distribution,

given the other current parameter draws. Specifically,
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#f}  I al ')....,a ), a2('-1, 'Xobs is sampled with mean

I  IXij-a:1/#obs(j) andvariance 02(1-1) 1#obs(j).
i€obst j)

4. At iteration t, the error variance is sampled from a posterior distribution,
conditional on the current parameter draws. That is,

Gic,) I a '),...,a ),B'(r)'...,/4), Xebs is sampled from a scaled-inverse chi-

square distribution with degrees of freedom (v) equal to #obs and scale  (S 2)

equal  to    II [X,j-aiu) -#jct)]2/#obs. This is achieved by drawing a
i. jeobs

random variable from a chi-square distribution with v degrees of freedom, and

letting  0-2 =V s l/1'2 (Gelman, Carlin, Stern, & Rubin,  2003,  p.  580)

5. The overall mean p is sampled from a normal posterior distribution,

conditional on the other current parameter estimates. Specifically,

,1(') I al(U ,...,a ), T2(t-1),Xobs is drawn with mean  Ijlla,ft) / N and variance

41-1)
r.        IN.

6. The variance of the person effect is sampled from a posterior distribution,

conditional on the current parameter draws. Specifically,

r2(,)  I af') ,.. , aj,), „(t),Xobs is sampled from its posterior distribution, which

is a scaled-inverse chi-square distribution with N degrees of freedom and scale

Iti [a,u, - kic')]2 IN .
7.   Steps 2 to 6 are repeated 2T times. The first T iterations of this chain are used

as burn in, and the last  T for assessment of the convergence of the algorithm.

8.  Step 2 t07 are repeated M times, creating M chains used for generating M

multiple imputations and checking convergence. For checking convergence a
measure for multiple chains is used (Gelman, Carlin, Stern, & Rubin, 2003, p.

461).Let 01'      be a parameter within chain m at iteration L «m the mean

parameter of chain m, and 0 the mean parameter across all chains and

iterations. Further, let Si be the variance of parameter 0,   within chain m.

The within-chains variance is computed as W = Elt St /M; the between-
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chains variance as  B = TIf'(tm -0)2/(M-1): and the total variance as

V=(1-T-1)W+T-lB. The convergence criterion is defined as

4-ii = J"ViW.  As the variances  between chains  decreases,   j>i  approaches  1,

and convergence is more plausible. After doing some preliminary simulations,

we found that   .R <1.001 produced good results for all parameters.

9.  For each chain, a completed data set is created by simulating draws of the

missing data according to the two-way model, using the parameter draws from

the last iteration. Thus, %,J'mis 1 Q,(2T),   42T ),0 2(2T; T2(2TS),  obs is drawn

from a normal distribution with mean a(2T) +  2TN and variance  a2(2T)

The resulting imputed values are proper because each chain has different

(2T) n(2T) 2(2T)random values of at       , pj      , and a , which is equivalent to integrating

out the parameters, as in Equation 4.1.

In data augmentation it is common to let the imputation of the missing data be part of

the sampling steps at each iteration t (e.g. Schafer, 1997, p. 72). This is useful when

the sampling of the unknown model parameters is simpler for complete than for

incomplete data, such as in a multivariate normal model with an unrestricted

covariance matrix. However, this does not apply to the two-way ANOVA model;

thus, we do not impute missing values in X during the estimation of the ANOVAmis

model but only the values of the random effects ai. Imputation of the missing values

in X was done after the last iteration of the sampling scheme.ms

4.3 Two Simulation Studies

Simulation Study 1 was done to find out how much bias of method TW-E could be

attributed to its improperness and its statistical problems, and to study whether

method TW-DA could eliminate this bias. Data were generated under the two-way

ANOVA model and the multidimensional polytomous latent trait (MPLT) model

(Kelderman & Rijkes, 1994).
The two-way ANOVA model is the basis of both methods but does not

describe test and questionnaire data well. The MPLT model gives a more accurate
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description of such data [e.g., 24] but is the wrong model for both methods. For data

generated under the ANOVA model, bias produced by method TW-E in parameter

estimates of the ANOVA model must be due to its improperness and its statistical

problems whereas the proper method TW-DA is expected to produce unbiased

estimates. For data generated using the MPLT model, ANOVA parameter estimates

may be biased for both the original data and the completed data. Due to its

improperness and its statistical problems, method TW-E is expected to produce bias

that deviates from the bias of the original data, whereas method TW-DA is expected

to produce bias of similar magnitude as the bias of the original data.

Simulation Study 2 studied the influence of methods TW-E and TW-DA on

practically useful statistics in realistic data sets. Only the MPLT model was used

because this is a realistic model for test and questionnaire data (Van der Linden &

Hambleton, 1997). Next, the simulation models and dependent variables are discussed

in more detail.

The two-way ANOVA used was a random intercept model of random persons

and fixed items (Equation 4.6). The MPLT model version used is a constrained

version of the original MPLT model and expresses the probability of giving a

response Xu  = x  to item j, given person i's values on two latent variables [this choice

was based on Bernaards & Sijtsma. (2000) and Van Ginkel, Van der Ark, & Sijtsma

(in press-a)]. The latent variables are denoted  Og (g =  1,2);  Fjx  is the separation

parameter  of item j for answer category  x;  and  Bjg ( B jg 2  0)  is the discrimination

parameter of item j with respect to latent variable g. The constrained MPLT model is

defined as

F2
expl  I (eig - Fj., )Bjg  

Lg=i (4.6)Pcx,j =X I 8,·1,42,- F [7    11.
I 1 expl  i (e,·g -'Fjv )Bjg  1,

y==0 l Lg=1

The item parameters with respect to x=0 are set to O t o ensure uniqueness of the

parameters.

The study was programmed in Borland Delphi 6.0 (2001). The MPLT model

was  used to generate an artificial population of LOOO,000 simulees based  on  the

following choices. The latent traits were drawn from a bivariate standard normal
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distribution with correlation p = 0.24 (based on Van Ginkel, van der Ark & Sijtsma, in

press-a). The tests contained 20 items with five ordered answer categories. Items  1-10

were  driven  by   81, and items   11-20  by   82·  The item parameters  are in Table  4.1

(based on Van Ginkel, Van der Ark, & Sijtsma, in press-a).

Table  4.1.  Location  Parameters    of  Item  j  and  Answer  Category  x,   Discrimination

Parameters  Bjg of Item j  and Latent Variable  eg . and Item Mean  &1.,  of Item j.  in the

Artificial Population.

Items   913 VJ.4 B B.   M9 jl            W jl

1 -2.75 -2.25 -1.75 -1.25 0.5           0            2.72

2 -2.75 -2.25 -1.75 -1.25 2 0 3.05
3 -1.75 -1.25 -0.75 -0.25 0.5            0             2.15
4 -1.75 -1.25 -0.75 -0.25 2 0 2.22
5 -0.75 -0.25 0.25 0.75 0.5            0             1.55
6 -0.75 -0.25 0.25 0.75 2 0 1.34
7 0.25 0.75 1.25 1.75 0.5           0            1.03

8 0.25 0.75 1.25 1.75 2 0 0.63
9 1.25 1.75 2.25 2.75 0.5           0            0.64

10 1.25 1.75 2.25 2.75 2 0 0.22
11 1.25 1.75 2.25 2.75 0 0.5 0.05

12 1.25 1.75 2.25 2.75 0 2 0.39
13 0.25 0.75 1.25 1.75 0 0.5 0.22

14 0.25 0.75 1.25 1.75 0 2 0.64
15 -0.75 -0.25 0.25 0.75 0 0.5 0.63

16 -0.75 -0.25 0.25 0.75       0            2            1.03
17 -1.75 -1.25 -0.75 -0.25 0 0.5 1.34

18 -1.75 -1.25 -0.75 -0.25 0 2 1.55
19 -2.75 -2.25 -1.75 -1.25 0 0.5 2.22

20 -2.75 -2.25 -1.75 -1.25 0 2 2.15

Items have a discrimination parameter for one latent trait; thus, the MPLT

model can be conceptualized as two separate generalized partial credit models

(Muraki, 1992) with correlated latent variables.

We computed the item means  p. j (Table 4.1, last column), the variance of the

person means ( ri  = 0.21), the error variance ( 02  - 0.75), and Cronbach's alpha (a =

0.81). The values for  p.j,  r2, and  62  were also used to define a population for

simulating data sets under a two-way ANOVA model. Under this model, Cronbach' s

alpha was computed by means of a = 12 /[Cri + 02 )/ J]  [e.g., 14, p. 36], this resulted
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in a = 0.85. Notice that under the ANOVA model items are parallel; thus, Cronbach's
alpha equals the test score reliability.

4.3.1 Simulation Study 1: Studying the Effect of the Problems of Method  TW-E

Fixed Factors

Within each design cell, ten thousand (D = 10,000) samples (N = 200) were drawn,
with replacement after each computation round. Twenty items were used (J = 20) ,
each with ordered scores 0,1,2,3,4.

Independent Variables

Simulation model. The two-way ANOVA model and the MPLT model.

Percentage of missingness. In each of the samples, 5%, 10%, or 20% of the

item scores were randomly removed. The number of completed data matrices in
multiple imputation depends to a great extent on the fraction of missing information

(Schafer, 1997, pp. 106-107). Thus, for higher percentages of missingness, a larger
number of completed data matrices may be needed. The number of completed data
sets used here was proportional to the percentage of missingness, yielding M = 5, 10,
and 20 completed data matrices.

Missingness mechanism. Missingness was ignorable (Little & Rubin,  pp. 199-
120): missing completely at random (MCAR) or missing at random (MAR). For
MCAR, scores were drawn at random with equal probability from the data, and
removed. For MAR. missingness depended on one completely observed item: for

subjects with  X,j  >2, the probability of scores on the other items being missing was

twice  as  high  as for subjects  with   Xu S 2   [item  4 was chosen because

P(Xi4> 2) = P(X,4 52) 1. These probabilities were used to remove a random sample

of cells from the data.

hnputation methods. Methods TW-E and TW-DA were used. Imputed scores

were not rounded because this study was based on a theoretical two-way ANOVA
framework. which assumes continuous data.
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Dependent Variables

For several ANOVA-related statistics, the bias, the standard deviation (denoted SD),

and the coverage percentage were studied. Let Q estimate parameter Q in originalor.d

data set d (d = 1,..., D), and let 0 estimate Q in the,nth completed (denotedimp,dm

imp) data set (m = 1..... M) based on sample d. For the original data, the bias in Qer is

computed as
D

I (Oer,d -Q)
b(Oer) = d=1 D

and for the completed data, bias is computed as

D F M

Il I(Qi,"p.dm)/M-Q 
d=iL"'=1b(Qimp ) -                             D

As a measure of efficiency, the SD of Oor and Qimpwas used. The coverage

percentage of estimate Q r is the percentage of coverage intervals based on the

original data that include the true Q. The coverage percentage of Qi„,p is the

percentage of coverage intervals based on the completed data that include the true Q.

The standard error (SE) of Q is adjusted for extra uncertainty caused by theimp,dm

missing data (Barnard & Rubin, 1999).

Bias, SD, and coverage percentage were computed for (1) the mean of Item 1,

denoted X.1. Results were expected to be the same for the other item means. For the

coverage percentage of X.1.imp,dm' the SE was adjusted using a correction of the

degrees of freedom (Barnard & Rubin, 1999); and for (2) Cronbach's alpha, because it

is used in almost every study that uses test and questionnaire data. Moreover, Kristof

(1963) derived the sampling distribution of Cronbach's alpha under the assumptions

of the two-way ANOVA model. The 95% confidence intervals of Cronbach's alpha

were obtained by transformation of the alpha value of each data set to a Fisher z-
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score; for more details see McGraw & Wong (1996 p. 46). Only bias and SD were
studied for (1) the mean of squares of the person effect, denoted by MS(A); and (2) the

mean of squares of the error, denoted by MSCE).

Because of the large number of replications, the bias, the standard deviation,

and the coverage percentage of the original data and the completed data were

compared by means of inspection of the differences without statistical testing.

4.3.2 Simulation Study 2: Influence of Imputation Methods on Practical Statistics

Fixed Factors

Data were generated using the MPLT model (Equation 4.6). Sample size was N =

200. The number of items was J = 20. Each item had ordered scores 0,1, 2,3,4.

Independent Variables

Percentage of missingness. The percentages of missingness was 5%, 10%, and

20%, and the corresponding numbers of completed data sets were M = 5,  10,  and 20.

Missingness mechanism. Missingness mechanisms were MCAR and MAR.

Imputation methods. Methods TW-E and TW-DA were used. Because
researchers prefer to have complete data sets with imputed integer scores that can be

used for any statistical analysis and because of the practical context of this study,

imputed scores were rounded to the nearest integer in the 0-4 interval.

Dependent Variables

Test-score distribution. The test score of person i is defined as

Xi+ = If=i Xu . The test score estimates a psychological property of interest, such as

posttraumatic stress disorder. A test score may be computed across both

unidimensional and multidimensional item sets. The latter possibility applies to this

study. A practical example is a questionnaire that consists of different subscales, each

of which measures a different symptom of posttraumatic stress disorder (e.g., Simms,

Casillas. Clark, Watson. & Doebbeling, 2005). Then. the test score is a summary of
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different posttraumatic stress symptoms.  Let  J# be the population mean of the test

score; for our constructed population,  J# = 25.79.  Bias, SD, and coverage percentage

of the mean test score were studied. To study the coverage percentage of mean test

score X based on the completed data, the SE was corrected using an adjusted+,

number of degrees of freedom (Barnard & Rubin, 1999).

Cronbach's alpha. Bias, SD, and coverage percentage of Cronbach's alpha

were studied. Unlike Simulation Study  1, this study computed Cronbach's alpha for

completed data sets with rounded imputed scores.

Factor loadings from PCA and Varimax rotation. The bias in the factor

loadings of the completed data was computed as follows. First, the correlation

matrices of M completed data sets were added and then each element divide by M so

as to obtain one overall correlation matrix. A principal components analysis (PCA)

followed by Varimax rotation was done on this correlation matrix. Suppose 8 jk,imp,d

is the estimated factor loading of item j on factor k, based on data set d. The bias in

the factor loadings of the completed data was computed as

D
Z (.a jk,imp.d -a jk)
d=lAa jk.imp) =                                     ·D

The computation of the SD was straightforward. Coverage percentages were not

determined. The population factor loadings are given in Table 4.2.

4.4 Results Simulation Study 1

Results for the Item Mean

Bias. Table 4.3 shows the bias in X.1 for the original data, and for all

combinations of simulation model, imputation method, missingness mechanism, and

percentage of missingness (first column). The largest bias in X.1 (equal to -0.022)

was found for data simulated under the MPLT model, for method TW-E, 20%
missingness. and missingness mechanism MAR. Thus, in this worst case a population
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Table 4.2.  Population  Factor  Loadings  of the  Artificial  Population.

Item Factor 1 Factor 2 Item Factor 1 Factor 2
1 0.51 0.04           11 0.03 0.47
2 0.74 0.09           12 0.03 0.38
3 0.55 0.05           13 0.06 0.67
4 0.80 0.09           14 0.04 0.46
5 0.55 0.04           15 0.08 0.77
6 0.81 0.09           16 0.04 0.51
7 0.51 0.04          17 0.10 0.80
8 0.75 0.08           18 0.05 0.54
9 0.44 0.03           19 0.11 0.77
10 0.62 0.06          20 0.06 0.53

item mean of#.1 = 2.720 on average was underestimated as 2.698.

For method TW-E, negative bias in X.1 increased as percentage of
missingness increased. For MAR, this bias increase was larger for the MPLT model

than for the two-way ANOVA model. Method TW-DA produced unbiased results for

X.1  in almost all situations. For the MPLT model and missingness mechanism MAR,

method TW-DA produced a small negative  bias  in X.1 which increased  as  the

percentage of_missingness increased. This increase was smaller than for method TW-

E under the same circumstances.

Standard deviations. Table 4.3 (second column) shows that the SD of X.1
increased for methods TW-E and TW-DA as percentage of missingness increased.

This increase of SD is due to the increased uncertainty caused by the missing data. In

general, the increase was small. For example, for the two-way ANOVA model X.1 of
the original data had SD = 0.070 but for MAR and 20% missingness method TW-DA

produced  f.1 s with SD = 0.077. This means that when /1,1 = 2.720, for the original

data the 95% coverage interval ranged from 2.580 to 2.860, whereas for 20%
missingness, MAR, and method TW-DA, the interval ranged from 2.566 to 2.874.

Coverage percentage.  For the two-way ANOVA model, the percentage of#.1 s
coverered by the coverage intervals was close to 95% for both imputation methods
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Table 4.3. Bias   in    X.„   Standard  Deviation  of   X.1,  and   Coverage  Percentage  of

X.„ for Methods TW-E and TW-DA,  Compared To the Results  of the  Original Data.

Entries for  Bias  and  SD  Must  Be  Multiplied by  10-3.

Simulation Data sets Missingness Percentage bias SD Coverage
model mechanism missingness percentage
Two-way Original 0 70 94.7

ANOVA TW-E MCAR 5   -3 72 94.7

model        10   -7 73 94.8
20   -15 77  94.5

MAR  5   -3 72 94.8
10             -6 73 95.3

20   -12 76  94.8
TW-DA MCAR 5    0 72 94.8

10            0 73 94.8

20            0 77 94.9

MAR  5    0 72 94.9
10             0 73 95.0

20             0 77 95.1

MPLT Original 1 81 95.0

model TW-E MCAR 5   -3 84 94.5
10             -7 86 94.2

20   -15 90  93.5
MAR  5   -5 84 94.8

10            -11 86 94.2

20   -22 91  93.3
TW-DA MCAR 5    0 84 94.4

10             0 86 94.2

20   0 91 93.7
MAR  5   -2 84 94.7

10            -5 86 94.0

20   -11 91  93.4

(Table 4.3, last column, upper panel). For both methods, the coverage percentage was

nearly constant for different missingness mechanisms and percentages of missingness.

For the MPLT model, the coverage percentage showed a different pattern (Table 4.3,

bottom panel). For 5% missingness, the coverage percentage was close to 95%, but

the coverage percentage was smaller for both imputation methods as percentage of

missingness increased.
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Results for Cronbach's Alpha

Bias. For the two-way ANOVA model (Table 4.4, first column, upper panel),

bias in Cronbach' s alpha   was   zero or nearly   zero. For example,   for the two-way

ANOVA model, 20% missingness and MAR, method TW-E produced a positive bias

of 0.008. Thus, a population alpha of 0.85 is on average overestimated as 0.858. For

the MPLT model, in general bias in Cronbach's alpha was somewhat larger. For

example, for 20% missingness and MAR, method TW-E produced a bias of 0.018.

Thus, a population Cronbach' s alpha of 0.850 is on average estimated as 0.868.

Method TW-E produced small positive    bias in Cronbach' s alpha, which

increased as percentage of missingness increased. Compared to the two-way ANOVA

model, for the MPLT model, bias was a little larger and increased faster. Method TW-

DA produced almost unbiased results in almost all situations.

Standard deviation. Table 4.4 (second column) shows that for method TW-E
the SD of Cronbach's alpha decreased as percentage of missingness increased. This

decrease is unexpected because more missingness causes more uncertainty in an
estimate. This result was only found for Cronbach's alpha. For method TW-DA, the
SD increased as expected as percentage of missingness increased.

Coverage percentage. For method TW-E, the percentage of intervals that

included the true Cronbach's alpha was close to 95%. This percentage was smaller as

the percentage of missingness increased to 20 (Table 4.4, last column). The worst

decrease was for 20% missingness and MAR, when the true alpha was covered by

only 85.2% of the intervals. For method TW-DA, the percentage of intervals that

covered the true alpha was close to 95%, and was constant as percentage of

missingness increased.

Results for the Mean of Squares of the Person Effect

Bias. Table 4.5 (first column) shows that for the two-way ANOVA model

method TW-DA produced almost unbiased results in MS(A) for all missingness

mechanisms and all percentages of missingness. Also, the small bias in MS(A) was

always equal to the bias in MS(A) in the original data. Method TW-E produced

relatively large positive bias in MS(A) for data under the two-way ANOVA model.
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Table 4.4. Bias in Cronbach's Alpha, Standard Deviation of Cronbach's Alpha, and

Coverage Percentage of Cronbach's Alpha. for Methods TW-E and TW-DA,
Compared To the Results of the Original Data. Entries for Bias and SD Must Be

Multiplied by 10-3

Simulation Data sets Missingness Percentage Bias SD Coverage
model mechanism missingness percentage
Two-way Original -2 16 95.5

ANOVA TW-E MCAR 5    1 15 96.0

model        10   3 15 95.6

20             8 14 93.3

MAR  5    1 15 96.0

10             3 15 95.5

20             8 14 93.2

TW-DA MCAR 5   -2 16 95.5

10             -2 16 95.4

20             -2 17 95.5

MAR  5    -2 16 95.6

10             -2 16 95.5

20             -2 17 95.4

MPLT Original -2 20 95.2

model TW-E MCAR 5    2 19 95.6

10              5 19 95.1

20   13 18  91.1
MAR  5    3 19 95.4

10              7 19 93.9

20   18 17  85.2
TW-DA MCAR 5    -2 20 95.1

10             -2 21 95.1

20             -3 21 95.0

MAR  5    -2 20 95.3
10             -1 20 95.3

20    1 21 95.0

This bias increased as percentage of missingness increased. Part of the bias may be

attributed to the random sampling of persons in the two-way ANOVA model. whereas

method TW-E treats the persons as fixed.

For the MPLT model, both methods TW-E and TW-DA produced large

negative bias in MS(A). 'For MCAR, bias produced by method TW-DA was almost
equal to the bias in the original data; bias remained constant as percentage of

missingness increased. Method TW-E produced bias in MSCA) that differed from

biasin the original data. Bias was smaller as percentage of missingness increased.
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Table 4.5.  Bias  in MS(A)  and Standard  Deviation of MS(A) for Methods TW-DA and
TW-E, Compared To the Results of the Original Data. Entries for Bias and SD Must

Be  Multiplied  by  10-3.

Simulation Data sets Missingness Percentage Bias SD
model mechanism missingness
Two-way Original -3     481
ANOVA TW-E MCAR 5   90 488
model                                               10 165 492

20 370 503

MAR 5   89 489
10 166 494
20 378 506

TW-DA MCAR 5   -3 487
10              -2    492

20              -3     502

MAR 5   -3 488
10             -3    494
20            -5    503

MPLT Original -759 410
model TW-E MCAR           5 -676 415

10 -585 420
20 -369 433

MAR             5 -656 417
10 -540 424
20 -253 443

TW-DA MCAR           5 -761 415
10 -761 421

20 -761 433
MAR             5 -747 418

10 -735 423
20 -705 438

Smndard deviation. Table 4.5 shows that the SD of MS(A) increased a little
both for method TW-E and method TW-DA as percentage of missingness increased.

Results for the Mean of Squares of the Error

The results for the MSCE) (Table 4.6) were comparable to the results for MS(A) (Table

4.5) but the absolute numbers are much different. Most important is that under the
ANOVA model method TW-DA produced unbiased MS(E) and method TW-E nearly
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Table 4.6. Bias in MS(E) and Standard Deviation of MSCE) for Methods TW-E and
TW-DA, Compared To the Results of tlie Original  Data.  Entries for Bias and SD Must

Be Multiplied by  10-3

Simulation Data sets Missingness Percentage Bias SD
model mechanism missingness
Two-way Original 0      17
ANOVA TW-E MCAR            5                                 1            18

model                                                   10                           2          19
20                7     20

MAR              5                                 1            18
10                2      18
20               7     20

TW-DA MCAR            5                                0           18
10                              0           18
20                0     20

MAR              5                                0           18
10                0      18

20                              0           19
MPLT Original     40 22
model TW-E MCAR             5                                  40            22

10              41      23

20              47     24
MAR              5                              40           22

10              40     23
20              44     24

TW-DA MCAR             5                                  40            22
10               40     23

20               40     24
MAR              5                              40           22

10               38     23
20               37     24

unbiased MSCE) (Table 4.6) . Under the MPLT model, both methods produced similar

bias.

4.5 Results Simulation Study 2

Results for the Mean Test Score

Bias. Table 4.7  (first column,  upper panel)  shows for both  methods TW-E and

TW-DA    that the positive    bias    in     X * increased as percentage of missingness
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increased. Method TW-E produced more bias in X. than method TW-DA. However.

bias in X. was small. The largest bias in X, (method TW-E, 20% missingness,

MAR) was 0.431.

Standard depiction. Table 4.7 (second column, upper panel) shows that the SD

of X   increased for both methods TW-E and TW-DA as percentage of missingness

increased. Methods TW-E and TW-DA showed similar results with respect to SD.

Coverage percentage. 'For both methods TW-E and TW-DA, Table 4.7 (last

column, upper panel) shows that the coverage percentage of X-* was smaller as

percentage of missingness increased. This effect was equal for both methods.

Results for Cronbach's Alpha

Bias. Table 4.7 (first column, bottom panel) shows that for method TW-E the

positive   bias in Cronbach' s alpha increased as percentage of missingness increased.

For method TW-DA, the negative bias in Cronbach's alpha increased as percentage of

missingness increased. Rounding the imputed scores has the effect of inducing almost

no extra bias in Cronbach's alpha (compare Table 4.4, lower panel. with the results in

Table 4.7, lower panel).

Standard deviation. Table 4.7 (second column, bottom panel) shows that under

all conditions both methods TW-E and TW-DA produce an SD in Cronbach's alpha of

approximately 0.02.

Coverage percentage. The results with respect to coverage percentage of

Cronbach's alpha (Table 4.8, last column, bottom panel) are difficult to interpret.

Under MCAR, method TW-E had coverage percentages that are larger than 95% but

remained nearly stable as percentage of missingness increased. Under MAR, method

TW-E had a smaller coverage percentage as percentage of missingness increased. For

method TW-DA, an opposite result was found: Under MAR, method TW-DA had a

coverage percentage that was stable as percentage of missingness increased: and

under MCAR, the coverage percentage was smaller as percentage of missingness

increased. In general, both methods produced coverage percentages that were rather

close to the theoretical 95% coverage intervals.
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Table 4.7. Bias  in   X.   and  Cronbach's  Alpha,  and  Standard  Deviation  and  Coverage

Percentage of X. and Cronbach's Alpha.for Methods TW-E and TW-DA. Compared

To the Results of the Original Data.  Entries for Bias and SD Must Be Multiplied by

10-3.

Statistic Data sets Missingness Percentage Bias SD Coverage
mechanism missingness percentage

X- Original 4 646 94.9

TW-E MCAR  5     94 647 94.9
10 186 650 94.1

20 375 653 91.8

MAR             5 101 647 95.0

10 204 646 94.6

20 431 649 91.2

TW-DA MCAR  5     91 647 94.6
10 179 650 93.8

20 355 653 90.9

MAR   5     79 647 95.0

10 155 646 94.4

20 307 650 92.2

Cronbach's Original -2 20 95.2

Alpha TW-E MCAR 5    1 20 95.6
10             1 19 95.9

20   5 19 95.5
MAR  5    1 19 95.6

10             4 19 95.1

20   13 18  91.4
TW-DA MCAR 5    -4 20 94.9

10   -6 21 94.5
20   -10 22  93.5

MAR  5   -3 20 95.2
10             -3 20 95.2

20            -4 21 95.1

Results for Factor Loadings

Bias. For both factors 1 and 2, similar results were found for bias in loadings:

thus, only bias results for the first factor are discussed. Methods TW-E and TW-DA

produced relatively large bias in the factor loadings (Table 4.8). The high loadings of

items   1 -10 are biased downwards  and  the low loadings of items   11-20 are biased

upwards. This result is probably due to the use of a unidimensional model for

imputing scores in two-dimensional test data, which biases the data towards



Table 4.8. Mean Bias in Factor Loadings From PCA, SDs in Parentheses, for Methods TW-E and TW-DA, Compared To the Results of the      Z
N

Original Data. Entries Must Be Multiplied by 103

Method
TW-E TW-DA

Missingness mechanism
MCAR MAR MCAR MAR

Bias Or.
Percentage missingnessin: data 5 10 20 5 10 20 5 10 20 5 10 20

at.1 -2 (61) -5 (61) -7 (60)   -11 (60) -6 (61) -9 (61)   -15 (61) -7 (61)   -12 (61)   -21 (61) -8 (61)     -1 3 (61 )     -24 (61)
al.l -2 (29)     -18 (31)    -35 (32)    -67 (34)    -20 (33)    -37 (35)    -71 (35)    -19 (31)    -37 (32)    -72 (34)    -20 (31)    -38 (33)    -73 (35)
al. 1

-3 (58) -7 (59)   -10 (58)   -16 (57) -8 (58)   -12 (58)   -21 (58) -9(59)   -14(59)   -25 (58)   -10 (59)   -17(58)   -30 (59)
(t,1,1 -2 (25)    -21 (27)   -40 (28)   -77 (30) -5 (25) -8 (26)   -15 (26)   -22 (27)   -42 (28)   -81 (31) -5 (25) -8 (25)   -15 (25)

af. 1 -3 (60) -7 (60)   -11 (59)   -17 (59) -8 (59)   -13 (59)   -21 (59) -9 (60)     -15 (60)     -26 (60)     -10 (60)     -1 8 (60)     -32 (60)
a(i. 1

-2 (25) -22 (27)   -41 (28)   -80 (31)   -23 (29)   -44 (31)   -84 (31)   -23 (27)   -43 (28)   -84 (32)   -24 (27)   -46 (29)   -90 (32)
(17.1 -4 (66) -6 (66) -9 (66)   -13 (64) -7 (65)   -10 (64)   -15 (64) -9(67)   -14(66)   -23 (65)   -10 (66)   -16 (66)   -28 (65)
(/8.1 -2 (33) -22 (35)   -42 (36)   -80 (38)   -24 (35)   -44 (37)   -84 (37)   -23 (35)   -44 (36)   -84 (39)   -25 (35)   -47 (36)   -90 (38)
£19.1 -4 (76) -4 (75) -5 (74) -6 (72) -3 (73) -2 (70) 0 (70) -7 (76)   -10 (75)   -16 (73) -6 (75) -9 (74)     -1 5 (72)
a

!().1 -3 (51)    -27 (54)   -48 (55)   -85 (56)   -26 (52)   -47 (51)   -79 (51)   -27 (54)   -49 (55)   -89 (57)   -27 (53)   -49 (53)   -87 (53)
alt.1 0 (84) 28 (81) 51 (77) 91 (74) 51 (78) 92 (74)   160 (74) 21 (81) 38 (76) 66(71) 41 (81) 74 (77)   126 (72)
a!2.1 2 (87) 19 (87) 35 (86) 67 (84) 25 (86) 48 (84) 95 (84) 15 (87) 27 (86) 51 (85) 19 (87) 37 (86) 71  (84)
a'3,1 1 (71) 13 (71) 26 (70) 50 (69) 23 (71) 45 (70) 89 (70) 9 (71) 18 (70) 34 (68) 18 (72) 33 (71) 64 (69)
a 14.1 1 (83) 14 (83) 26 (83) 53 (81) 16 (82) 33 (81) 68 (81) 11 (83) 20 (82) 40 (81) 12 (83) 24 (82) 49 (81)
Cl 15.1 0 (62) 8 (62) 15 (62) 32 (62) 8 (63) 17 (62) 39 (62) 5 (62) 10 (62) 20 (62) 5 (62) 10 (63) 24 (63)
(116.1 0 (80) 11 (80) 22 (79) 46 (79) 11 (79) 22 (79) 49 (79) 9 (80) 17 (80) 35 (79) 8 (80) 16 (79) 35 (78)
a 17.1 0 (59) 5 (60) 11 (60) 26 (60) 2 (59) 6 (59) 19 (59) 4 (60) 7 (60) 16 (60) 0 (60) 2 (60) 8 (60)
(118.1 1 (77) 10 (77) 19 (77) 41 (77) 8 (76) 16 (75) 37 (75) 8 (77) 15 (77) 31 (77) 6 (77)     12 (76)    26 (75)      D
a19.1 0(61) 5 (62) 11 (62) 25 (62) 0 (61) 2 (60) 12 (60) 3 (62) 7 (62) 15 (62) -1 (61) 0 (62) 5 (61)    . 
a2()·' 0 (78) 9 (78) 18 (78) 40 (78) 5 (77) 12 (76) 30 (76) 7 (78) 14 (78) 30 (78) 4 (78) 9 (77)    22 (76)     3

4
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unidimensionality. Method TW-E produced the smallest bias in the loadings of items

1-10, and method TW-DA produced the smallest bias in the loadings of items  11-20.

Thus, the performance of these methods seems to be similar.

Even though bias is large, conclusions based on imputed data may not differ

dramatically from those based  on the original  data. The largest bias found  was  0.16

(Item 11, method TW-E, 20% missingness. MAR); thus, the population loading (at i,i

= 0.03) on average is overestimated to be 0.19. Rules of thumb claim that loadings

below 0.32 should not be interpreted (Comrey & Lee, 1992). Thus, this bias seems to

have little consequence.

Standard deviations. The SD of the loadings is nearly stable across imputation

methods, missingness mechanisms, and percentages of missingness (Table 4.8).

4.6 Discussion

Two multiple-imputation methods were compared that both use a two-way ANOVA

model: the Bayesianly proper method TW-DA, and the simpler, statistically

suboptimal but practically attractive method TW-E. Simulation Study 1 studied the
degree to which bias produced by method TW-E could be attributed  to this method' s

improperness and statistical problems, and whether method TW-DA could eliminate

this bias. The influence of both methods on ANOVA statistics was studied. Method

TW-DA produced unbiased results under the two-way ANOVA model. Moreover, for

data simulated under the two-way ANOVA model it was insensitive to different

missingness mechanisms and increased percentages of missingness, and for data
simulated under the MPLT model it was almost insensitive to these factors. Method

TW-E always produced biased results. Bias was not stable as percentage of
missingness increased: For the two-way ANOVA model, bias often increased as

percentage of missingness increased, and for the MPLT model, as percentage of

missingness increased bias deviated more from bias found in results from the original

data. To summarize, we found that the problems of method TW-E produced only

small bias and that method TW-DA successfully eliminated the bias resulting from

the statistical problems of method TW-E. Simulation Study 2 investigated    the

influence of methods TW-E and TW-DA on practically useful statistics in realistic
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data sets. Differences between method TW-E and TW-DA were small and sometimes

unclear. Method TW-DA performed better with respect to X , than method TW-E, but

equally well with respect to Cronbach's alpha. The differences between these methods

were less obvious than in Simulation Study  1.  Also, both methods showed similar
performance in recovering the factor loadings.

Other noteworthy results are the following. Cronbach's alpha was estimated

with little bias both when the imputed scores were not rounded (Simulation Study 1 )

and when the scores were rounded (Simulation Study 2). This limited result suggests

that rounding only has little effect on bias results.

Despite large bias in estimated factor loadings, this bias did not have
consequences for the final item clustering based on rules of thumb (Comrey & Lee.

1992). Similar results have been used (Van Ginkel. Van der Ark, & Sijtsma, in press-

b) to adapt method TW-E to be applicable to multidimensional data, and similar

adaptations may be pursued for method TW-DA. From study 2 it can be concluded.

that for practical purposes both methods perform equally well.

Researchers may obtain proper multiple imputations by means of method TW-

DA (programming code for method TW-DA is available on request). Researchers in

substantive areas such as psychology, sociology, marketing, and quality-of-life
research, who are unfamiliar with advanced Bayesian statistics, may safely use
method TW-E, especially for percentages of missingness no larger than 5%.

Moreover, this method is available as an SPSS macro (Van Ginkel & Van der Ark,
2005). Method TW-E offers a simple and often accurate approximation to method

TW-DA, and produces only slightly more biased results.
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Multiple imputation of categorical data using latent class

analysis

Abstract

We propose using latent class analysis as a tool for multiple imputation of incomplete

categorical data. This approach is attractive for two reasons: (1) the latent class model

is a very flexible imputation model in the sense that it can model any type of

association between the variabes under study, and (2) it is a model that can be applied

to data sets containing large numbers of variables. The proposed multiple imputation

procedure is illustrated with two examples, one which concerns a small number of

variables such that standard methods such as maximum likehood with incomplete data

and multiple imputation using a log-linear model are also applicable, and another that

has many variables such that these standard methods can no longer be used.

5.1 Introduction

Multiple imputation (MI; Rubin, 1987, pp. 2-4) has become a widely accepted method

for dealing with missing data problems. The method is attractive because it handles

the missing data problem separately from the actual data analysis and because it takes

the uncertainty about the imputations into account. In MI, the data are imputed

randomly using an imputation model, the exact choice of which depends mainly on

the scale types of the variables in the data set. When a data set consists of

(approximately) continuous variables, one uses a model for continuous variables, such

as an unrestricted multivariate normal model. MI under the multivariate normal model

(Schafer,   1997) is widely available in several software packages  such  as  SAS  8.1   in

the procedure PROC MI (Yuan, 2000), S-plus 6 for Windows (2001) in the missing-

data library, and the stand-alone program NORM (Schafer, 1998). With categorical

variables, it is more appropriate use an imputation model for categorical data, such as

a loglinear model (Schafer, 1997), which can be applied using the missing-data library

115
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of S-plus 6 (2001). For data sets consisting of both continuous and categorical
variables, containing variables such as gender (categorical), age (continuous), and
blood pressure (continuous), on may use the general locaction model (Schafer, 1997)
for imputation, a method that is also implemented in the missing-data library of S-

plus.

The saturated loglinear model and the general location model provide elegant

solutions for many missing-data problems in data sets containing incomplete
categorical variables. Simulation studies by Ezzati-Rice et al. (1995), Schafer et al.

(1996), and Schafer (1997) showed that these methods produce small bias in statistical
analyses and are robust against departures of the data from the assumed imputation
model. A limitation of MI under the loglinear model is, however, that this method can
be applied only when the number of variables used in the imputation model is small.

For example, it is not possible to estimate a loglinear model for a frequency table

cross-classifying 100 variables whereas data sets with 100 variables or more are very
common. A similar limitation applies to the general location model. A possible way

out to this problem is to ignore the categorical nature of the variables concerned and

use an imputation model for continuous data instead, where discrete imputed values

may be obtained by rounding the non-integer imputed values to the nearest feasible

integer. Graham and Schafer (1999) showed that MI under the multivariate normal

model is quite robust to violations of normality and Bernaards, Belin, and Schafer (in
press) showed that the method may even produce reliable results for dichotomous

variables. Also, Van Ginkel, Van der Ark, and Sijtsma (in press-a; in press-b) found
that MI under the multivariate normal model produced good results in discrete test
and questionnaire data. Despite the promising results reported with this approach,

theoretically it is not very elegant and moreover it cannot be used with nominal

variables.

As an alternative to multiple imputation using a statistical model one may use

hot-deck imputation (Rubin, 1987, p. 9). This is a non-parametric imputation method

that is well suited for categorical data. In hot-deck imputation, for each incomplete
case one searches for a complete case that has the same or almost the same values on
the variables that are observed for both, and subsequently imputes the observed scores

of the latter for the missing values of the former. This method may be used for large

data sets containing categorical data, and is available in the SOLAS program (2001).
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Hot-deck imputation is based on an intuitively attractive idea. However, since

the imputed values resulting from hot-deck imputation are relatively complex

functions of the complete cases, quasi-randomization properties of estimates are

largely unknown (Little & Rubin, 2002, p. 69). Schafer and Graham (2002) showed

that under any type of missingness hot-deck imputation produces biased results in

many parameter estimates. Rather than dealing with the limitations associated with

the loglinear imputation model for categorical data by switching to either a continuous

data imputation model or to a non-parametric hot-deck approach, it is also possible to

adopt a categorical data imputation model that can be estimated for data sets

containing many variables. The model we propose using for multiple imputation is the

latent class model or the mixture of independent multinomial models. Using the latent

class model as a tool for imputing data based on a person's observed values is similar

to using the latent class model as a prediction or classification tool, as described by

Vermunt and Magidson (2003). Mixture models have been shown to be very flexible

tools for density estimation in that they can be used to approximate any type of

distribution by choosing the number of mixture components sufficiently large (e.g.,

McLachlan & Peel, 2001, pp. 11-14). The basic assumption of latent class analysis is

that the variables under study are independent of one another conditional on a

person's class memberhip (Lazarsfeld, 1950a; 1950b; Goodman, 1974). Because of

this assumption, the model has two features which are attractive for an imputation

model: (1) it can be applied to large numbers of variables, and (2) and parameters of
the latent-class model can easily be computed for incomplete data using maximum

likelihood of the incomplete data.

The outline of the remainder of this paper is as follows: First, we introduce the

basic principles of MI. Then we discuss MI using latent class analysis. Subsequently

we present two empirical examples. In the first example, MI under a latent class

model is compared with MI under a loglinear model, available-case analysis, and
maximum likelihood estimation with incomplete data (MLID). The second example

illustrates the use of MI with a latent class model in a situation in which MI with a

loglinear model is no longer feasible. Finally, conclusions are drawn about MI under

the latent class model and recommendations are given on how to use latent class

analysis as an MI tool.
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5.2 Basic Principles of Multiple Imputation

Let X denote the N x J data matrix of interest with entries x , where N  is the number

of cases and J the number of variables. with indices i and j such that 1  S i S N  and  1 5

j 5 J. In the presence of missing data, the data matrix has an observed part and a

missing part. These two parts are denoted as Xeb, and Xii., respectively, where X =

(Xebi· X,„,I). Let R be a response-indicator matrix with entries ru, where ru = 0 if the

value of.r,J is missing and 1 otherwise.

The basic idea of multiple imputation is to construct multiple, say w. complete

data sets by means of random imputations of scores to the missing entries Xm„. When

the researcher is interested in a particular analysis, say a linear regression analysis. the

analysis is performed with each of the w data sets using standard complete data

methods. Next, the w results are combined to obtain a single set of estimates for the

model parameters of interest and their standard errors. where the latter are estimates

which take the uncertainty about the missing values into account (Rubin, 1987a, pp.

76-79).

What is needed to construct imputed data sets is an imputation model or, more

specifically, a model for P(R,X0bi,Xii,) which is the joint distribution of the response

indicators and the survey variables in the data set. Once we have a model for

P(R.T,hIX,„i,), the conditional distribution of the missing data given the response

indicators and the observed data, denoted by P(X,„iII R,Xeb,), can be determined and

random draws from this distribution can be used for imputation. In the construction of

a model for P(R,X„bi,X,„,·I) one typically separates the model for X from the model for

the missing data mechanism. This is achieved by the following decomposition:

P(R, X,'hs, X,„i,) = P(X,ih„ Xmis) P(Rl Xebi, X.,5), (5.1)

where P(Xebi. X„,„) is the marginal distribution of the survey variables and P(RI X„t„,

X,„„) is the conditional distribution of the response indicators given the survey

variables. It can easily be seen that by using this decomposition the definition of a

model for P(R, X„h,· Xmt,) is transformed into the definition of two submodels. one for

P( „hz· Xm„) and one for P(Rl X„b„ Xmt,) Specification and estimation of the

imputation model can be simplied further by making the additional assumption that
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P(RI Xob„ Xma) = P(RI X,b.,), (5.2)

that is, the probability of having a certain pattern of missing values is independent of

the variables with missing values conditional on the variables which are observed for

the person concerned. Then, the missing data are said to be missing at random (MAR;

Rubin, 1976; Little & Rubin, 2002. p. 12). When in addition the submodels for

P(X„bi, X,„,s) and P(Rl Xebi, X.,S) do not have common parameters, the submodel for

the missing data mechanism can be ignored when estimating the model for P(Xeh.,•

X,„„). In other words. one can concentrate on the specification of a model for P(X b„

Xmi,)' for which imputations are obtained by random draws from P(Xmis |Xeh.)· Note

that given the assumption in Equation 5.2 we have that

pg,ih '-X«) (5.3)
P(X,„,·,1 R,Xebi) - P(X,„is 'Xet„) =

(X „b')

This MAR assumption will be violated either when there are direct effects of

variables with missing values on the response indicators after controlling for Xeb., or

when there are variables which are not in the study that affect both X,„„ and R. In

these cases, the missingness mechanism is not MAR (i.e., it is NMAR), and the

validity of the results from likelihood-based methods cannot be guaranteed, unless the

correct NMAR model for the missingness mechanism is specified.

It may be noted that the MAR assumption becomes more plausible when more

variables are included in the imputation model (Schafer, 1997, p. 28). The more

information is included in Xetu for predicting Xmt., the less depencence between R and

X,„,s remains after conditioning on Xas (Schafer, 1997, p. 29).The main advantage of

imputation methods compared to parameter estimation with incomplete data is that in

the former class of methods the estimation of the imputation model is separated from

the actual data analysis. As a result, one can put more effort in building a realistic and

large model for the missing data conditional on the observed data. Incomplete-data

likelihood methods usually make use of a smaller set of variables in the data than the

total number of observed variables, since the same model is used for analysis and for

handling the missing data.
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Schafer (1997, p. 143) advocated to use a model that is as general as possible.

At worst, the variance of parameter estimates derived from MI may increase because

some observed associations among variables may have been caused by sampling
fluctuations (Schafer, 1997, pp. 140-144), but the estimates are unbiased. On the other

hand. if the imputation model is too restrictive, results may be biased because of

violation of the MAR assumption (Schafer, 1997, p. 142). For these reasons it is

recommended to use an MI model that describes the data as accurately as possible

(Schafer, 1997, p. 143). The idea underlying this approach is to generate imputed

values that are as much as possible in accordance with the observed data, so that they

behave "neutral" in the statistical analyses.

Schafer (1997, pp. 289-331) proposed using loglinear analysis as an
imputation tool for categorical data. The advantage of loglinear models is that they
may yield an accurate description of P(Xeh.„ Xm,I) and that they can easily be

estimated with incomplete data. A serious limitation of the logliner modeling

approach is, however, that it can only be used with small numbers of variables,

whereas imputation should preferably be based on large sets of variables. To
overcome this drawback, we propose using latent class analysis for imputation. The

latent class model is a categorical data model that can be used to describe the

relationships between the survey variables as accurately as needed. Parameter

estimation of latent class models does not break down when the number of variables

is large. Moreover, the model parameters can easily be estimated in the presence of

missing data.

5.3 Multiple Imputation Under a Latent Class Model

5.3.1 The Latent Class Model

Let q be a categorical latent variable consisting of T categories or latent classes, t a
particular latent class (t = 1,..., T) and x, the vector with responses of person i to

variables   1....,  J. The model   that we propose using   as an imputation model   is   a

standard latent class model for P(x, ), the probability of response vector x,.  It has the

following form (Lazarsfeld, 1950a, 195Ob; Goodman, 1974: Vermunt & Magidson,
2004):
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T                       T         J                      (5.4)
Pcx, ) = I P(q = t)P(x, I q = t) = I P(q =,) 11 P(xu I q - t) .

t=1 t=1         j=1

Equation 5.4 shows the two assumptions of the latent-class model:

1.   The density P(x,)isa mixture of class-specific densities  P(x,  I q=t) , and the

class proportion P(q = t),  or the unconditional probability of belonging  to

latent class L serves as weight.

2.  Responses are independent within latent classes. such that the joint density

P(x I q=t) equals the product  of  the J univariate densities P(x,) I q=t) .

Note that PCX,J |q=t)  is the probability that person i produces response xu to

variable j conditional on membership of class t.

By choosing the number of latent classes sufficiently large, the latent class

model, like other types of mixture models, will accurately model the bivariate and

higher-order associations of the J response variables (McLachlan & Peel, 2001, pp.

11-14) Note that here the latent class model is not used as a clustering or scaling tool,

but as a tool for density estimation; that is. as a tool to obtain a representation of

P(x,) that is as good as possible, even when J is large.

For parameter estimation using method MLID but also for the computation of

P(Xmis  I Xobs) as described in Equation  5.3,  we  also  need the expression  for

P(Xi'obs )·It turns out that this expression is simple in the case of a latent class model;

that is,

T              T Jr (5.5)P(Xi•obs ) = I p(q = t)P(xi,obs |q=t) = I P(q =t) 11 IP(xu I q= t)]r,
/=1 ,=1        jil

where as indicated above rv = 0 if the value of x,j is missing and 1 otherwise. If

respondent i has a missing value on variable j (i.e., 4 - 0), then  [P(x,u I q= t)]''  =  1.

Hence, this term cancels in Equation 5.5 and does not contribute to the likelihood

function. This means that if the model parameters P(r1) |q=t)   and   P(q =t)   are

estimated by means of MLID, variable j can be ignored for case i. As a result, the
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resulting latent class model is estimated using a different set of observed variables for

each respondent.

The parameters of the latent class model can be estimated by maximizing the

sum of the log of Equation 5.5 across all cases by means of the EM algorithm

(Goodman, 1974; Dempster, Laird, & Rubin, 1977). Because of the assumption that

responses are independent conditional on class membership the problem is

collapsible: in the M step of the EM algorithm only J bivariate tables are processed;

each table is a cross-classification of the latent variable and one of the manifest

variables in the imputation model. As a result, parameter estimation remains feasible

even for large numbers of variables. Note that the size of a loglinear model increases

exponentially with the number of variables.

5.3.2 Imputation Procedure

For  MI  we  have to sample  from the distribution P(xi.,nis  1 xi.obs ) ; This distribution  is

derived by means of:

P(Xi)
P(Xi#is I Xi.obs ) = -     -  ,

P(Xi.obs)
T
I P(q It)P(xi I q=t)

= 1-1
(5.6)

P(X''obs)
T    P(q - t)P(Xi.obs |q=t)

=I -       -       -     (Xi,mis |q= t).

t=I P(Ximbs )

Using the result that

P(q = t)P(Xi.obs 'q=t) (5.7)

p(q . t  I X i.obs ) -          -          -
P(Xi,obs )

we can simplify Equation 5.6 as follows:
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T                                         (5.8)
P(Xi.mis I Xi.obs ) =I P(q =t'Xi.obs ) P(xi.mis |q=t) ,

/=1

where

J F .' (5.9)p(x'.mis |q=t) = Il lp(xu  I q= t)]
j=1

The above derivation shows  that  we can sample  from P(x i.mi:  1 x i.ob., ) by first

sampling class membership from P(q =t l x i.obs ) in Equation 5.8 (i.e., from the latent

classification or posterior membership probabilities for case i), and that once class

membership has been "imputed", for case i. x is obtained by inserting class1.mis

membership in P(x i.mis
I q = t)  (Equation  5.8), and then by drawing  xi.mis  from this

distribution. This is achieved by obtaining independent draws for each of the missing

values from multinomial distributions with probabilities P(x# I q=t) .

The above shows that not only is the latent class imputation method applicable

to large data sets, but it has the additional advantage that it can be implemented using

standard software for LCA with missing data, such as Latent GOLD 4.0 (Vermunt &

Magidson, 2005a), LEM (Vermunt, 1997), and Mplus (Muthan & Muthtn, 2006)
Each of these packages provides both the latent classification probabilities

P<q =t'x ) and the response probabilities P(x,5 I q=t) as output. Using thesei.obs

probabilities one can draw random values for the missing data with pseudo random

number generators that are readily available in general statistical packages.

5.3.3 Model Selection

Mixture models can approximate a wide variety of distributions (e.g., McLachlan &

Peel. 2000, pp. 11-14). In fact. by choosing T sufficiently large, a latent class model

can approximate the distribution of x, to an arbitrary degree of accuracy. The question

is. how to choose the appropriate value for T. Choosing T small may yield biased

results because the model may be too restrictive and, as a result, not explain certain
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relevant relationships between the variables used in the imputation model. If one

follows Schafer' s  ( 1997. pp 140-144) advise to impute under a model that describes

the data as accurately as possible, one should use a large number of latent classes.

However, this may lead to conservative parameter estimates because of capitalization

on chance.

A way out of this problem is to adopt the standard procedure of model

selection in latent class analysis with sparse tables. For MI, we select the latent class

model that performs best according to the Bayesian information criterion (BIC;

Schwarz, 1978), the Akaike's (1974) information criterion (AIC), or a variant of AIC

called AIC3 (Andrews & Currim, 2003: Bozdogan, 1993). kt the fit of the model of

interest be denoted by -2 LL (i.e., minus twice the log-likelihood value) and its

parsimony by Npar (i.e., the number of free parameters): then, these information

criteria are defined as follows:

B/C=-2 LL +log(N)x Npar, (5.10)

AIC=-2 LL +2x Npar, (5.11)

A/C3 = -2 L L  +3 x Npar. (5.12)

These measures have in common that they weigh the fit of the model of interest and

its parsimony. The models with either the lowest BIC, AIC, or AIC3 fit best to the
data. The three criteria differ with respect to the weight attributed to parsimony. Since

log (N) usually is larger than 3, the model identified as the best-fitting model by BIC

is more parsimonious (i.e., fewer latent classes) than the models identified by AIC3 or

AIC. Simulation studies (Andrews & Currim, 2003; Dias, 2004: Lin & Dayton, 1998)

showed that if there is no agreement among the fit indices, then the models identified

by BIC tend to have too few classes and the models identified by AIC tend to have too

many classes. AIC3 seems to provide a good compromise between BIC and AIC, as

was shown by Andrews and Currim (2003) for mixtures of discrete distributions.

5.3.4 Relaxing the Missing-at-Random Assumption

The MI method described above is based on the assumption that the missing data is

MAR. When the imputation model is a latent class model. this assumption can be
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relaxed by including the response indicator r, of person i as an additional variable in

the imputation model; that is:

T Jr (5.13)P(xi.ri)= IP(q = t)Il[P(X,) I q- t)]r, Ppcrij 'q =t)
/=1         j=l                 j=1

It can be seen that the probability of having particular missing values depends on class

membership. In other words, latent classes not only differ in the response probabilities

P(x4 |q=t)  but  also  in  the  likelihood of having missing values. This yields  an

NMAR model that can explain rather general missing data patterns.

A similar procedure in which the r, are used as observed indicators was

proposed by Moustaki and Knott (2000) in the context of a continuous latent variable

model. A difference is that these authors introduced a second continuous latent

variable for the missingness mechanism (also, see Pimentel, 2005, who used this

approach for item response theory models), whereas Equation 5.13 contains only one

(categorical) latent variable that explains both the observed responses and the

missingness mechanism.

It   may be noted   that   the NMAR model   described in Equation   5.13   may

disagree with the true NMAR missing data mechanism. If so, results may be biased.

See Allison (2000) for an example of NMAR mechanisms and even MAR

mechanisms that cannot be accounted for by an MI method.

Although this NMAR model may be promising, it is unknown how it will

behave for other NMAR mechanisms or in situations where the missingness is MAR

while assuming NMAR. This may be a topic for future research. For now, we only

mention it briefly.

5.4 Examples

In this section, MI using latent class analysis is illustrated with two empirical

examples. The method is compared with various other missing-data methods currently

available.
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5.4.1 Example 1: Protective Services Project for Older Persons

To illustrate MI under the latent class model, we use a small empirical data example

from a study by Blenkner, Bloom, and Nielsen (1971), which has been used
previously by Fuchs (1982) and Schafer  ( 1997) to illustrate methods for handling

missing values using loglinear analysis techniques. The aim of the study by Blenkner

et al. (1971) was to assess the impact of enriched social casework services on the

well-being of elderly clients. Table   5.1   lists the variables and their corresponding

categories (see Schafer, 1997, p. 272, for the same coding). The data set contains

information on 164 eldery persons,  63 of which had incomplete data. Information was

missing for physical status (n = 1), mental status (n = 33), or both (n = 29).

Table 5.1. Variables  Present  in the  Data  From the  Study  by  Blenkner et at.  (1971).

Variable Levels Code

Group membership experimental, control    G
Age under 75,75+                A

Sex male, female            S

Survival status deceased, survived     D

Physical status poor, good              P
Mental status poor, good           M

Four methods for dealing with the missing-data problem were compared:

1.  Available-case analysis (AC) Available-case analysis omits all cases that have at

least one missing value on variables that take part in the statistical analyses.

Method AC is the default option in many statistical packages.

2.  Maximum likelihood with incomplete data (MUD) Method MLID computes the

parameter estimates of the model of interest by maximizing the incomplete data

log-likelihood function. Fuchs (1982) showed how to solve this problem for

loglinear analysis. Using MLID, the model is estimated without the necessity of

imputing the data. It is available in specialized statistical software for categorical

data analysis, such as in the LEM package (Vermunt, 1997). A disadvantage is

that MLID assumes that the missingness is MAR conditional on the small set of

variables in the model used for analysis. which usually is not a realistic

assumption.
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3.  Loglinear imputation (LU) Under the loglinear model. method LLI generates MIs
which give the best possible description of the data (preferably the saturated

loglinear model; Schafer, 1997, pp. 289-331). Because the saturated model could

not be estimated  due to sampling zeroes,  for  this  data set Schafer  (1997,  p.  327)

estimated the nonsaturated loglinear model given by code (ASPMG, ASPMD, GD)

(the meaning of the abbreviations is shown in Table 5.1). We used the same model

for MI. Data were imputed ten (,v = 10) times. For MI using method LLI, we used

the missing-data library in S-plus 6 (2001).

4.  Latent class imputation [LCICT)1 The model with either the lowest BIC, AIC. or

AIC3 may be selected as the model for MI. One will typically start by estimating

the latent class model with T = 1, the model that assumes that all variables are

independent of one another, and then increase T until the BIC. AIC, or AIC3 no
longer descreases. For MI we used three models: the model with the smallest BIC

value, the model with the smallest AIC value, and the model with the smallest

AIC3 value. We used the Latent GOLD program (Vermunt & Magidson, 2004)

for estimating the latent class models. To avoid local maxima,   100 sets of random

starting values were used for each estimated model, using 250 EM iterations for

each  start  set  in the first  step. Of these 100 intermediate solutions,  the 10 solutions

with the largest log-likelihood value were retained and another 500 EM iterations

iterations were performed  with  each. Of these 10 solutions, the solution  with  the

largest log-likelihood    was    used    for MI after performing another     1000    EM

iterations. Suppose 0,;  is the q-th parameter of the Npar parameters at iteration v

and  -' is the q-th parameter of the Npar parameters at iteration v - 1, then the

convergence criterion is defined as

N/r q-e:-1
A    t    '

(Vermunt & Magidson, 2005b, 9 51). It was set to 10-8. This criterion was always

met before the 1000th iteration was reached. For method LCICT). the number of

imputations was also equal to w = 10.
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The model used for analysis was a logistic regression model containing only main
effects. The survival status of a patient was the dependent variable and the

independent variables were group membership (treatment), age, gender, physical

status, and mental status. As can be seen from the fit measures reported in Table 5.2,

each of the three information criteria indicated that a model with two latent classes

fitted best. This model was used for MI.

Table 5.2. BIC, AIC, and AIC3 Values for the Estmated Latent Class Models for the

Data from  Blenker et  al.  ( 1971  )

Model BIC AIC AIC3
T=1 1203 1184 1190

T=2 1179 1139 1152
T=3 1209 1147 1167

The parameter estimates for the estimated logistic regression models and their

SEs are shown in Table 5.3. For this empirical data example, method MLID is
theoretically superior to the other methods because all variables in the data set are

used in the statistical analysis. However, Table 5.3 shows that the results did not differ

much among methods. Even the parameter estimates of methods AC and LCI( 1) were

close to the parameter estimates of the other methods. Furthermore, the SEs produced

by method LCI(2) were of similar magnitude as the SEs produced by methods MLID

and LLI, whereas the SEs produced by method AC were somewhat larger. The larger

SEs result from the use of a smaller sample than the sample that was used for the

other methods. This suggests   that MI using method   LCI( T) accurately reflects   the

amount of uncertainty resulting from imputation.

5.4.2 Example 2: The ATLAS Cultural Tourism Research Project

In the second empirical example, method LCI(T) was applied to a data set from the

ATLAS Cultural Tourism Research Project 2003 (ATLAS, 2004). This data set is
especially useful for showing the advantages of method LCI(T) compared to method



Multiple Imputation of Categorical Data 129

Table 5.3. Parameter Estimates of Logistic Regression (Standard Errors Between
Parentheses) Applied  to  Data from  Blenkner et at.  ( 1971),  Using  AC,  MLID,  LU,  and

LCI with One and Two I.zitent Classes.

Missing-data method
paranneter AC MLID LLI LCI(1) LCI(2)

intercept -0.53 (0.70) -0.50 (0.54) -0.39 (0.56) 0.14 (0.47) -0.77 (0.56)
M               1.79 (0.58) 1.63 (0.60) 1.42 (0.49) 0.81 (0.46) 1.69 (0.52)
P                0.72 (0.52) 0.76 (0.46) 0.77 (0.47) 0.78 (0.39) 1.02 (0.43)
S              -0.25 (0.52) -0.50 (0.42) -0.51 (0.41) -0.43 (0.39) -0.49 (0.44)
A              -1.54 (0.52) -1.53 (0.43) -1.51 (0.40)    -1.56 (0.38)    -1.48 (0.41)
G              0.15 (0.48) 0.46 (0.39) 0.59 (0.38) 0.56 (0.36) 0.46 (0.38)

LLI because this data set is too large to use method LLI. Thus. method LLI was not

used for this example.

The aim of the ATLAS study was to learn more about visitors of cultural sites

and events; that is, about their motivations, activities, and impressions. The data set

consists of a large number of categorical variables. The data set we used consisted of

79 variables and 4292 cases. 795 of which had complete response patterns. All 79

variables were used for MI.

Method LCI(T) was applied to the incomplete data set and was compared with

method AC. Again, latent class models with the lowest BIC,  AIC3, and AIC values

were  used for MI.  As in example  1, 100 start  sets  were  used to avoid local optima as

much as possible.

After performing MI, eight variables were selected from the data file to carry

out statistical analyses. One of the statements that people had to give their opinion

about was "I want to find out more about the local culture", which could be answered

on a five-point scale, ranging from 1 ("totally disagree") to 5 ("totally agree").

Because this question tells us something about people's motivation to visit particular

cultural attractions. this variable was used as the dependent variable in an (adjacent-

category) ordinal regression model (Agresti, 2002, pp. 286-288) with seven

predictors. The dependent and independent variables are listed in Table 5.4. Table 5.4

also shows the number of missing values for each of the variables used in the analysis.

Table 5.5 shows that, based on the BIC values. the model that fitted best had eight

latent classes. The model with the lowest AIC3 had 21 latent classes. The model with
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Table  5.4.   Dependent   and   Independent   Variables   of   Ordina!   Regression   Applied   to

Data of The ATLAS Cultural Tourism Research Project, 2003 (ATLAS, 2004).

Dependent Variable Levels Code   Number of
missing
Values
(N = 4292)

I want to find out more about the 1 totally disagree                      C                                       153

local culture 2 disagree
3 neutral
4  agree
5 totally agree

Independent Variables Levels Code
I am traveling 1     alone                               T                          183

2   with my partner
3   with my family
4 with friends
5 with tourguide
6 other

Gender 1 male      G     41
2 female

Admission expenditure 1   0- <2 5 euro             M                 2801
2   25 - < 50 euro
3   50 - < 75 euro
4    75 - < 100 euro
5    2 100 euro

Age group                                                                                     281     15 or younger              A
2  16-19

3  20-29

4 30-39
5 40-49
6 50-59
7    60 or older

Highest level of educational 1 primary school          E                   62
qualification 2 secondary school

3 vocational education
4 bachelor degree
5    master or doctoral

degree
Is your current occupation (or 1  yes                P            149
former) connected with culture? 2  no
Annual household gross income 1    5,000 euro or less / 732

group 2 5,001- 10,000 euro

3 10,001- 20,000 euro
4   20,001 - 30,000 euro
5    30,001 - 40,000 euro
6   40,001 - 50,000 euro
7    50,001 - 60,000 euro
8   > 60.001 euro
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Table 5.5. BIC, AIC, and AIC3 Values for the Estmated Intent Class Models with the

The ATLAS Cultural Tourism Research Project, 2003 (ATLAS, 2004).

Model BIC AIC AIC3
T=1 492881 491698 491884

T=2 485483 483109 483482
T=3 480387 476823 477383

T=4 477692 472938 473685

T=5 476210 470266 471200
T=6 475506 468372 469493

T=7 475245 466920 468228

T=8 475198 465683 467178

T=9 475260 464565 466247
T = 10 475492 463597 465466
T= 11 475848 462763 464819

T= 12 476233 461957 464200
T= 13 476856 461390 463820
T= 14 477265 460610 463227

T= 15 477991 460144 462948
T= 16 478533 459497 462488

T= 17 479352 459126 462304
T= 18 480041 458624 461989
T= 19 480552 457946 461498

T= 20 481494 457697 461436
T=21 482249 457262 461188
T= 22 483376 457199 461312

the lowest AIC was still not found for 26 latent classes, and thus it was decided not to

fit models with even more latent classes.

Table 5.6 shows the regression coefficients of the ordinal regression model

using missing-data methods AC, LCI(1), LCI(8), and LCI(21). Because all the

independent variables are ordinal, they were replaced by dummy variables. Thus, each

response category has its own regression coefficient. The results of the solution for

LCI(8) and LCI(21) differ substantially from the results of method AC. For example,

for solution LCI(8) the intercept for answer category 5 is 2.42 (fifth row) but it is 0.95

for method AC. The differences in results between LCI(8) and LCI(21) are small. For

example, for T = 21 the intercept of answer category 5 equals 2.46. This shows that at

some point it does not make much difference anymore how many latent classes are

used.  However, the difference  with  LC 1 ( 1) is large, which suggests  that  it is indeed

necessary to use a latent class model for MI which explains the dependence between

all variables, because assuming independence yields substantially different results.
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Table 5.6. Parameter Estimates (Standard Errors Between Parentheses) of Ordinal
Regression Applied to Data of The ATLAS  Cultural Tourism Research Project 2003

(2004). Missing Data are Handled Using Methods AC. and LCI with One, Eight and Twenn·-one

Latent Classes .

Parameter Lkrel Missing-data method
AC LCI (1) LC1(8) LCI(21)

Intercept         1
2       0.60 (0.46) 0.09 (0.27) 0.79 (0.24) 0.81 (0.25)
3      1.21 (0.86) 0.80 (0.43) 1.80 (0.45) 1.82 (0.46)
4      1.38 (1.28) 1.19 (0.61) 2.42 (0.66) 2.46 (0.68)
5        0.95 ( 1.70) 1.11 (0.80) 2.56 (0.88) 2.61 (0.90)

T           1
2      0.01 (0.10) 0.07 (0.13) 0.08 (0.03) 0.08 (0.03)
3     -0.13 (0.11) -0.02 (0.22) -0.22 (0.20) -0.20 (0.21)
4     0.15 (0.12) 0.09 (0.17) -0.10 (0.18) -0.09 (0.19)
5      0.28 (0.23) 0.05 (0.16) -0.14 (0.18) -0.14 (0.19)
6     -0.12 (0.31) 0.11 (0.17) -0.05 (0.18) -0.05 (0.19)

G 1
2        0.14 (0.06) 0.13 (0.17) -0.01 (0.19) -0.01 (0.20)

M        1
2     -0.09 (0.08) 0.09 (0.17) 0.04 (0.19) 0.03 (0.20)
3       0.20 (0.08) -0.09 (0.10) -0.18 (0.11) -0.20 (0.11)
4      0.01 (0.16) -0.04 (0.10) -0.13 (0.11) -0.15  (0.12)
5      0.18 (0.08) 0.09 (0.10) 0.00 (0.11) -0.01 (0.11)

A           1
2       0.43 (0.43) 0.15 (0.11) 0.09 (0.11) 0.07 (0.12)
3      0.45 (0.40) -0.07 (0.03) -0.11 (0.04) -0.11 (0.04)
4      0.47 (0.40) 0.08 (0.07) 0.16 (0.07) 0.15 (0.07)
5      0.51 (0.40) -0.03 (0.06) 0.09 (0.06) 0.06 (0.07)
6       0.70 (0.40) 0.04 (0.06) 0.10 (0.06) 0.11   (0.06)
7      0.71 (0.41) 0.04 (0.06) 0.10 (0.07) 0.09 (0.07)

El
2     -0.44 (0.23) 0.03 (0.07) 0.08 (0.06) 0.06 (0.07)
3     -0.36 (0.24) -0.01 (0.08) 0.01 (0.07) 0.01 (0.08)
4      -0.14 (0.23) 0.06 (0.08) 0.09 (0.07) 0.08 (0.08)
5     -0.15 (0.24) 0.09 (0.05) 0.08 (0.06) 0.09 (0.06)

P 1
2     -0.07 (0.07) 0.04 (0.06) 0.02 (0.06) 0.03 (0.06)

1 1
2              0.14 (0.14) 0.07 (0.06) 0.07 (0.06) 0.07 (0.07)
3      0.08 (0.12) 0.17 (0.08) 0.22 (0.09) 0.23 (0.09)
4      0.07 (0.12) 0.19 (0.13) 0.18(0.17) 0.20 (0.17)
5      0.24 (0.13) 0.01 (0.05) -0.06 (0.07) -0.05 (0.06)
6     -0.02 (0.12) 0.08 (0.05) 0.05 (0.05) 0.07 (0.07)
7     -0.08 (0.14) 0.02 (0.05) 0.01 (0.12) 0.06  (0.11)
8      0.01 (0.13) 0.09 (0.06) 0.13 (0.05) 0.10 (0.05)
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5.5 Discussion

This paper addressed the problem of handling missing data in large categorical data

sets. Method LCICT) - imputation using a latent class model with T classes - was

proposed as a possible solution to this problem. For a small data example, method

LCI(T) produced results similar to the results of methods LLI and MLID. Also, SEs

produced by this method were similar to the SEs produced by methods LLI and

MLID. In the second empirical example it was shown that the latent class method

could be used for a data set with 79 categorical variables. Method LLI was

inapplicable for a data set of this size. Also. the results of statistical analyses using

method LCI(T) differed substantially from the results obtained by means of other

methods.

Although method LCI(T) seems to provide an elegant and practical way for

dealing with missing data in large categorical data sets, nevertheless it has its own

problems. One problem is that the more latent classes are used, the more difficult it

becomes to find the global MLID estimators. Increasing the number of start sets as we

did in our analysis may partially resolve this problem, but this increases the necessary

computation time substantially. During our test runs with method LCICT), we found

that a less sophisticated procedure for obtaining starting values could lead to the

choice of a model with a different number of latent classes than our procedure with

100   start sets. Moreover, even though 100 start   sets   were used preliminary   runs

showed that the BIC, AIC, and AIC3 values of the same model could sometimes

differ across runs. Due to this result. we cannot fully rule out having generated MIs

under an estimated model based on a local optimum.

It may be noted, however, that the results obtained from an imputation model

with 8 latent classes (this is the best choice according to BIC) differed only slightly

from the results obtained using an imputation model with 21 latent classes (this is the

best model according to AIC3). Moreover, the results of the statistical analyses

obtained from these completed data sets differed substantially from the results

obtained from the completed data sets using  T=  l. On the one hand. this indicates that

the latent class imputation models with more than one latent class explains relevant

dependencies among the survey variables. but on the other hand it also suggests that at

some point it does not make much difference anymore how many latent classes are
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used. This result also indicates that it may not make much difference whether

imputations are generated from a global or a local maximum. Future research should

concentrate on the issue of selecting the optimal number of latent classes and on the

influence of local optima. This may yield additional practical guidelines for using

imputation based on latent class analysis.
The latent class model can easily be extended to include continuous variables

in addition to categorical variables (Vermunt & Magidson, 2002). This may provide
an alternative for MI under the general location model (Schafer, 1997. pp. 289-331),
which is another imputation model for mixed scales types, when the number of
variables is large. Also, the effect of including the response-indicator matrix in the
imputation model may be worthwile to study in future research.

Finally, method LCI(T) as studied in this paper uses the estimated probabilities
of the latent class model for MI. These probabilities are estimates of the real

underlying population probabilities. To obtain proper Bayesian imputations, one has
to obtain samples from the posterior distribution of the parameters of the latent class

model, for instance, using MCMC procedures (Schafer, 1997, p. 105; Tanner &
Wong, 1987). This would yield MIs reflecting both the uncertainty about the missing

data and the unknown model parameters.
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Summary

Tests, questionnaires, and surveys are often used as measurement instruments in

psychological research, but also in sociology, political science, marketing, and life
and health sciences. Tests and questionnaires consist of several items, intended to

measure one or more different attributes, such as introversion (psychology),

religiosity (sociology), service-quality (marketing) and health-related quality-of-life
(medicine). When a test measures only one attribute, measurement is called

unidimensional. When it measures more than one attribute, measurement is called

multidimensional. During the data collection process, counter to instruction some

respondents may leave questions unanswered so that the final data set is incomplete.

The central issue of this PhD thesis is how these missing data should be handled prior

to further statistical analyses.

Multiple imputation (Rubin, 1987, pp. 2-4) is a statistically correct way to deal

with missing data. With multiple imputation, the missing values are estimated several

times according to a statistical model, yielding as many different plausible complete

versions of the data. Statistical analyses are done on each of these completed data sets

and the results are combined into one overall conclusion, using rules proposed by
Rubin (1987, chap. 3). An advantage of this approach is that it takes into account the

uncertainty, which is caused by the missing data, in the statistical analyses.

Most of the available multiple-imputation methods are rather complex fur

researchers who lack an advanced statistical training. These researchers may resort to

sub-optimal but easily accessible ad hoc methods such as deleting all respondents

from the analyses who have left at least one answer open. Alternatively, several

simple but statistically better (though not optimal) and easily accessible methods for

dealing with missing data in test and questionnaire data have been developed

(Bernaards & Sijtsma, 2000; Huisman, 1998; Sijtsma & Van der Ark, 2003). These

methods have been shown to recover results of several statistics and statistical

techniques well for unidimensional test data even when only one data set has been

imputed. However, when these methods are used as single-imputation methods, they

may produce standard errors that are biased downwards.  Thus, it may be desirable to

use them as multiple-imputation methods.
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These and other issues related to dealing with incomplete test and

questionnaire data are discussed in more detail in chapter 1. Chapter  1 also provides

an outline of the thesis. In chapter 2, the single imputation methods known as

corrected item mean substitution with error (Huisman, 1998), two-way imputation

with error, two-way imputation without error (Bernaards & Sijtsma, 2000), and

response function imputation (Sijtsma & Van der Ark, 2003) are studied as multiple-

imputation methods, and compared with multivariate normal imputation (Schafer,

1997). The latter method is a statistically superior but much more complex multiple-

imputation method. Test data are simulated and item scores are deleted according to

several missingness mechanisms. The influence of these methods on Cronbach' s

(1951) alpha, Loevinger's (1948) H, and item clusters resulting from Mokken (1971)

scale analysis are studied. Surprisingly the simpler methods often produce estimates

closer to the true population values for these statistics than the more complex

multivariate normal imputation method.

In chapter 3, the simple imputation method known as two-way imputation with

error, which was originally developed for unidimensional data, is extended to be

applicable to multidimensional test data. A simulation study is used to investigate

whether this extension produces unbiased results for Cronbach' s alpha, Loevinger' s  H

and Mokken scale analysis, as well as to compare its performance with lower

benchmark listwise deletion, two-way imputation with error, and multivariate normal

imputation.  The new methods produce smaller bias in Cronbach's alpha, Loevinger' s

H, and reproduce the cluster solution from Mokken scale analysis of the orignal data

better, than method two-way with error and multivariate normal imputation.

Chapter 4 discusses a new Bayesian variant of method two-way with error for

unidimensional data called two-way with data augmentation. Simulations show that

method two-way with data augmentation produces unbiased results in Cronbach's

alpha, the mean of squares in ANOVA, the item means, and small bias in the test

score and the factor loadings from principal components analysis. The new method

performs somewhat better than the old method two-Way with error, which produces

only small bias in the above quantities for small percentages of missingness, but

produces larger bias as the percentage of missingness increases.

In chapter 5, a multiple-imputation method for categorical data based on the

latent class model is proposed. This method is more general than the other methods

discussed in this thesis in that it may be applied to both ordinal and nominal data. This
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method is applied to two empirical data examples, and it is compared with three other

missing-data methods: listwise deletion, full information maximum likelihood, and

multiple imputation under a loglinear model (Schafer, 1997).

The overall conclusion based on the studies presented in this thesis is that two-

way imputation with error and its multidimensial and Bayesian variants are very good

multiple imputation tools for test and questionnaire data. These methods perform very

well in the sense that they produce no or very small bias in statistical quantities on

interest. Sometimes these relative simple methods turn out to produce even smaller

bias in results than more advanced methods, such as multivariate-normal imputation.

The latent class model was proposed as an imputation tool for large data sets

containing combinations of nominal and ordinal variables, and possibly also continues

variables. It was shown that also the latent class model yields a rather simple and

practical imputation method that can be implemented using generally available

software. Future research could concentrate on the study of the performance of this

new multiple imputation method, similarly as was done for method two-way with

eITor.
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Samenvatting

Tests, vragenlijsten en enqu8tes worden vaak gebruikt als meetintstrumenten in

psychologisch onderzoek, maar ook in onderzoek in de sociologie, politicologie,

marketing en levens- en gezondheidswetenschappen. Tests en vragenlijsten bestaan

uit diverse vragen (items), die bedoeld zijn om /dn of meer eigenschappen te meten

zoals introversie (psychologie), religiositeit (sociologie), kwaliteit van dienstverlening

(marketing), en kwaliteit van leven voor bijvoorbeeld mensen met een chronische

ziekte (geneeskunde). Een vragenlijst die 66n eigenschap meet is unidimensioneel, en

een vragenlijst die diverse eigenschappen meet is meerdimensioneel. In het
dataverzamelingsproces kan het gebeuren dat sommige respondenten tegen de
instructies in bepaalde items onbeantwoord laten met als gevolg dat de uiteindelijke
datamatrix incompleet is. De vraag die in dit proefschrift centraal staat is hoe deze

ontbrekende itemscores moeten worden behandeld, alvorens verder te kunnen gaan
met het uitvoeren van statistische analyses.

Multipele imputatie (Rubin, 1987, pp. 2-4) is een statistisch correcte manier

om ontbrekende gegevens te schatten. Bij multipele imputatie worden de ontbrekende

waarden een klein aantal keren geschat onder een statistisch model, wat resulteert in

verschillende aannemelijke complete versies van de incomplete datamatrix.

Vervolgens worden statistische analyses uitgevoerd op elk van deze complete
datamatrices en worden de resultaten gecombineerd tot dEn algehele conclusie,

waarbij gebruik wordt gemaakt van regels die door Rubin (1987, hfdst. 3) zijn
opgesteld. Een voordeel van deze aanpak is dat de onzekerheid die is ontstaan door

het ontbreken van gegevens wordt meegenomen in de statistische analyses.

De meeste bestaande multipele-imputatie methoden zijn ingewikkeld en
daardoor niet goed toegankelijk voor onderzoekers die geen statistische scholing

hebben gehad. Deze onderzoekers nemen vaak hun toevlucht tot ad hoc methoden,

zoals listwise deletion (d.i. het weglaten uit de analyses van de gegevens van de
respondenten die tenminste 66n item hebben opengelaten.). Zulke methoden zijn

statistisch niet optimaal maar praktisch wel toegankelijk. Er zijn er ook verschillende

eenvoudige en statistisch betere (hoewel niet optimale) methoden ontwikkeld

(Bernaards & Sijtsma, 2000; Huisman, 1998; Sijtsma & Van der Ark, 2003) voor het
behandelen van ontbrekende itemscores. Deze methoden blijken reeds resultaten van
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statistische analyses en statistische maten goed te reproduceren voor unidimensionele

testgegevens als de gegevens slechts 66n keer geimputeerd zijn (d.i. enkele imputatie).

Echter, wanneer deze methoden gebruikt worden als enkele imputatie methoden, is

het mogelijk dat ze standaard meetfouten produceren die naar beneden vertekend zijn.

Het is dus wenselijk om deze methoden te gebruiken als multipele-imputatie

methoden.

Deze punten worden, samen met andere punten die gerelateerd zijn aan het

omgaan met incomplete test- en vragenlijstdata, in meer detail besproken in hoofdstuk

1. In hoofdstuk 1 wordt ook een overzicht gegeven van dit proefschrift. In hoofdstuk 2

worden de enkele-imputatie methoden die bekend staan als corrected item mean

substitution met error (Huisman, 1998), two-way imputatie met error, two-way

imputatie zonder error (Bernaards & Sijtsma, 2000), en response function imputatie

(Sijtsma & Van der Ark, 2003) uitgebreid naar multipele-imputatie versies, en worden

zij vergeleken met multivariaat normale imputatie (Schafer, 1997). De laatstgenoemde

methode is een statistisch meer geavanceerde maar veel ingewikkelder methode.

Testgegevens worden gesimuleerd en itemscores worden verwijderd volgens

verschillende mechanismen waardoor ontbrekende scores kunnen worden

veroorzaakt. De invloed van deze methoden op Cronbachs (1951) alfa, Loevingers

(1948) H, en de clusteroplossing van Mokkenschaalanalyse (Mokken, 1971) en wordt

onderzocht. Opvallend genoeg produceren de simpele methoden vaak schattingen die

dichterbij de schattingen van de originele data liggen dan de meer complexe methode

multivariaat normale imputatie.

In hoofdstuk 3 wordt de eenvoudige imputatiemethode die bekend staat als

two-way imputatie met error, en die bedoeld is voor unidimensionele testgegevens,

aangepast zodat hij ook geschikt is voor multidimensionele testgegevens. Door middel

van een simulatiestudie wordt onderzocht of deze uitbreidingen vertekende resultaten

geven voor Cronbachs alfa, Loevingers H en Mokkenschaalanalyse. Deze

uitbreidingen worden vergeleken met listwise deletion, dat dienst doet als een lage

standaard, two-way imputatie met error, en multivariaat normale imputatie. De

nieuwe methoden produceren minder vertekening in Cronbachs alfa en Loevingers H

en reproduceren de cluster oplossing van Mokkenschaalanalyse beter dan listwise

deletion, two-way met error en multivariaat normale imputatie.

In hoofdstuk 4 wordt een nieuwe Bayesiaanse variant van methode two-way

met error besproken. Deze methode wordt two-way met data augmentation genoemd.
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Simulaties laten zien dat methode two-way met data augmentation zuivere resultaten

geeft voor Cronbachs alpha, de gemiddelde kwadratensommen in ANOVA en de

itemgemiddelden, en een kleine vertekening in de testscore en de factorladingen van

principale componentenanalyse. De nieuwe methode doet het iets beter dan de oudere

methode two-way met error, die slechts weinig vertekening produceert in de

bovengenoemde maten voor een laag percentage ontbrekende scores, maar die een

grotere vertekening produceert naarmate het percentage ontbrekende scores groter

wordt.

In hoofdstuk 5 wordt een multipele-imputatie methode voor categorische data

voorgesteld, die gebaseerd is op het latente klassenmodel. Deze methode is

gelijktijdig toepasbaar op zowel ordinale als nominale variabelen. Deze methode

wordt toegepast op twee voorbeelden met empirische gegevens en vergeleken met

drie andere methoden om met ontbrekende gegevens om te gaan: listwise deletion.

maximum likelihood van de incomplete data en multipele imputatie onder het

loglineaire model (Schafer, 1997).

De algehele conclusie die op grond van de studies in dit proefschrift getrokken

kan worden is dat relatief eenvoudige multipele-imputatie methode two-way imputatie

met error en zijn Bayesiaanse en multidimensionele varianten slechts een kleine

vertekening produceren in resultaten van statistische analyses. Soms blijken deze
simpele methoden zelfs minder vertekening te produceren dan de meer geavanceerde

methoden, zoals multivariaat normale imputatie. Het latente klassenmodel wordt

voorgesteld als multipele imputatie methode voor grote data sets die combinaties van

nominale, ordinale maar mogelijk ook continue variabelen bevatten. Er wordt

aangetoond dat ook het latente klassenmodel een relatief simpele en praktische

multipele imputatiemethode verschaft die geimplementeerd kan worden in algemeen

verkrijgbare software. Toekomstig onderzoek zou zich kunnen richten op de werking

van deze nieuwe multipele imputatie methode, op dezelfde wijze als is gedaan voor

methode two-way met error.
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