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11 Introduction 

Eachh year about 30,000 students decide to enrol in Dutch university education 
(see,, e.g., Statistics Netherlands [CBS], 2000). These students choose different 
specializations,, such as law, psychology, history, and so on. Moreover, they vary 
widelyy in achievements within their chosen specialization. This dissertation re-
portss studies on students' specialization choice, and on the factors which influence 
students'' achievements. 

1.11 University students' specialization choice 

Inn the social sciences, the choice of an academic specialization of college and uni-
versityy students has been studied extensively. In psychology, these choices are 
usuallyy explained by students' vocational interests (see, e.g., Holland, 1997). In 
thatt context, students choose an academic specialization that has a study content 
thatt best fits their interests. Students who are interested in language and cul-
turee study linguistics, and students who are interested in physical processes study 
physics.. In the economics of education, financial benefits are commonly brought 
forwardd to explain the choice of an academic specialization (see, e.g., Vella & 
Gregory,, 1996). In that setting, students choose an academic specialization that 
leadss to the career that gives them maximum earnings. Both students who choose 
linguisticss and students who choose physics know that, linguistics and physics, 
respectively,, are the specializations that will avail them most earnings. 

Inn both theories, it is assumed that students have desires, which must be 
fulfille dd when choosing a specialization. Students are faced with a set of alternative 
academicc specializations. They have perceptions of characteristics, or attributes, 
off  these specializations. The alternative with the perceived attributes that best 
meetss their desires is chosen. In other words, students choose the specialization 
fromm which they gain most, either from a psychological, or an economic viewpoint. 
Therefore,, things that a student can desire, and which a specialization can provide 
aree called benefits in this thesis. 

Inn psychology, benefits of academic specializations are associated with study 
content,, and in economics they are associated with monetary returns. It may be 
arguedd that each of these fields gives a limited view of reality; both theories are 
associatedd with only one sort of benefit. It is very likely that students consider 
bothh income and study content when making an academic choice. Each kind of 
benefitt may be compensated by the other. For example, a history student may 
sacrificee some of her future income for a very interesting study content, whereas an 
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economicss student may sacrifice interesting study content for high future income. 
Inn addition, it may be argued that study content and monetary income nonetheless 
aree a somewhat restricted set of benefits. Other benefits need to be considered to 
givee a better explanation of students' choices. For example, some specializations, 
likee medicine and psychology, are directed towards helping other people. It is 
veryy likely that students choose these specializations because they feel the need 
too help others. Another example is the effort a specialization requires. Not every 
specializationn demands as much from a student. Some specializations are more 
difficul tt than others, or may demand more study time. Presumably, students take 
intoo account these demands when choosing a specialization. It seems plausible 
thatt some students like putting effort at their study whereas other students do 
not. . 

Whenn both students' desires and perceptions of academic specializations are 
assessedd for this broader set of benefits, at least three questions may be asked. 
Thee first question is what sorts of desires do students from different academic 
specializationss typically have when choosing an academic specialization. For ex-
ample,, do students who choose economics deem the study content of their future 
specializationn equally important as students who choose history? Do students who 
choosee English linguistics want to put as much effort at their specialization as do 
studentss who choose medical science? 

Thee second question is whether perceptions of specific specializations are sim-
ilarr for students who choose different specializations. For example, does a student 
whoo chooses economics view the study content of economics as equally interesting 
ass students who choose another specialization? Do students who choose medicine 
perceivee medicine as equally meaningful to others as students who choose other 
specializations? ? 

Thee third question is whether the assessments of students on, respectively, their 
desiress associated with specializations in general, and their perceptions of benefits 
off  specific academic specializations, can be used to distinguish between students 
whoo choose different specializations. In other words, can they be used in prediction 
studiess to give accurate predictions of the specialization students actually choose. 

1.22 University students' academic achievement 

Thee academic achievement of students in higher education has been studied ex-
tensively.. Many variables have been used to predict academic achievement. The 
predictorr that has most often been used is intelligence. However, in the Dutch 
situationn the relation with academic achievement has been reported to be very 
smalll  (see, e.g., Busato, Prins, Elshout, & Hamaker, 2000). This is commonly at-
tributedd to restriction of range (see, e.g., Busato, 1998). Students entering Dutch 
universityy education are mostly members of a highly selective group who com-
pletedd pre-university education. Some researchers have stressed the achievement 
inn previous education, commonly measured by school grades. Others have empha-
sizedd the importance of personality traits. For example, students scoring high on 
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conscientiousnesss have been reported to have higher academic achievement (see, 
e.g.,, Wolfe &; Johnson, 1995). Another variable that has often been associated 
withh academic achievement is motivation. Students who are more motivated are 
commonlyy said to perform better (see, e.g., Waters & Waters, 1976). Sometimes, 
loww academic achievement is attributed to bad study skills. Other researchers 
attributedd academic achievement to students' belief in their ability to perform 
academicc tasks (see, e.g., Kleijn, van der Ploeg, & Topman, 1994). 

Thee afore mentioned examples of predictors are all psychological variables. 
Manyy non-psychological variables have been used to explain academic achievement 
ass well. Basic personal characteristics such as gender and age have been used. 
Forr example, female students have been said to perform better than their male 
colleaguess in many courses (see, e.g., Mau &; Lynn, 2001). Another approach that 
hass been taken is studying the time students allocate to several activities, such 
ass sleeping, working, and studying. For example, it has been shown that time 
spentt on studying is not always positively associated with academic achievement 
(Olivares,, 2002). Sometimes, academic achievement has been linked to students' 
financiall  situation. Students with performance-related grants are said to make 
moree study progress. Moreover, students who expect more financial returns from 
theirr specialization have been found to have higher probabilities to persist in their 
studyy (see, e.g., Oosterbeek k, Webbink, 1995). 

Frequently,, the validity of predictors of academic achievement is studied in one 
specificc academic discipline. Studies that consider the predictive validity of vari-
abless in more than one specialization are scarce. Nevertheless, very often research 
outcomess are generalized to all students in higher education. Many of these gen-
eralizationss may not be legitimate. It seems very plausible that the relationships 
betweenn predictors and academic achievement are not invariant across different 
academicc specializations. These differences may result from two sources. First, 
thee curriculum of the specializations is different, and therefore the personal at-
tributess that are optimal for high academic achievement are also different. Second, 
differentt academic specializations attract different sorts of students. For example, 
economicss students and history students have different interests and motives. 

1.33 Missing data 

Inn prediction studies, missing values are often encountered. Missing values can 
emergee as a result of many different processes. For example, in surveys that ask 
studentss to report their parents' income, a sizeable fraction of the respondents 
typicallyy refuses to answer. In psychological tests, some of the questions are often 
inadvertentlyy skipped. Some of the students who have to report their expected 
incomee after graduation do not know what to answer and skip the question. An-
otherr example of missing data that is often encountered in educational research 
aree the grade records containing grades obtained on a set of courses that differ in 
contentt from student to student. This missingness is the result of a choice process. 
Eachh student can only take examinations in a set of subjects, and, therefore, not 
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alll  grades are available. These examples of missing data are all cases in which 
thee missingness is beyond the researcher's control; they are an unpleasant result 
off  data collection. In contrast, missing data can also be under the control of the 
researcher.. When data are not intended to be collected, data are planned missing. 
I tt has been shown that surveys with longer questionnaires, which increase the re-
spondent'ss burden, tend to have higher non response (see, e.g., Dillman, Sinclair, 
&&  Clark, 1993). Therefore, in prediction studies in which many different variables 
aree used, it is convenient to use multiple questionnaire booklets with different 
subsetss of items. The booklets contain less items than the total item set. Con-
sequently,, the response rate will be higher than when using questionnaires that 
containn all items. Missing data are no longer only a burden, but can also be used 
ass a way to increase response rates. 

Bothh planned and unplanned missing data need to be dealt with. Methods for 
missingg data have been developed ranging from very simple to highly advanced. 
Ann example of very simple missing data methods is personal mean imputation, 
whichh replaces a missing value with the personal average on relevant variables 
forr which a person has available data. At least implicitly , this personal mean 
hass often been used. In calculating the Grade Point Average (GPA), the average 
gradee for subjects that a student has taken is implicitly substituted for non-taken 
subjectss in grade records. An example of a very advanced method of handling 
missingg values is Data Augmentation (DA) (see, e.g., Schafer, 1997, 1998). DA 
imputess missing values in a regression sort of way: missing values are predicted 
usingg the observed values. Compared to simpler missing data methods, DA takes 
intoo account the uncertainty that is a natural result of missing values. Moreover, 
advancedd procedures, such as Schafer's NORM (1997, 1998), have been shown to 
givee very accurate estimates of missing values. 

Thee mechanisms that underly the missing data can be divided into ignorable 
andd nonignorable missingness. Missing values are ignorable if their missingness 
doess not depend on the values of the missing data (see, e.g., Schafer & Graham, 
2002).. If the missingness depends on the data that are missing, then the data are 
calledd nonignorable. Only when missing data are ignorable, missing values can 
bee estimated using the available values. For example, if a respondent accidentally 
skipss an item of a personality test, the missingness does not depend on the score he 
orr she would have given, and therefore the missingness is ignorable. However, when 
studentss choose not to take examinations in mathematics because their expected 
performancee would be low, the missingness does depend on the missing grade, and 
thereforee the unavailable grades in mathematics are nonignorable. 

Missingg data methods differ to a large extent in the assumptions they have 
concerningg the mechanism that underly the missing data. Generally speaking, 
advancedd methods such as DA assume that missing data are ignorable, whereas 
simplee methods (implicitly ) make stricter assumptions. For that, and other rea-
sons,, advanced methods should be generally preferred over simple methods. It 
shouldd be noted that ignorability is usually not known to hold, but it must be 
assumed.assumed. When replacing skipped items in a questionnaire with methods like DA, 
itt is assumed that items were skipped unintendedly so that they are ignorable. 



1.44 Overview of the chapters 5 5 

Sometimess ignorability is known to hold. Planned missing data are by definition 
ignorablee (see, e.g., Schafer k, Graham, 2002). Especially in survey research the 
efficiencyy of missing data methods in estimating planned missing data has been 
studied.. Several researchers such as Graham, Hofer, and MacKinnon (1996), ap-
pliedd advanced missing data techniques to survey questionnaires that had items 
missingg by design, and concluded that the missing data could be retrieved satis-
factorily. . 

Whenn studying the academic behavior of students in higher education, mea-
surementt instruments are often used, and data are often gathered using paper and 
pencill  questionnaires. For that situation it also seems appealing to apply incom-
pletee designs in order to gather as many information from as many respondents 
ass possible. When developing measurement instruments, two different strategies 
aree commonly applied. First, the instrument is constructed to be valid for pre-
dictingg a given criterion. Second, the instrument is constructed to be a precise 
measurementt of some attribute of an individual. Lord and Novick (1968), and 
otherss showed that both goals can not be optimized at the same time. In other 
words,, it is impossible to simultaneously maximize both measurement precision, 
andd predictive validity. If measurement precision is maximized, predictive valid-
ityy tends to be lower. If predictive validity is maximized, measurement precision 
tendss to be lower. This conflict between measurement and prediction should also 
bee considered, when incomplete designs are applied to measurement instruments 
inn prediction studies. The different missing data techniques that are at hand to 
estimatee missing item responses seem to maximize only one of these two goals, at 
thee expense of the other. Therefore, these methods need to be compared on their 
performancee at reconstructing the reliability and predictive validity of tests with 
plannedd missing items. 

1.44 Overview of the chapters 

Thiss thesis discusses the prediction of two outcomes of university student behav-
ior:: students' specialization choice, and students' academic achievement. However, 
missingg data are often encountered in prediction studies. These missing values are 
ann unpleasant result of collecting data, and need to be dealt with. Moreover, miss-
ingg data can be planned, and as such be used as a way to increase response rates 
inn surveys. Therefore, in order to properly deal with missing values in prediction 
studies,, missing data methods are studied first. 

Inn chapter 2, GPA is considered a missing data technique for unavailable grades 
inn school grade records. It is studied what alternative methods for handling un-
availablee school grades can best be used in future studies on academic achieve-
ment.. To that end, theoretical and empirical differences between GPA and seven 
alternativee missing grade techniques are considered. In addition, the completed 
gradee records (observed and imputed values) are used in two prediction of aca-
demicc achievement analyses, to study what method produces best predictions of 
academicc achievement. 
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Chapterr 3 discusses planned missing data, and the measurement-prediction 
paradox.. A simulation study is performed in which psychological paper and pencil 
testt are simulated, and a third part of the item responses is made unobservable us-
ingg an incomplete test design. Next, several missing data techniques are compared 
onn their performance at reconstructing total scores, test reliability and predictive 
validity. . 

Chapterr 4 considers the usefulness of four predictive blocks to predict academic 
achievement.. These four blocks comprise background, economic, time budget, 
andd psychological variables. Data are collected using a survey. An incomplete 
testt design is applied to the psychological scales of this survey resulting in three 
questionnairee forms. Of the psychological scales, two thirds of the items are ad-
ministeredd to each respondent. The missing third part is estimated with a missing 
dataa procedure NORM, which gave good results in the simulation study of chapter 
3.. The four blocks are compared on their predictive power, and the stability of 
theirr predictions. In addition, it is checked whether the predictive blocks behave 
similarlyy in different academic specializations. 

Inn chapter 5, both economic and psychological theory are used to derive pre-
dictorss of university students' discipline choice. From economics the idea of utility 
maximizationn is employed. Using psychological theory, non-monetary profits of 
educationn are made explicit. Freshmen of nine different university disciplines are 
assessedd at their desires associated with 13 benefits of academic specializations. 
Thesee desires are used to predict actual academic specialization choices. The 
missingg values that are a result of skipping items are estimated with missing data 
proceduree NORM. 

Inn chapter 6, the set of benefits introduced in chapter 5 is employed again. In 
additionn to the desires students express with respect to these benefits, perceptions 
off  the benefits of four academic specializations are assessed. Five methods - dis-
criminantt analysis, the Conditional Logit Model (CLM), Multi-Attribute Utilit y 
Theoryy (MAUT) , Equally Weighted Criteria (EWC), and the Euclidean distance 
-- are applied to predict academic specialization choice. These five methods make 
aa different use of these two sorts of variables to predict specialization choice. Miss-
ingg values that are a result of students skipping items are estimated with missing 
dataa procedure NORM. 

Inn chapter 7, it is noted that two of the methods that are used in chapter 
66 - CLM and MAUT - are theoretically very similar. Both methods make use 
off  specialization-specific evaluations of attributes. First, theoretical similarities 
andd dissimilarities of the two methods are discussed. Second, it is verified whether 
bothh methods yield similar results when they are used to predict the specialization 
choicess of two cohorts of university freshmen. 

Finally,, in chapter 8 an overview and conclusions of this dissertation are given. 



22 Alternative missing data 
techniquess to grade point 
average:: Imputing 
unavailablee grades 

Abs t ract t 

Inn this chapter, Grade Point Average (GPA) is considered a missing data 
techniquee for unavailable grades in school grade records. In Study 1, theoret-
icall  and empirical differences between GPA and 7 alternative missing grade 
techniquess were considered. These 7 techniques are subject mean substi-
tution,, corrected subject mean, subject correlation substitution, regression 
imputation,, expectation maximization algorithm imputation, and two mul-
tiplee imputation methods stochastic regression imputation and data aug-
mentation.. The missing grade techniques differ greatly. Data augmentation 
andd stochastic regression imputation appear to be superior as missing grade 
technique.. In Study 2, the completed grade records (observed and imputed 
values)) were used in two prediction analyses of academic achievement. One 
analysiss was based on unweighted grades, the other on weighted grades. In 
bothh analyses, alternative missing grade methods produced better and more 
consistentt predictions. It was concluded that some alternative missing grade 
methodss are superior to GPA. 

2.11 Introduction 

Thee use of the Grade Point Average (GPA) as a measure of academic achieve-
mentt has been discussed extensively in the l i terature. The GPA features often 
ass a criterion in the prediction of academic performance and in the validation of 
collegee or university admission tests like SAT, ACT or GRE (e.g., Goldberg & Al -
liger,, 1992; Nilsson, 1995; Strieker, 1991). In addition, person characteristics like 
personalityy trai ts or t ime management skills are also used to predict GPA (e.g., 

Thiss chapter appeared as: Smits, N., Mellenbergh, G. J., &; Vorst, H. C. M. (2002). Alter-
nativee missing data techniques to grade point average: Imputing unavailable grades. Journal of 
EducationalEducational Measurement, 39, 187-206. 
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Brittonn k Tesser, 1991; Wolfe k Johnson, 1995). The GPA has also been used as 
ann independent variable. It has been used as a predictor of success in higher edu-
cationn (e.g., Cariaga-Lo, Enarson, Crandall, Zaccaro, k Richards, 1997; House k 
Johnson,, 1992) and of job performance after graduation (e.g., Bretz, 1989). It has 
beenn used both in psychological or educational research and in economic research 
(e.g.,, Betts k Morell, 1999). 

Thee appeal of the GPA is that it is well defined, widely understood, and easily 
obtainablee from university records (Young, 1993). However, the use of GPA as a 
measuree of performance does have its flaws. The GPA may differ between students 
inn exact meaning. It is often based on ratings or grades obtained on a set of courses 
thatt differ in content from student to student. In practice, the GPA is treated as 
iff  it represents the same construct regardless of the student's exact curriculum 
(e.g.,, Linn k Hastings, 1984). Variation in its exact meaning over students may 
decreasee its reliability (e.g., Young, 1993). The widespread use of GPA is in part 
attributablee to the fact that it is available for all students, even though variation in 
thee composition of curriculum may render the averages not entirely comparable. 
Thee use of a more subject-specific measure of achievement would give rise to a 
missingg data problem, because many students will not have followed the courses 
relatingg to the specific subject. 

Anotherr problem encountered in validation studies of pre-admission measures 
iss the possible variation in grading standards within and between departments. 
Strieker,, Rock, Burton, Muraki, and Jirele (1994), and Strieker, Rock, and Burton 
(1996)) state that GPA lacks reliability and validity, because it cannot be used to 
comparee students who take courses with severe grading standards and students 
whoo take courses with lenient standards. 

Severall  attempts have been made to adjust grades to render them more compa-
rablee (see, e.g., Young, 1990, 1993 ). Strieker et al. (1994) compared the effective-
nesss of several statistical methods to adjust GPA criteria for differences in grading 
standardss of individual courses. One method involved the treatment of missing 
gradess (missing because a student had not taken a given course), as a missing data 
problem.. The unavailable grades were viewed as missing at random in the sense 
thatt they are predictable from the available grades. Strieker et al. (1994) pointed 
outt that the Expectation Maximization (EM) algorithm may be used to obtain 
maximumm likelihood estimates of the missing grades. Approaching the problem 
off  unavailable grades as a missing data problem is not new. At least implicitly , 
thiss approach has often been taken. In calculating the GPA, the average grade for 
coursess that a student has taken is implicitly substituted for missing grade scores. 
Inn this procedure, it is assumed that grades for each course are exchangeable, and 
thatt the data are missing completely at random. From this point of view, this 
methodd of calculating GPA can be considered as a simple missing data technique. 
AA number of alternative techniques exist that may be applied to the missing grade 
problem.. It should be noted that these techniques are not adjustments of GPA in 
thee sense of Strieker et al. (1994), but missing data methods. 

InIn this chapter, the assumptions of GPA and alternative missing grade tech-
niquess are described and their use is demonstrated. This chapter includes two 
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studies.. In Study 1, theoretical and empirical similarities among the missing grade 
techniquess are examined. In Study 2, the performance of these techniques is ex-
amined,, when the imputed values are used as exact grades in the prediction of 
academicc achievement among Dutch university students. We first provide a short 
descriptionn of the Dutch educational system, as it differs from the Anglo-Saxon 
system. . 

2.22 Brief outline of the Dutch educational system 

Inn the Netherlands, primary education starts at age 4 and continues for 8 years to 
thee age of 12. Following primary education, there are 4 levels of secondary edu-
cation,, of which one level is pre-university education (Dutch abbreviation: VWO) 
andd lasts six years. At the end of secondary education, students take final ex-
aminations.. Prior to the last two years of secondary education, students choose 
theirr examination subjects. Students in the VWO take exams in at least 7 of 15 
subjects.. These are Dutch (obligatory), English (obligatory), French, German, 
history,, geography, two mathematics subjects, physics, chemistry, biology, two 
economicss subjects, Latin and Greek. Students with a VWO certificate have au-
tomaticc access to university education. They are not required to take additional 
admissionn tests. 

Att university, master's degree curriculum officially takes 4 years. Students are 
expectedd to earn 42 credits per annum (representing 42 weeks work). Lectures are 
given,, but attendance in most courses is not obligatory. Students vary greatly in 
thee number of credits they actually obtain in a year and in the total time they 
needd to graduate. The amount of time they take to graduate does have finan-
ciall  consequences, however, because grants supplied by the Dutch government, to 
whichh students are entitled, are performance related. Students receive their grants 
initiall yy in the form of a loan, which is converted to a non-repayable grant if they 
meett certain performance criteria. 

2.33 Study 1: Similarities and differences between 
missingg grade techniques 

2.3.11 Introduction 

Methodss for dealing with missing data usually involve implicit or explicit assump-
tionss about the process that causes missing data. If missingness depends on nei-
therr the values of the observed variables, nor on those of unobserved variables, the 
missingg data are called Missing Completely At Random (MCAR). If missingness 
doess not depend on the values of unobserved variables, but possibly does depend 
onn the values of the observed variables, the data are called Missing At Random 
(MAR)) (e.g., Littl e & Rubin, 1987). If missingness depends on the missing values 
off  unobserved variables, then the data are Missing Not At Random (MNAR). For 
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example,, let us suppose that in a group of students, grades on course A are avail-
ablee for all students, but that the grades on course B are missing in certain cases. 
Iff  the probability that grades on course B are available is equal for all students, 
regardlesss of their grades on course A or course B, then the missing grades are said 
too be MCAR. If the probability that grades on course B are available is related to 
gradess on course A, but not to grades on course B (e.g., if a high grade on course A 
iss a prerequisite for attending course B), the grades are MAR. If the probability of 
availabilityy is related to the grades of course B itself (e.g., when a student decides 
nott to attend to course B because he or she has a low level on the ability that 
iss associated with course B), then the data are MNAR. For a more extensive de-
scriptionn of missing data mechanisms, see, e.g., Littl e and Rubin (1987), or Littl e 
andd Schenker (1995). 

Rubinn (1976) has discussed the problem of statistical inference in the presence 
off  missing data. In likelihood or Bayesian based inference, it is assumed that the 
dataa are MAR. In classical (common) statistical inference, missingness may be 
ignoredd only if the data are MCAR. 

Inn this chapter, several methods of handling missing grades are considered. The 
methodss described ignore the missing data process. It is likely that the students' 
choicee of subjects is prone to selection, and therefore, that the missing grades are 
MNAR.. Students may choose subjects or courses they are relatively good at, which 
mayy result in higher grades. This implies that some missing data techniques may 
violatee assumptions when applied to the missing grade problem. 

Missingg data techniques can be divided into two categories: first, methods that 
estimatee parameters, second, methods that replace missing data by derived data 
(e.g.,, imputations). In the present paper we are concerned only with techniques in 
thee latter category for two reasons. In study 1 various methods are compared at 
thee individual grade level. In study 2 cross validation is performed, which requires 
completee (observed and imputed) grades. 

2.3.22 Method 

Data a 

Thee VWO school records of six cohorts psychology freshmen at the University of 
Amsterdamm were used in the present studies. The total number of records is 2080. 
Sexx of the students is known in the last three cohorts (40 % of the students). Of 
thee students in this group, 64% are female and 36% are male. It is known that 
thee ratio of women to men was also about 2 to 1 in the first three cohorts. Every 
studentt made a choice of at least 7 out of 15 subjects at VWO, which means that 
gradess on eight or fewer subjects are missing. The grades are expressed in integer 
valuess on a scale from 1 to 10. To pass the VWO exam a grade 6 or higher on 
nearlyy all subjects is required; the school records contained no grades lower than 
4. . 

Inn this study, five school subjects were selected. The subjects Dutch and En-
glishh were selected as grades as these subjects are available for all students. Three 
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X X 
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X X 
X X 
X X 
X X 

Tablee 2.1: Missing Grade Patterns for 2080 Students 
Subjects s 

Nrr Students Dutch English Biology French History 
Ï4Ö Ö 
611 1 
374 4 
224 4 
197 7 
128 8 
238 8 
1688 ^ _ _ _ 

%% Missing 0 0 67 46 35 
Note.Note.TheThe X's indicate missing grades. Blanks indicate observed 
grades. . 

otherr subjects are biology, French, and history. In Table 2.1, the missing grade 
patternn as observed in the present sample is reported. It should be noted that this 
patternn is not monotone (e.g., Littl e & Rubin 1987), i.e., there is no accumulation 
off  missingness as one may encounter in panel data with definite dropout. As can 
bee seen in the last row of Table 2.1, only one third of the sample took examinations 
inn biology. 

Regardlesss of the exact technique, all imputed values were rounded to the 
nearestt integer so that they were expressed in the same manner as the observed 
grades. . 

Descriptionn of eight missing grade techniques 

Gradee point average The first missing grade technique is the traditional 
methodd GPA. This technique implicitly imputes a personal mean: every missing 
coursee grade of a given student is replaced by the mean of the student's available 
grades.. Contrary to the common use of GPA, missing grades were explicitly re-
placedd by GPA. In calculating GPA in this manner, the grades are assumed to be 
exchangeable.. In addition, each available grade is weighted in the same manner 
(differentiall  weighting of grades is not applied). A consequence of the procedure 
iss that the imputed grades of a given student are identical. GPA is a special case 
off  Regression Imputation, which is discussed below. 

Subjectt  mean substitution Unconditional mean imputation, which is a naive 
missingg data technique, involves the replacement of missing values by the sample 
meann of the variable. It can yield satisfactory estimates of unconditional means 
andd totals, but it does not yield consistent estimates of other parameters, even if 
thee data are MCAR. This method results in the underestimation of variances and 
aa distortion of the associations between variables (Littl e & Schenker, 1995). The 
missingg grade version of unconditional mean imputation involves the imputation 
basedd on the average grade. This technique is called Subject Mean Substitution 
(SMS).. The student's missing grade on a given subject is replaced by the average 
off  the available grades on the subject. Although it is obvious that this method is 
farr from optimal, it is included in this study for reasons of comparison. 
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Correctedd subject mean Another mean imputation method is Corrected Sub-
jectt Mean (CSM) substitution. This method replaces missing grades by an average 
subjectt grade, which is corrected for the student's ability. The subject mean is 
multipliedd by a factor reflecting the ratio between the student's grades on available 
subjectss and the average available grades on these subjects. It is given by 

CSMCSMvivi = 
iEobs(v) iEobs(v) 

iGobs(v) iGobs(v) 

(2.1; ; 

wheree xv{ is the grade of student v on subject i, x.i is the mean grade of the 
observedd values on subject i, x.m is the mean grade based on the available values, 
andd obs(v) is the set of student v's available grades. CSM can be regarded as 
aa compromise between GPA and SMS, because it uses both student and school 
subjectt information. The numerator in Equation 2.1 is equal to GPA times the 
numberr of available grades of student v; SMS is identical to x.m. CSM takes into 
accountt the mean grade of the unavailable subject, so that the subjects are no 
longerr considered exchangeable, but may differ in difficulty. CSM is equivalent to 
thee corrected item mean score substitution developed by Huisman and Molenaar 
(2001). . 

Subjectt  correlation substitution Subject Correlation Substitution (SCS) re-
placess the students' unavailable grades on a given subject by the available grade 
forr the school subject that has the highest correlation with the subject in question. 
Thiss method is similar to the item correlation substitution method proposed by 
Huismann (1999). 

Regressionn imputatio n and stochastic regression imputatio n Regression 
Imputationn (RI) represents a more principled missing data method. This technique 
replacess missing values with predicted values obtained from a linear regression of 
thee variable with missing values on other observed variables. When the MCAR 
assumptionn holds, the averages of the observed and imputed values are consistent 
estimatess of the means. The covariance matrix of the imputed data, however 
doess require an adjustment (Littl e & Rubin, 1987). RI can be interpreted as 
thee imputation based on a conditional mean, and hence tends to be less variable 
thann the observed values (Littl e & Schenker, 1995). In RI, it is assumed that, 
conditionallyy on the available data, the missing data are normally distributed. 

Stochasticc Regression Imputation (SRI) involves the addition of a random error 
too the regression prediction obtained using RI. SRI compensates for the underes-
timationn of the variance of variables with missing data that is associated with RI 
(e.g.,, Littl e & Schenker, 1995). However, SRI is not proper in the sense of Ru-
binn (1987), if the imputed values are used as exact values in secondary analyses, 
becausee the method underestimates error due to imputation (Beaton & Johnson, 
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1990).. RI and SRI were applied to the missing grade problem by replacing stu-
dents'' missing grades by the predicted value obtained in the regression of the 
subjectt which includes the missing values, on available subjects. As mentioned, 
SRII  involves the addition of a random error term to the predicted grade. GPA can 
bee seen as a special case of RI. GPA is a regression with the regression coefficients 
fixedfixed at one. RI and SRI are two missing data techniques in the Missing Variable 
Analysiss (MVA) module in SPSS 8.0.0 for Windows. In the case of SRI, three 
optionall  random error terms can be added to the predicted values obtained using 
RI.. Below it is chosen to add a random normal deviate, scaled by the standard 
errorr of the estimated grade. 

Inn this study, to account for the improperness of SRI as a single imputation 
method,, SRI was applied as a Multiple Imputation (MI) technique rather than a 
singlee imputation technique. In this case, the missing values were imputed five 
times.. MI is described in more detail below. 

EMM  algorith m imputatio n Some missing data methods are based on a likeli-
hoodd approach (Littl e &: Rubin, 1987). Maximum Likelihood (ML) estimation of 
missingg data requires the specification of a model for both the distribution of the 
dataa and the missing data mechanism (Littl e & Schenker, 1995). Frequently ML 
inferencee is based on the assumption that the data are MAR, or in other words, 
thatt the missing data mechanism is ignorable (for ML methods that estimate pa-
rameterss for non-ignorable models, see, e.g., Liou, 1998). The Expectation Max-
imizationn (EM) algorithm (Dempster, Laird, h Rubin, 1977) is commonly used 
too obtain ML estimates of the parameters of data with missing values. In the E 
stepp of the EM algorithm the expected value of the incomplete data likelihood 
iss calculated, given the observed data and current parameter estimates. In the 
MM step the ML function is maximized, given the expected values obtained in the 
EE step, to provide new parameter estimates (Little, 1992). The EM algorithm 
whenn applied to normally distributed data can be viewed as an iterative form of 
RI.. In the E step the best linear predictions of the missing values are calculated, 
usingg current estimates of the parameters. In the M step, the mean vector and 
covariancee matrix of the completed data are calculated, incorporating corrections 
off  the covariance matrix for imputing predicted means (Littl e & Schenker, 1995). 

Thee EM algorithm is applicable to the missing grade problem. Strieker et 
al.. (1994) used the EM algorithm in order to adjust GPA, assuming the missing 
gradess were MAR. As mentioned, this assumption might not be correct. However, 
ignorablee ML methods reduce missing data bias even when the assumption of MAR 
iss not strictly valid (Littl e &; Rubin, 1990). Contrary to Strieker et al. (1994), 
inn the present study, the EM algorithm was applied as a method to estimate 
unavailablee grades and not as a way to adjust GPA. 

Thee EM algorithm for normally distributed data was used in this study. The 
assumptionn of multivariate normality may not apply to school grades. However, 
thee EM algorithm can provide consistent estimates of the underlying distribution 
underr weaker distributional assumptions (Littl e & Rubin, 1987). Although the EM 
algorithmm is primarily a method to obtain estimates of the means and covariance 
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matrix,, here we require actual imputed values. Below we use the imputed values 
ass provided by SPSS 8.0.0 for Windows. This imputation is referred to as EM 
Imputationn (EMI). EMI is the same procedure that Strieker et al. (1994) used in 
theirr analysis. 

Multipl ee imputatio n Another general model based technique for the imputa-
tionn of missing data is MI. A single imputed value does not adequately represent 
thee uncertainty about the imputed value. Therefore, in analyses that treat im-
putedd values as observed values, the uncertainty associated with imputing data 
iss not properly accounted for, even if the missingness is modelled correctly and 
randomm imputations are created (Littl e k. Schenker, 1995). In MI, a missing value 
iss replaced by a set of m > 1 plausible values drawn from a predictive distribution. 
Thee variability among the m imputations provides a measure of the uncertainty 
withh which the missing values are derived from the observed ones (Schafer & Olsen, 
1998).. Standard complete data methods are used to analyze each data set. The m 
completee data inferences can be combined, using simple rules provided by Rubin 
(1987),, to arrive at a single inference. These rules produce overall estimates and 
standardd errors that reflect the uncertainty due to missing data and imputation. 
Generally,, MI does not require or assume that the missingness is ignorable. Im-
putationn may in fact be created under any kind of model for non-response. The 
resultingg inferences will be valid under the postulated model (Littl e &, Rubin, 
1990). . 

Onee model that can be used to create Mis is SRI (see above). Littl e and Rubin 
(1990)) call SRI a crude version of ML In the case of SRI, the imputations in each of 
thee m data files are dependent, because imputed values only differ by a stochastic 
errorr term. In this study, SRI was used five times to create 5 complete grade files. 

Schaferr (1997), and Schafer and Olsen (1998) made use of another procedure to 
createe Mis, called Data Augmentation (DA). This procedure was first developed by 
Tannerr and Wong (1987). DA is an iterative procedure that alternately performs 
aa random imputation of missing data under assumed values of the parameters, 
andd draws new parameters from a Bayesian posterior distribution based on the 
observedd and imputed data. The procedure creates a Markov chain that eventually 
convergess in distribution. The distribution of the missing data stabilizes to a 
predictivee distribution, out of which values are drawn to create Mis (Schafer &z 
Olsen,, 1998). For DA, a very small value of m wil l usually suffice (Schafer, 1997). 
Ass is the case with the EM algorithm, inference on the basis of DA is valid only if 
thee missing data mechanism is ignorable. 

DAA for multivariate normal data with missing values is similar to the EM algo-
rithm.. The deterministic E and M steps are replaced by stochastic I and P steps, 
respectively.. The I step of DA involves the independent simulation of random 
normall  vectors for each row of the data matrix, with means and covariances equal 
too those estimated in the previous iteration. The P step simulates a mean vector 
andd a covariance matrix conditioned on the observed data and estimated values 
off  the missing data in the current I step (Schafer, 1997) 

Thee Bayesian nature of DA appears in the specification of a prior distribu-
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tionn of the parameters of the missing data, which depends on the imputer's be-
lieff  about these parameters. In practice, Bayesian inference is more sensitive 
too the choice of the data model than to the choice of the prior distribution. 
DAA allows one to specify non-informative prior distributions, in case one has 
noo information about the parameters of the missing data. Usually, the use of a 
non-informativee prior works well (Schafer k Olsen, 1998). 

Forr DA to work it is assumed the data are at least MAR. As mentioned before, 
schooll  grades may be MNAR. Yet, DA tends to perform better than ad hoc pro-
ceduress such as listwise deletion or mean imputation, even when the assumption 
off  MAR is unrealistic (Schafer & Olsen, 1998). 

DAA was carried out as described by Schafer (1997) and Schafer and Olsen 
(1998),, using an S-plus library, called NORM, which was written by Schafer (1998) 
(thiss library is downloadable at http://www.stat.psu.edu/~jls/misoftwa.html). 
NORMM was developed for the multiple imputation of multivariate continuous data 
underr normality. Like RI, SRI and EMI, DA is based on the assumption that 
thee data are normally distributed. Commonly, school grades may at best be ap-
proximatelyy normally distributed. However, DA tends to be quite robust against 
violationss of the imputation model (Schafer &; Olsen, 1998). 

Ass starting values for the incomplete data parameters, ML estimates produced 
byy the EM algorithm in NORM were used. The default non7informative prior was 
used.. The incomplete grade records were imputed five times and complete data 
analysiss was performed on each of the five complete data sets. Inferences were 
basedd on the results obtained from all five analyses (for an extensive description 
off  MI inference, see, e.g., Rubin, 1987, chapter 3). Convergence of the estimates 
off  the means was assessed for each of the three subjects by using time series and 
autocorrelationn function plots, as described by Schafer (1997, chapters 4 and 5). 

Evaluationn of the eight missing grade techniques 

Differencess and similarities between the techniques described above were evaluated 
byy several formal principles, as presented by Littl e (1988). According to Little's 
firstt principle, imputations should be based on the predictive distribution of the 
missingg values, given observed values of each case. The second principle states 
thatt in each case all observed variables should be taken into account in obtaining 
imputations.. The third principle states that imputations should be based on con-
textuall  knowledge about the imputed variables. The fourth principle states that 
excessivee extrapolation beyond the range of the data should be avoided. The fifth 
principlee states that imputations should be drawn from the predictive distribution 
(mentionedd in principle 1) to preserve the distribution of the variables in the com-
pletedd data set. According to the sixth principle, a method should be provided to 
calculatee sampling errors of estimates that takes into account the fact that values 
havee been imputed. In the present paper, principles 1, 2, 5 and 6 were used to 
classifyy the missing grade methods. Principle 3 is not applied because "contex-
tual""  knowledge about the imputation of missing grades is not available. Principle 
44 does not apply because none of the imputed values falls outside the range of 1 

http://www.stat.psu.edu/~jls/misoftwa.html
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Tablee 2.2: Classification of the eight Missing Grade Techniques on 
Little'sLittle's (1988) four Principles 

Missing g Data a 
Technique e 
GPA A 
SMS S 
CSM M 
SCS S 
RI I 
SRI I 
EMI I 
DA A 

Predictive e 
Distribution n 

+ + 
--
+ + 
+ + 
+ + 
+ + 
+ + 
+ + 

Little's s 
Al ll  Grades 

+ + 
--
+ + 
--
+ + 
+ + 
+ + 
+ + 

Principles s 
Drawnn from 
Distribution n 

--
_ _ 
_ _ 
. . 
. . 
+ + 
. . 
+ + 

Accountingg for 
Uncertainty y 

_ _ 
. . 
_ _ 
_ _ 
_ _ 
++a a 

. . 
+ + 

Note.Note. The plus indicates that a technique satisfies the principle, the minus 
indicatess that the principle is not satisfied. aSRI is not a MI method by defi-
nition.. When it is applied as a single imputation method, then the accounting 
forr uncertainty principle is not met. 

too 10. The second principle states that in each case all observed variables should 
bee taken into account. Here, the other observed variables are simply the observed, 
non-missingg grades. Table 2.2 indicates whether each method satisfies the four 
principles.. There clearly are large differences between the eight methods. SMS is 
thee only method that satisfies none of the principles; it merely imputes one value 
forr all missing grades on a subject. SCS only satisfies the principle of using a 
predictivee distribution; this predictive distribution is based on one observed grade 
only.. GPA, CSM, RI and EMI each satisfy two of the four principles. SRI and 
DAA satisfy all four principles. SRI satisfies the principle of accounting for uncer-
taintyy due to missingness, because it was applied five times. However, SRI was 
nott designed as a MI method. If it is applied only once, then it does not meet this 
principle.. On the basis of the four principles, DA and SRI look most promising, 
followedd by GPA, CSM, RI and EMI. Given the present criteria, SMS and SCS 
seemm to be inappropriate methods. 

Analysis s 

First,, methods were compared with respect to the imputed grade values. To this 
end,, the means and standard deviations of the imputed values were calculated. To 
investigatee the agreement in ranking produced by the various methods, imputed 
valuess were correlated. Correlations were also computed in the whole data files, 
includingg both observed and imputed values. Next, sex and cohort effects on the 
differencesdifferences between imputed values were investigated. The differences between 
imputedd grades was assessed by calculating the imputed values variance of each 
grade,, for all students. The variances among methods were computed using the 
meanss of the five imputed values obtained using DA and SRI. 
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T a b l ee 2 .3: Means and Standard Deviations per Subject for the Observed and Imputed 

Grades s 
Observedd Value 
Imputedd Value 

GPA A 
SMS S 
CSM M 

scs s 
RI I 
SRI I 
EMI I 
DA A 

Numberr of 
Grades s 

Observed d 
Imputed d 

Dutch h 
M M 

6.79 9 

_ _ 
_ _ 
. . 
. . 
_ _ 
_ _ 
. . 
--

SD SD 
0.75 5 

--
_ _ 
_ _ 
. . 
. . 
_ _ 
. . 
--

2080 0 
0 0 

English h 
M M 

7.15 5 

--
. . 
--
. . 
_ _ 
_ _ 
--
--

SD SD 
0.95 5 

--
--
--
--
_ _ 
--
--
--

2080 0 
0 0 

Su u bjects s 
Biology y 

M M 
6.32 2 

7.01 1 
6.00 0 
6.34 4 
6.92 2 
6.19 9 
6.33 3 
6.21 1 
6.31 1 

SD SD 
0.77 7 

0.69 9 
0.00 0 
0.62 2 
0.98 8 
0.40 0 
0.82 2 
0.41 1 
0.53 3 

689 9 
1391 1 

French h 
M M 

6.81 1 

6.89 9 
7.00 0 
6.81 1 
7.06 6 
6.76 6 
6.75 5 
6.71 1 
6.70 0 

SD SD 
0.97 7 

0.66 6 
0.00 0 
0.67 7 
0.98 8 
0.58 8 
1.05 5 
0.59 9 
0.75 5 

1117 7 
963 3 

History y 
M M 

6.86 6 

6.93 3 
7.00 0 
6.83 3 
7.12 2 
6.90 0 
6.86 6 
6.89 9 
6.87 7 

SD SD 
0.77 7 

0.70 0 
0.00 0 
0.72 2 
0.97 7 
0.37 7 
0.83 3 
0.36 6 
0.54 4 

1349 9 
731 1 

Note.Note. No means and SDs are reported for imputed values for Dutch and English, because 
alll  grades were available. 

2.3.33 Results 
Convergencee of the EM and DA algorithm s 

Thee EM algorithm converged within the specified maximum number of 100 it-
erationss in SPSS. Little's MCAR test, which tests the hypothesis that data are 
MCAR,, was significant [\2 (23, N = 2080) = 113.09, p < .00), which indicates 
thatt missing grades are not MCAR. In carrying out DA, the EM algorithm im-
plementedd in NORM took less than 35 iterations to estimate the mean vector and 
covariancee matrix of the five subjects. It appeared that 35 cycles of DA sufficed to 
convergee in distribution. For an extra margin of safety, it was decided to carry out 
1500 cycles of DA between imputations. DA was run for a total of 750 cycles, pro-
ducingg an imputation at every 150th cycle for a total of m=5 imputations. Both 
thee time series and autocorrelation function plots indicated that the estimates of 
thee means of the three subjects biology, French and history converged rapidly1. 

Empirica ll  comparison of missing grade techniques 

Largee differences were found between methods in the distribution of the imputed 
valuess in the completed files (see Table 2.3). For example, SCS and SRI impu-
tationss consistently gave large variances relative to the variances of the observed 
values,, whereas the other methods gave variances that were smaller than, or close 
too the variances of the observed grades. In the case of the subject with the lowest 
meann observed grade, biology, means of the imputed values obtained using GPA 
andd SCS are higher than the observed values. In other words, on average students 

1Forr MI methods DA and SRI, results of the MI inferences for the means of biology, French and 
history,, such as estimated fractions of missing information, and standard errors of the estimates, 
aree available from the author. 
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whoo did not take examinations in biology ended up with a higher grade than stu-
dentss who did take examinations in this subject. This is a consequence of imputing 
biologyy grades on the basis of available grades on other subjects (GPA imputes an 
averagee of available grades), which on average are higher than the biology grades. 
Thee means of the imputed grades obtained by CSM and means of the observed 
valuess are close in value. The variances of the imputed values however are lower. 
SMSS produced an average imputed biology grade that was lower than the average 
off  the observed biology grade. The average French and history grades obtained 
byy SMS are larger than the corresponding means of the available grades. This is 
aa consequence of the rounding that was employed; the average of 6.32 for biology 
wass rounded to 6, and the average of 6.80 for French and the average of 6.86 for 
historyy were both rounded to 7. The standard deviations of SMS are zero, which is 
aa natural result of the imputation of a constant. Both RI and EMI produced mean 
imputedd history grades that are close to the mean of the observed history grades. 
Thee mean imputed French and biology grades are somewhat lower than the corre-
spondingg means of the observed grades. The standard deviations of EMI and RI 
imputationss are quite small compared to the standard deviations of the observed 
values.. The relatively small standard deviations of EMI imputations come as a 
surprisee (see Comments Study 1). The means for the SRI and DA imputations 
aree very close to the means of the observed values for all subjects. However, DA 
producedd standard deviations that are smaller than the standard deviations of the 
observedd values. SRI produced standard deviations that are approximately equal 
too the standard deviations of the observed values. 

Inn Table 2.4, the correlations between the imputed values produced by the 
differentt methods are reported (the correlation of SMS with other methods is not 
given;; the correlation cannot be computed because the imputed values have a 
variancee of zero). The methods clearly differ greatly in the ranking of the students 
theyy produce. Values obtained by SRI and DA have consistently lower correlations 
withh the values obtained by other methods. The correlation between EMI and RI 
iss very high for each of the three grades. The correlations between the imputations 
aree highest for the subject French and lowest for biology. 

Thee correlations among the history grades and biology grades that were im-
putedd by means of SRI and RI, are low. This is surprising because the imputed 
valuess only differed by a stochastic error term. The correlation between the im-
putedd French grades obtained using SRI and RI, however, is higher. The difference 
inn correlations is due to greater variance of the imputed French grades compared 
too the variance of the imputed biology and history grades. Because of the low 
variancee of RI imputed history and biology grades, the addition of stochastic error 
(thatt had approximately equal variance for history, French, and biology) had a 
relativelyy greater effect, making grades imputed by RI and SRI more variable. 

Thee correlations between all the grades, that is, both the imputed and observed 
dataa are higher, because observed grades are identical from one missing data tech-
niquee to the next. As the general pattern of correlations is similar to that based 
onn the imputed values, these results are not reported. 

Too check whether differences between the imputed values were related to per-
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T a b l ee 2.4: Between-Method Correlations of Imputed Values per School 

Subject Subject 
Method d 

GPA A 
CSM M 

scs s 
RI I 
SRI I 
EMI I 
DA A 

GPA A 
CSM M 
SCS S 
RI I 
SRI I 
EMI I 
DA A 

GPA A 
CSM M 
SCS S 
RI I 
SRI I 
EMI I 
DA A 

GPA A 

1.00 0 
.75 5 
.69 9 
.74 4 
.37 7 
.75 5 
.40 0 

1.00 0 
.92 2 
.69 9 
.70 0 
.57 7 
.73 3 
.62 2 

1.00 0 
.91 1 
.72 2 
.57 7 
.45 5 
.56 6 
.47 7 

CSM M 

1.00 0 
.68 8 
.70 0 
.39 9 
.72 2 
.42 2 

1.00 0 
.70 0 
.71 1 
.58 8 
.74 4 
.63 3 

1.00 0 
.75 5 
.55 5 
.48 8 
.55 5 
.49 9 

SCS S 
Biology y 

1.00 0 
.57 7 
.33 3 
.54 4 
.30 0 

French h 

1.00 0 
.85 5 
.67 7 
.86 6 
.73 3 
History y 

1.00 0 
.54 4 
.44 4 
.53 3 
.46 6 

RI I 

1.00 0 
.35 5 
.95 5 
.35 5 

1.00 0 
.63 3 
.93 3 
.67 7 

1.00 0 
.31 1 
.98 8 
.37 7 

SRI I 

1.00 0 
.34 4 
.21 1 

1.00 0 
.62 2 
.54 .54 

1.00 0 
.29 9 
.21 1 

EMI I 

1.00 0 
.35 5 

1.00 0 
.67 7 

1.00 0 
.37 7 

DA A 

1.00 0 

1.00 0 

1.00 0 
Note.Note. SMS was left out of this table; correlations cannot be computed because 
SMSS imputations do not vary among each other. 

sonn characteristics, the variance among the imputed values per grade and for each 
individuall  student was calculated. First, this variance was related to the num-
berr of unavailable grades. To assess the effect of the number of missing grades 
associatedd with two of the three subjects (values 0,1, or 2) on the variance of im-
putedd grades for the remaining subject, ANOVAs were performed. Eta squared 
wass used as a measure of effect size. The etas squared equal .012, .005, and .008 
forr biology, French and history, respectively. As these effect sizes are very small 
(see,, Cohen, 1977), it appears that there is no relationship between the number 
off  missing grades and variance of the imputed grades. Second, to assess the effect 
off  cohorts on the variances, an ANOVA with cohort as factor was performed for 
eachh subject. As the etas squared equal .003, .008 and .025 (for biology, French 
andd history, respectively), we conclude that a cohort effect is absent. To check 
whetherr sex was related to the differences between imputations, the point biserial 
correlationn between the variance of the imputed values and sex was computed. 
Informationn about sex was available only in the last three cohorts (40% of the 
students),, and unavailable in the other cohorts. Therefore, these data were miss-
inging by design, which means the data are at least MAR (e.g., Schafer, 1997). In 
vieww of this, correlations were computed using the EM algorithm. The correlations 
equall  .08, -.02, and .04 for biology, French and history respectively. Again these 
resultss suggest that sex and differences in variance among the imputed values are 
unrelated. . 
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2.3.44 Comments 

Wee first comment on the missing grade techniques that were performed using 
thee MVA module in SPSS 8.0.0 for Windows. Generally speaking, in RI, SRI, 
andd EMI, the covariance matrix that is standard output in MVA differs from the 
covariancee matrix that is calculated on the basis of the completed data file (i.e., 
includingg observed and imputed grades). In comparing the matrices obtained using 
EMII  and RI, it turned out that there were large differences in MVA estimates, but 
onlyy small differences between the covariance matrices of the completed grades. 
EMII  and RI yield nearly identical rankings of the imputed values (see, Table 2.4), 
whichh raises doubt concerning the correctness of the implementation of the MAR 
assumptionn for EMI in SPSS2. 

AA second comment concerns the estimation of the unavailable grades on the 
basiss of ML and Bayesian inference, i.e., using EMI and DA, respectively. To 
ensuree convergence of estimation, the ratio of courses to students should not be 
tooo high. In the present study this ratio is low, the unavailable grades on just 
fivee subjects were estimated in a sample of 2080 students. However, if this ratio 
iss too high, estimation of the unavailable grades may not converge. Strieker et 
al.. (1994) encountered this problem in estimating GPAs for departments instead 
off  single course grades. In many situations, the ratio of courses to students will 
probablyy be acceptable so that application of these methods should not pose a 
convergencee problem. However, if it is not possible to use these two methods, 
other,, non-iterative methods that estimate grades, such as RI and SRI, may be 
used. . 

2.44 Study 2: Prediction with the completed grades 
fil e e 

Inn the second study, the imputed and observed grades were used to predict aca-
demicc achievement. 

2.4.11 Method 

Data a 

Inn the present study, the grades (both observed and imputed) featured as the in-
dependentt variables and the number of credits that a student earned within the 
freshmann psychology year featured as the dependent variable. The number of 
creditss is considered to be a good measure of study success because it accurately 
reflectss study progress. The full freshman program comprises of 42 credits. The 
numberr of credits was assessed at the end of the freshman year. On the basis of 
accuracyy of administration criteria, students from two cohorts were selected for the 

22 A full description of the problems concerning the application of RI, SRI, and EMI in the 
MV AA module in SPSS 8.0.0 is available from the author. 
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presentt study. The two cohorts comprised a total 446 students, distributed about 
equallyy over the cohorts (n=213 and n=233). The cohorts were considered com-
parablee since the governmental and departmental policymaking had not changed 
betweenn these two cohorts. 

Analysis s 

Twoo analyses were performed in the prediction study: one in which grades were 
weightedd identically, and another in which grades were weighted differentially. 

Predictionn analysis wit h identically weighted grades In predicting aca-
demicc achievement using identically weighted grades, each subject contributed 
equallyy to the prediction. The correlation between the average grade and the 
numberr of credits was calculated within each cohort and separately for each im-
putationn technique. 

Predictionn analysis wit h differentiall y weighted grades In the second 
analysis,, linear regression was performed within each cohort. In this regression 
analysis,, the grades on the five subjects were used as predictors, and the number 
off  credits obtained served as the criterion. Regression weights were estimated, 
allowingg for varying contributions of each subject in the prediction. The correla-
tionn between the predicted values and the criterion was used as a measure of the 
predictivee validity. The GPA imputation method that was applied here should 
nott be confused with the common use of GPA. Every missing grade was explic-
itl yy replaced by the personal mean of the student, and regression analyses were 
performedd on the completed grade records. 

Too assess the error rates of the regression analyses, results obtained in one 
cohortt were cross-validated in the other cohort. Cross validation is the traditional 
methodd to estimate error rates and it produces estimates of error rates that are 
almostt unbiased (Efron & Tibshirani, 1995). Cross validation involves the com-
putationn of a predicted score by weighting the predictors in one sample with the 
regressionn weights estimated in the other sample. 

Thiss study can be seen as an experiment, in which the missing data technique is 
thee independent variable, and the correlation between the actual number of credits, 
andd the prediction of the number of credits based upon the complete grade records 
iss the dependent variable. 

2.4.22 Results 

Predictionn analysis wit h unweighted grades 

Inn Table 2.5 it can be seen that for all methods the correlations between the 
averagee grade over all subjects are higher in cohort 2 than they are in cohort 1. 
Inn other words, prediction based on unweighted grades explained more variance of 
thee criterion in cohort 2 than it did in cohort 1. In both cohorts, the correlations 
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Tablee 2.5: The Correlations between the Number of Credits and the Average 
GradeGrade Over All Subjects after Imputation for Each Missing Data Technique 

Numberr of Freshman Year Number of Freshman Year 
Missingg Data Technique Credits cohort l a Credits cohort 2b 

GPAA i3Ï3 326 
SMSS .343 .363 
CSMM .310 .352 
SCSS .296 .319 
RII  .332 .359 
SRICC .326 (.074) .330 (.070) 
EMII  .330 .354 
DACC .308 (.075) .309 (.080) 
Qnn = 213. n = 233. cFor SRI and DA, correlation standard errors resulting from 
withinn and between imputation variability are reported between brackets. 

associatedd with SMS, EMI and RI are higher than those associated with GPA. 
Thee correlations associated with SCS and DA are lower than those associated 
withh GPA in both cohorts. These differences are small, however. In Table 2.5 
MII  standard errors for the estimated correlations associated with SRI and DA are 
alsoo reported.3 

Predictionn analysis wit h weighted grades 

Ass with prediction based on unweighted grades, multiple correlations and cross-
validityy coefficients are higher in cohort 2 than in cohort 1 (see Table 2.6). In five of 
eightt methods, the cross-validated multiple correlation is greater than the multiple 
correlationn of the prediction function that was obtained in the first cohort. In 
thee second cohort, the multiple correlation associated with GPA was the highest 
(.442)) that was observed in the regression analyses. However, cross validation 
off  this prediction function in the first cohort also resulted in the largest drop in 
predictivee validity: the correlation fell to .295. The prediction functions associated 
withh the other imputation techniques display a much smaller drop in correlation. 
Thee correlation between predicted values and the criterion was consistently large 
forr RI, EMI, SRI and SMS. The prediction functions associated with CSM and 
SCSS performed well in cross validation. In the first cohort, the results are not as 
good.. The correlations associated with DA are consistently low. Cross validation 
revealedd that these correlations remained more or less stable. However, it is noted 
thatt overall, the differences between the methods are small. In Table 2.6, MI 
standardd errors for the estimated correlations associated with SRI and DA are 
alsoo reported3. 

2.4.33 Comments 

Inn Study 2, regression analyses were performed with the completed grades (im-
putedd and observed) as predictors. In the case of RI, SRI, EMI and DA, the missing 

3Otherr results of these MI inferences, such as estimated fractions of missing information, and 
betweenn and within-imputation variance, and a discussion of these MI inferences are available 
fromm the author. 
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T a b l ee 2.6: The Multiple Correlations and Cross-validities for the Pre-
dictiondiction of the Number of Credits 

Missing g Data a 
Technique e 
GPA A 
SMS S 
CSM M 
SCS S 
RI I 
SRIC C 

EMI I 
DAC C 

Numberr of Credits cohort l a 

Multipl e e 
Correlation n 
.330 0 
.360 0 
.331 1 
.335 5 
.351 1 
.3488 (.074) 
.350 0 
.3311 (.073) 

Crosss Validity 
off  pred. rule 2 
.295 5 
.318 8 
.295 5 
.320 0 
.326 6 
.3266 (.077) 
.320 0 
.3133 (.073) 

Numberr of Credits cohort 2b 

Multipl e e 
Correlation n 
.442 2 
.398 8 
.385 5 
.369 9 
.404 4 
.3688 (.070) 
.399 9 
.3522 (.078) 

Crosss Validity 
off  pred. rule 1 
.390 0 
.347 7 
.352 2 
.355 5 
.376 6 
.3388 (.068) 
.362 2 
.3300 (.077) 

ann = 213. bn — 233. cFor SRI and DA, correlation standard errors resulting 
fromm within and between imputation variability are reported between brack-
ets. . 

gradess were estimated on the basis of observed grades. Generally, in applying these 
methods,, information about the criterion can be included in the calculation of im-
putations.. The use of the criterion to estimate missing data among the predictors 
hass different consequences for these four missing data techniques. In the case of 
RI,, regression on the completed predictors (imputed and observed) results in unbi-
asedd estimates, only if imputations are made conditionally on the predictors alone 
(see,, Little, 1992). To ensure unbiased estimation of regression parameters, the 
EMM algorithm has to be applied to both the predictors and the criterion in calcu-
latingg means and the covariance matrix (Little, 1992). In this study, the imputed 
grades,, which resulted from the last E step of the EM algorithm, were used in 
subsequentt analyses. It is unclear how the estimates of the regression parameters 
weree affected by the exclusion of a criterion in the production of EMI imputations. 
MII  methods like SRI and DA should involve conditioning on both the predictors 
andd the criterion to ensure unbiased estimates in the regression of the criterion 
onn the predictors. If conditioning is limited to the predictors, the strength of the 
relationshipp will be underestimated, i.e., regression coefficients wil l be downwardly 
biasedd (Little, 1988, 1992; Schafer, 1997; Schafer & Olsen, 1998). 

Inn Study 2, none of the principled missing grade methods did include the crite-
rion,, which may have resulted in the underestimation of regression coefficients in 
thee case of DA, SRI, and EMI. For an extensive discussion of prediction analysis 
withh missing values in the predictors, see, e.g., Littl e (1992). In this study, impu-
tationss were not derived by conditioning on the criterion (number of credits) for 
thee simple reason that accurate credit records were unavailable in some cohorts. 
Onee solution to this problem would be to carry out estimation within each cohort. 
However,, a consequence of this would be that the imputation of missing grades 
wouldd be based on smaller groups of students and thus would be more susceptible 
too sampling fluctuations. Another, more general reason for not conditioning on 
thee criterion when imputing grades, is that the criterion may change from one pre-
dictionn study to another (e.g., the number of credits obtained in the first two years 
off  study, or the number of years needed to graduate). One would then require new 
imputationss for the same grade records file in every new study. 
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AA final comment concerns techniques that estimate means and covariance ma-
tricess in the presence of missing data, such as the EM algorithm. Regression 
analysiss on the basis of a mean vector and a covariance matrix is more compli-
catedd to carry out because statistical packages no longer seem to have the option to 
performm regression analysis on the basis of the mean vector and covariance matrix. 
Generallyy packages require raw data. 

2.55 Discussion 

Inn Study 1, the comparison of the eight missing grade methods demonstrated large 
theoreticall  differences between methods. The techniques were classified on four 
imputationn principles presented by Littl e (1988). SRI and DA emerged as the 
mostt promising, followed by RI, EMI, GPA, and CSM. SMS and SCS appear to 
bee the least suitable as missing grade techniques. 

Little'ss MCAR test showed that the present data are not MCAR, which means 
thatt the data are MAR or MNAR. This result suggests that an important assump-
tionn concerning the process causing the missingness is violated in the case of at 
leastt six of the eight missing grade techniques (GPA, SMS, CSM, SCS, RI, and 
SRII  assume MCAR). DA assumes that the data are MAR. It is not clear whether 
thee assumption of MAR holds, when EMI is applied (see comments Study 1). As 
noo test is available to establish that the data are MAR, MAR remains an untested 
assumption.. It is likely that the data are in fact MNAR. It appears that the vi-
olationn of assumptions relating to the missing data mechanism is less serious for 
DAA (and perhaps for EMI) than for the other methods. 

Largee differences in the values imputed by the various methods were found, and 
consequentlyy the means and standard deviations of the imputed values differed as 
well.. The correlations between imputations obtained using the various methods 
weree rather low. One exception is the correlation between the imputations based 
onn EMI and RI. This correlation exceeds .90 for biology, history and French. 
Imputationss based on SRI and DA display the lowest correlations with imputations 
obtainedd using the other methods. This is a consequence of the fact that both 
methodss involve drawing imputations from a predictive distribution. The amount 
off  variance among imputed values was found to be unrelated to the number of 
missingg grades, sex, or cohort. 

Inn Study 2, in the regression analysis using unweighted grades as predictors, 
predictionn based on grades that included imputations by SMS, EMI and RI out-
performedd prediction based on grades that included imputations based on GPA. 
Thiss was found to be the case in both cohorts. In the regression analysis with 
weightedd grades, the largest multiple correlation was obtained with imputations 
basedd on GPA. However, in cross validation, this correlation showed the largest 
drop.. Other techniques showed more consistent results. The largest correlations 
weree obtained using RI, EMI, SRI and SMS. However, overall the differences be-
tweenn the methods were small. 

AA number of missing data techniques provided better predictions than those 
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obtainedd using GPA. This may be the result of these methods utilizing additional 
informationn (GPA is limited to information provided by the student's available 
grades).. RI, EMI and SRI utilize information relating to the relationship between 
subjects.. It is remarkable that the SMS imputation of an observed subject mean 
producedd better predictions than the GPA imputation, which is based on a per-
sonall  mean. As an imputation technique SMS does not satisfy any of the four 
imputationn principles. The available mean grade on a given subject appears to 
providee more information than the student's observed grades on other subjects. 
Thiss is remarkable because the imputation based on a mean value does not differ-
entiatee between students who have missing grades. 

Itt is surprising that results obtained with DA are disappointing in both pre-
dictionn analyses. DA, at least in theory, is superior in that it uses a predictive 
distributionn to draw imputations, it utilizes all available grades, and it takes into 
accountt the uncertainty due to missing data. In the comments to Study 2, it is 
notedd that in carrying out DA, the criterion was not included in the imputation 
model.. This may have resulted in lower correlations between predicted values and 
thee criterion in the regression analyses. It is noted, however, that the differences 
betweenn the techniques are rather small. No single method emerged as really 
superior. . 

Fromm a practical point of view, the replacement of missing grades by imputed 
valuess is very convenient and wil l generally result in better prediction. As could be 
seenn above, even the method of GPA can be used to improve predictions if unavail-
ablee grades are explicitly replaced and regression analysis is performed (however, 
crosss validation showed that these predictions turned out to be somewhat unsta-
ble).. A completed data file (in which missing data are replaced by imputations) 
allowss one to carry out analyses in which a subset of subjects can be selected as 
predictors.. One's interest may be limited to a certain selection of subjects, e.g., 
sciencee subjects. Imputation based on all available subjects is likely to increase 
thee accuracy of the imputations within the subset of subjects. The completed 
gradess file also enables one to carry out analyses in which the grades feature not 
ass predictors, but as dependents. A single subject or a combination of subjects 
mayy feature as the criteria in such analyses. 

Inn summary, we have found large differences between the various methods both 
inn their theoretical underpinnings and in the actual imputed values that these 
methodss produce. Of the methods considered, DA and SRI appear to be superior. 
Inn the two prediction studies reported above, only small differences between the 
methodss were observed. However, some methods, notably RI and SRI, were found 
too produce more consistent predictions than other methods. One clear message 
thatt does emerge from the present results is that GPA should not be considered 
ass a default missing grade technique. On both theoretical and empirical grounds, 
otherr techniques should be preferred. 
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33 The measurement versus 
predictionn paradox in the 
applicationn of planned 
missingnesss to psychological 
andd educational tests 

Abs t ract t 

Duee to the recent availability of advanced techniques for handling missing 
values,, data can be collected missing by design, and unobserved values can be 
estimated.. This study deals with the application of by design missingness to 
psychologicall  and educational paper and pencil tests. Test writers are usually 
facedd with a paradox. Researchers should choose between two conflicting test 
goals.. First, the test should be valid for predicting a given criterion. Second, 
thee test should be a precise measurement of some attribute of an individual. 
Whenn applying incomplete test designs, the testing goal should be taken into 
account,, because techniques that handle incomplete item responses seem to 
optimizee only one of these goals. A distinction between two kinds of model 
basedd techniques for incomplete test data can be made. One method is IRT, 
whichh allows for incomplete item response collection, estimating latent traits 
onn the basis of available responses. Another method consists of a more gen-
erall  group of techniques, such as Data Augmentation (DA), which directly 
estimatess unobserved data, using all available information, the criterion in-
cluded.. In this study, paper and pencil test were simulated, and a third part 
off  the item responses was made unobservable. Next, an IRT method, DA 
andd two simple missing item response techniques were compared on their 
performancee at reconstructing total scores, test reliability and predictive va-
lidity .. All methods gave good reconstruction of total scores. IRT performed 
bestt at the estimation of complete data reliability; DA performed best at 
thee estimation of complete data predictive validity. 

Thiss chapter is based on the paper: Smits, N., Mellenbergh, G. J., &: Vorst, H. C. M. 
(2000).. The measurement versus prediction paradox in the application of planned missingness 
toto psychological and educational tests. Under revision. 
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3.11 Introduction 
Inn psychological and educational research, paper and pencil questionnaires are fre-
quentlyy used. For paper and pencil test taking, the tester often has to consider the 
lengthh of the test. A long test gives much information, but takes more testing time, 
whichh increases the respondent's burden; consequently, the response rate may de-
crease.. Long tests also may leave the researcher less time for other respondent data 
recording.. A solution is to split the test into several item subsets and administer 
onlyy one of the subsets to any respondent. This split test design requires methods 
forr missing item responses that yield inferences that are comparable to complete 
testt inferences. 

Inn general, data that are intentionally not recorded are called 'missing by de-
sign'' or 'planned missing1. Data that are planned missing, and that are assigned 
inn a random way to the sample, are generally Missing Completely At Random 
(MCAR)) (Rubin, 1976). In contrast, if missingness of the data depends upon the 
observedd data, then the data are Missing At Random (MAR). If the missingness 
dependss on the missing values of unobserved variables, then the data are Missing 
Nott At Random (MNAR) (Littl e & Rubin, 1987). For MCAR and MAR data, 
manyy missing data methods have been developed in the last decade (see, e.g., 
Littl ee & Schenker, 1995). 

Raghunathann and Grizzle (1995), Schafer and Olsen (1998), and Graham et al. 
(1996)) applied several missing data techniques to survey questionnaires that had 
plannedd missings. For these studies it was concluded that incomplete information 
couldd be retrieved satisfactorily. 

Inn general, an important difference between questionnaire surveys on the one 
handd and psychological and educational tests on the other hand exists. Surveys 
usuallyy ask for concrete opinions, behavior or live events. In contrast, psychological 
andd educational tests generally try to measure latent constructs that do not have a 
directlyy observable nature, such as motivation or mathematical ability. Therefore, 
psychologicall  and educational instruments need more items, and some kind of 
measurementt model which relates the observed item scores to the latent construct. 

Methodss for explicitly dealing with unavailable item responses in psychologi-
call  and educational questionnaires, have been developed (see, e.g., Bernaards & 
Sijtsma,, 1999, 2000; Huisman k Molenaar, 2001). The authors studied the per-
formancee of several techniques for different forms of missing data mechanisms. 
However,, planned missingness was not explicitly discussed. 

Anotherr setting in which planned missing item responses can be handled, is 
Itemm Response Theory (IRT). IRT consists of a general group of measurement 
modelss that has been developed for educational and psychological testing. Planned 
missingnesss has been integrated within IRT (e.g., Mislevy & Wu, 1996). Designs 
havee been developed, so that testees only make (different) parts of a test, allowing 
forr the estimation of a common trait for all testees. An extreme example of 
plannedd missingness in IRT, is the application of matrix sampling in educational 
settingss (see, e.g., Mislevy, Beaton, Kaplan, & Sheehan, 1992). In such situations, 
examineess only take a very small part of all items, allowing for the estimation of 
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populationn characteristics. 
Inn psychological and educational testing, the test developer is usually faced 

withh a paradox. When a researcher is interested in an accurate measurement of 
somee attribute of individuals, he or she should use items that make up a reliable 
scale.. Scales with high reliability have, by definition, high inter-item correlations. 
Hence,, the researcher should select items that have high inter-item correlations. 
Onn the other hand, if a researcher wishes to predict a given criterion, he or she 
shouldd look for items that have a high correlation with the criterion, that is, a high 
predictivee validity. As the square root of test reliability is an upper bound of pre-
dictivee validity, it also seems desirable for this situation to select items with high 
inter-itemm correlations. However, items with high inter-item correlations usually 
explainn the same part of the criterion's variance. In order to explain as much of 
thee criterion's variance as possible, the items should explain different parts of the 
variance.. In other words, low inter-item correlations are needed for high predictive 
validity.. In order to maximize predictive validity, the researcher has to select items 
thatt have high correlations with the criterion, and low inter-item correlations. So, 
itt seems to be impossible to maximize both measurement precision and predictive 
validityy at the same time. If measurement precision is maximized, reliability is 
high,, inter-item correlations are high, and as a consequence, predictive validity 
tendss to be lower. If predictive validity is maximized, inter-item correlations are 
low,, and as a consequence, measurement precision tends to be lower. This paradox 
wass considered in three classical handbooks for psychological testing (Cronbach & 
Gleser,, 1965, pp. 136-137; Gulliksen, 1950, pp. 380-381; Lord & Novick, 1968, p. 
332).. In practice, researchers have to make a choice between either measuring pre-
cisely,, or predicting accurately. Maximize either predictive validity at the expense 
off  measurement precision, or maximize measurement precision, at the expense of 
predictivee validity. 

Thee conflict between measurement and prediction should also be considered, 
whenn incomplete designs are applied to psychological and educational scales, be-
causee missing item techniques seem to maximize only one of these two goals, at the 
expensee of the other. Generally speaking, measurement models like IRT, maximize 
relationss among items, and ignore relationships with criterion variables. General 
missingg data methods, such as the techniques Raghunathan and Grizzle (1995), 
Schaferr and Olsen (1998), and Graham et al. (1996) applied to incomplete surveys, 
maximizee the relationships among all variables, including a criterion, and ignore 
thee fact that the items are special variables that make up one scale. Now, when 
itemm responses are missing by design, and these missings are dealt with using a 
measurementt model, it is very likely that predictive validity will decrease at the 
expensee of measurement precision. On the other hand, when general missing data 
methodss are used, it is very likely that measurement precision wil l decrease at the 
expensee of predictive validity. The question researchers should pose is what kind 
off  incomplete item response method should be chosen for their testing goal. 

Inn this study, using simulated data, it was checked what incomplete item re-
sponsee techniques could best be used for measurement and prediction situations, 
inn which missingness is planned. Several methods for handling incomplete tests 
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weree compared at their performance on reconstructing incomplete test data, re-
liabilitiess and predictive validities. Two IRT methods, and two applications of a 
generall  missing data method, Data Augmentation (DA), were applied. In addi-
tion,, to find out whether these model based methods were worth the effort, two 
simplee methods explicitly developed for missing item responses were applied. Fi-
nally,, to investigate whether it is fruitful to use theory based methods, as opposed 
too using no theory to handle incomplete item responses, a base rate method was 
alsoo applied. The methods were evaluated at the reconstruction of test data, and 
thee reconstruction of test quality measures. Test data with different numbers of 
items,, and different numbers of examinees were simulated. 

3.22 Method 

Forr this simulation study, common measurement and prediction settings were sim-
ulated,, like for example, the measurement of motivation in education, and the 
predictionn of study success with motivation as a predictor. Data matrices con-
sistingg of both item scales and a criterion were generated. A third part of the 
itemm responses was made unobservable. Next, it was checked what missing item 
responsee methods performed best in prediction and measurement situations. 

3.2.11 Generating data 

Forr each simulee, a value for a common latent trait, an observed criterion, and 
aa latent variable for each item were generated. These variables all had a N(0,1) 
distribution.. The variables that were generated for each item, were called item 
specificc constructs. These item specific constructs were used in order to obtain 
aa relationship between each item and the criterion, that did not go through the 
connectionn between the latent trait and the criterion. The correlations among 
thee item specific constructs, and between the constructs and the common latent 
variablee were fixed at zero. The correlation between the item specific constructs 
andd the criterion, was set at an identical nonzero positive value for all items. In 
short,, each of the item specific constructs had no relationship with other item 
specificc constructs or with the common latent trait; only a relationship with the 
criterionn existed. The correlation between the criterion and the latent trait was 
fixedd at a nonzero positive value. The correlational structure of the items and 
criterionn was identical at population level for all the matrices that were generated. 

Thee responses to 5 answer category items were generated using an adjusted 
versionn of Samejima's (1969) Graded Response Model (GRM) for polytomous 
items.. Mellenbergh (1995) described GRM as a model for a number of depen-
dentt dichotomizations. A model for K + 1 answer categories can be formulated 
ass a model for K dependent dichotomous variables. Each of the K dichotomies 
describess the probability that category k 4- 1 or higher is chosen. GRM with five 
answerr categories for a randomly selected simulee's probability of scoring 1 at the 
kthkth dichotomization of the j t h item, is of the form 
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PPjkjk{0){0) = [exp(-aj9 + bjk)]-
1,k = 1,2,3,4, (3.1) 

wheree 0 is the simulee's value on the common latent trait. The parameter ÜJ is the 
itemm discrimination parameter. The parameter bjk, is specific for the j t h item and 
thee kth item dichotomy, and is the item-category location parameter. For GRM, 
bjibji  < bj2 <  Equation 3.1 gives the model for 5 item categories, and hence has 
44 location parameters. 

Thee adjusted version of GRM adds a specific construct for each item. The 
adjustedd model for a randomly selected simulee's probability of scoring 1 at the 
fcthfcth dichotomization of the jth item is of the form 

PPjkjk{6,a{6,a33)) = [expi-aijO - a2ja3 + bjk)]-\k = 1,2,3,4, (3.2) 

wheree a3 is the simulee's value on the specific construct for item j . The parameters 
aiai and «2 are the discrimination parameters for the common latent trait, and the 
itemm specific construct, respectively. 

Thee item responses of each simulee were generated by calculating probabilities 
forr each item category on the basis of the item parameters and the simulee's vector 
containingg a value on the latent trait, and a value on the item specific construct. 
Forr each simulee, per item, an answer category was randomly drawn from the 
multinomiall  distribution with the simulee's item category probabilities. So, for 
eachh item, two variables (9 and <TJ) were used to simulate an item response. For 
aa test with J items, the test is J + 1 dimensional: one latent trait, and J item 
specificc constructs. Figure 3.1 displays the simulation model for two items and a 
criterion. . 

Thee correlation between the latent trait and the criterion, and the correlation 
betweenn each item specific construct and the criterion were set at .30 and .15, 
respectively.. The item discrimination parameters of the common latent trait were 
drawnn from a uniform distribution on the interval from .80 to 1.50, which are high 
valuess (Reise & Yu, 1990). The discrimination parameters of the item specific 
constructss were drawn from a uniform (.40, .80) distribution, which are low values 
(Reisee & Yu, 1990). The four category boundary parameters (five answer cate-
gories)) were drawn as follows: &i from a uniform distribution on the interval from 
-2.00 to -1.0, b2 uniform from -1.0 to 0.0, 63 uniform from 0.0 to 1.0, and b4 uni-
formm from 1.0 to 2.0. For the maximum number of items in the simulation design, 
bothh the values of pairs of discrimination parameters, and the sets of four loca-
tionn parameters were drawn once. These parameter sets were used throughout the 
simulation.. In conjunction with the values of the correlations that were reported 
earlier,, these item parameter values result in simulated tests with predictive va-
liditiess of about .30 to .40, and reliabilities of about .70 to .90 (depending upon 
thee number of items). Data analysis of the resulting tests, cannot yield estimates 
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Figuree 3.1: The Simulation Model of Two Items and a Criterion. The straight arrows 
representrepresent linear relationships; the curvilinear arrows represent logistic relationships; 9 
representsrepresents the common latent trait; <j\  and <72 represent constructs that are specific for 
itemsitems 1 and 2, respectively. 

off  the item specific construct parameters, because the specific constructs are not 
commonn to other items. 

Thee numbers of simulees of 300, 600, and 900 were used to study the per-
formancee of the incomplete item response methods under different sample sizes. 
Too study the performance of the incomplete item methods under different scale 
lengths,, tests with 9, 18, and 27 items were used. These numbers are divisible by 
three,, allowing for the application of the incomplete design, that is described later. 
Forr this simulation, for every 'number of simulees - number of items' combination, 
aa test with a criterion was generated 10 times. 

Thee simulated data had a 3 (Number of Simulees; 300, 600, and 900) x 3 (Num-
berr of Items; 9, 18, and 27) factorial design with 10 observations (replications) per 
cell. . 

3.2.22 Generating missing item responses 

Thee missing item responses were specified according to a block-interlaced anchor-
ingg design (Vale, 1990). For every generated test, the test was split into three 
equall  sets of items, A, B, and C. The simulees were split into three equal groups. 
Forr each member of the first group, set A was deleted; for members of the second 
group,, set B was deleted; and for the third group, set C was deleted. So, after 
deletion,, every group had observed data for two-thirds of the total item set. The 
criterionn was observed for all simulees. The items were deleted randomly, and not 
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onn the basis of characteristics of the items or simulees; therefore, the data were 
MCAR,, as was mentioned previously. 

3.2.33 Incomplete item response techniques 

Sixx incomplete item response techniques, and a base rate method were compared: 
twoo versions of DA and two versions of the Graded Response Model (GRM), two 
stochasticc versions of more simple methods (the two-way method, and personal 
meann imputation); the base rate method was Random imputation (RAN). Al l 
methods,, except for one of the GRM methods (which is an estimation method), 
aree imputation methods. Imputations were performed once for each incomplete 
dataa file, for every imputation method. The imputation methods that were used, 
cann all be used to create Multiple Imputations (Mis) (Rubin, 1987). However, for 
thiss study single imputations were used. It was assumed that single imputation was 
sufficientt for the comparison of the quality of incomplete item response methods. 

Randomm imputatio n 

RANN selects a random value from a uniform (0.5, 5.5) distribution, and rounds it 
too the nearest integer. This method was used as a base rate procedure, which was 
expectedd to give least accurate reconstruction of the missing item responses. 

Dataa augmentation 

Schaferr (1997), and Schafer and Olsen (1998) made use of the missing data pro-
ceduree DA. DA is an iterative procedure that alternately performs a random im-
putationn of missing data under assumed values of the parameters, and draws new 
parameterss from a Bayesian posterior distribution based on the observed and im-
putedd data. The procedure creates a Markov chain that eventually converges in 
distribution.. The distribution of the missing data stabilizes to a predictive dis-
tribution,, out of which values are drawn to create imputations (Schafer Sz Olsen, 
1998).. Inference on the basis of DA is valid if the missing data are at least MAR. 

Thee Bayesian nature of DA appears in the specification of a prior distribution 
forr the parameters of the missing data, representing the imputer's belief about 
thesee parameters. In practice, Bayesian inference is more sensitive to the choice of 
thee data model than the choice of the prior. In DA, noninformative prior distribu-
tionss can be used, that correspond to a state of ignorance about the parameters 
off  the missing data. In the majority of data analyses, this noninformative prior 
workss well (Schafer k Olsen, 1998). 

DAA was carried out as described by Schafer (1997), and Schafer and Olsen 
(1998).. Analyses were performed using an S-plus library, called NORM, written 
byy Schafer (1998) (downloadable at http://www.stat.psu.edu/~jls/misoftwa.html). 
NORMM was developed for the imputation of multivariate continuous data under 
normality.. Commonly, item responses may at best be approximately normally 
distributed.. However, DA tends to be quite robust against departures from the 
imputationn model (Schafer & Olsen, 1998). Two versions of DA were applied. 

http://www.stat.psu.edu/~jls/misoftwa.html
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First,, the measurement situation was considered: one does not (yet) have infor-
mationn about the criterion, or one is not interested in it. The major goal is to 
reconstructt unavailable item responses on the basis of available responses. This 
versionn of imputation on the basis of DA was called DA with Items only (DAI) . 
Second,, the prediction situation was considered in which one is primarily inter-
estedd in the relationship between the items on the one hand, and the criterion 
onn the other hand. Item scores were reconstructed on the basis of available item 
scoress and a completely observed criterion. This version of DA was called DA with 
Criterionn included (DAC). 

Forr both versions of DA, ML estimates produced by the EM algorithm (Demp-
sterr et al., 1977), were used as starting values for the incomplete data parameters. 
Thee default noninformative prior was applied. 

Gradedd response model 

IRTT is a general group of models for mental and personality tests (see, for an 
overvieww of modern IRT, e.g., van der Linden &; Hambleton, 1997). IRT allows for 
thee estimation of one latent trait (9) of examinees who made tests consisting of 
differentt sets of items (like tests with planned missing data). The ML estimation 
off  9 as the value which has the highest likelihood of producing the observed re-
sponses,, is the same regardless of the set of items (Thissen, 1991b, p. 4-4). For the 
incompletee test items, Samejima's (1969) GRM, which is an IRT model for poly-
tomouss unidimensional items, was used. The model for 5 item answer categories 
(Equationn 3.1) was applied to the simulated incomplete tests. 

GRMM parameters were estimated with the computer program MULTILO G 
(Thissen,, 1991a). The program gave ML estimates of item and simulee parameters 
associatedd with the incomplete item responses. 

Inn general, after IRT 9 estimation, individual item scores are no longer needed. 
Thee estimate of 9 is used to scale the simulees on the latent trait. This means that 
forr planned missing item responses, attention can be focused at 9 estimation; both 
observedd and missing item scores can be discarded. However, in this simulation 
study,, the effects of incomplete item response techniques on data reconstruction, 
andd reconstruction of predictive validities and reliabilities were studied. The re-
constructionn of both the data and predictive validities can be studied using the 
estimatee of 0. In contrast, 9 estimation can not be used directly to check the recon-
structionn of reliability. Therefore, to be able to compare IRT with other techniques, 
missingg item scores were reconstructed, allowing for the calculation of reliability. 
Onn the basis of 9 estimates, and estimated a and b item parameters, probabilities 
forr item categories were computed. Next, each simulee's missing item response 
wass replaced by a randomly drawn category from the simulee's multinomial item 
categoryy probability distribution. This version of IRT was called Item Response 
Imputationn (IRI). In contrast, the estimation of 9 was called Item Response 9 
Estimationn (IRE). For data reconstruction and predictive validity reconstruction, 
IREE was primarily studied, and IRI was considered of minor importance. 
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Two-wayy method 

Thee Two-Way Imputation with residual Error (TWE) method was used by Bernaards 
andd Sijtsma (2000) for the imputation of missing item responses. TWE for simulee 
ii  on item j , is given by 

TWEijTWEij = PMi + IMj - OM + Eij, (3.3) 

wheree PMi is the simulee's personal mean of his or her observed item scores; IMj is 
thee mean of the observed responses to item j . OM is the mean item score across 
alll  observed item responses and all simulees. The last component of Equation 
3.3,, E^, is a stochastic part; it is drawn from a N(0,S2) distribution. S2, which 
iss computed from the variance of the difference between the estimated two-way 
imputation,, and the observed value for all non missing item responses, is considered 
too be a known constant for randomly selecting E values. This method has its origin 
inn the two-way layout, used in ANOVA, by imputing a row-effect (person effect), 
pluss a column-effect (item effect), minus an overall effect (Bernaards & Sijtsma, 
2000). . 

Personall  mean imputatio n 

Personall  Mean imputation with residual Error (PME) was used by Bernaards and 
Sijtsmaa (2000) as well, and is a stochastic version of the simple method, personal 
meann imputation (e.g., Huisman, 1999), PMi in Equation 3. PME replaces missing 
itemm responses with the mean of the responses that were observed for the simulee. 
Too this imputation an error was added, which was generated in an identical way 
ass the error in the TWE method. 

3.2.44 Goodness of imputation 

Completee tests (before deleting), and reconstructed tests, were compared, using 
measuress for the recovery of both test data and test quality measures. 

Dataa recovery 

Beforee checking the methods' performance of reconstructing reliabilities and pre-
dictivee validities, it was studied whether the methods were at all able to reconstruct 
thee data. The discrepancy between the complete item total score and the recon-
structedd item total score was checked for each simulee. As measures of the discrep-
ancyy between complete data and reconstructed data total scores, three measures 
weree used: the Correlation between complete data total Score and reconstructed 
dataa total Score (CORS) (for IRE, CORS was computed as the correlation be-
tweenn the complete data total score and the estimated 9)\ Root Mean Squared 
Errorr of complete data and estimated data total Scores (RMSES), and the Differ-
encee between complete data and estimated total Score (DIFS). RMSES and DIFS 
cannott be computed for IRE. 
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Tablee 3.1: Mean Simulation Data Reliability and Predictive Validity Coef-
ficients ficients 
Nrr Items 
Nrr Simulees 
Reliability y 
Validity y 

300 0 
.73 3 
.33 3 

9 9 
600 0 
.74 4 
.31 1 

900 0 
.73 3 
.33 3 

300 0 
.84 4 
.34 4 

18 8 
600 0 
.85 5 
.37 7 

900 0 
.85 5 
.35 5 

300 0 
.89 9 
.38 8 

27 7 
600 0 
.89 9 
.36 6 

900 0 
.89 9 
.37 7 

Testt  qualit y measure recovery 

Cronbach'ss alpha, and the predictive validity (the correlation between the total 
testt score and the criterion), are test quality measures. These quality measures 
weree calculated for the complete and reconstructed tests. Two measures of the 
discrepancyy between complete test and recovered test reliability were used: the 
Differencee between complete and reconstructed test Reliability (DIFR), and the 
Absolutee Difference between complete and reconstructed test Reliability (ADIFR). 
Too assess the discrepancy between complete and reconstructed predictive validity 
coefficients,, the Difference between complete and reconstructed test Predictive va-
lidit yy (DIFP), and the Absolute Difference between complete and reconstructed 
testt Predictive validity (ADIFP) were used. ADIFR and DIFR cannot be com-
putedd for IRE. 

3.2.55 Data analysis 

Thee recovery measures that resulted from this simulation study were analyzed 
usingg a 3 (number of simulees) x 3 (number of items) x 6 repeated measures 
(methods)) factorial design with 10 observations (replications) per cell. The six 
theoryy based incomplete item methods were compared. In addition, in the results 
section,, for each recovery measure, the performance of RAN is reported to give 
ann impression of what happens if it is not tried to handle planned missing items 
inn some theory driven way. It was expected that RAN was the worst method. 
Thee effects were mainly studied by inspecting the differences between methods for 
differentt levels of Number of Simulees and Number of Items. However, to get some 
formall  impression of the effects, ANOVAs were performed. Three-factor ANOVAs 
withh repeated measures on the Method factor were applied to each of the data and 
testt quality measures (see, e.g., Winer, 1962, p. 337). 

Subsequently,, the analyses were repeated for each of the three data blocks 
thatt were deleted. The results of the data block analyses were very similar to the 
previouss analyses, but were less stable because of smaller numbers of items and 
simulees.. As a consequence, these results are not reported. 

3.33 Results 

Meann reliabilities and predictive validities per simulation cell are reported in Table 
3.1. . 
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0.89 9 
(0.83-0.94) ) 

0.92 2 
(0.85-0.96) ) 

0.93 3 
(0.87-0.96) ) 

0.94 4 
(0.90-0.97) ) 

0.94 4 
(0.90-0.97) ) 

0.93 3 
(0.88-0.97) ) 

0.95 5 
(0.90-0.97) ) 

7.13 3 
(2.29) ) 
5.00 0 

(1.20) ) 
4.95 5 

(1.23) ) 
4.59 9 

(1.03) ) 
4.59 9 

(1.05) ) 
4.87 7 

(1.09) ) 

--
--

2.95 5 
(1.29) ) 
0.00 0 

(0.22) ) 
-0.03 3 
(0.21) ) 
0.01 1 

(0.24) ) 
-0.01 1 
(0.19) ) 
0.00 0 

(0.25) ) 

--
--

0.20 0 
(0.05) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.03 3 

(0.02) ) 
0.03 3 

(0.02) ) 
0.01 1 

(0.01) ) 

--
--

0.20 0 
(0.05) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
-0.03 3 
(0.02) ) 
-0.03 3 
(0.02) ) 
0.00 0 

(0.01) ) 

--
--

0.04 4 
(0.03) ) 
0.03 3 

(0.02) ) 
0.01 1 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.01) ) 

0.04 4 
(0.03) ) 
0.03 3 

(0.02) ) 
0.00 0 

(0.02) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.01) ) 

T a b lee 3 .2: Overall Discrepancy Measure Means and (between Parentheses) 
StandardStandard Deviations 

Measure e 
Methodd CORSQ RMSES DIFS ADIFR DIFR ADIFP DIFP 
RAN N 

DAI I 

DAC C 

TWE E 

PME E 

IRI I 

IREb b 

aForr CORS the range is reported instead of SD. bFor IRE, the RMSES, DIFS, 
ADIF RR and DIFR cannot be computed. 

Thee ANOVAs produced Method (which is a repeated measures factor) and 
Numberr of Items main effects. Method x Number of Items interaction effects 
weree also found; therefore, tests on simple main effects of the factors Method 
andd Number of Items were performed. Testing simple main effects for two factors 
involvess testing main effects of one factor at all levels of the other factor, and 
vicee versa (see, e.g., Winer, 1962, p. 175). However, inspection of the graphical 
representationss of these effects showed no substantial interaction effects1. 

Overalll  discrepancy measure means and standard deviations of each method 
aree reported in Table 3.2. Tables 3.6 to 3.8 show results for different levels of 
Numberr of Items. In addition, Tables 3.3 to 3.5 show results for different levels of 
Numberss of Simulees. Instead of standard deviations, the range associated with 
discrepancyy measure CORS is reported in these tables. 

3.3.11 Data recovery 

RANN produced worst results having lowest CORS values. RAN produced an over-
alll  average CORS of .89 (see, Table 3.2). However, the difference between RAN 
andd theory based methods was smaller for higher number of items (see, Tables 3.6 
too 3.8). 

AA main effect of Method on CORS was found. The overall mean of CORS was 
highestt for IRE, i.e., .95 (Table 3.2). For PME and TWE, CORS was somewhat 
lowerr than for IRE, but higher than for IRI, DAI and DAC. A Number of Items 
mainn effect was also found; larger scales produced higher CORS values, for all 
methods.. Inspection of Tables 3.6 to 3.8 shows that differences between methods 
weree smaller for larger scale lengths. A Number of Simulees effect was not found 
(see,, Tables 3.3 to 3.5). However, the range of the correlations was smaller for 
higherr numbers of simulees. 

Resultss from the ANOVAs are obtainable from the author. 
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Tablee 3.3: Discrepancy Measure Means and (between Parentheses) Stan-
darddard Deviations, Fixed at Number of Simulees 300 

Method d 
RAN N 

DAI I 

DAC C 

T W E E 

PME E 

IRI I 

IRE6 6 

CORSa a 

0.89 9 
(0.83-0.94) ) 

0.92 2 
(0.85-0.96) ) 

0.93 3 
(0.88-0.96) ) 

0.94 4 
(0.90-0.97) ) 

0.94 4 
(0.90-0.97) ) 

0.93 3 
(0.89-0.97) ) 

0.95 5 
(0.90-0.97) ) 

RMSES S 
7.16 6 

(2.35) ) 
5.05 5 

(1.26) ) 
5.00 0 

(1.28) ) 
4.57 7 

(1.02) ) 
4.61 1 

(1.05) ) 
4.89 9 

(1.16) ) 

--
--

M M 
DIFS S 
3.04 4 

(1.37) ) 
0.07 7 

(0.27) ) 
0.02 2 

(0.21) ) 
0.05 5 

(0.26) ) 
0.02 2 

(0.21) ) 
0.09 9 

(0.31) ) 

--
--

easure e 
ADIF R R 

0.20 0 
(0.05) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.03 3 

(0.03) ) 
0.03 3 

(0.03) ) 
0.01 1 

(0.01) ) 

--
--

DIFR R 
0.20 0 

(0.05) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
-0.03 3 
(0.03) ) 
-0.03 3 
(0.03) ) 
0.00 0 

(0.01) ) 

--
--

ADIF P P 
0.03 3 

(0.03) ) 
0.03 3 

(0.02) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.02) ) 

DIFP P 
0.03 3 

(0.03) ) 
0.03 3 

(0.03) ) 
0.01 1 

(0.02) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.02) ) 
0.01 1 

(0.02) ) 
aForr CORS the range is reported instead of SD. bFor IRE, the RMSES, DIFS, 
ADIFRR and DIFR cannot be computed. 

Tablee 3.4: Discrepancy Measure Means and (between Parentheses) Stan-

darddard Deviations, Fixed at Number of Simulees 600 

Method d 
RAN N 

DAI I 

DAC C 

T W E E 

PME E 

IRI I 

IRE6 6 

CORSa a 

0.90 0 
(0.83-0.94) ) 

0.93 3 
(0.88-0.96) ) 

0.93 3 
(0.89-0.96) ) 

0.94 4 
(0.91-0.96) ) 

0.94 4 
(0.90-0.96) ) 

0.93 3 
(0.88-0.96) ) 

0.95 5 
(0.93-0.97) ) 

RMSES S 
7.04 4 

(2.23) ) 
4.97 7 

(1.19) ) 
4.92 2 

(1.23) ) 
4.58 8 

(1.06) ) 
4.58 8 

(1.09) ) 
4.84 4 

(1.07) ) 

--
--

Measure e 
DIFS S 
2.82 2 

(1.24) ) 
-0.07 7 
(0.21) ) 
-0.07 7 
(0.22) ) 
-0.04 4 
(0.26) ) 
-0.04 4 
(0.20) ) 
-0.10 0 
(0.21) ) 

--
--

ADIF R R 
0.19 9 

(0.05) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.03 3 

(0.02) ) 
0.03 3 

(0.02) ) 
0.01 1 

(0.01) ) 

--
--

DIFR R 
0.19 9 

(0.05) ) 
0.00 0 

(0.01) ) 
0.01 1 

(0.01) ) 
-0.03 3 
(0.02) ) 
-0.03 3 
(0.02) ) 
0.00 0 

(0.01) ) 

--
--

ADIF P P 
0.04 4 

(0.03) ) 
0.02 2 

(0.02) ) 
0.01 1 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.01 1 

(0.01) ) 

DIFP P 
0.04 4 

(0.03) ) 
0.02 2 

(0.02) ) 
0.00 0 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.01 1 

(0.01) ) 
aForr CORS the range is reported instead of SD. bFor IRE, the RMSES, DIFS, 
ADIFRR and DIFR cannot be computed. 
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Tablee 3.5: Discrepancy Measure Means and (between Parentheses) Stan-

darddard Deviations, Fixed at Number of Simulees 900 

Method d 
RAN N 

DAI I 

DAC C 

T W E E 

PME E 

IRI I 

IREb b 

CORSa a 

0.89 9 
(0.84-0.93) ) 

0.93 3 
(0.87-0.96) ) 

0.93 3 
(0.87-0.95) ) 

0.94 4 
(0.90-0.96) ) 

0.94 4 
(0.90-0.96) ) 

0.93 3 
(0.88-0.96) ) 

0.95 5 
(0.91-0.97) ) 

RMSES S 
7.18 8 

(2.35) ) 
4.98 8 

(1.20) ) 
4.93 3 

(1.20) ) 
4.61 1 

(1.05) ) 
4.60 0 

(1.06) ) 
4.88 8 

(1.06) ) 

--
--

Measure e 
DIFS S 
2.97 7 

(1.37) ) 
0.01 1 

(0.16) ) 
-0.02 2 
(0.20) ) 
0.01 1 

(0.21) ) 
0.00 0 

(0.15) ) 
0.00 0 

(0.19) ) 

--
--

ADIFR R 
0.20 0 

(0.05) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.03 3 

(0.02) ) 
0.03 3 

(0.02) ) 
0.00 0 

(0.01) ) 

--
--

DIFR R 
0.20 0 

(0.05) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
-0.03 3 
(0.02) ) 
-0.03 3 
(0.02) ) 
0.00 0 

(0.01) ) 

--
--

ADIF P P 
0.04 4 

(0.03) ) 
0.03 3 

(0.01) ) 
0.01 1 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.01) ) 

DIFP P 
0.04 4 

(0.03) ) 
0.03 3 

(0.01) ) 
0.00 0 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.01) ) 
aForr CORS the range is reported instead of SD. "For IRE, the RMSES, DIFS, 
ADIFRR and DIFR cannot be computed. 

Tablee 3.6: Discrepancy Measure Means and (between Parentheses) Stan-

darddard Deviations, Fixed at Number of Items 9 

Method d 
RAN N 

DAI I 

DAC C 

TWE E 

PME E 

IRI I 

IREb b 

CORS° ° 
0.85 5 

(0.83-0.87) ) 
0.89 9 

(0.85-0.91) ) 
0.90 0 

(0.87-0.92) ) 
0.91 1 

(0.90-0.93) ) 
0.91 1 

(0.90-0.93) ) 
0.90 0 

(0.88-0.92) ) 
0.93 3 

(0.90-0.94) ) 

RMSES S 
4.32 2 

(0.15) ) 
3.51 1 

(0.16) ) 
3.42 2 

(0.11) ) 
3.28 8 

(0.09) ) 
3.26 6 

(0.11) ) 
3.50 0 

(0.11) ) 

--
--

Measure e 
DIFS S 
1.44 4 

(0.19) ) 
-0.01 1 
(0.15) ) 
-0.06 6 
(0.14) ) 
-0.02 2 
(0.15) ) 
-0.01 1 
(0.12) ) 
-0.07 7 
(0.16) ) 

--
--

ADIF R R 
0.25 5 

(0.02) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.01) ) 
0.06 6 

(0.01) ) 
0.06 6 

(0.01) ) 
0.01 1 

(0.01) ) 

--
--

DIFR R 
0.25 5 

(0.02) ) 
0.01 1 

(0.02) ) 
0.00 0 

(0.02) ) 
-0.06 6 
(0.01) ) 
-0.06 6 
(0.01) ) 
0.00 0 

(0.02) ) 

--
--

ADIF P P 
0.05 5 

(0.03) ) 
0.04 4 

(0.02) ) 
0.02 2 

(0.01) ) 
0.03 3 

(0.02) ) 
0.03 3 

(0.01) ) 
0.03 3 

(0.02) ) 
0.02 2 

(0.02) ) 

DIFP P 
0.05 5 

(0.03) ) 
0.04 4 

(0.02) ) 
0.00 0 

(0.02) ) 
0.03 3 

(0.02) ) 
0.03 3 

(0.02) ) 
0.03 3 

(0.02) ) 
0.02 2 

(0.02) ) 
aForr CORS the range is reported instead of SD. "For IRE, the RMSES, DIFS, 
ADIFRR and DIFR cannot be computed. 
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Tablee 3.7: Discrepancy Measure Means and (between Parentheses) Stan-
darddard Deviations, Fixed at Number of Items 18 

Method d 
RAN N 

DAI I 

DAC C 

T W E E 

PME E 

IRI I 

IRE6 6 

CORSa a 

0.90 0 
(0.89-0.92) ) 

0.93 3 
(0.91-0.95) ) 

0.93 3 
(0.92-0.95) ) 

0.95 5 
(0.93-0.95) ) 

0.94 4 
(0.93-0.95) ) 

0.94 4 
(0.91-0.95) ) 

0.96 6 
(0.93-0.96) ) 

RMSES S 
7.16 6 

(0.25) ) 
5.11 1 

(0.22) ) 
5.06 6 

(0.19) ) 
4.72 2 

(0.14) ) 
4.73 3 

(0.13) ) 
5.00 0 

(0.17) ) 

--
--

Measure e 
DIFS S 
2.90 0 

(0.33) ) 
0.04 4 

(0.18) ) 
0.03 3 

(0.19) ) 
0.07 7 

(0.21) ) 
0.05 5 

(0.17) ) 
0.03 3 

(0.22) ) 

--
--

ADIFR R 
0.18 8 

(0.02) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.00) ) 
0.00 0 

(0.00) ) 

--
--

DIFR R 
0.18 8 

(0.02) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
-0.02 2 
(0.01) ) 
-0.02 2 
(0.00) ) 
0.00 0 

(0.01) ) 

--
--

ADIF P P 
0.04 4 

(0.01) ) 
0.03 3 

(0.01) ) 
0.01 1 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 

DIFP P 
0.04 4 

(0.01) ) 
0.03 3 

(0.02) ) 
0.01 1 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.01) ) 
0.02 2 

(0.02) ) 
0.02 2 

(0.01) ) 
"Forr CORS the range is reported instead of SD. feFor IRE, the RMSES, DIFS, 
ADIFRR and DIFR cannot be computed. 

Tablee 3.8: Discrepancy Measure Means and (between Parentheses) Stan-
darddard Deviations, Fixed at Number of Items 27 

Method d 
RAN N 

DAI I 

DAC C 

TWE E 

PME E 

IRI I 

IRE6 6 

CORSa a 

0.93 3 
(0.91-0.94) ) 

0.95 5 
(0.94-0.96) ) 

0.95 5 
(0.94-0.96) ) 

0.96 6 
(0.95-0.97) ) 

0.96 6 
(0.95-0.97) ) 

0.96 6 
(0.94-0.97) ) 

0.97 7 
(0.96-0.97) ) 

RMSES S 
9.91 1 

(0.32) ) 
6.39 9 

(0.26) ) 
6.37 7 

(0.22) ) 
5.76 6 

(0.18) ) 
5.79 9 

(0.18) ) 
6.11 1 

(0.20) ) 

--

Measure e 
DIFS S 
4.49 9 

(0.42) ) 
-0.02 2 
(0.30) ) 
-0.04 4 
(0.28) ) 
-0.03 3 
(0.33) ) 
-0.06 6 
(0.24) ) 
0.02 2 

(0.34) ) 

--

ADIFR R 
0.15 5 

(0.01) ) 
0.01 1 

(0.00) ) 
0.01 1 

(0.00) ) 
0.01 1 

(0.00) ) 
0.01 1 

(0.00) ) 
0.00 0 

(0.00) ) 

--

DIFR R 
0.15 5 

(0.01) ) 
0.01 1 

(0.00) ) 
0.01 1 

(0.00) ) 
-0.01 1 
(0.00) ) 
-0.01 1 
(0.00) ) 
0.00 0 

(0.00) ) 

--

ADIF P P 
0.02 2 

(0.02) ) 
0.02 2 

(0.01) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 

DIFP P 
0.02 2 

(0.02) ) 
0.01 1 

(0.02) ) 
0.00 0 

(0.01) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
0.01 1 

(0.01) ) 
aForr CORS the range is reported instead of SD. bFor IRE, the RMSES, DIFS, 
ADIFRR and DIFR cannot be computed. 
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RANN produced the worst results having higher RMSESs than the theory based 
methods.. This difference was higher for larger scales. 

Itt was mentioned before that for IRE, RMSES computation was unfeasible. 
Ass a consequence, only five theory based methods were compared with respect to 
RMSES.. A Method main effect was found (Table 3.2). TWE and PME produced 
lowestt RMSESs, followed by IRI. Highest values of RMSES were produced by DAI 
andd DAC. For RMSES, a Number of Items main effect was also found. Larger 
numberss of items gave higher RMSES values (see, Tables 3.6 to 3.8). No Number 
off  Simulees effect was found. However, variances were smaller for larger numbers 
off  simulees (see, Tables 3.3 to 3.5). 

RANN gave the worst results having highest DIFSs. DIFS values were higher 
forr larger scales (see, Tables 3.3 to 3.5). 

Al ll  of the theory based methods gave DIFS values that were approximately 
equall  to zero, for all levels of number of items and number of simulees (see, Tables 
3.33 to 3.5). 

3.3.22 Test quality measure recovery 

Reliabilit y y 

RANN produced the highest values for ADIFR and DIFR. It systematically pro-
ducedd reliabilities that were too low. RAN underestimated reliability with .20 on 
averagee (Table 3.2). Underestimation was smaller for scales with more items (see, 
Tabless 3.6 to 3.8). 

AA main effect of Method on ADIFR was found (Table 3.2). IRI produced 
lowestt ADIFRs. PME and TWE produced the highest ADIFR values. A Number 
off  Items main effect was also found. ADIFR became smaller for larger scale lengths 
(see,, Tables 3.6 to 3.8). Differences between methods became smaller for larger 
scales. . 

AA main effect of Method on DIFR was found. Both PME and TWE overesti-
matedd reliability (Table 3.2). DAI and DAC gave somewhat conservative estimates 
off  reliability. IRI produced a mean DIFR of 0, which means that this method gave 
goodd estimates of the reliability coefficient. A Number of Items effect was also 
found.. DIFR was smaller for larger scales. IRI produced DIFRs with a mean of 
approximatelyy zero for all test lengths (see, Tables 3.6 to 3.8). 

Predictivee validit y 

RANN produced highest discrepancies between complete and reconstructed data 
predictivee validities. However, the underestimation was not large (.04 on average), 
andd it was smaller for larger number of items. 

AA main effect of Method on ADIFP was found (Table 3.2). ADIFP was lowest 
forr DAC; it produced an overall average of .01 (see, Table 3.2). ADIFP was 
somewhatt higher for PME, TWE, IRE and IRI. DAI produced the largest ADIFP. 
AA Number of Items main effect was also found. The larger the scale length, the 
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lowerr ADIFP. The differences among theory based methods were smaller for larger 
scalee lengths. 

Forr DIFP, a Method main effect was also found (Table 3.2). DIFP was equal 
too .0 for DAC. PME, TWE, IRE and IRI somewhat underestimated predictive 
validity.. The underestimation was highest for DAL A Number of Items effect was 
alsoo found. DIFP was smaller for larger scales (see, Tables 3.6 to 3.8). DAC 
producedd DIFPs with a mean that was very close to zero for all test lengths and 
numberr of simulees (see, Tables 3.3 to 3.6). However, for all methods discrepancies 
betweenn complete and reconstructed predictive validities were small. 

3.44 Discussion 

Inn this planned missing test data simulation study, Method and Number of Items 
mainn effects were found for the reconstruction of total scores, test reliability, and 
testt predictive validity. 

IREE produced highest correlations between complete and reconstructed data 
testt scores. This can be explained by IRE not reconstructing a total score but 
estimatingg 9 which reduces measurement error. TWE and PME also gave good 
results;; these methods produced lowest RMSESs, and high CORS values. IRI gave 
somewhatt lower CORS and higher RMSES values. DAI and DAC produced lowest 
CORSS and highest RMSES values. DAC gave somewhat better results than DAI. 
Al ll  methods gave better total score reconstructions for larger item scales. 

IRII  outperformed other methods at the reconstruction of test reliability, giving 
aa mean DIFR of zero, and lowest mean ADIFR. DAI and DAC produced very small 
underestimationn of reliabilities. Both TWE and PME consistently overestimated 
reliability.. Al l methods gave better reconstructions of the reliability of larger item 
scales. . 

DACC was the best method at the reconstruction of predictive validity, produc-
ingg a mean DIFP of zero, and the lowest mean ADIFP. PME, TWE, IRI, and 
IREE underestimated predictive validity somewhat. DAI gave worst predictive va-
lidit yy reconstruction. For larger scales, reconstructed validities were closer to the 
completee data validities, for all methods. 

Ass expected, base rate procedure RAN gave worse results than theory driven 
methods.. Nevertheless, in spite of producing the worst results, RAN performed 
tolerablyy at the reconstruction of total scores and predictive validities. However, 
thiss is not a surprise, if it is realized that in spite of (MCAR) missingness, no less 
thenn two thirds of the scales were observed for each simulee. 

Thee Number of Items main effects demonstrated that the choice of incomplete 
itemm response methods is not very crucial for longer scales. For scales with more 
items,, complete and reconstructed data total scores, reliabilities and predictive 
validitiess were very close. 

PMEE and TWE produced satisfactory reconstructions of total scores. However, 
thee reconstructed values of reliability were consistently too high. The overestima-
tionn of reliability is a consequence of the normally distributed error term that was 
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addedd to the personal mean imputation, and two-way imputation, respectively. 
Thee item scores that were generated in this study, were mostly not normally dis-
tributed.. Items with more rectangular, and bimodal item category distributions 
weree often found. The adding of normally distributed errors in this simulation 
study,, produced item responses that fell too often in the middle item categories, 
leadingg to a relatively low item variance, and as a consequence to a Cronbach's 
alphaa that was too high. However, PME and TWE can be adjusted. For practical 
settings,, distributions of observed item scores should be studied in order to find 
outt whether a normally distributed deviate is appropriate. If it is not, deviates 
mayy be drawn from distributions that have other forms, such as, for example, the 
betaa distribution (see, e.g. Taylor &; Karlin, 1998, p. 38). 

Inn this simulation study, tests were generated for which it was feasible to esti-
matee a measurement model. An advantage of using measurement models for test 
dataa is that both person and item parameters can be estimated. A drawback of 
thesee models is that, occasionally, they are too restrictive in practical settings. 
Inn such cases, measurement models do not fit, and other methods for handling 
incompletee item responses, such as DAI, need to be used. However, it should be 
bornee in mind that the estimate of measurement precision are conservative. 

Inn this simulation study, it was chosen to delete a third part of the items 
usingg a block-interlaced anchoring design. A rate of missing item scores of a third 
iss practical for two reasons. First, a relatively large part of the item scores is 
recorded,, and therefore total scores can be satisfactorily estimated, regardless of 
thee method that is used. Second, administering two thirds of the data needs three 
(printed)) versions of the test, which is the minimal amount of versions for the block-
interlacedd anchoring design. In addition, two advantages to the block-interlaced 
anchoringg design exist. First, the number of administrations is approximately 
equall  for all items. Second, each possible item pair is administered at least once. 

Inn the present simulation, it was assumed that all simulees were drawn from the 
samee population. However, in practical settings, examinees do differ on grouping 
variabless like gender, race and age. The incomplete item responses that were used 
inn this study, can be modified to add group information. For the IRT settings, 
multi-groupp analysis can be applied. For DA, group membership variables can be 
addedd to the data matrix that is used as input for the procedure, or imputations 
cann be performed within groups. For the two simpler methods PME and TWE, 
valuess can be calculated separately for different groups. 

Inn practical settings, different research goals may exist at different points in 
time,, when using the same data file. Sometimes, researchers are interested in 
measurementt at one occasion, and interest shifts towards prediction later on. A 
researcherr may wish to use test data that were collected by researchers with a dif-
ferentt research goal. For such situations it is recommended to keep the incomplete 
dataa matrix, and fil l in the missings separately for measurement and prediction 
situationss using appropriate methods. 

Thiss simulation study shows that all methods were capable to give at least rea-
sonablee reconstructions of total scores. However, it also shows that for the accurate 
estimationn of reliability and predictive validity coefficients, different methods for 
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handlingg incomplete test designs should be used. The paradox of measurement 
versuss prediction in educational and psychological testing was mentioned as early 
ass 1950. In this paper it was shown that this paradox has consequences for the 
applicationn of planned missing designs to paper and pencil tests. The central im-
plicationn of the paradox, is that different testing goals require different methods 
forr handling unavailable item responses. Measurement models like IRT should be 
used,, when interest lies mainly in precise measurement. Missing data methods 
thatt take into account relations with external variables, such as DA, should be 
usedd when the prediction of a given criterion is the testing goal. 



44 Predict ing academic 
achievementt using 
background,, economic, t ime 
budget,, and psychological 
variables:: Comparing the 
uti l i t yy of four predictive 
blocks s 

Abs t ract t 

Inn this study, the academic achievement of university students was predicted 
usingg four blocks of variables: background variables, economic variables, time 
budgett variables, and psychological variables. The psychological block con-
sistedd of four sub-blocks: personality, motivation, self-efficacy, and study 
skills.. To the psychological block an incomplete test design was applied; the 
resultingg missing third part of the item scores was estimated with missing 
dataa procedure NORM. The utilit y of the predictive blocks was assessed by 
studyingg the multiple R coefficients, and cross validated multiple R coef-
ficientss of regression models that used the variable blocks to predict aca-
demicc achievement. The Grade Point Average (GPA), and study progress 
weree applied as measures of academic achievement. Student samples from 
economics,, psychology, communication, and medical science were used. Dis-
cipliness differed to a large extent in what blocks produced high multiple R 
andd cross validated multiple R coefficients. Psychological blocks had the best 
predictionn results for both measures of academic achievement. The academic 
achievementt of psychology students was most easily predicted. 

Thiss chapter is based on the paper: Smits, N., Vorst, H. C. M., & Mellenbergh, G. J. (2003). 
PredictingPredicting academic achievement using background, economic, time budget, and psychological 
variables:variables: Comparing the utility of four predictive blocks. Submitted for publication. 
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4.11 Introductio n 

Thee prediction of academic achievements of students in higher education is studied 
extensivelyy in several scientific fields, such as sociology (see, e.g., Muller h Schiller, 
2000,, or Roscigno & Ainsworth-Darnell, 1999), economics (see, e.g., Garen, 1984, 
orr Light & Strayer, 2000), educational sciences (see, e.g., Bean h Metzner, 1985, 
orr Vaughan & Carlson, 1992), and psychology (see, e.g., Busato et al., 2000, or 
Gadzella,, 1995). In these fields, different variables are used to predict academic 
achievement.. In this chapter, the utility of four blocks of variables that differ 
concerningg to content to predict academic achievement is studied. These four 
blockss comprise (a) background variables, (b) economic variables, (c) time budgets, 
andd (d) psychological variables. The classification of the variables to these four 
blockss is tentative. For example, some economic variables may be considered as 
backgroundd variables, and vice versa. However, variables are classified in such a 
wayy that overlap in content is minimized. 

Here,, background variables are defined as background variables that are not 
economic,, that is, that are not directly related to financial costs and income. This 
blockk of variables consists of three types of variables. The first type of variables 
iss associated with two basic characteristics: gender and age. In the literature, 
femalee students have been said to do better in higher education than their male 
colleaguess (see, e.g., Mau &; Lynn, 2001). Richardson and King (1998) reported 
thatt the academic performance of older students was comparable to, or higher 
thann the performance of younger students. The second type of variables comprises 
thee educational history of students and their family. According to Wright and 
Beann (1974), and Zalaquett (1999), parents' educational level and students' Grade 
Pointt Average (GPA) were unrelated. The third type of background variables 
iss associated with the students1 circumstances during the study. For example, 
whetherr they are living independently from their parents, and whether they have 
aa job during their study. 

Thee economic variables block contains variables that are related to students' 
monetaryy income and costs. It may be argued that students' study effort is a 
functionn of the financial situation during their study. If costs of studying are high, 
studentss may tend to put more effort at academic tasks in order to complete their 
studyy as soon as possible. Alternatively, if students have to take a job to pay 
theirr study costs, they may have less time left to study, and as a consequence, 
makee less progress in their study. In addition, students may receive financial aid 
fromm the government or their parents, to compensate study costs, enabling them 
too put more effort at studying than students without such aid. In fact, Fadem, 
Schuchman,, and Simring (1995) reported a significant positive effect of medical 
students'' financial situation on their academic achievement. 

Inn the economics of education, income and study costs are not the only vari-
abless that are considered when explaining student behavior. One construct often 
usedd are future benefits of having spent time on studying and graduating, or the 
enlargedd future earnings resulting from being a better trained worker. In economic 
theory,, students compare costs and benefits when making educational decisions. 
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Iff  this cost benefit analysis yields a surplus, students will put effort at a study, 
andd if it yields a deficit they wil l not. In this framework, Garen (1984) explained 
students'' number of years of schooling completed. In the economics of education, 
itt is assumed that students have some knowledge of their future salary, and be-
havee accordingly (see, e.g., Manski, 1993). Therefore, estimates of income after 
graduationn were included in the economic variables block. 

Thee third block of variables, time budgets, is associated with the time students 
allocatee to several activities, such as sleeping, working, and studying. Ehrenberg 
andd Sherman (1987) reported that college students' hours worked had a significant 
negativee effect on study progress, but not on GPA. Wolfson and Carskadon (1998) 
foundd a significant positive correlation between hours slept and academic achieve-
mentt of high school students. The relationship between the number of hours spent 
onn studying and academic achievement is not clear. The study time-grade associ-
ationn literature has provided inconsistent findings: some researchers have found a 
positivee association, others a negative association, and yet others no association 
(Olivares,, 2002). 

Thee fourth block of predictors consists of psychological variables. In psychol-
ogy,, academic achievement is commonly explained by intelligence, personality, and 
motivation.. Other, less frequently used predictors are self-efficacy and study skills. 
Inn this chapter, intelligence was not applied as predictor, because in the Dutch sit-
uationn the relation between intelligence and academic achievement is generally 
veryy small (see, e.g., Busato et al., 2000). The psychological variable block was 
dividedd into four sub-blocks: personality, motivation, self-efficacy and study skills. 

Thee best known model of personality is the so called Big Five model (see, 
e.g.,, Digman, 1990). Of these five personality dimensions, conscientiousness is 
oftenn associated with academic achievement. Wolfe and Johnson (1995), reported 
aa positive relation between conscientiousness and GPA, whereas Busato et al. 
(2000)) reported positive correlations of this dimension with several measures of 
academicc progress. 

Waterss and Waters (1976) and Busato et al. (2000) reported that achievement 
motivationn was consistently related to GPA. Motivation is often divided into in-
trinsicc and extrinsic motivation. Mitchell (1992) reported a negative correlation 
betweenn extrinsic motivation and GPA, and a positive correlation between intrinsic 
motivationn and GPA. Locus of control is a concept that is closely related to moti-
vation.. In the locus of control literature, it has often been reported that students 
withh an internal locus of control have higher academic achievement than students 
withh an external locus of control (see, Kalechstein & Nowicki, 1997, for a review). 
Anotherr concept that is often associated with motivation is fear of failure. In the 
literature,, negative associations between fear of failure and academic performance 
havee been reported (see, e.g.,Herman, 1990). 

Inn educational settings, self-efficacy is defined as the belief in one's ability 
too perform academic tasks. In theory, low self-efficacy is associated with lower 
achievement.. However, research is not unambiguous. For example, Kleijn et al. 
(1994)) did, whereas Lindley and Borgen (2002) did not find a substantial relation-
shipp between self-efficacy and academic achievement. 
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Att college and university, low academic achievement is sometimes attributed 
too a lack of study skills. These skills comprise skills such as study time manage-
ment,, test competence and study techniques. It is often argued that students can 
improvee their academic achievement by improving their study skills. In the lit -
eraturee positive associations between study skills and academic achievement have 
beenn frequently reported (see, e.g., Gadzella, 1995, and Onwuegbuzie, Slate, Pa-
terson,, Watson, &; Schwartz, 2000). 

Inn most of the reported studies, and in many other studies associated with aca-
demicc achievement, the validity of a predictor is studied in one specific academic 
discipline.. Studies that consider the predictive validity of variables in more than 
onee specialization are scarce. Nevertheless, outcomes are commonly generalized to 
alll  students in higher education. Many of these generalizations may not be legit-
imate.. It seems very plausible that the relationships between predictors and aca-
demicc achievement are not invariant in different academic specializations. These 
dissimilaritiess may result from two sources. First, the curriculum of the specializa-
tionss is different. The specialization may vary in content, difficulty, and grading 
standards.. Therefore the personal attributes that are optimal for high academic 
achievementt are also different (see, e.g., Ramsden & Entwistle, 1981; VanderStoep, 
Pintrich,, & Fagerlin, 1996). Second, academic specializations attract different stu-
dents.. Academic disciplines may differ in the gender and age distribution, or may 
attractt many students with rich parents. As a consequence, relationships between 
predictorss and criterion are not invariant in different groups. In psychological 
testingg this is called differential prediction (see, e.g., Millsap, 1997). 

Inn this paper the utilit y of four predictive blocks is studied. The main question 
iss what blocks can best be used to predict academic achievement of students in 
higherr education. In addition, it is checked whether the same predictive blocks 
applyy in different academic specializations. The predictive blocks are compared 
att two outcomes. First, their predictive power: how well is academic achievement 
explainedd by models that apply the variables of the blocks as predictors. For 
thatt purpose, the multiple R$ of the estimated models are studied. Second, the 
consistencyy (stability) of the models that apply the blocks to predict academic 
achievement:: to what extent can the blocks be used to generalize to the student 
populationss from which samples are drawn, and can estimated models be used in 
counsellingg and/or advice settings with new students. To that end, cross-validated 
multiplee Rs are studied. 

4.22 Method 

Thee data were collected from students of four different academic disciplines using 
aa survey. This survey consisted of items that were related to four blocks of vari-
ables:: background variables, economic variables, time budgets, and psychological 
variables.. In order to reduce the size of the survey, an incomplete design was 
appliedd to the items associated with psychological scales. 



4.22 Method 49 9 

4.2.11 Sample 

AA sample of 390 freshmen (250 females and 140 males) at the university of Am-
sterdamm was used: 121 economics students (48 females and 73 males, mean age 
22.344 [SD=5A1]), 55 psychology students (41 females and 14 males, mean age 
20.677 [&D=2.94]), 118 communication science students (89 females and 29 males, 
meann age 19.95 [SX>=1.58]) and 96 medical students (72 females and 24 males, 
meann age 20.81 [&D=1.81]). 

Dataa were collected in two ways. First, the entire psychology sample and 12 
economicss students cooperated at their respective university departments. The 
psychologyy students filled out the survey after participating in psychological ex-
periments.. The economics students were requested to participate during the break 
off  an economics class. Second, data were collected using a mail survey. Surveys 
weree send to the entire freshman populations of economics, communication sci-
encee and medical science. The response rates were 26, 32 and 40% for economics, 
communicationn science and medical science, respectively. The gender ratio of the 
respondentt groups of economics and medical science, was somewhat different from 
thee (known) ratio in the matching populations. In both disciplines the ratio of 
femaless to males of the response group was about two times as high as the ratio 
off  the entire population. It was concluded that in economics and communication, 
femalee students were more willin g to cooperate than male students. 

4.2.22 Survey 

Thee survey contained items that were associated with, among other things, back-
ground,, economic, time budget, psychological, and academic achievement vari-
ables.. The total item set consisted of almost 300 items. Most items were as-
sociatedd with psychological tests. It has been shown that surveys with longer 
questionnaires,, which increase the respondent burden, tend to have higher non 
responsee (see, e.g., Dillman et al., 1993). In order to increase the response rate, 
aa block-interlaced anchoring design (Vale, 1990) was applied to the psychological 
tests,, resulting in three booklets with different subsets of items. These booklets 
differedd only in the compilation of psychological items. For each psychological 
scale,, the test was split into three sets of items, A, B, and C, that each consisted 
off  an approximately equal number of items. The first booklet contained all B and 
CC items; the second booklet contained item sets A and C, and the third book-
lett contained item sets A and B. The total psychological item set contained 240 
items.. As a consequence, each booklet contained 160 psychological items, and 
hadd 80 items missing. Of the total set of 240 items, 197 were used in the present 
study.. The three versions of the survey were randomly assigned to the students. 
InIn addition, the response rate was approximately equal for the three versions. The 
missingg item responses were planned missing, and therefore, by definition missing 
completelyy at random (see, e.g., Schafer & Graham, 2002). The unavailable item 
responsess were estimated with missing data procedure NORM, which is described 
later,, and also in Appendix A of this chapter. For an extensive description of the 
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utilit yy of the applied survey design for the estimation of missing values, see, e.g., 
Grahamm et al. (1996). 

4.2.33 Background variables 

Thee background variable block comprised background variables that were not 
economic.. It contained 'control variables' age and gender. In addition, it con-
tainedd variables that were associated with students' educational background. One 
variablee described whether students came directly from pre-university education 
(Dutchh abbreviation: VWO), or had a different educational background. Two 
variabless were associated with the mother's, and the father's educational level, 
respectively.. Additionally, this block contained three dichotomous variables that 
reported,, respectively, on whether or not students had a job during their study, 
onn whether or not students were living independently from their parents, and on 
whetherr or not students were member of a sorority/fraternity. Freshmen who are 
aa member of sororities/fraternities commonly spend the first weeks of their study 
onn being hazed, by which their study progress often is delayed. Moreover, student 
fraternitiess and sororities are famous for their extensive social life. 

4.2.44 Economic variables 

Thee economic variable block consisted of eight variables. Some of these vari-
abless were very specific to the educational situation in the Netherlands. In the 
Netherlands,, university students come under the Financial Aid to Students Law. 
Universityy students are entitled to a basic grant, the amount of which depends on 
whetherr or not students are living away from their parental home. This grant is 
initiall yy given in the form of a loan, which is converted to a non-repayable grant 
iff  more than half of the credit points (at least 21 credit points) are obtained dur-
ingg the academic year. A student can receive an additional financial allowance, 
dependingg on the income of her/his parents. In the period of data gathering, this 
additionall  grant was also performance related. Moreover, students can take out a 
loann with the government to finance their study 

Twoo other variables of the economic block were associated with parental income 
(inn Dutch guilders, per year), and parents' financial aid (in Dutch guilders, per 
month),, respectively. The next three (dichotomous) variables, which were associ-
atedd with student grants and loans, reported on whether or not, a student received 
aa basic grant from the government, a student received an extra governmental al-
lowance,, and whether or not a student took out a loan (with the government, his 
orr her parents, or a bank). 

Inn addition, the economic block contained the hourly wages of students' job, 
andd an estimate of the monthly salary of their first job after graduation from 
university. . 

Too investigate the relation between study costs and benefits, and academic 
achievementt in a way that was somewhat more in accordance with the economics of 
education,, a variable, called 'financial discrepancy'' was constructed. This variable 
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wass associated with the balance between present monthly costs and income, and 
monthlyy future (or anticipated) income. This variable was the sum of the estimate 
off  monthly future income minus the present monthly income, minus the amount of 
thee parental monthly aid, minus the monthly grant, and plus the monthly tuition 
feee (which differs for students who do and who do not receive a governmental 
grant).. A negative value on this variable indicated that a students' present income 
(totall  present income, minus study costs) was higher than the expected future 
earnings;; a positive value indicated that a students' expected future income was 
higherr than his or her present income. The rationale behind this variable is that 
studentss whose expected future income is higher than their present income, put 
moree effort at their study in order to join the labor force as soon as possible. 
Financiall  discrepancy was not entered as an economic predictor in the regression 
models.. It was a function of other predictors, and therefore, including the predictor 
wouldd lead to artificial dependency among the predictors. However, the correlation 
betweenn this variable and academic achievement was studied. 

4.2.55 Time budgets 

Inn the survey, students were requested to indicate how much hours they spent on 
averagee on seven activities: housekeeping, travelling, sleeping, leisure, studying, 
working,, and 'other' activities. Students were explicitly instructed that the number 
off  hours should count up to 24. Therefore, if the values of six budgets were known, 
thee value of the seventh budget could be deduced. To prevent the occurrence of 
thiss dependency, the 'other' activities budget was not entered in the regression 
modelss that were estimated. 

4.2.66 Psychological variables 

Thee psychological variables block was split into four sub-blocks: personality, moti-
vation,, self-efficacy, and study skills. These variables were measured with psycho-
logicall  scales. The reliability coefficients that are reported below were calculated in 
previouss samples of law and psychology students at the university of Amsterdam. 

Personality y 

Too measure the Big Five personality factors, an adaptation of the Five Personality 
Factorss Test (5PFT), developed by Elshout and Akkerman (1975), was used. The 
adaptationn consisted of 35 rephrased items, 7 for each of the factors neuroticism, 
opennesss to experience, conscientiousness, sociability, and extraversion. The reli-
abilityy coefficients of these scales (Cronbach's alpha) ranged from .64 to .73, and 
hadd a mean of .70. 

Motivatio n n 

Too measure constructs related to motivation, the PMV achievement motivation 
test,, developed by Verweij and Vorst (1998) was used. It contained nine scales 
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associatedd with achievement motivation, internal motivation, external motivation, 
fearr of failure positive, fear of failure negative, internal attribution, external at-
tribution,, impression management, and self deception. Contrary to other fear of 
failuree scales, such as Herman's (1990), the PMV has two fear of failure scales: 
onee with a positive and one with a negative dimension, respectively. The total 
testt contained 77 items, and the number of items per scale ranged from 8 to 12. 
Thee reliability of these scales ranged from .67 to .80, and had a mean of .75. 

Self-efficacy y 

Too measure academic self-efficacy, an adaptation of the Study Management and 
Academicc Results Test (Smart), developed by Kleijn et al. (1994) was used. The 
Smartt measures the student's belief in his or her ability to study, and to be suc-
cessfull  at academic tasks. It contains four scales: academic competence, strategic 
studying,, test competence, and time management. The total test consisted of 
211 items, and the number of items per scale varied from 4 to 6. The reliability 
coefficientss of these scales ranged from .67 to .80, and had a mean of .75. 

Studyy skill s 

Too measure students' study skills, the Study Skills Test, developed by Vorst (1993) 
wass used. This test explicitly considers processes that influence performance on 
academicc tasks. It contained 16 scales: read effectively, recognize structures, an-
alyzee arguments, apply structure, discover relationships, learn by heart, control 
knowledge,, time management, arrange study circumstances, usage of study aids, 
testt competence, keep self-control, focus at academic task, concentration on study 
task,, work attitude, and academic satisfaction. The total test consisted of 64 
items,, 4 for each of the scales. The reliability coefficients of these scales ranged 
fromm .42 to .80, and had a mean of .66. It should be noted that some of the 
scaless have names that are identical to names of the Smart test. However, the 
Smartt measures the student's belief in her ability on the academic tasks, whereas 
correspondingg Study Skills Test scales measure the ability itself. 

4.2.77 Academic achievement 

Thee survey contained a section that was associated with academic performance. In 
thatt section students reported on their study results. For each examination they 
hadd taken, students reported the grade on their first attempt, and if necessary 
(afterr failure) the grade at the most recent re-examination. On the basis of these 
academicc results, two measures of academic achievement were constructed. First, 
thee GPA1 of the first attempt at each of the examinations. Second, the total 
numberr of credit points obtained in the academic year sofar. This variable was 

*GPAA can be considered as a simple missing data technique for unavailable grades in grade 
recordss (Smits, Mellenbergh, & Vorst, 2002). Superior alternatives to GPA exist. However, in 
thee present application the superior methods gave computational problems, and GPA had to be 
used. . 
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calledd study progress. Dutch university education is scheduled such that students 
cann earn 42 credits per academic year (representing 42 weeks work). Because 
attendancee in most courses is not obligatory, students vary greatly in the number 
off  credits they actually obtain. 

4.2.88 Analysis 

Incompletee design and missing item scores 

Thee missing item scores of the incomplete psychological tests were estimated, or 
'imputed',, with the missing data procedure NORM (Schafer, 1997, 1999; Schafer 
&;; Olsen, 1998). NORM imputes missing values under the assumption that the 
missingg data have a multivariate normal distribution. Missing values are esti-
mated,, or predicted, on the basis of available values in a regression sort of way. In 
comparisonn with other imputation methods, NORM takes into account the uncer-
taintyy that is a natural result of the occurrence of missing data. For that purpose 
imputationss are randomly drawn from a predictive distribution of plausible values. 
Too see if imputed values are drawn from a proper distribution, convergence of the 
estimationn of these distributions must be checked. NORM creates multiple data 
setss that contain both the observed data and imputed values. The results of these 
multiplee data sets are then combined to produce a single overall inference. The 
Multipl ee Imputation (MI) inference yields estimates of the parameters in question 
(correlations,, multiple i?'s, and reliability coefficients in the present study), their 
standardd errors, and fractions of missing information that are informative of the 
variabilityy (uncertainty) that was added to the standard error of the estimates 
duee to the occurrence of missing values. Here, the estimates and their statistical 
significancee are reported; standard errors and fractions of missing information are 
obtainablee from the author. 

NORMM was developed as a general missing data procedure, and not as a proce-
duree especially for incomplete psychological tests. In chapter 3 of this dissertation 
itt was shown that estimates of total scores, predictive validity and reliability of 
incompletee psychological tests imputed with NORM were accurate. However, for 
accuratee estimates of the predictive validity, NORM needed to include the crite-
rionn in the imputation model. As prediction is the test goal in this chapter, the 
imputationn model also contained the two measures of academic achievement (also 
see,, Appendix A of this chapter). 

Regressionn and cross validation 

Too study what predictors are typically important in separate academic specializa-
tions,, analyses were performed within each of the four specializations (economics, 
psychology,, communication, and medical science). To study what predictors can 
bee used when studying multiple specializations at the same time, analyses were 
performedd on the four disciplines as a total group as well. First, the correlations of 
thee variables of each variable block with the two measures of academic achievement 
weree calculated. In addition, the correlations were classified according to Cohen's 
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(1977)) taxonomy of effect sizes. In his classification, a correlation of .1 is small, a 
correlationn of .3 is medium, and a correlation of .5 is large. Likewise, in the remain-
derr of this chapter, a correlation smaller than .1 is called insubstantial, correlations 
fromm .1 to .3 are small correlations, correlations from .3 to .5 are moderate corre-
lations,, and a correlation equal to, or larger than .5 is a large correlation. Second, 
perr block, in each group, regression models that predicted academic achievement 
weree estimated. The 'Enter' regression method was used, which means that all 
predictorss were entered in the regression equation. For models of the total group, 
GPAA and study progress were standardized within groups. The models' multiple 
RR and its statistical significance are reported; these outcomes are informative of 
thee predictive power of the variable block in question. The significance of multiple 
RsRs of models with missing values in the predictive blocks was tested using MI 
inferencee (see, Appendix B of this chapter). The significance of multiple R values 
off  models with complete predictor blocks was tested with common F tests. 

Inn addition, to examine how well the sample-based regression models would 
predictt the criterion in the population, or in new samples drawn from the same 
population,, estimated models were cross validated. Leave-one-out cross validation 
(see,, e.g., Efron & Tibshirani, 1993, p. 239; Stone, 1974) was applied: iteratively 
eachh student was left out of the sample in question, and the model was applied 
uponn the data of N-l remaining students. The values on the predictive variables 
off  the excluded student were subsequently entered in the estimated model to ob-
tainn a prediction of the criterion in question. The correlation between resulting 
predictions,, and the original criterion scores is the cross validated multiple R, or 
crosss validity coefficient. 

Finally,, it was studied to what extent predictions of the models of the different 
predictivee blocks overlapped. To that end, the predictions of each block were 
comparedd at their increase in explained variance, given the predictions of other 
predictivee blocks. 

4.33 Results 

4.3.11 Convergence of estimation in N O RM 

Psychologicall  scales 

Missingg item scores were imputed within each of the four psychological blocks, 
personality,, motivation, self-efficacy, and study skills. In the final NORM sessions, 
thee estimation of missing data showed good convergence. For a more extensive de-
scriptionn of the estimation of psychological item scores in NORM, see, Appendix A 
off  this chapter. 

Economicc variables 

Inn addition to the planned missingness of the psychological variables, unplanned 
missingg values were encountered in the economic variables block. Two of the 
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variabless in the economic variable block showed a high percentage of missing values 
ass well. The variables concerning parental income and the estimate of the future 
salaryy had percentages of missing values of 33, and 22%, respectively. Clearly, 
thesee missing values were not missing in a random way. Students did not answer 
thee questions because they did not know the answer, or because they did not 
wantt to give an answer. However, exclusively using the available values would 
givee biased estimates of correlation and multiple R coefficients. Moreover, for a 
goodd comparison of predictive blocks, the same sample should be used in each 
block.. Therefore, missing values were estimated using NORM. The estimation of 
thee missing values of these two variables showed good convergence. 

4.3.22 Background predictive block 

Tabless 4.1a and 4.2a clearly show that age had a negative relationship with both 
GPAA and study progress in most of the groups. Younger students performed better 
thann older students. This was in contrast with what Richardson and King (1998) 
reported.. Al l but one of the correlations were small to moderate. The effect was 
largestt in the economics group. However, it should be noted that this variable had 
thee largest variance in economics as well (see, Sample section). Age was not related 
too GPA in the psychology student group. Some of the correlations associated with 
agee were significant at the 5% level. 

Inn the psychology student group, a relationship of gender with GPA and study 
progresss seemed apparent (small correlations of .22 and .26, respectively). Like 
inn other research (see, e.g., Mau & Lynn, 2001), female psychology students per-
formedd somewhat better than their male colleagues. Tables 4.1a and 4.2a also 
showw small correlations between gender and medical students' GPA, and gender 
andd economics students' study progress (.12 and .13, respectively). However, none 
off  the reported correlations were significant at the 5% level. 

Ass can be seen in Tables 4.1a and 4.2a, entering university directly from VWO 
wass associated positively with both GPA and study progress in economics, com-
municationn and the total group. In these groups, students who came directly from 
VWOO performed better than students with different educational backgrounds. The 
correlationn with GPA was large and significant (at the 1% level) for economics 
(.57),, and small and significant (at the 5% level) for both communication students 
(.21),, and the total student group (.27). Entering university directly from VWO 
hadd small correlations with study progress in the economics and communication 
groupss (.26, and .24, respectively), and in the total group (.17). However, it should 
bee noted that the variance of this variable was highest in the economics group, 
whichh may explain the appearance of the effect in this groups. Nevertheless, in 
thee psychology sample the variance was also relatively high, but no relationship 
wass found. 

Thee relation between the educational background of the parents, and aca-
demicc achievement appeared to be very different in the four disciplines. In the 
communicationn group, small negative correlations between the educational level 
off  the mother and father on the one hand, and GPA and study progress on the 



566 Predicting academic achievement using four  variabl e blocks 

otherr hand were found (-.14, and -.23, and -.11, and -.15, respectively). So, hav-
ingg a highly educated parent was associated with lower academic achievement in 
thatt discipline. For medical students the reverse was true, the educational level 
off  both parents had small positive correlations with both measures of academic 
achievementt (.13, and .22, and .16, and .10, respectively). In the economics and 
psychologyy groups, the mother's education appeared to be associated with study 
progresss (small positive correlations of .22, and .17, respectively), but not with 
GPA. . 

Thee variable Job, which indicated whether or not students had a job during 
theirr study, had small correlations with economics and psychology students' study 
progresss (-.17, and -.12, respectively), and with communication students' GPAs 
(-.14).. The other correlations were mostly negative but insubstantial. Students 
whoo had a job during their study seemed to perform somewhat worse than students 
whoo did not. 

Membershipp of a sorority/fraternity had small negative correlations with both 
measuress of academic achievement in psychology, communication, and the total 
group.. Other correlations were insubstantial. The correlations in the communica-
tionn sample (-.28, and -.25, respectively) deviated significantly from zero. 

Ass can be seen in Tables 4.1a and 4.2a, living independently had undoubtedly 
aa negative relationship with academic achievement. Students who did not live 
withh their parents performed worse than students who did. This relationship 
wass more evident for study progress than for GPA. Four out of the five small 
too moderate correlations that were associated with study progress (-.14 to -.37), 
deviatedd significantly from zero at the 5% significance level. The correlations with 
GPAA were small in economics and psychology, and insubstantial in other groups. 

Thee regression models that used background variables as predictors had mixed 
results.. Models that predicted GPA had reasonable multiple R coefficients, but 
crosss validation showed high drops in multiple R. However, results were much 
betterr for study progress: multiple R coefficients were high on average, and cross 
validationn showed a much smaller drop in predictive power. An exception was the 
modell  of medical students, for which the multiple R did not deviate significantly 
fromm zero, and cross validation showed a drop in multiple R towards zero. 

4.3.33 Economic predictive block 

Tabless 4.1b and 4.2b show the results associated with the economic variables. 
Parentall  income had a negative correlation with both measures of academic achieve-
mentt in the psychology and communication samples. These correlations were small 
too moderate. In these two samples, students with richer parents performed worse. 
Inn the other two disciplines and the total group this effect did not seem to exist. 
Thesee findings are contrary to the results of Fadem et al. (1995), who found a 
positivee relation between parental income and academic achievement. 

Thee financial aid medical students received from their parents had a negative 
correlationn with GPA and study progress (-.10, and -.24, respectively). In other 
groups,, insubstantial correlations were found. So, medical students who received 
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moree money from their parents, performed worse. They behaved according to 
economicc theory, in that they had more income, and therefore a lower necessity of 
graduatingg soon. 

Receivingg a grant from the Dutch government had small to moderate corre-
lationss with GPA and study progress of economics students (.12 and .31, respec-
tively),, and psychology students (.30 and .29, respectively). In the communication 
samplee and in the total group, small positive correlations with study progress (.12 
andd .20, respectively) were found. In these groups, students who received a per-
formancee related grant did perform somewhat better than students who did not. 
Otherr correlations were insubstantial. 

Receivingg an additional governmental allowance had small positive correlations 
withh academic achievement in both the psychology and communication sample. In 
thee other samples correlations were insubstantial. Psychology and communication 
studentss who had to meet performance criteria did in fact perform better than 
studentss who did not. 

Thee relation between taking out a loan and academic achievement was not a 
veryy clear one. In the communication sample, a small negative correlation (-.23) 
withh study progress was found; in the psychology sample, small negative correla-
tionss with both GPA and study progress were found (-.13, and -.11, respectively). 
Mostt other correlations were negative but insubstantial. In communication and 
psychology,, students with a loan perform somewhat worse than students without 
aa loan. From an economic point of view, it was to be expected that students who 
tookk out a loan, which resulted in higher study costs, would work harder to grad-
uatee as soon as possible. However, the substantial correlations that were found 
describedd a reverse effect. An explanation of this effect might be that taking out a 
loann is not seen as a cost, but as income. Consequently, higher perceived income 
iss followed by lower study effort. 

Al ll  but one of the correlations that were associated with hourly wages had a 
negativee sign. The correlations between economics students' and the total groups' 
hourlyy wages, and study progress were small (-.17, and -.11, respectively). The 
correlationss between both economics and communication students' hourly wages, 
andd GPA (-.11, and -.16, respectively) were small as well. The other correlations 
weree insubstantial. The hourly wages that students can earn when working, that 
is,, not studying, were negatively associated with academic achievement. In other 
words,, if it was more attractive to work, students performed somewhat worse at 
university. . 

Thee estimate of the future salary of psychology students was negatively related 
too both GPA and study progress (-.15, and -.19, respectively). Psychology stu-
dentss who thought that they would earn much money after graduation did worse 
thann students who thought they would earn not so much. The estimated future 
salaryy was positively related with the GPAs of communication students, and to 
thee study progress of medical students (small correlations of .13, and .10, respec-
tively).. However, none of these substantial correlations differed significantly from 
zeroo (at the 5% level). 

Financiall  discrepancy had a significant moderate correlation with the study 
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progresss of economics students (.30), and small correlations with communication 
andd medical students1 study progress (.14, and .14, respectively). Financial dis-
crepancyy was also positively correlated with the GPAs of economics (.10) and 
communicationn (.23) students. Moreover, small correlations with both measures 
off  academic achievement were found in the total group (.10, and .18, respectively). 
Noo substantial correlations were found in the psychology sample. 

Thee regression models that used economic variables as predictors had mixed 
results.. Models that predicted GPA had on average low multiple R coefficients. 
Moreover,, corresponding cross validated multiple R coefficients were very low as 
well.. In fact, the cross validated multiple R coefficient of economics students was 
negativee (-.16). However, results were somewhat better for study progress. All 
multiplee R coefficients differed significantly from zero, and cross validation showed 
aa smaller drop in predictive power. However, the model of medical students' study 
progresss had a multiple R that dropped to zero after cross validation. 

4.3.44 T ime budgets predictive block 

Tabless 4.1c and 4.2c show the results associated with time budgets. The aver-
agee number of hours dedicated to housekeeping was negatively, and significantly 
correlatedd with the GPAs of communication and medical students (-.30, and -.26, 
respectively),, and with the study progress of communication students (-.22). In 
thesee disciplines, students who spent more time on housekeeping performed worse 
att their study. It is hard to interpret these results. One explanation may be that 
spendingg time on other things than studying has a negative effect on academic 
achievement. . 

Thee relation between the average number of travelling hours and academic 
achievementt was unclear. In the economics sample it had small positive correla-
tionss with GPA and study progress (.15 and .13 respectively). However, in the 
communicationn and medicine samples, correlations with GPA were negative and 
smalll  (-14, and -.17, respectively). None of these correlations was significant. 

Thee number of sleeping hours clearly had a contradictory relation with the 
academicc achievement of students from different specializations. It had negative 
andd significant correlations with both medical students GPA and study progress 
(-.32,, and -.22, respectively). Another small, but non-significant negative correla-
tionn was found for the GPAs of economics students. In contrast, the number of 
hourss slept was positively correlated with both measures of academic achievement 
off  psychology students (.11, and .16, respectively). Like in the high school sample 
off  Wolf son and Carskadon (1998), psychology students who slept more, performed 
better.. The reverse effect in the medical sample was consistent with the general 
imagee of medical science. Medical students have to work hard in a very strictly 
organizedd specialization, and not much time is left for other activities, such as 
sleeping. . 

Thee average number of hours spent on leisure had a negative association with 
thee academic achievement of medical students. A small correlation with study 
progresss (-.16), and a significant moderate correlation with GPA (-.31) were found. 
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Apparently,, medical students who spent much time on leisure performed worse. 
Inn the other disciplines, this pattern did not emerge. Hours spent on leisure 
hadd a small positive correlation with economics students' study progress, and 
communicationn students GPAs; it had a small negative correlation with GPA in 
thee total group. 

Thee correlations between the average number of hours spent on studying and 
academicc achievement showed a very inconsistent pattern, which is in accordance 
withh Olivares' (2002) findings. The number of hours studied clearly had an effect 
onn the academic achievement of psychology students. A small significant correla-
tionn with study progress (.29), and a moderate significant correlation with GPA 
(.41)) were found in that discipline. In the other groups, correlations were insub-
stantial. . 

Inn all groups but the medical group, at least one small negative correlation be-
tweenn the number of hours worked and either GPA or study progress was found. 
Smalll  correlations with both GPA and study progress were found in the com-
municationn sample (-.23, and -.17, respectively), and total group (-.11, and -.17, 
respectively).. In the economics sample, a significant moderate correlation (-.33) 
withh study progress was encountered; in the psychology sample a small correla-
tionn with GPA (-.14) was found. So, for most students, working more hours had a 
negativee effect on academic achievement. This effect was not apparent in medical 
science.. When the number of hours worked was studied in more detail, it became 
clearr that, compared to other disciplines, medical students worked a much smaller 
numberr of hours. Moreover, medical students showed very littl e variance in the 
hourss worked. This low variance may have caused the insubstantial correlations 
withh academic achievement in this specialization. 

Thee 'other' activities budget had a strange correlational pattern. Both negative 
andd positive correlations, with various sizes were found. It is hard to interpret these 
results.. It is not known on what other activities time was spent. For each student, 
thee activities may have been different. An explanation of the medical students' 
moderatee negative correlation with GPA (-.34) is, again, that time not spent on 
studyingg leads to lower academic achievement. 

Thee regression models that used time budget variables as predictors had mixed 
results.. Models that predicted study progress had moderate R coefficients; four 
outt of five R coefficients were significant (at the 5% level). In addition, after cross 
validation,, multiple R coefficients of psychology and communication models were 
aboutt zero. However, GPA models were somewhat better: on average, multiple R 
coefficientss were higher, and cross validation showed a smaller drop in predictive 
power.. An exception was the model of economics students' GPAs, which had both 
aa low multiple R, and a cross validated multiple R lower than zero. 

4.3.55 Psychological predictive block 

Mostt of the reliability coefficients of the imputed tests were similar to the coeffi-
cientss reported earlier. However, 6 of the 34 reliability coefficients of the imputed 
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testss were considerably lower2. 
Thee pattern of relationships between personality factors on the one hand, and 

academicc achievement on the other was very similar in the four academic disci-
pliness (see, Tables 4.3a and 4.4a). Conscientiousness was consistently positively 
relatedd with academic achievement, which is in accordance with the personality 
literaturee (see, e.g., Wolfe Sz Johnson, 1995). It had small to moderate correlations 
withh both GPA and study progress in all but one of the groups (.19 to .39). The 
exceptionn was an insubstantial correlation with medical students' GPAs. Neuroti-
cismm had small negative correlations with study progress in all groups (-.12 to -.19); 
thiss pattern was not apparent for GPA. Other personality factors did not show 
suchh consistent relationships with academic achievement over groups. A striking 
significantt moderate correlation between psychology students' openness and GPA 
(.31)) was found as well. 

Regressionn models that were estimated with the Big Five personality factors 
ass predictors had mixed results (see, Tables 4.3a and 4.4a). Models of GPA and 
studyy progress had significant multiple R coefficients, and reasonable cross vali-
datedd R coefficients for psychology, communication, and the total group. However, 
thee models that were estimated in the economics and medicine samples had low 
multiplee R coefficients, and cross validated R coefficients of zero and lower. 

Twoo of the scales associated with motivation showed more or less consistent re-
sultss over groups for both measures of academic achievement (see, Tables 4.3b and 
4.4b).. Consistent with the literature (see, e.g., Busato et al., 2000), achievement 
motivationn was positively correlated with both GPA and study progress in all of 
thee groups. Six out of ten correlations associated with achievement motivation 
weree significant at the 5% level. However, the correlations in economics and medi-
call  science were somewhat lower than in psychology and communication. External 
attributionn had small to moderate correlations with both GPA and study progress 
inn all of the groups (-.10 to -.47). Six of these ten correlations were significant at 
thee 5% level. Fear of failure Negative was also consistently negatively correlated 
withh both GPA and study progress. However, on average, correlations with GPA 
weree small, whereas correlations with study progress were insubstantial. Other 
scaless of the motivation block had insubstantial to small correlations with GPA 
andd study progress. 

Al ll  models of the motivation predictor block, had multiple R values that dif-
feredd significantly from zero (see, Tables 4.3b and 4.4b). However, cross validation 
showedd high drops in multiple R. Of the models that predicted GPA, the model of 
medicall  students showed a cross validated multiple R of almost zero; of the models 
thatt predicted study progress, the models of economics, psychology and medical 
studentss showed high drops in multiple R coefficients. 

Tabless 4.3c and 4.4c clearly show that almost all of the correlations between 
Smartt scales and academic achievement had small to moderate values. These 
resultss were consistent with the findings of Kleijn et al. (1994). Two exceptions 
weree the large correlation between psychology students' test competence and GPA 

2Thee reliability coefficients of the imputed scales, and a discussion of them, are obtainable 
fromm the author. 
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(.54),, and the insubstantial correlation (.04) between communication students' 
strategicc studying and GPA. Many of the correlations found differed significantly 
fromm zero at the 5% significance level. 

Al ll  but one of the models that applied the self-efficacy scales as predictors had 
multiplee R coefficients that deviated significantly from zero, and reasonable cross 
validatedd multiple R coefficients. The model of economics students' study progress 
hadd a low multiple R that dropped to zero after cross validation. 

Thee correlations between scales of the Study Skills Test and academic achieve-
mentt showed in general dissimilar correlational patterns between groups (see, Ta-
bless 4.3d and 4.4d). Two exceptions were the correlations associated with recognize 
structuress and time management; these scales had small to moderate correlations 
withh both GPA and study progress in all groups (.16 to .43, and .10 too .37, respec-
tively).. Two scales had consistent correlational patterns over groups with either 
GPAA or study progress. Learning by heart had small to moderate correlations 
withh GPA in all of the groups (.10 to .36). Read effectively had small to moderate 
correlationss with study progress in all groups (.10 to .38). In addition, in four of 
thee five groups, substantial correlations between read effectively and GPA were 
encounteredd (.17 to .55). Table 4.3d shows that many of the study skills scales 
hadd significant correlations with GPA in the psychology sample. 

Al ll  models that applied study skills scales as predictors had multiple R values 
thatt were significantly different from zero (at the 5% level). However, medical 
students'' model of GPA, and economics students' model of study progress showed 
highh drops in multiple R after cross validation. 

4.3.66 Relative importance of variable blocks 

Tabless 4.5a to e show the percentages of variance that were explained in GPA and 
studyy progress by the predictive blocks. 

Tablee 4.5a shows the total percentages of explained variance of each separate 
block.. The reported values are equal to the multiple R values in Tables 4.1 to 4.4, 
raisedd to the square, and multiplied by 100. Nine out of 10 times, the study skills 
blockk accounted for the most variance. The background block explained the most 
variancee of economics students' study progress. 

Tablee 4.5b reports on the percentages of explained variance after jointly en-
teringg the predictions of the seven blocks as predictors in one regression model. 
Groupss differed in the percentage of explained variance. The most variance was 
explainedd in psychology, followed by economics, communication, medicine and the 
totall  group, respectively. 

Tablee 4.5c shows the increase in explained variance of each block, given that 
thee predictions of the other six blocks were already entered in the regression model. 
Thee increase in explained variance was mostly very low. Obviously, predictions of 
thee separate blocks were correlated; added blocks did not explain new parts of the 
criteria.. However, a few exceptions were found: the background block's prediction 
off  economics students' study progress (an increase of 13%), the motivation block's 
predictionn of economics students' GPA (an increase of 9%), and the study skills 
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Tablee 4.1: Correlations, Multiple Rs, and Cross Validated Multiple Rs of 

Background,Background, Economic, and Time Budget Blocks in the Four Disciplines 

andand the Total Group (All), Dependent Variable is GPA (Grade Point Av-

erage) erage) 

Predictivee Variables 

Age e 
Genderr (male=0, female=l 
Directlyy from VWO 
Mother'ss Education 
Father'ss Education 
Job b 
Memberr of Student Union 
Livin gg Away from Home 

Multipl ee R 
Multipl ee Rcv 

Parentall  Income 
Parentall  Aid 
Receivess a Grant 

Ecoa a Psyb b 

[a)) Background Variables 
-.27** * 

)) .13 
.26* * 
.01 1 

-.08 8 
-.08 8 
-.08 8 
-.17 7 

.37 7 

.09 9 

-.01 1 
.26 6 

-.05 5 
-.02 2 
-.12 2 
-.09 9 
-.10 0 
-.12 2 

.34 4 
-.25 5 

(b)(b) Economic Variables 
.04 4 

-.12 2 
.12 2 

Receivess an Additional Allowance .07 
Takess out a Loan 
Hourlyy Wages 
Estimatee of Future Salary 
Financiall  Discrepancy' 

Multipl ee R 
Multipl ee Rcv 

Housekeeping g 
Travelling g 
Sleeping g 
Leisure e 
Studying g 
Working g 
Otherr Activities-' 

Multipl ee R 
Multipl ee Rcv 

an = 1 2 1.. ön=55. cn = 118. 

-.14 4 
-.11 1 
-.02 2 
.10 0 

.31 1 
-.16 6 

-.15 5 
.03 3 
.30* * 
.16 6 

-.13 3 
-.06 6 
-.15 5 
-.01 1 

.43 3 

.02 2 
(c)) Time Allocation 

-.08 8 
.15 5 

-.10 0 
.03 3 
.08 8 

-.08 8 
-.11 1 

.24 4 
-.10 0 

ddn=96.n=96. erc=390 

-.08 8 
-.01 1 
.11 1 
.09 9 
.41** * 

-.14 4 
-.07 7 

.43 3 

.18 8 
'Th is s 

Disciplines s 
Comc c 

-.20** * 
-.06 6 
.18 8 

-.11 1 
-.15 5 
-.14 4 
-.25* * 
-.03 3 

.36 6 

.15 5 

-.12 2 
-.03 3 
.04 .04 
.18 8 

-.09 9 
-.16 6 
.13 3 
.23 3 

.33* * 

.08 8 

-.30* * 
-.14 4 
-.02 2 
.11 1 
.03 3 

-.23* * 
.26* * 

.40** * 

.27 7 
variable e 

Medd d 

-.14 4 
-.05 5 
.24* * 
.16 6 
.10 0 
.09 9 

-.04 4 
-.01 1 

.30 0 
-.01 1 

.06 6 
-.10 0 
-.08 8 
-.05 5 
-.06 6 
.06 6 

-.03 3 
-.02 2 

.20 0 
-.04 4 

-.26* * 
-.17 7 
-.32** * 
-.31** * 
-.08 8 
.05 5 

-.34** * 

.38* * 

.26 6 

All e e 

-.15** * 
.04 .04 
.17** * 

-.01 1 
-.06 6 
-.05 5 
-.11* * 
-.08 8 

.24** * 

.13 3 

-.03 3 
-.08 8 
.08 8 
.09 9 

-.10 0 
-.07 7 
.01 1 
.10 0 

.20* * 

.07 7 

-.20** * 
-.10 0 
-.14* * 
-.10 0 
.04 .04 

-.11* * 
-.06 6 

.26** * 

.18 8 
wass not entered in 

thee regression model associated with its predictive block. 
*pp < .05. **p  < .01. 
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Tablee 4.2: Correlations, Multiple Rs, and Cross Validated Multiple Rs of 

Background,Background, Economic, and Time Budget Blocks in the Four Disciplines 

andand the Total Group (All), Dependent Variable is Study Progress (# Credit 

Points) Points) 

Predictivee Variables 

Age e 
Genderr (male=0, female—: 
Directlyy from VWO 
Mother'ss Education 
Father'ss Education 
Job b 
Memberr of Student Union 
Livin gg Away from Home 

Multipl ee R 
Multipl ee Rev 

Parentall  Income 
Parentall  Aid 
Receivess a Grant 

Ecoa a 

(a)) Background 
-.48** * 

)) .05 
.57** * 
.22 2 

-.01 1 
-.17 7 
-.01 1 
-.37** * 

.64** * 

.57 7 

Psy° ° 
Variables s 

-.17 7 
.22 2 

-.02 2 
.17 7 

-.03 3 
-.12 2 
-.24 4 
-.27* * 

.53* * 

.24 4 
(b)) Economic Variables 

.05 5 

.02 2 

.31** * 
Receivess an Additional Allowance -.04 
Takess out a Loan 
Hourlyy Wages 
Estimatee of Future Salary 
Financiall  Discrepancy-' 

Multipl ee R 
Multipl ee RCv 

Housekeeping g 
Travelling g 
Sleeping g 
Leisure e 
Studying g 
Working g 
Otherr Activities-̂  

Multipl ee R 
Multipl ee Rcv 

.03 3 
-.17 7 
.02 2 
.30** * 

.41** * 

.26 6 

-.31* * 
- 05 5 
.29* * 
.24 4 

-.11 1 
-.06 6 
-.19 9 
-.07 7 

.58** * 

.37 7 
(c)) Time Allocation 

.01 1 

.13 3 

.02 2 

.11 1 

.08 8 
-.33** * 
.10 0 

.36* * 

.20 0 

-.05 5 
.06 6 
.16 6 
.08 8 
.29* * 

-.02 2 
-.17 7 

.34 4 

.03 3 

Disciplines s 
Comc c 

-.14 4 
-.06 6 
.21* * 

-.14 4 
-.23* * 
-.04 4 
-.28** * 
-.30** * 

.46** * 

.29 9 

-.19 9 
-.07 7 
.12 2 
.17 7 

-.23* * 
-.08 8 
.06 6 
.14 4 

.39** * 

.23 3 

-.22* * 
-.04 4 
.04 4 
.05 5 
.01 1 

-.17 7 
.10 0 

.33* * 
-.00 0 

Medd d 

-.18 8 
.12 2 
.04 4 
.13 3 
.22* * 
.02 2 

-.04 4 
-.14 4 

.34 4 

.06 6 

-.05 5 
-.24* * 
-.03 3 
-.06 6 
-.01 1 
-.05 5 
.10 0 
.14 4 

.34* * 

.00 0 

-.07 7 
.05 5 

-.22* * 
-.16 6 
-.02 2 
-.01 1 
-.07 7 

.37* * 

.19 9 

All e e 

-.29** * 
.08 8 
.27** * 
.04 4 

-.07 7 
-.07 7 
-.13* * 
-.28** * 

.42** * 

.37 7 

-.09 9 
-.11 1 
.20** * 
.09 9 

-.04 4 
-.11* * 
.03 3 
.18** * 

.29** * 

.22 2 

-.08 8 
.03 3 

-.05 5 
-.03 3 
.04 .04 

-.17** * 
-.01 1 

.21* * 

.13 3 
an=121.. bn=55. cn=118. dn=96. 
thee regression model associated with its predictive block 
*p<< .05. **p < .01. 

390.. •''This variable was not entered in 
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Tablee 4.3: Correlations, Multiple Rs, and Cross Validated Multiple Rs 
ofof Psychological Sub-Blocks in the Four Disciplines and the Total Group 
(All),(All), Dependent Variable is GPA (Grade Point Average) 

Predictivee Variables 

Neuroticism m 
Openness s 
Conscientiousness s 
Agreeableness s 
Extraversion n 

Multipl ee R 
Multipl ee Rcv 

Achievementt Motivation 
Intrinsicc Motivation 
Extrinsicc Motivation 
Internall  Attribution 
Externall  Attribution 
Fearr of Failure Positive 
Fearr of Failure Negative 
Impressionn Management 
Selff  Deception 

Multipl ee R 
Multipl ee Rcv 

Ecoa a Psy° ° 
(a)) Personality 

-.07 7 
.09 9 
.24* * 

-.07 7 
-.03 3 

.29 9 

.07 7 

.06 6 

.31* * 

.29* * 
-.15 5 
-.15 5 

.46** * 

.19 9 
(b)) Motivation 

.13 3 

.03 3 

.13 3 

.04 4 
-.25* * 
.00 0 

-.27** * 
.12 2 
.06 6 

.50** * 

.29 9 
(c)Academicc S 

Academicc Competence 
Strategicc Studying 
Testt Competence 
Timee Management 

Multipl ee R 
Multipl ee Rcv 

Readd Effectively 
Recognizee Structures 
Analyzee Arguments 
Applyy Structure 
Discoverr Relationships 
Learningg by Heart 
Controll  knowledge 
Timee Management 
Arrangee Study Circumstances 
Usagee of Study Aids 
Testt Competence 
Keepp Self-control 
Focusedd at Academic Task 
Taskk Concentration 
Workingg Att i tude 
Academicc Satisfaction 

Multipl ee R 
Multipl ee Rcv 

an = 1 2 1.. ön = 5 5. crc=118. dn-. 

.36** * 

.16 6 

.34** * 

.18 8 

.41** * 

.30 0 
(d)Study y 

.22 2 

.31** * 
-.05 5 
-.19** * 
.10 0 
.10 0 
.13 3 
.25** * 

-.13 3 
-.03 3 
-.01 1 
.06 6 
.07 7 
.09 9 
.21* * 
.19 9 

.56** * 

.28 8 

.48** * 

.23 3 

.14 4 

.14 4 
-.47** * 
.07 7 

-.24 4 
.18 8 
.03 3 

.66** * 

.44 4 

Disciplines s 
Comc c 

-.08 8 
.17 7 
.29** * 
.17 7 

-.02 2 

.38* * 

.24 .24 

.30** * 

.06 6 

.11 1 
-.04 4 
-.14 4 
.11 1 

-.29** * 
-.06 6 
.07 7 

.43** * 

.25 5 
elf-efficacy y 

.35* * 

.30* * 

.54** * 

.44** * 

.63** * 

.52 2 
Skills s 

.52** * 

.43** * 

.30** * 

.10 0 

.11 1 

.36** * 

.38** * 

.37** * 

.17 7 
-.03 3 
.43** * 
.25 5 
.24 4 
.27 7 
.36** * 
.13 3 

.80** * 

.57 7 
=96.. e ra=390. 

.21* * 

.04 4 

.41** * 

.17 7 

.44** * 

.34 4 

.17 7 

.29** * 

.09 9 
-.03 3 
.08 8 
.19 9 
.04 4 
.18 8 

-.06 6 
-.10 0 
.10 0 
.18 8 
.02 2 

-.01 1 
.01 1 
.12 2 

.45** * 

.12 2 

Medd d 

.05 5 
-.10 0 
.01 1 
.05 5 

-.05 5 

.16 6 
-.20 0 

.11 1 
-.13 3 
.02 2 

-.15 5 
-.15 5 
.08 8 

-.05 5 
.05 5 

-.01 1 

.36* * 

.04 .04 

.12 2 

.27* * 

.30** * 

.24* .24* 

.40** * 

.25 5 

.09 9 

.26* * 

.10 0 

.02 2 

.16 6 

.23 3 

.27** * 

.21 1 
-.11 1 
-.15 5 
.11 1 
.07 7 
.06 6 
.08 8 
.16 6 
.08 8 

.46** * 

.07 7 

All e e 

-.02 2 
.10 0 
.19** * 
.03 3 

-.05 5 

.22* * 

.14 .14 

.23** * 

.03 3 

.09 9 
-.02 2 
-.23** * 
.07 7 

-.22** * 
.06 6 
.04 4 

.37** * 

.29 9 

r\r\  A * * 

.16* * 

.38** * 

.23** * 

.41** * 

.38 8 

.22** * 

.31** * 

.08 8 
-.05 5 
.11 1 
.19** * 
.18** * 
.23** * 

-.05 5 
-.08 8 
.13 3 
.13** * 
.08 8 
.08 8 
.15** * 
.12* * 

.42** * 

.32 2 

*p<*p<  .05. * *p < .01. 
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Tablee 4.4: Correlations, Multiple Rs, and Cross Validated Multiple Rs 
ofof Psychological Sub-Blocks in the Four Disciplines and the Total Group 
(All),(All), Dependent Variable is Study Progress (# Credit Points) 

Disciplines s 
Predictivee Variables 

Neuroticism m 
Openness s 
Conscientiousness s 
Agreeableness s 
Extraversion n 

Multipl ee R 
Multipl ee RCv 

Achievementt Motivation 
Intrinsicc Motivation 
Extrinsicc Motivation 
Internall  Attribution 
Externall  Attribution 
Fearr of Failure Positive 
Fearr of Failure Negative 
Impressionn Management 
Selff  Deception 

Multipl ee R 
Multipl ee Rev 

Ecoa a Psyö ö 

(a)) Personality 
-.18 8 
.02 2 
.13 3 

-.02 2 
.06 6 

.16 6 
-.25 5 

-.19 9 
.10 0 
.36* * 

-.06 6 
-.07 7 

.43* * 

.18 8 
(b)) Motivation 

.09 9 

.12 2 

.12 2 

.12 2 
-.21* * 
.08 8 

-.06 6 
-.10 0 
-.06 6 

.37* * 

.09 9 

.31* * 

.17 7 

.07 7 
-.04 4 
-.32* * 
-.06 6 
-.03 3 
.06 6 

-.13 3 

.47** * 

.10 0 
(c)) Academic Self-efficacy 

Academicc Competence 
Strategicc Studying 
Testt Competence 
Timee Management 

Multipl ee R 
Multipl ee Rcv 

Readd Effectively 
Recognizee Structures 
Analyzee Arguments 
Applyy Structure 
Discoverr Relationships 
Learningg by Heart 
Controll  knowledge 
Timee Management 
Arrangee Study Circumstances 
Usagee of Study Aids 
Testt Competence 
Keepp Self-control 
Focusedd at Academic Task 
Taskk Concentration 
Workingg Attitude 
Academicc Satisfaction 

Multipl ee R 
Multipl ee Rev 

.24** * 

.20 0 

.24* * 

.12 2 

.26 6 

.06 6 

.22 2 

.18 8 

.28* * 

.29* * 

.38* * 

.13 3 
(d)) Study Skills 

.10 0 

.20* * 

.01 1 
-.17 7 
-.06 6 
.03 3 
.14 4 
.10 0 

-.07 7 
-.10 0 
-.12 2 
-.04 4 
-.05 5 
.02 2 
.03 3 
.23* * 

.35* * 
-.18 8 

.38** * 

.16 6 

.25 5 
-.03 3 
-.04 4 
.23 3 
.21 1 
.23 3 
.00 0 

-.14 4 
.28 8 
.15 5 
.19 9 
.01 1 
.32* * 

-.03 3 

.73** * 

.39 9 

Comc c 

-.13 3 
-.01 1 
.39** * 
.09 9 

-.06 6 

.48** * 

.38 8 

.31** * 

.14 4 

.15 5 
-.19 9 
-.10 0 
.05 5 

-.20* * 
-.14 4 
-.10 0 

.46** * 

.28 8 

.28** * 

.12 2 

.31** * 

.26** * 

.38** * 

.26 6 

.14 4 

.19* * 
-.05 5 
-.16 6 
-.02 2 
.00 0 
.08 8 
.29** * 

-.11 1 
-.08 8 
-.11 1 
.23* * 
.14 4 
.06 6 
.18 8 
.20 0 

.45** * 

.13 3 

Medd d 

-.12 2 
.12 2 
.19 9 

-.04 4 
.04 .04 

.25 5 

.01 1 

.14 4 

.04 4 

.05 5 
-.07 7 
-.18 8 
-.06 6 
-.01 1 
-.06 6 
-.20 0 

.36* * 

.06 6 

.16 6 

.27* * 

.31** * 

.38** * 

.46** * 

.35 5 

.20 0 

.26 6 

.00 0 

.13 3 

.10 0 

.08 8 

.27* * 

.29** * 
-.14 4 
-.14 4 
-.04 4 
.23* * 
.24* * 

-.09 9 
.31** * 
.01 1 

.58** * 

.32 2 

All e e 

-.15 5 
.04 4 
.25** * 
.00 0 
.00 0 

.28** * 

.22 2 

.19** * 

.11* * 

.10 0 
-.03 3 
-.19** * 
.01 1 

-.09 9 
-.08 8 
-.11* * 

.29** * 

.19 9 

.22** * 

.17** * 

.28** * 

.25** * 

.33** * 

.29 9 

.17** * 

.20** * 

.02 2 
-.08 8 
.00 0 
.05 5 
.16** * 
.22** * 

-.09 9 
-.10 0 
-.04 4 
.13* * 
.10 0 
.00 0 
.18** * 
.14* * 

.38** * 

.26 6 
an=121.. 6n=55. cn=118. dn=96. en=390. 
*p<*p<  .05. **p < .01. 
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block'ss prediction of psychology students' GPA (an increase of 9%). 
Becausee of the overlap in predictions, it was argued that the predictions of the 

fourr psychological blocks should be jointly entered in the regression models. Table 
4.5dd shows the increase in explained variance when entering the predictions of the 
psychologicall  blocks as one block. In all but one of the groups, adding predictions 
off  the psychological blocks, resulted in the highest increase in explained variance of 
bothh GPA and study progress. In economics, the increase in explained variance of 
studyy progress was highest after entering the prediction of the background block. 

Too study the relation among the predictions of the four psychological blocks 
intoo more detail, the increase in explained variance of each block given the pre-
dictionss of the other three psychological blocks, was studied. Table 4.5e shows 
thatt adding an extra psychological block, did often not add much to the explained 
variance.. However, study skills showed some substantial increases in explained 
variance.. Substantial increases in explained variance were found in the study 
progresss of economics, communication, and psychology students (increases of 11, 
23,, and 16%, respectively), and in the GPAs of economics and psychology students 
(increasess of 10 and 15 %, respectively). 

4.3.77 Leave-one-out cross validity and Burket 's formula 

Off  the 70 regression models that were estimated, 9 had a negative cross valid-
ityy coefficient. This may appear as an incorrect result. To study these results 
inn more detail, leave-one-out cross validity outcomes were compared with out-
comess of Burkets' formula for the estimation of the cross validity coefficient (see, 
Raju,, Bilgic, Edwards, & Fleer, 1997, Equation 13). Raju, Bilgic, Edwards, and 
Fleerr (1999) showed that Burket's formula was the best formula based method 
off  estimating cross validity coefficients. The cross validity coefficients of the 70 
regressionn models had a correlation of .96 with the matching cross validity coeffi-
cientss of Burket's formula. The two types of cross validity coefficients had a root 
meann squared difference of .05. Burket's formula consistently had a marginally 
higherr cross validity coefficient than the leave-one-out method. However, this was 
inn accordance with the findings of Raju et al. (1999). In their simulation study, 
Burket'ss formula slightly overestimated the population cross validity. Moreover, in 
thee present application, Burket cross validity coefficients contained negative values 
ass well. Therefore, it was concluded that the leave-one-out results were legitimate. 

4.44 Discussion 

Thee correlational analysis showed that large differences existed between disciplines 
inn the relations between the variables of the four predictive blocks on the one hand, 
andd academic achievement on the other. For example, the number of study hours 
hadd a positive relation with the academic achievement of psychology students, 
whereass it had no substantial relationship in any of the other groups. The educa-
tionall  background of communication students' parents had a negative correlation 
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Tablee 4.5: 
Blocks Blocks 

PercentagesPercentages of Explained Variance of GPA and Study Progress by Predictive 

GPA A Studyy Progress 
Blocks s 

Background d 
Economic c 
Timee Bud. 
Personality y 
Motivation n 
Selff  effic. 
Studyy Sklls 

Ecoa a 

13 3 
10 0 
6 6 
8 8 

26 6 
17 7 
32 2 

Psyö ö 

12 2 
19 9 
18 8 
23 3 
43 3 
40 0 
64 4 

Comc c Med* * All e e Ecoa a Psy" " 
(a)) Explained Variance of Each Block 

14 4 
11 1 
15 5 
16 6 
19 9 
20 0 
20 0 

8 8 
4 4 

13 3 
3 3 

13 3 
16 6 
21 1 

6 6 
4 4 
6 6 
5 5 

14 4 
17 7 
18 8 

41 1 
17 7 
13 3 
5 5 
9 9 

10 0 
20 0 

28 8 
34 4 
11 1 
17 7 
27 7 
12 2 
48 8 

Comc c 

20 0 
16 6 
10 0 
24 4 
23 3 
15 5 
27 7 

Medd d 

10 0 
11 1 
13 3 
12 2 
12 2 
19 9 
38 8 

All e e 

17 7 
9 9 
4 4 
8 8 
9 9 

11 1 
17 7 

Al l l 54 4 
(b)) Explained Variance of Joined Predictions 
788 43 47 33 54 68 50 0 48 8 37 7 

(c)) Increase in Explained Variance of Each Block 
Givenn the Predictions of the Other Blocks 

Background d 
Economic c 
Timee Bud. 
Personality y 
Motivation n 
Selff  effic. 
Studyy Sklls 

Background d 
Economic c 
Timee Bud. 
Psychol. . 

Personality y 
Motivation n 
Selff  effic. 
Studyy Sklls 
an = 1 2 1.. bn 

(d) ) 

(e) ) 

=55 5 

3 3 
0 0 
1 1 
1 1 
9 9 
1 1 
5 5 

1 1 
2 2 
3 3 
0 0 
2 2 
1 1 
9 9 

2 2 
2 2 
3 3 
1 1 
2 2 
1 1 
3 3 

1 1 
2 2 
8 8 
1 1 
5 5 
3 3 
6 6 

22 13 
00 1 
33 0 
00 1 
22 1 
22 1 
22 3 

Increasee in Explained Variance of Blocks Given 
Otherr Blocks 
3 3 
0 0 
1 1 

36 6 

1 1 
2 2 
3 3 

42 2 
Thee Increase in 

0 0 
11 1 
1 1 

10 0 
ccn= n= 

Psychological l 
2 2 
2 2 
3 3 

16 6 

1 1 
2 2 
8 8 

25 5 

4 4 
3 3 
1 1 
2 2 
1 1 
0 0 
6 6 

3 3 
4 4 
1 1 
1 1 
5 5 
0 0 
4 4 

thee Predictions of 
Blockss Entered as One 

22 13 
00 1 
33 0 

211 12 

4 4 
3 3 
1 1 

19 9 

Block k 
3 3 
4 4 
1 1 

21 1 
Explainedd Variance of Psychological Blocks Given 

thee Predictions c 
0 0 
2 2 
0 0 

15 5 

2 2 
3 3 
4 4 
4 4 

=118.. dn=96. en 

)ff  Three Other Psychological Blocks 
2 2 
5 5 
4 4 
9 9 

=390. . 

00 1 
33 2 
22 1 
33 11 

2 2 
5 5 
1 1 

23 3 

3 3 
7 7 
0 0 
9 9 

2 2 
2 2 
2 2 
1 1 
1 1 
2 2 
8 8 

2 2 
2 2 
2 2 

23 3 

1 1 
2 2 
1 1 

16 6 

7 7 
1 1 
0 0 
1 1 
1 1 
1 1 
3 3 

7 7 
1 1 
0 0 

18 8 

1 1 
1 1 
0 0 
7 7 
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withh study progress, whereas in other groups this correlation was positive or in-
substantial.. Likewise, the number of sleeping hours had a positive relation with 
thee academic achievement of psychology students, and a negative relation with 
thee academic achievement of medical students. However, some variables showed 
similarr relationships in all specializations. For example, the external attribution 
scalee and nearly all Smart scales showed very similar relations with both measures 
off  academic achievement in all disciplines. In addition, age and living indepen-
dentlyy were negatively related with the study progress in all specializations. The 
correlationall  analysis of the total group showed that high correlations in the total 
groupss only occurred if a predictor had a high correlation in all disciplines. If a 
highh correlation was found in only one group, or when correlations with opposite 
signss were found in different specializations, the correlation in the total group was 
aboutt zero. 

Thee estimated regression models showed large differences between specializa-
tionss in the predictive power of the variable blocks as well. For example, the models 
thatt used the economics block to predict GPA, only had a significant multiple R 
coefficientt in the communication sample. The personality block's predictions of 
studyy progress had a significant R coefficient for psychology and communication, 
butt not for economics and medicine. However, some blocks showed comparable 
resultss in all disciplines. For example, both the study skills and the motivation 
blockk had significant R coefficients in all specializations, for both measures of aca-
demicc achievement. In addition, the economic block had significant coefficients for 
thee GPAs in all disciplines, and the self-efficacy block had significant coefficients 
forr study progress in all disciplines. All total group models had significant but low 
multiplee R coefficients. These low coefficients are a natural consequence of using 
aa sample consisting of several sub-samples with different correlational structures. 

Thee estimated models also showed that, given the predictive blocks that were 
usedd in this study, academic specializations differed in the predictability of aca-
demicc achievement. These differences are most clearly visible in Tables 4.5a and 
b.. The explained variance of academic achievement was considerably higher in 
psychologyy than in communication, economics and medicine. In addition, Table 
4.5dd to e showed that, given the academic specializations that were used in the 
presentt study, predictive blocks differed in the relative percentage of explained 
variance.. The psychological blocks showed the largest increases in explained vari-
ancee of GPA and study progress, in almost all groups. Of these psychological 
blocks,, the study skills sub-block accounted for the largest increases in explained 
variance.. However, it should be noted that the predictions of many variable blocks 
weree correlated, as can be deduced from Table 4.5c. 

Thee multiple R coefficients and the amount of (relative) explained variance 
representt the predictive power of the separate blocks. However, if the results of 
thiss study are used to generalize to the populations from which the samples were 
drawn,, or when estimated models are used in counselling and advice settings with 
neww students, it is better to study cross validity coefficients than multiple R co-
efficients.. Cross validation showed that many models, although highly predictive, 
weree unstable in their predictions. Moreover, some of the reported cross validity 
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coefficientss had negative values. These outcomes seemed spurious. However, af-
terr comparing leave-one-out coefficients with outcomes of a formula based cross 
validityy method, it was concluded that the coefficients in the present study were 
legitimate. . 

Thee cross validation showed that groups differed to a large extent in which pre-
dictivee blocks produced stable predictions. In economics, predictive blocks gave 
stablee predictions of either GPA or study progress, but not of both. Predictions 
off  GPA on the basis of self-efficacy, study skills, and motivation, were very stable, 
whereass predictions of the non-psychological blocks, background, economic, and 
timee budgets were not. The reverse was true for predictions of study progress: 
thee three non-psychological blocks produced stable predictions, whereas none of 
thee psychological blocks did. The pattern of cross validity coefficients of psy-
chologyy and communication students was very similar, although coefficients were, 
onn average, somewhat lower in communication than in psychology. The predic-
tionss of both GPA and study progress using the four psychological blocks were 
ratherr stable in both groups. The non-psychological blocks gave mixed results. In 
bothh groups, the background and economic blocks had stable predictions of study 
progress,, whereas the time budgets block had a stable model for GPA. In the 
medicall  student sample, most blocks had unstable predictions. However, the time 
budgett and self-efficacy blocks had reasonable cross validity coefficients for both 
GPAA and study progress. In addition, the study skills model of medical students' 
studyy progress had a reasonable cross validity coefficient. 

Crosss validation clearly showed that cross validity coefficients were dependent 
uponn the number of observations, and the number of predictors. First, models that 
weree estimated in the total group showed very small drops in multiple R coefficients 
afterr cross validation, whereas models in the separate groups showed much higher 
drops.. The omission of a single observation when applying leave-one-out cross 
validationn had less effect on the total group regression models than on models 
off  the smaller sub-samples. Second, when predicting study progress, the study 
skillss block, which had as much as 16 scales, had the highest predictive power. 
However,, cross validation showed high drops in multiple R. In contrast, the self-
efficacyy block, which applied only 4 scales, had lower R values, but relatively better 
crosss validity coefficients. Generally speaking, the (small) changes in regression 
parameterss that are a result of the cross validation, have more influence in the 
predictionss of a model with many, than in a model with only a few predictors. 

Inn this study, an incomplete test design was applied to the psychological scales. 
Thee booklets that were distributed contained only two thirds of the total psycho-
logicall  item set. Consequently, the response burden decreased, which probably 
hass led to a higher response rate. The third part of the psychological items that 
wass not administered had to be dealt with. The item scores were estimated with 
missingg data method NORM (Schafer, 1997). The reliability analysis associated 
withh the completed psychological tests showed that some scales had low reliabil-
ityy coefficients. However, in chapter 3 of this dissertation, reliability coefficients 
off  tests imputed with NORM proved to be somewhat conservative. Moreover, 
inn spite of the missingness, and some low reliability coefficients, many scales had 
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highh predictive validity coefficients. Like in the simulation study of chapter 3, the 
applicationn of an incomplete test design did not result in bad predictions. 

Inn spite of the application of an incomplete test design, the response rate in the 
presentt study was not very high: the maximum response rate in the four disciplines 
wass 40%. Low response rates cause response bias if nonrespondents differ from 
respondentss (Moore & Tarnai, 2001). So, to study response bias, nonrespondents 
needd to be compared with respondents. However, in the present study we do not 
havee information on students who did not participate in the survey. Hence, it 
cannott be tested whether nonrespondents differed from the respondents; it must 
bee assumed. However, survey research in college student populations showed that 
studentss who did, and students who did not respond were not different from each 
otherr (see, Hutchison, Tollefson, & Wigington, 1987). 

Inn this study, differences in the usefulness of predictive blocks between academic 
specializationss were predominant. Moreover, applying the blocks to predict the 
academicc achievement of the four disciplines as a total group, gave worse prediction 
resultss than applying these blocks in each specialization separately. The differences 
betweenn disciplines probably had two sources. First, the four academic special-
izationss had students with different characteristics. The relationships between 
predictorss and criterion was simply different in the groups. Second, the curricu-
lumm of the specializations was different. Academic achievement meant something 
differentt in each group. However, next to the differences between specializations, 
differencess in prediction within specializations were encountered as well. In this 
study,, not all blocks were found to be useful predictors of both GPA and study 
progress.. First, the psychological blocks had accurate and stable predictions of 
bothh GPA and study progress, but results for GPA were somewhat better than 
forr study progress. Second, the background, and economic blocks had more stable 
predictionss of study progress than of GPA. This difference was probably a conse-
quencee of the different nature of the two measures of academic achievement. Study 
progresss is a direct measure of how much a student moves forward at university 
inn a given period. GPA is a measure of the average performance on examinations. 
I tt may be argued that GPA is more influenced by personal characteristics than 
studyy progress is. Characteristics like study skills or motivation seem to be more 
informativee for a students' exact performance than on whether she passed an ex-
amination.. Likewise, it may be argued that study progress is more influenced by 
personall  circumstances than GPA is. Working many hours, or having to meet per-
formancee criteria, seems to be more informative for the number of examinations a 
studentt can pass, than the actual grades on these examinations. 

Thiss study showed that disciplines differed to a large extent in the relations be-
tweenn predictive blocks and academic achievement. Both the simple correlations, 
andd estimated regression models showed that in each of the four discipline groups, 
predictivee blocks played a different role in the prediction of academic achievement. 
So,, when studying the academic achievement of university students in the future, 
itt should be realized that some variables of predictive blocks may be very specific 
too the prediction of one discipline, but not to the prediction in other disciplines. 
Moreover,, the relation of predictive blocks with multiple measures of academic 
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achievementt in one discipline may be very different. 

Appendixx A: Imputat ion with NORM 

Too each psychological predictive block five variables were added for the estima-
tionn of missing item scores. First, Z transformations within groups of GPA and 
studyy progress were added to ensure unbiased estimates in the regression analyses. 
Leavingg criteria out of the imputation model, may result in the underestimation 
off  the strength of the relationship between predictors and criteria (see, e.g., Little, 
1992,, or Schafer & Olsen, 1998). Second, gender, age and academic discipline were 
addedd to the imputation model in order to preserve the data structure. In none 
off  the blocks it was possible to impute all of the scales at once. The estimation 
proceduree in NORM, Data Augmentation (DA), did not convergence within a 'nor-
mal'' number of iterations. However, in most blocks it was possible to perform DA 
withh combinations of scales. The number of scales that was entered in one NORM 
sessionn was reduced until convergence was satisfactory. The personality block was 
thee only block of which item responses had to be imputed for each scale separately. 
Duee to convergence errors in some DA sessions, ridge priors with hyperparameters 
off  one were used (see, Schafer, 1997, p. 156). This ridge prior tends to smooth 
estimatedd correlations toward zero. 

Appendixx B: Multipl e imputation inference 

Afterr creating five imputed versions of the data set with NORM, each data set was 
analyzedd separately. The five sets of results were combined into a single set of re-
sults,, using Rubin's (1987) rules for scalar (one-dimensional) parameters. Rubin's 
(1987)) overall estimate of a parameter is simply the average of the estimates in 
eachh data file. The uncertainty (variance) associated with the parameter in ques-
tionn has two components. The average within-imputation variance is the average 
off  the parameter variances in the multiple data sets. The between-imputations 
variancee is the variance of the parameter estimate in the multiple data sets. To 
testt if a parameter deviates from 0, a i-test is applied with degrees of freedom that 
aree dependent on the rate of missing information. The rate of missing information 
measuress the increase in sample variance of a parameter due to missing values. It 
mayy be greater or smaller than the rate of missing values in any given problem 
(Schaferr &; Graham, 2002). In practice however, rates of missing values are usually 
suggestivee of rates of missing information (Schafer, 1997, p. 129). 

MII  inference was applied to three sorts of parameters: correlations, multiple 
correlationss and reliability coefficients. To calculate the within-imputation vari-
ancee of these parameters, standard errors were needed. However, for these three 
sortss of parameters, no formal derivations of standard errors exist. For each of 
thesee parameters a different method was used to estimate standard errors. 

Too obtain correlation standard errors, Fisher's (1921) transformation was used. 
Thiss transformation makes the correlations approximately normally distributed, 
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withh a known standard error. The hypothesis of a correlation being equal to 0, 
wass tested against a two-sided alternative. 

Too obtain standard errors of the multiple correlations, Wishart's (1931) ap-
proximationn of the variance of multiple R2 was used (also, see, Olkin & Finn, 
1995,, p. 161). Squared multiple correlations instead of multiple correlations were 
usedd in the MI inferences. Since squared multiple correlations can only be pos-
itive,, the hypothesis of these parameters being equal to 0, was tested against a 
one-sidedd alternative. Likewise, the authors wanted to apply MI inference on the 
crosss validated multiple correlations. Unfortunately, a sampling distribution of 
thee cross validity coefficient has not yet been developed (Algina, 1999, p. 502). 
Therefore,, MI inference was not applied to these parameters. 

Too obtain standard errors of the reliability coefficients (Cronbach's alpha), 
reliabilityy coefficients were bootstrapped (Efron & Tibshirani, 1993). A number 
off  250 bootstrap resamples was used for each of the coefficients. 



55 Predicting academic 
disciplinee choice using 
students'' subjective benefits 

Abs t ract t 

Inn this study, both economics and psychology were used to derive predic-
torss of university students' discipline choice. From economics the idea of 
utilit yy maximization was used. Using psychological theory, non-monetary 
profitss of education were made explicit. Freshmen of nine different univer-
sityy disciplines participated (law, history, economics, psychology, political 
science,, English linguistics, Spanish linguistics, medical biology, and den-
tistry).. First, the students reported the expected income after graduation 
off  their own specialization, and of other specializations. Second, they evalu-
atedd thirteen benefits associated with academic disciplines. These subjective 
benefitss were grouped into five types of benefits: prospects of a good career, 
studyy content, the effort a study requires, the possibility to interact with 
otherr people, and social setting. Students from the nine disciplines differed 
inn the extent to which they anticipated maximum financial earnings. In ad-
dition,, large differences were found between disciplines on the benefit scores. 
Thee benefits and gender were used in a multinomial logit model to predict 
disciplinee choice. The model correctly predicted discipline choice for 37% of 
thee student sample. Further analysis showed that the exclusion of gender 
didd not decrease model fit  substantially. 

5.11 Introduction 

Students'' educational decisions are studied extensively in both economics and 
psychology.. In the economics of education, schooling decisions are explained by the 
returnss to education. In psychology, educational choices are mostly explained by 
personall  characteristics such as personality, apt i tude, or preferences. In this study 
i tt was tried to use both economic and psychological theory to explain students' 
choicee of an academic specialization out of a set of alternatives. First, discipline 
choicee is discussed from economic and psychological viewpoints, separately. 

Thiss chapter is based on the paper: Smits, N., Vorst, H. C. M., & Mellenbergh, G. J. (2002). 
PredictingPredicting academic discipline choice using students' subjective benefits. Under revision. 
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Inn economics, it is assumed that students are utilit y maximizing actors when 
makingg educational decisions. A central theory for the explanation of students' 
vocationall  decisions is the human capital theory, which was first introduced by 
Schultzz (1961) and Becker (1962). In its most simple form, it states that students 
choosee an academic discipline that leads to the career that gives highest expected 
earningss over the life-cycle. In the human capital theory, educational choices 
aree explained by investment motives: students choose a discipline for the sake 
off  future returns. Alternatively, economists use consumptive models to explain 
educationall  decisions. Consumptive motives are associated with immediate (as 
opposedd to future) benefits of educational choices (see, e.g., Kodde &z Ritzen, 
1984).. In the economics of education, benefits of education can be both pecuniary 
andd non-pecuniary. However, non-financial benefits of education are mostly not 
madee explicit in the literature. 

Inn some economic studies, the returns to different types of education and spe-
cializationss are estimated (see, e.g., Jacobs, 2001). In such research, not the ex-
pectedd future earnings, but actual earnings are used. On the basis of such studies 
itt cannot be concluded that students choose a discipline anticipating their future 
earnings.. However, some studies do focus on the relationship between expected 
andd realized earnings. Webbink and Hartog (2001), following Manski (1993), com-
paredd students' expected and realized earnings, concluding that Dutch students 
aree able to predict their starting salary. Moreover, Oosterbeek and Webbink (1995) 
reportedd a positive effect of high school students' expected wages on the proba-
bilit yy of enrolling in higher education. These findings suggest that students can 
predictt their salaries and that they do take into account the expected earnings 
whenn making educational choices. 

Thee motives that are associated with educational choices of Dutch students 
havee been studied extensively (see, e.g., Felsö, van Leeuwen, &c van Zijl , 2000; 
Borghans,, 1999; de Jong, van Leeuwen, Roeleveld, Sz Webbink, 1998). These 
studiess suggest that discipline choice is influenced by labor market perspectives 
onlyy to a moderate extent. Moreover, Oosterbeek and Webbink (1995) stated 
thatt the importance of financial motives seems to be vanishing in Dutch students' 
enrolmentt in higher education. While it was concluded previously that students 
aree influenced by financial factors, the effect seems to be only moderate. These 
findingsfindings suggest that Dutch students are be led by non-pecuniary factors to a large 
extent. . 

Inn psychology, it is common to explain schooling decisions, i.e. choosing an aca-
demicc specialization, from person characteristics, such as aptitude (see, e.g., Shea, 
Lubinski,, &: Benbow, 2001), or preferences (see, e.g., Hansen & Neuman, 1999). 
However,, the most famous psychological theory of schooling decisions is Holland's 
theoryy of vocational personalities and work environments (Holland, 1997). Ac-
cordingg to this theory, students tend to seek environments in which they can use 
theirr skills and abilities, express attitudes and values, and take on problems and 
roless that fit  them. It should be noted that this idea of fit  between a person and 
hiss or her working environment, bears strong resemblance to the human capital 
theory.. According to both theories, students look for studies or jobs in order to 
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reachh a certain goal. In the human capital theory, students anticipate environ-
mentss that give them maximum earnings, whereas in the person-environment fit 
theory,, students look for environments that match their personality. 

Inn psychology, financial benefits are mostly disregarded when explaining edu-
cationall  choices. Exceptions are, for example, Husman and Lens (1999), Galotti 
(1999),, and Gallucci (1997), who did consider both career and financial prospects. 
Fromm a psychological point of view, benefits of a given study need not only be 
onn a monetary level. For example, the match between personality and work envi-
ronmentt may be interpreted as a benefit because, according to Holland's theory, 
itt results in personal satisfaction. Other variables that are associated with disci-
plinee choice can be seen as benefits as well: the amount of leisure a student has 
(see,, e.g., Bee h Ronaghy, 1990), or the possibility of being meaningful to other 
peoplee (see, e.g., Ben-Shem Sz Avi-Itzhak, 1991). These different sorts of benefits 
are,, contrary to financial earnings, not measurable (at least, not directly) on an 
objectivee (monetary) scale. To measure these kinds of benefits, a subjective scale 
mustt be used, making these benefits subjective. 

Summarizing,, in economics financial variables are emphasized, and non-pecuni-
aryy factors are not made explicit. In psychology, money related factors are mostly 
neglectedd and non-financial variables are used to explain schooling decisions. 

Inn this study, both psychology and economics were used to explain the discipline 
choicee of pre-university students. From economics, financial variables and the idea 
off  utilit y maximization were used. Psychology was used to make the non-pecuniary 
motivess more explicit. 

First,, it was checked to what extent Dutch university students are influenced 
byy financial factors when choosing a discipline. Estimated earnings after gradu-
ationn generated by freshmen of nine academic disciplines were studied. Second, 
students'' evaluations of 13 different benefits associated with academic disciplines 
weree examined, and used to predict their discipline choices. 

5.22 Method 

Dataa were collected from freshmen of nine university courses at the University of 
Amsterdam.. During second and third trimester students were asked to participate 
inn a survey during class. Participation was rewarded with a lottery ticket. A total 
off  753 students (433 females and 320 males) participated: 106 law students (62 
femaless and 44 males), 101 economics students (27 females and 74 males), 93 
medicall  biology students (61 females and 32 males), 77 dentistry students (36 
femaless and 41 males), 175 psychology students (138 females and 37 males), 41 
politicall  science students (18 females and 23 males), 76 history students (30 females 
andd 46 males), 39 English linguistics students (28 females and 11 males), and 45 
Spanishh linguistics students (33 females and 12 males). 

Studentss were asked to cast their minds back to the moment they had to 
choosee an academic specialization, and were requested to evaluate 13 benefits that 
weree associated with potential disciplines. For each of these benefits, students 
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hadd to rate its importance. Table 5.1 presents the questions that were used to 
obtainn the thirteen benefit scores. The correlation matrix that was associated 
withh the 13 benefits was studied in a principal components analysis. This analysis 
producedd five interpretable factors1. The five factors were the following. The first 
wass defined as Prospects of a Good Professional Career (which we shall refer to as 
'Prospects'),, and consisted of benefits 1 to 4. This set of benefits corresponded to a 
largee extent to benefits commonly reported in the economic literature. The second 
componentt was defined as Study Content, and consisted of benefits 5 to 7. These 
threee benefits were associated with study content of academic disciplines; whether 
itt should be interesting, should add to the students' personal development, and 
whetherr it should strain the students' mental capabilities. The third component 
wass defined as the Effort an Academic Discipline Requires (which we shall refer to 
ass 'Effort'), and consisted of benefits 8 and 9. These items were associated with 
thee time and effort studying should require. The fourth component was defined 
ass Working with Other People (which we shall refer to as 'Other People'), and 
consistedd of benefits 10 and 11. These items were associated with the extent to 
whichh graduation in a discipline enabled a student to work with other people. The 
fifthfifth  component, which consisted of items 12 and 13, was called Social Setting. It 
wass associated with whether students thought it was important to be in a study 
withh likeable fellow students, and whether they deemed it important that their 
parentss agreed with their discipline choice. 

Thee questionnaire (see, Table 5.1) contained both future and present benefit 
items.. The Prospect and Other People items were clearly associated with future 
benefitss (investment motives). The Study Content, Effort, and Social Setting 
itemss were associated with present-day benefits (consumption motives). 

Thee data associated with the 13 benefits had very few missing values. Only 
.07%% of the data was missing. Because it is more convenient to work with complete 
dataa matrices, these missing values were replaced, or imputed, with missing data 
proceduree NORM, developed by Schafer (1998). 

Subsequently,, students were asked to fill  out both the Estimated Wages after 
graduationn (EW), and the probability of success after taking up a discipline, for 
fourr disciplines including their own2. Using these sets of two variables, per student 
thee Expected Value of the Estimated Wages (E(EW)) was constructed for each 
off  four disciplines (for a description of E(EW), see section 5.2.1). However, the 
variabless that were associated with estimated wages had a substantial amount of 
missingg values (24% of the total group had at least one missing value on the wage 
variables).. It was known that some students deliberately left questions that were 
associatedd with these variables unanswered. They added written comments in the 
booklets,, in which they stated that they had never considered wages or that they 
justt did not have a clue. The number of missing values was very different for the 
ninee specializations (for example, economics students hardly had missing values, 

1Thee principal components analysis was performed for ease of interpretability; however, in 
thee subsequent analysis the individual items were used. 

2Thee present study is part of a larger design, in which blocks of studies were compared. In 
thiss design, students from different disciplines evaluated different sets of studies. 
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Tablee 5.1: Subjective Benefits in the Questionnaire 
Nrr Component Item 

11 Prospects It is important to have good employment opportunities after graduation. 
22 It is important that I wil l earn a lot of money after graduation. 
33 It is important that I can make a career by means of graduating from 

university. . 
44 It is important that I secure a high social status by graduating from my 

discipline. . 
55 Content It is important that the discipline I choose has fascinating study material. 
66 It is important that the discipline I choose adds to my personal develop-

ment. . 
77 It is important that the discipline I choose wil l strain my capabilities to 

thee limit . 
88 Effort It is important that the discipline I choose wil l give me enough leisure. 
99 It is important that I can easily fulfi l the demands of my discipline. 

100 Others It is important that I can be meaningful to others after graduating. 
111 It is important that after graduating I can pass on the acquired knowl-

edgee to others. 
122 Social It is important that I like the kind of students in ray discipline. 
133 It is important to do my parents a favor when choosing a discipline. 
AA seven-point Likert rating scale ( l=strongly disagree; 7=strongly agree) was used. The 
orderr of the benefits in this table is not identical to the order in the questionnaire; they are 
groupedd according to content (see, second column). 

whereass history students had a substantial amount of missing values). The missing 
valuess of these variables were clearly not missing in a random way; they seemed to 
dependd on the values of the unreported values. It is very plausible that students 
whoo did not fil l out these questions really did not have an idea, or perhaps expected 
too earn less money compared to students who did. Therefore, it was chosen not 
too impute these missing values. For this analysis the non-missing data associated 
withh estimated wages were used. Therefore, it should be noted that the estimates 
thatt are associated with expected wages after graduation may be biased. 

5.2.11 Analyses 

Too check to what extent Dutch students are influenced by financial factors when 
choosingg an academic discipline, estimated wages after graduation were studied. 
Forr the students with complete observations, estimated wages of the discipline that 
wass chosen were compared with the estimated wages in three alternative disciplines 
(theyy had not chosen). However, results that are associated with estimated wages 
aree not conclusive. Students may avoid certain studies because they know they do 
nott have the ability or the motivation to graduate in those studies. In that case, the 
likelihoodd of graduating is very low, which makes these estimated wages unrealistic. 
Too take the likelihood of graduating into account, the Expected value of Expected 
Wagess (E(EW)) was studied. E(EW) of a given discipline was constructed by 
multiplyingg the expected wages after graduation by the subjective probability 
off  being successful in that discipline. If students anticipated maximum future 
earnings,, E(EW) should be highest for the study they chose (regardless of what 
alternativess are considered3). 

33 If the expected value for all possible disciplines were available, it could be checked whether 
thee discipline that is actually chosen has a maximum expected value. However, in our case the 
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Next,, the nine university groups were compared at their 13 subjective benefit 
scoree means. 

Too predict discipline choices, the Multinomial Logit Model (MNL) was used. 
MNLL is a model for unordered choices. The model predicts choices on the basis 
off  person specific variables. McFadden (1974) showed how MNL is derivable from 
utilit yy maximization. Therefore, when using MNL, it was assumed that students 
maximizedd their utilit y when choosing a discipline. The 13 benefits and gender 
weree used as predictor variables. Gender was included in the model because the 
genderr distribution was very different in the nine disciplines. It was also checked 
whetherr the exclusion of this variable decreased model fit. MNL assumes the 
independencee of irrelevant alternatives (IIA) . This means that the odds ratio of 
everyy pair of alternatives (academic disciplines in our case) should be independent 
off  all other alternatives. To test this independence, the Hausman-McFadden test 
(Hausmann & McFadden, 1984) was applied. For a an extensive description of 
MNL,, see, e.g., Cramer (1991). 

5.33 Results 

Thee first row in Table 5.2 shows the proportion of students who expected highest 
wagess when graduating in their own discipline. The students differed to a great 
extentt in this proportion. Students in history, psychology, English and Spanish 
almostt exclusively thought that they would earn more had they chosen another 
discipline.. Dentistry and economics students almost exclusively thought that they 
wouldd earn most in their own study. Law and medical biology also had a substan-
tiall  number of students who expected highest earnings in their own discipline. The 
secondd row of Table 5.2 shows the proportion of students in each group that chose a 
disciplinee for which E(EW) was highest. Likewise, students of the nine disciplines 
differedd to a large extent. History, and Spanish and English linguistics students 
mostlyy had highest E(EW)s for a discipline they had not chosen. Students in 
dentistry,, medical biology, law. and to a somewhat smaller extent political science 
andd economics, mostly had highest E(EW) values for their own study. Psychology 
hadd approximately as much students who did and who did not choose a study for 
whichh E(EW) was highest. These results suggest that some students were, and 
somee students were not influenced by future earnings when choosing a discipline. 
Dentistry,, medical biology, economics, and law students seemed to be influenced 
byy these factors. History, English and Spanish linguistics students seemed mainly 
uninfluencedd by future earnings. Political sciences and psychology students were 
somewheree in between these two extremes. Resuming, it cannot be stated in 
generall  that these students were influenced by future earnings; large differences 
existedd between students from different disciplines. It may be suggested that for 

expectedd value is only known for three alternatives. When the actual study does not have the 
maximumm expected value, it can be stated that the student does not maximize utility . However 
whenn the actual study does have the maximum expected value it can not be stated that the 
studentt does maximize utility , because the expected value could be higher for disciplines of 
whichh expected value are unavailable. 
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Tablee 5.2: Proportions of Students with Highest Estimated Wages, and Highest Ex-
pectedpected Value of Estimated Wages for Actual Discipline. 

Discipline e 
Laww Eco Med Den Psy Pol His Eng Spa 

Chosenn Discipline has ÖÜ4 Ö85 ÖÜ8 Ö93 ÖÖ9 Ö29 Ö7Ö7 ÖTÏ8 0.22 
highestt EWa 

Chosenn Discipline has 0.63 0.58 0.63 0.71 0.50 0.58 0.30 0.36 0.29 
highestt E(EW)b 

"Estimatedd Wages; bExpected Value of Estimated Wages 

studentss who did not maximize expected monetary returns, other, non-monetary 
benefitss exist, that explain their discipline choice. 

Tablee 5.3 reports the deviation mean benefit scores per study discipline. For 
easyy reference, mean benefit scores per group minus the mean value of the group 
withh the lowest mean are displayed; if a group had a zero deviation mean on a 
benefit,, it means that it had the lowest mean value of all groups on that variable. 

Largee differences between disciplines existed. In this section, differences be-
tweenn groups are described in a somewhat general way. In the discussion, groups 
wil ll  be characterized in more detail. 

Historyy and political science students had low mean scores on the Prospects 
benefitt items, whereas law, economics, medical biology, and dentistry had high 
meann scores. Psychology, and English and Spanish linguistics students had average 
scoress somewhere between these two extremes. 

Economicss students had very low mean scores on the Study Content benefits. 
Fromm other research it was also known that economics students do not choose 
theirr study for the interesting content (see, e.g.,Felsö et al., 2000). Political 
sciencee students had very high scores on these items, followed by students from 
psychologyy and history. Dentistry, and English and Spanish linguistics students 
hadd mediocre scores on these benefits. 

Dentistry,, medical biology, and Spanish and English linguistics students scored 
relativelyy high on the Effort benefits, which means that they preferred disciplines 
withh more leisure and less effort than students from other disciplines. Political 
sciencee and history students had the lowest means on the Effort benefits. Law, 
economics,, and psychology students had intermediate mean scores. 

Off  all groups, economics and history students had lowest scores on the Other 
Peoplee benefits. Students from psychology, dentistry, and medical biology scored 
highestt on this set of benefits. Political science, law, and English and Spanish 
linguisticss students had moderate scores on these benefits. 

Thee two benefits that were associated with Social Setting did not show con-
sistentt patterns. Therefore, they are discussed separately. The benefit that was 
associatedd with the type of students in a discipline was the benefit that showed 
smallestt differences between groups. Economics and psychology students scored 
higherr on this benefit than students from other groups. The benefit that was asso-
ciatedd with the parents' opinion on the discipline choice, showed more differences 
betweenn groups. Economics, medical biology, and dentistry students thought it 
wass more important to choose a discipline that their parents agreed with than 
studentss from political science, history, and Spanish linguistics did. Students in 
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T a b l ee 5 .4: Likelihood-ratio Tests for Predictors 

# # 
1 1 
2 2 
3 3 
4 4 
5 5 
6 6 
7 7 
8 8 
9 9 

10 0 
11 1 
12 2 
13 3 

Predictor r 
Goodd employment opportunities 
Earnn a lot of money 
Makee a career 
Securee a high social status 
Fascinatingg study material 
Addss to personal development 
Strainn capabilities to the limi t 
Givess enough leisure 
Easilyy fulfi l demands 
Meaningfull  to others 
Passs on the acquired knowledge 
Likee the kind of students 
Doo parents a favor 
Gender r 

4 4 19.666 6 
5.973 3 

35.447 7 
32.224 4 
19.331 1 
42.762 2 
15.299 9 
36.750 0 
8.515 5 

19.916 6 
80.076 6 
14.065 5 
41.688 8 
15.041 1 

P P 
.000 0 
.000 0 
.000 0 
.013 3 
.000 0 
.000 0 
.385 5 
.054 4 
.011 1 
.000 0 
.080 0 
.058 8 
.650 0 
.000 0 

Numberr of Observations 753 
Log-likelihoodd of Total Model -2181.6 

law,, psychology, and English linguistics had moderate scores on this benefit. 
MNLL had a reasonable model fit. Moreover, the Hausman-McFadden tests 

showedd that the assumption of independence of irrelevant alternatives was not 
violated.. The Likelihood-ratio test rejected the null-hypothesis of each of the 
coefficientss but the constant terms simultaneously being equal to zero at the 5% 
significancee level (x?12 = 580.94, p = .000). The model had a Pseudo-fi2 of .19. 
Tablee 5.4 contains likelihood ratio tests for all predictors4. The benefits associated 
withh items 7, 8, and 11 to 13 were not significant predictors at the 5% significance 
level. . 

Thee classification table that was constructed on the basis of the estimated MNL 
iss shown in Table 5.5. The percentage of overall correct classification was 37.2%. 
Inn all but one of the groups the percentage of correct classifications was higher 
thann the rate of random classification (11.1%). None of the English linguistics 
studentss was classified to their discipline by MNL. Table 5.5 shows that English 
linguisticss lost students mostly to history and psychology. The loss to psychology 
wass probably a result of the relatively large psychology sample size. The loss to 
historyy may have resulted from both disciplines being humanity studies. It was 
checkedd whether the English linguistics and history students should be combined 
inn one category, using the Cramer-Ridder test (Cramer & Ridder, 1991). The 
testt showed that the independents differentiated between English linguistics and 
historyy significantly (x?4 = 33.57,p = .002). Therefore, the two groups needed 
nott be joined. 

Althoughh the Likelihood-ratio test showed that gender was a significant pre-
dictor,, it did not express the predictive power of this variable. The model that 
excludedd gender had a somewhat lower model fit  (a Pseudo-fi2 of .16), and an 
identicall  rate of correct classification. However, the resulting classification table 

4Otherr MNL results such as estimated coefficients, marginal effects and Hausman-McFadden 
testss are obtainable from the author. 
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wass different from the table on the basis of the model that included gender. 

5.44 Discussion 

Thee analysis that was associated with estimated wages and E(EW) showed that 
studentss from different disciplines differed in the extent to which they were moti-
vatedd by expected monetary earnings. Most of the students in dentistry, medical 
biology,, economics and law, seemed to maximize their financial prospects; history, 
andd Spanish and English linguistics students did not seem to anticipate maximum 
futuree monetary earnings. Psychology and political science students fell some-
wheree in between. It should be noted that many students had missing values on 
thee variables associated with expected earnings, which may have resulted in bi-
asedd estimates. However, missing values occurred especially in disciplines in which 
studentss did not think that their chosen discipline would give maximum future 
monetaryy earnings. Therefore, estimates in these groups were probably conserva-
tivee (the proportion of students who anticipated maximum monetary income may 
actuallyy be lower in those groups). 

Thee analysis that was associated with subjective benefits showed that students 
fromm different disciplines anticipated different benefits. The MNL that was applied 
too the subjective benefits and gender, showed reasonable model fit. Moreover, 
37.2%% of the students was correctly classified. 

Thee model fit did not decrease substantially when gender was omitted from 
thee MNL. Moreover, the rate of correct classification did not change after omitting 
genderr from the model. 

Thesee outcomes suggest that students from different studies differ to a large 
extentt in the motives for choosing an academic discipline. Moreover, single benefits 
cannott explain educational choices: multiple benefits are needed to differentiate 
amongg students from different disciplines. 

Thee nine student groups can be roughly characterized using the five compo-
nentss that resulted from the principal component analysis. Below disciplines are 
describedd with respect to these components by using the mean scores on the cor-
respondingg items (see, Table 5.3). 

Laww students anticipated prospects of a good career, and regarded study con-
tentt as moderately important. In addition, they thought to a moderate extent 
thatt a discipline should require littl e effort; they deemed it was important to in-
teractt with other people to a very moderate extent. Moreover, they did not care 
aboutt the kind of fellow students in a discipline. However, law students regarded 
itt relatively important that their parents would agree with their discipline choice. 

Economicss students anticipated a discipline with good career 
prospects,, and regarded study content as unimportant. In addition, economics 
studentss thought it was important that a discipline did not require much effort; 
theyy judged the possibility of working with other people as unimportant. More-
over,, they wanted a discipline with nice students, and a discipline their parents 
wouldd approve of. 
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Medicall  biology and dentistry students had very similar benefit scores. This 
probablyy resulted from both studies being health studies. Moreover, it was known 
thatt medical biology consisted to a large extent of students who were eliminated 
byy lottery when applying for medical science; they studied medical biology anti-
cipatingg the lottery in the next year. In addition, dentistry and medical science 
aree very similar in both study design and career perspectives. Students from both 
discipliness wished good prospects of a professional career, and both wanted to 
putt relatively littl e effort at their potential study. The latter result is somewhat 
surprisingg because both specializations are famous for being very strenuous studies. 
Inn addition, in both groups, students wanted to mean something to other people. 
However,, two differences existed between medical biology and dentistry. First, 
medicall  biology students deemed study content more important than dentistry 
students.. Second, dentistry students wanted to please their parents to a larger 
extentt when choosing a discipline than medical biology students did. 

Psychologyy students cared for the prospects of a good career to a relatively 
moderatee extent, and thought that study content was quite important. In addition, 
theyy wished to put a moderate effort at their potential study and thought it was 
importantt to work with other people after graduation. They thought especially 
thatt it was important to be meaningful to other people. Moreover, psychology 
studentss deemed the presence of nice student colleagues as important, and did not 
caree much about their parents' opinion associated with discipline choices. 

Politicall  science students cared to a relatively small extent about the prospects 
off  a good career, and wanted a study with an interesting content. In addition, 
theyy did not mind putting a relatively high effort a their study, and wanted to be 
meaningfull  to others. However, they did not think it was important to pass on 
knowledgee to others. Moreover, they did not care about the likableness of their 
felloww students, nor about what their parents thought of their discipline choice. 

Historyy students did not anticipate prospects of a good career, but cared a 
lott about study content. Moreover, they did not mind having to put a moderate 
effortt at their study. In addition, history students did not think it was important 
thatt their discipline enabled them to work with others, did not care about fellow 
studentss nor about their parents' opinion on their discipline choice. 

Englishh and Spanish linguistics students were quite alike. Students from both 
discipliness did not care much about prospects of a good career, but deemed study 
contentt very important. However, contrary to students from the other humanities 
discipline,, history, English and Spanish linguistics students thought it was very 
importantt to put a relatively small effort at their study. In addition, students 
fromm both disciplines expressed that they did not care much about their parents1 

opinionn when choosing a discipline. However, two differences existed between 
studentss from these two linguistics studies. First, English linguistics students did 
too a somewhat larger extent want a discipline with sufficient leisure than Spanish 
linguisticss students. Second, Spanish linguistics students were less interested in 
beingg able to work with other people than English linguistics students. 

Thee results of this study have consequences for both theory and practice. 
Withinn psychology, the idea of future and present benefits, which can be both 
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financialfinancial and non-financial, should be integrated within existing theories of disci-
plinee choice. In vocational guidance, counsellors should consider both monetary 
andd non-monetary benefits of potential studies for a given student. These bene-
fitsfits should be used next to common student characteristics such as aptitude and 
interestss to come to a choice. 

Withinn economic theory, non-financial motives should be made more explicit 
andd differences between students from different disciplines should be allowed for, 
whenn modelling educational choices. Students may be rational, as economic the-
oryy prescribes, but on a subjective level. Non-pecuniary benefits need not only 
bee associated with consumptive motives; some benefits may be prospective. For 
example,, the possibility of working with, or helping other people after graduation 
cann be seen as a future benefit. For some students non-pecuniary benefits may 
bee more important than pecuniary benefits; higher earnings may be sacrificed for 
thesee kinds of benefits. The dominating idea of expected earnings maximization 
shouldd be replaced with an idea of maximization of multiple benefits, some of 
whichh are financial, and some of which are non-financial. 
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66 Benefits of academic 
education:: Using student 
desires,, and student 
perceptionss of specializations 
too predict the choice of a 
universityy specialization 

Abs t ract t 

Inn this chapter a set of 13 benefits associated with academic specializations 
wass used to study academic choices. In addition to benefits that are com-
monlyy stressed - financial returns in economics, and study content in psy-
chologyy - the set consisted of benefits associated with the effort a special-
izationn requires, working with other people, other students, and parents' 
opinion.. Students from four academic specializations reported their desires 
andd their perceptions of all four academic disciplines associated with 13 ben-
efits.. The students in the four specializations differed in both their desires 
andd their perceptions. In addition, 5 methods were used to predict special-
izationn choice: discriminant analysis, the Conditional Logit Model (CLM), 
Multi-Attribut ee Utilit y Theory (MAUT) , Equally Weighted Criteria (EWC), 
andd the Euclidean distance. These methods applied the desires and percep-
tionss in a different way: the discriminant analysis exclusively used students' 
desires;; CLM and ECW exclusively used the perceptions of four specializa-
tions;; MAUT and the Euclidean distance made use of both sets of variables. 
Al ll  methods gave reasonable prediction results; CLM was the best method, 
thee discriminant analysis was the least adequate method. The set of benefits 
provedd to be very useful to study academic choices. Moreover, it was con-
cludedd that the design of assessing both desires and perceptions of academic 
specializationss is very useful to study academic choices. 

Thiss chapter is based on the paper: Smits, N., Vorst, H. C. M., & Mellenbergh, G. J. (2003). 
BenefitsBenefits of academic education: Using student desires, and student perceptions of specializations 
toto predict the choice of a university specialization. Submitted for publication. 
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6.11 Introduction 
Inn the behavioral and social sciences, the choice of an academic specialization of 
collegee and university students has been studied extensively (see, e.g., Galotti, 
1999;; Holland, 1997; Krumboltz, Mitchell, & Jones, 1976; Lent, Brown, & Hack-
ett,, 1994; Lent et al., 2002). In some theories of academic choice it is argued 
thatt students make academic decisions in order to meet a certain goal. For ex-
ample,, according to the best known psychological theory of academic (and career) 
development,, Holland's theory of vocational personalities and work environments 
(Holland,, 1997), students search an academic specialization that best fits their per-
sonality.. In the literature, students' vocational interests are related to the study 
contentt of academic specializations. For an overview of this vocational interest 
literature,, see, e.g., Traneberg, Slane, and Ekeberg (2000). In the economics of 
education,, financial benefits are stressed (see, e.g., Vella & Gregory, 1996), and 
studentss choose an academic specialization that leads to the career that gives them 
maximumm earnings. For an overview of the economics of education literature, see, 
e.g.,, Hanushek (2001). 

Inn theories like these it is assumed that students have desires (synonyms: drives, 
needs,, or wants), which they want to fulfil l when faced with a choice. When 
makingg an academic choice, students are faced with a set of alternative academic 
specializations.. These specializations have characteristics, or attributes, on which 
theyy vary. Students choose the alternative with the attributes that best meets 
theirr desires. In other words, students choose the specialization that gives them the 
highestt level of satisfaction, or utility. For the sake of clarity, matters that students 
cann desire, and on which specializations can vary, such as monetary income after 
graduation,, shall be called benefits hereupon. 

Inn psychological theory, benefits associated with study content have been 
stressed;; in economic theory, benefits associated with monetary income have been 
stressed.. It may be argued that these two sorts of benefits are not the only benefits 
thatt can be considered by students who choose an academic specialization. Other 
variabless associated with academic disciplines may be regarded as benefits as well. 
Ann example is leisure time. Studying means putting time and effort into academic 
tasks.. The time that is spent on studying cannot be spent on other activities 
suchh as recreation. Therefore, students may choose an academic specialization 
thatt does not require too much of their time (see, e.g., Bee Sz Ronaghy, 1990). 
Weinerr and Hunt (1983) reported on students' willingness to trade a part of their 
salaryy of their future job for more leisure time. Another sort of benefit that may 
bee considered by students is the possibility to be meaningful to other people (see, 
e.g.,Ben-Shemm & Avi-Itzhak, 1991; Kassier, Wartman, &; Silliman, 1991; Killeen 
&&  McCarrey, 1986; Schwartz et al., 1990). Some students have a calling to help 
peoplee in need, or to educate other people, and choose a specialization that enables 
themm to do that. Yet another benefit considered may be associated with students' 
parents.. When making educational choices, students often ask and/or get advice 
fromm their parents (see, e.g., Hoffman, Hofacker, & Goldsmith, 1993; Middleton & 
Loughead,, 1993). Moreover, many students are financially dependent upon their 
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parentss during their study. Therefore, it is likely that many students choose an 
specializationn that their parents approve of. 

Nextt to content, benefits associated with academic specializations may vary on 
att least two other dimensions. First, in both psychological and economic theory, 
benefitss of academic disciplines can vary on a temporal dimension. In economics, 
twoo kinds of motives are used to explain academic choices: investment motives and 
consumptivee motives. The human capital theory (Schultz, 1961; Becker, 1962), 
whichh stresses investment motives, states that students choose a specialization that 
leadss to the career that gives highest future returns. Alternatively, consumptive 
motivess are associated with immediate (as opposed to future) costs and benefits of 
educationall  choices (see, e.g., Kodde &; Ritzen, 1984). In psychological motivation 
theory,, Future Time Perspective (FTP) (see, e.g., Husman & Lens, 1999) is used 
too describe the temporal distance of goal objects that are processed by a student. 
Somee students have a short FTP, processing goals in the near future. Other 
studentss have a long FTP, anticipating goals in the distant future. 

Second,, in student motivation theory, another distinction associated with ben-
efitss of academic choices is made. Intrinsic and extrinsic motivation are distin-
guishedd (see, e.g., Husman &; Lens, 1999). Motivation is intrinsic if learning or 
performancee at college or university is a goal or a benefit in itself. Motivation is 
extrinsicc if rewards that are not intrinsically related to the educational activity, 
suchh as monetary gains, are the main goal. In that framework, the motives that 
aree commonly stressed in the economics of education are extrinsic. 

Resuming,, benefits may be of different types, such as monetary and non-
monetary,, may be immediate or future, and may be extrinsic or intrinsic. It 
iss likely that students vary to a large extent in their ideal composition of benefits 
off  an academic specialization. Some students may exclusively anticipate mone-
taryy returns while other students may choose a study exclusively on the basis of 
itss content. In addition, it is very likely that students perceive the benefits of the 
samee discipline in a very different way. For example, one student may view the 
studyy content of a given specialization as very interesting, while another student 
valuess it as highly uninteresting. It is important to note that these perceptions 
doo not represent benefits that exists independently of the individual's perceptions, 
butt exactly as they are perceived by the individual. Therefore, these variables are 
subjectivesubjective (Edwards & Cooper, 1990). 

Inn this study both students' desires and perceptions of benefits of academic 
discipliness were assessed. A set of 13 different benefits was used to cover a wide 
rangee of benefits of academic specializations. This set contained different sorts 
off  benefits that were immediate or future, and intrinsic or extrinsic. Desires and 
perceptionss were used to answer two research questions. 

First,, it was verified what compositions of benefits were typically desired by 
universityy students in different disciplines, and it was studied how students per-
ceivedd the benefits of different academic specializations. 

Second,, it was studied what method could best be used to predict academic 
specializationn choice. Methods that originated from several theoretical perspec-
tivess were applied to assign students to academic specializations. Moreover, these 
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methodss made a different use of desires, and perceptions of academic special-
izations.. One method, discriminant analysis, used students' desires, and ignored 
theirr perceptions of academic specializations. Two methods, the Conditional Logit 
Modell  (CLM) and Equally Weighted Criteria (EWC), ignored students' desires, 
andd exclusively used perceptions of academic specializations. Two other methods, 
Multi-Attribut ee Utilit y Theory (MAUT) and the Euclidean distance, made use of 
bothboth students' desires and their perceptions of academic specializations. It was 
expectedd that MAUT and the Euclidean distance, that used more information on 
studentss than other methods, would give best predictions. 

6.22 Method 

6.2.11 Participants 
Data11 were collected from freshmen of four university courses at the University of 
Amsterdam.. During second trimester, while attending class, students were asked 
too participate in a survey. Participation was rewarded with a lottery ticket. A 
totall  of 397 students (207 females and 190 males) participated: 106 law students 
(622 females and 44 males), 76 history students (30 females and 46 males), 101 
economicss students (27 females and 74 males), and 114 psychology students (88 
femaless and 26 males). 

6.2.22 Survey 
Thee survey contained five parts: one part was associated with the students' desires, 
andd four parts were associated with students' perceptions of benefits of each of four 
specializations.. At the beginning of the survey, students were requested to cast 
theirr minds back to the moment they had to choose an academic specialization 
whenn fillin g out the questions. The first part requested the students to express their 
desiress associated with academic disciplines in general, by rating the importance 
off  each of thirteen benefits (see, Table 5.1 in the previous chapter). Each of the 
otherr four parts was associated with the benefits of specializations law, history, 
economicss and psychology, respectively. Figure 6.1 shows the survey design. It 
cann be seen from this design that students were assessed on their desires, their 
perceptionss of the specialization they had actually chosen, and their perceptions 
off  three alternative specializations. 

Tablee 6.1 presents the questions that were used to obtain the thirteen per-
ceptionss of each specialization. For each part of the survey, a seven-point Likert 
ratingg scale was used. 

Eachh item of Table 6.1 was constructed to cover a unique sort of benefit. 
However,, these benefits could be grouped into somewhat broader categories. This 
substantivee categorization was supported by a principal components analysis of 

11 These observations are a sub-sample of the sample used in chapter 5 of this dissertation. For 
thee present study, students who participated during second semester were selected. 
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Generall  Benefits of Benefits of Benefits of Benefits of 
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F i g u r ee 6 .1: Design of the Survey. 

thee correlation matrix associated with students' desires. The first four items were 
constructedd to cover the benefits that are commonly stressed in the economics of 
education:: benefits that are related to career prospects and income. Items 5 and 
66 were constructed to cover the benefits of academic disciplines that are stressed 
inn psychological theories: the subject content of academic specializations. Items 
77 to 9 were related to the time and effort specializations require2. Items 10 and 
111 were constructed to include benefits associated with being able to work with 
otherr people after graduation. Item 12 was associated with the type of students 
inn academic specializations, and item 13 was included to cover the opinion of the 
parentss of the students on academic specializations. 

Furthermore,, the 13 questions varied according to the temporal distance of 
benefits;; both immediate and future items were included. Items 1 to 4, 10, and 
111 were related to benefits after graduation, and were therefore future benefits. 
Itemss 6 to 9, item 12 and item 13 were related to benefits during the study, and 
weree therefore immediate benefits. The 13 benefits varied on the extrinsic/intrinsic 
dimensionn as well. Items 5 and 6 were clearly related to the subject content of 
academicc specializations, and were therefore intrinsic benefits; the other benefits 
weree extrinsic benefits. 

6.2.33 Analyses 

Discriminantt  Analysis 

Discriminantt analysis is a technique to study group differences. It determines 
groupp characteristics, and assigns observations to the group they resemble most 
closely.. Discriminant analysis was applied to the 13 general desires associated with 

22 Note that in chapter 5 of this dissertation the principal component analysis yielded somewhat 
differentt results: there, item 8 was grouped as a 'time and effort' benefit. 
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Tablee 6.1: Perceptions of 13 Benefits of Academic Specializations 
11 Prospects After graduating from specialization x, I expect good employment oppor-

tunities. . 
22 As a graduate in specialization x, I think I wil l earn a lot of money. 
33 As a graduate in specialization x, I think I can make a career. 
44 As a graduate in specialization x, I think I have a high social status. 
55 Content It seems to me that the study material of specialization x is fascinating. 
66 Specialization x adds to my personal development. 
77 Effort Studying specialization x wil l give me enough leisure. 
88 I think that studying specialization x, wil l strain me to the limit . 
99 I think I can easily fulfi l the demands of specialization x. 

100 Others After graduating from specialization x I think that I can be meaningful to 
others. . 

111 By studying specialization x I can pass on the acquired knowledge to others. 
122 Social I like the kind of students who studies specialization x. 
133 By choosing for specialization x, I think I do my parents a favor. 
Note.Note. A seven-point Likert rating scale ( l^strongly disagree; 7=strongly agree) was used. 
Thee order of the benefits in this table is not identical to the order in the questionnaire; they 
aree grouped according to content. The item parts consisting of 'specialization x' should be 
replacedd by the name of the specialization in question. 

academicc disciplines3. When applying this discriminant analysis, it was assumed 
thatt students who choose different disciplines attach importance to different sorts 
off  benefits. The perceptions of the benefits of the four academic specializations 
weree not considered in this analysis. 

Conditionall  Logit Model 

CLM,, which was developed by McFadden (1974), is an econometric model of 
nominall  choices. The model assumes that individuals choose in a rational way, 
maximizingg their utility . It predicts choices on the basis of characteristics or at-
tributess of the alternatives (e.g., academic specializations law and psychology). 
CLMM resembles normal linear regression in that both models estimate one vector 
off  parameters. However, in linear regression the parameters apply to one set of 
predictors,, whereas in CLM the parameters apply to a number of sets of predic-
torss (attributes) that is equal to the number of alternatives. Each set of attributes 
iss multiplied by the same weights to obtain probabilities of individuals choosing 
eachh of the alternatives. CLM regression weights are usually interpreted as util-
ityy indicators. CLM was applied to students' perceptions of the benefits of the 
fourr specializations. The 13 perceptions of each specialization were used as its at-
tributes.. CLM ignored students' desires. Consequently, the model used four sets 
off  13 perceptions, which makes a total of 52 variables. When CLM was applied, 
i tt was assumed that students maximized their utilit y on the basis of the per-
ceptionss of the benefits associated with the four specializations. CLM estimated 
regressionn weights for the whole student sample. This means that it estimated 
weightss that apply to the total student group, regardless of what specialization 

3Thee multinomial logit model, which is very similar to discriminant analysis, was also applied 
too the 13 desires. (For an application of this model to another sample, see, chapter 5 of this 
dissertation.)) However, discriminant analysis and the multinomial logit gave very similar results 
inn this application. Therefore, multinomial logit results are not reported. 



6.22 Method 93 3 

wass chosen. In the present application, 13 weights were estimated: one for each 
off  the benefits. In the model, the perceptions of each alternative were multiplied 
byy their corresponding weight. For example, each of the students1 perceptions on 
thee employment benefit of specializations law, history, economics, and psychology, 
wass multiplied by the regression (utility ) weight that was estimated for the em-
ploymentt benefit. For every specialization these 13 products were summed. As 
aa consequence, each student had four weighted sums. These four sums are inter-
pretedd as the utilit y of each of the four specializations. The estimation procedure 
off  CLM obtains regression weights that makes the weighted sum of the alternative 
thatt was actually chosen the highest of the four sums, for as many students as 
possible.. On the basis of the estimated regression weights and the four sets of 
perceptions,, CLM's probabilities of choosing each of the four specialization were 
calculatedd for all students. Students were assigned to the specialization for which 
theyy had the highest probability. For an equation of CLM, and parameter esti-
matess of the present application, see, chapter 7 of this dissertation. In addition, 
forr a more extensive description of CLM, see, e.g., Liao (1994). 

Psychologicall  decision theory: MAU T and Equally Weighted Criteri a 

Twoo methods that originate from psychological decision theory (see, e.g., Ed-
wards,, 1992), Multi-Attribute Utilit y Theory (MAUT) and Equally Weighted Cri-
teriaa (EWC) were applied. MAUT has been developed as a guide for improving 
decision-makingg processes, which makes it a prescriptive method. The essence of 
MAUTT models is breaking complicated decisions down into small pieces. The first 
stepp in MAUT consists of the determination of attributes on which alternatives 
shouldd be judged. Subsequently, each alternative is rated on all the attributes 
(utilit yy is assessed). In addition, decision makers determine the relative weights 
(importance)) of the attributes. Finally, for each alternative a weighted sum of util-
ityy is calculated. EWC is commonly applied as a sensitivity analysis method of the 
MAUTT model: EWC assigns equal weights to each of the attributes. Galotti (1999) 
studiedd the descriptive capacities of MAUT and EWC to model students' choice 
off  a college major. In Galotti's study, students rated potential majors on relevant 
criteria,, and rated the importance of these criteria. In the present application, per-
ceivedd benefits were used as ratings, and desires were used as importance weights. 
Thee present procedure was different from Galotti's on two points. First, in her 
study,, students gave weights and ratings simultaneously, whereas in this study, 
criteriaa (desires) and ratings (perceived benefits) were administered separately. 
Second,, in this application, the set of academic specializations was not selected by 
studentss themselves, but was imposed by the researchers. When applying MAUT, 
perceivedd benefits of each discipline were multiplied by the corresponding desires, 
andd summed. Students were assigned to the study that had the highest sum of 
weightedd perceived benefits. When applying the EWC model, the desires were 
ignored,, and the perceived benefits were summed per discipline. Again, students 
weree assigned to the discipline that had the highest sum of perceived benefits. 



944 Benefits of academic education, and specialization choices 

Euclideann distance 

Thee fifth method applied was the Euclidean distance between desires and perceived 
benefits.. For each academic specialization, the Euclidean distance between a stu-
dent'ss desires vector and the specialization's vector containing perceived benefits 
wass calculated. This distance was interpreted as a multivariate correspondence 
off  students' desires and the perceived benefits of a discipline. Large distances 
representedd low correspondence; small distances represented high correspondence 
betweenn a discipline and a students' desires. Students were assigned to the disci-
plinee for which the Euclidean distance was smallest. 

(Dis)similaritie ss of prediction methods 

Inn the analysis, five prediction methods were used. It should be noted that the 
methodss made use of different parts of the data. The first method, discriminant 
analysiss made use of the desires and ignored the perceptions associated with the 
fourr disciplines. CLM and EWC both ignored the desires and made exclusively use 
off  the perceptions of the benefits associated with the four specializations. MAUT 
andd the Euclidean distance made both use of all variables, that is, both desires 
andd perceptions. 

Criterio n n 

Thee prediction methods were evaluated at their predictive power. For each method 
aa classification table was constructed. This table compared the actual choice with 
thee predicted choice according to the model in question. The model that had the 
highestt rate of overall correct classification was considered the best method. 

Crosss validation and missing data 

Too asses the stability of the estimation of the two statistical methods, discriminant 
analysiss and the CLM, 'leave-one-out' cross validation was applied (see, e.g., Efron 
&;; Tibshirani, 1993, p. 239; Stone, 1974): iteratively each student was left out 
off  the sample, and the models were applied upon the data of 397 — 1 = 396 
remainingg students. The values on the predictive variables of the excluded student 
weree subsequently entered in the estimated model to obtain a prediction of group 
membership.. The leave-one-out predictions were finally compared with the actual 
choices. . 

Inn this study, missing values were found in the item scores of both the desires 
andd and the perceptions. The rate of missing values was very low: 1.97%. In 
orderr to work with complete data, missing values were estimated, or imputed, 
withh missing data procedure NORM (Schafer, 1998). 
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6.33 Results 

6.3.11 Desires associated with academic specializations 

Thee mean scores associated with the students' desires are presented in Table 6.2. 
Columnss 4 to 7 show the average desires of law, history, economics, and psychol-
ogyy students, respectively. More than a third part of the group differences were 
significantt at the 5% level. The last column of the table shows which pairs of disci-
pliness differed significantly. The mean scores associated with prospects of a future 
careerr (benefits 1 to 4) showed a very clear pattern. Law and economics students 
thoughtt to a much larger extent that these kinds of benefits were important than 
historyy and psychology students did. However, history students scored consistently 
lowerr than psychology students on these benefits. History and psychology students 
deemedd the content of a discipline (benefits 5 and 6) as more important than their 
colleaguess from economics and law. However, economics students scored consis-
tentlyy lower on these benefits than law students. The benefits associated with 
thee effort a discipline requires (benefits 7 to 9) showed no substantial differences 
betweenn groups. The benefits that were associated with working with other people 
(benefitss 10 and 11) showed that psychology students valued these benefits much 
higherr than students from other disciplines. The differences between psychology 
studentss and economics students were most evident. Psychology and economics 
studentss thought to a greater extent than law and history students that the type 
off  students in a discipline was important. The difference between psychology and 
laww students was significant, whereas the other differences were not. Students of 
alll  disciplines had their lowest scores on the benefit associated with their parents' 
opinionn on academic specializations. However, differences between groups were 
found;; history students and psychology students thought it was somewhat less im-
portantt to choose a specialization that their parents approved of than economics 
andd law students. The difference between history and economics students was 
significant;; the other differences were not. 

6.3.22 Percept ions of benefits of academic specializations 

Thee perceptions of the four academic specializations were studied in two ways. 
Thee first approach was comparing discipline groups on the perceptions of each of 
thee specializations. The second approach compared the perceptions of the four 
specializationss within each discipline group. In that setting it could be studied 
howw students perceived their own specialization in comparison with the three other 
specializations.. It was chosen to present results of the last approach, because this 
presentationn was more clarifying. 

Tabless 6.3 to 6.6 show students' mean perceptions of benefits of the four aca-
demicc specializations, split up by group membership (law, history, economics, and 
psychology,, respectively). The benefits associated with prospects of a future career 
showedd a very clear pattern. Students in all discipline groups perceived economics 
ass the academic specialization that scored highest on these benefits, followed by 
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law.. Students perceived history, and to a somewhat smaller extent psychology, 
ass a specialization with relatively low prospects of a future career. However, two 
exceptionss existed. First, law students thought on average that their academic 
specializationn scored somewhat higher on employment than economics (see, Table 
6.3).. Second, students in all discipline groups thought on average that law was 
ann academic specialization with somewhat more status than economics (see, Ta-
bless 6.3 to 6.6). In addition, history students perceived history, and psychology 
studentss perceived psychology as more prospective than students who were not in 
thesee respective disciplines. 

Thee average perceptions of the two study content benefits of academic special-
izationss also showed clear patterns. First, on average, students of all disciplines 
perceivedd their own academic specialization as most interesting. An exception are 
thee economics students, who perceived other specializations as adding somewhat 
moree to their personal development. Second, history and psychology were consis-
tentlyy perceived as very interesting specializations by students in all disciplines 
(see,, Tables 6.3 to 6.6). However, within discipline groups, the differences between 
thee perceptions of students' own academic specialization and other academic spe-
cializations,, were much higher in psychology and history (see, Tables 6.6 and 6.4, 
respectively)) than in economics and law (see, Tables 6.5 and 6.3, respectively). 

Thee perceptions of the amount of leisure a specialization would provide showed 
thatt in all discipline groups but the economics group, students thought on average 
thatt their own study would give them most leisure, whereas economics would give 
themm least leisure. Economics students thought that psychology would give them 
mostt leisure; their perceptions of the leisure time of economics, history and law 
weree not really different (see, Table 6.5). 

Thee perceptions of the strain of academic specializations on students' capacity 
showedd that in all groups but the economics group, students thought on average 
thatt economics would strain them most, and that history would strain them least 
(see,, Tables 6.3 to 6.6). Economics students perceived studying law as being most 
strenuouss (see, Table 6.5). 

Likewise,, students in all disciplines but economics thought that the demands 
off  their own study would be easiest to fulfill , and that the demands of economics 
wouldd be most difficult to fulfill . Economics students' perceptions of the four 
academicc specializations on this benefit were not very different (see, Table 6.5). 

Inn all of the discipline groups but law, students perceived psychology as the 
specializationn that would most enable graduates to be meaningful to other people; 
economicss was perceived as the specialization that would least enable graduates to 
bee meaningful to other people. Law students thought on average that studying law 
wouldd enable them to a somewhat larger extent to be meaningful to others than 
studyingg psychology. In addition, economics students perceived the economics 
specializationn as relatively meaningful to others. In contrast, psychology, law, and 
historyy students perceived specialization economics as much less meaningful to 
others. . 

Thee perceptions of the possibility to pass on knowledge to others showed that in 
alll  discipline groups but law, students perceived studying history and psychology 
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Tablee 6.3: MeanaPerceptions of Law Studentsb 

Academicc Specialization 
## Component 
11 Prospects 
2 2 
3 3 
4 4 
55 Content 
6 6 
77 Effort 
8 8 
9 9 

100 Others 
11 1 
122 Social 
13 3 
aa Standard deviat 

Benefit t 
Goodd employment opport. 
Earnn a lot of money 
Makee a career 
Securee a high social status 
Fascinatingg study material 
Addss to personal development 
Givess enough leisure 
Strainn capabilities to the limi t 
Easilyy fulfi l demands 
Meaningfull  to others 
Passs on acquired knowledge 
Likee the kind of students 
Doo parents a favor 

ionss ranged from 0.93 to 1.89. bn 

Law w 
6.03 3 
5.46 6 
5.70 0 
5.15 5 
5.63 3 
5.94 4 
5.32 2 
4.38 8 
5.32 2 
5.88 8 
5.01 1 
4.60 0 
4.05 5 

== 106. 

His s 
3.01 1 
2.95 5 
4.02 2 
3.23 3 
4.93 3 
5.43 3 
4.76 6 
3.70 0 
5.31 1 
4.06 6 
5.02 2 
3.55 5 
2.66 6 

Eco o 
5.89 9 
5.73 3 
5.34 4 
4.61 1 
3.20 0 
4.19 9 
3.84 4 
5.01 1 
3.78 8 
4.20 0 
4.04 4 
3.30 0 
3.29 9 

Psy y 
4.54 4 
4.27 7 
4.46 6 
4.05 5 
5.28 8 
5.64 4 
4.54 4 
4.47 7 
5.09 9 
5.82 2 
5.03 3 
3.97 7 
3.57 7 

Tablee 6.4: MeanaPerceptions of History Students0 

Academicc Specialization 
## Component 
11 Prospects 
2 2 
3 3 
4 4 
55 Content 
6 6 
77 Effort 
8 8 
9 9 

100 Others 
11 1 
122 Social 
13 3 

Benefit t 
Goodd employment opport. 
Earnn a lot of money 
Makee a career 
Securee a high social status 
Fascinatingg study material 
Addss to personal development 
Givess enough leisure 
Strainn capabilities to the limi t 
Easilyy fulfi l demands 
Meaningfull  to others 
Passs on acquired knowledge 
Likee the kind of students 
Doo parents a favor 

aa Standard deviations ranged from 0.84 to 1.88. b 

Law w 
5.52 2 
5.45 5 
4.86 6 
4.36 6 
2.77 7 
4.03 3 
4.46 6 
4.14 4 
4.35 5 
5.28 8 
3.83 3 
2.85 5 
2.92 2 

n=76. . 

His s 
3.79 9 
2.92 2 
4.16 6 
3.78 8 
6.47 7 
6.33 3 
4.78 8 
4.07 7 
5.42 2 
4.34 4 
4.79 9 
4.57 7 
2.53 3 

Eco o 
5.56 6 
5.69 9 
5.24 4 
4.17 7 
2.70 0 
3.49 9 
3.44 4 
4.72 2 
3.62 2 
3.27 7 
3.25 5 
2.52 2 
2.72 2 

Psy y 
4.41 1 
4.18 8 
4.21 1 
3.84 4 
4.39 9 
5.10 0 
4.69 9 
4.17 7 
4.35 5 
5.51 1 
4.62 2 
3.59 9 
2.46 6 
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T a b l ee 6.5: MeanaPerceptions of Economics Students* 
Academicc Specialization 

## Component 
11 Prospects 
2 2 
3 3 
4 4 
55 Content 
6 6 
77 Effort 
8 8 
9 9 

100 Others 
11 1 
122 Social 
13 3 

Benefit t 
Goodd employment opport. 
Earnn a lot of money 
Makee a career 
Securee a high social status 
Fascinatingg study material 
Addss to personal development 
Givess enough leisure 
Strainn capabilities to the limi t 
Easilyy fulfi l demands 
Meaningfull  to others 
Passs on acquired knowledge 
Likee the kind of students 
Doo parents a favor 

Law w 
5.59 9 
5.56 6 
5.29 9 
5.17 7 
3.44 4 
4.79 9 
4.92 2 
4.49 9 
4.88 8 
5.46 6 
4.24 4 
4.32 2 
3.94 4 

His s 
2.82 2 
2.54 4 
2.93 3 
3.27 7 
4.25 5 
5.38 8 
4.94 4 
3.92 2 
4.76 6 
4.11 1 
5.05 5 
3.34 4 
2.47 7 

Eco o 
6.12 2 
5.66 6 
5.65 5 
4.84 4 
4.99 9 
5.27 7 
4.90 0 
4.33 3 
4.75 5 
4.49 9 
4.03 3 
4.57 7 
3.76 6 

Psy y 
4.31 1 
4.08 8 
4.29 9 
4.10 0 
4.95 5 
5.32 2 
5.16 6 
4.14 4 
4.84 4 
5.84 4 
4.85 5 
4.26 6 
3.43 3 

aa Standard deviations ranged from 0.73 to 2.20. ftn=101. 

T a b l ee 6.6: Meana Perceptions of Psychology Students 
Academicc Specialization 

## Component 
11 Prospects 
2 2 
3 3 
4 4 
55 Content 
6 6 
77 Effort 
8 8 
9 9 

100 Others 
11 1 
122 Social 
13 3 

Benefit t 
Goodd employment opport. 
Earnn a lot of money 
Makee a career 
Securee a high social status 
Fascinatingg study material 
Addss to personal development 
Givess enough leisure 
Strainn capabilities to the limi t 
Easilyy fulfi l demands 
Meaningfull  to others 
Passs on acquired knowledge 
Lik ee the kind of students 
Doo parents a favor 

Law w 
5.63 3 
5.57 7 
5.44 4 
5.25 5 
3.23 3 
4.48 8 
4.71 1 
4.50 0 
4.63 3 
5.47 7 
4.46 6 
3.63 3 
3.57 7 

His s 
2.93 3 
2.75 5 
3.36 6 
3.39 9 
4.58 8 
5.54 4 
5.00 0 
3.99 9 
4.84 4 
4.26 6 
5.26 6 
3.76 6 
2.84 4 

Eco o 
5.90 0 
5.96 6 
5.68 8 
5.00 0 
2.59 9 
3.87 7 
4.39 9 
4.82 2 
3.91 1 
3.92 2 
4.02 2 
3.02 2 
3.32 2 

Psy y 
5.10 0 
4.21 1 
5.01 1 
4.53 3 
6.25 5 
6.23 3 
5.25 5 
4.42 2 
5.49 9 
6.04 4 
5.38 8 
5.10 0 
3.55 5 

"Standardd deviations ranged from 0.77 to 1.81. bn=114. 



1000 Benefits of academic education, and specialization choices 

ass scoring highest on this benefit. Economics and law were perceived as least 
enablingg graduates to pass on knowledge. Law studentŝ mean perceptions of 
specializationss law, history, and psychology on this benefit were nearly identical; 
theirr perceptions of economics were much lower (see, Table 6.3). 

Inn all discipline groups, students perceived their own academic specialization as 
havingg the nicest students. In addition, law, history, and economics students rated 
psychologyy as having relatively nice students. In comparison to students in other 
disciplines,, the difference between psychology students' perceptions of students in 
theirr own specialization, and students in other specializations, was much higher 
(see,, Table 6.6). 

Finally,, students in all disciplines thought that studying law would satisfy their 
parentsparents to the largest extent, and studying history would satisfy their parents to 
thee smallest extent. Law probably is a relatively popular, and history a relatively 
unpopularr specialization among parents of university students. 

6.3.33 Predict ion of academic specialization choice 

Tablee 6.7 shows the classification results of the five methods applied. All methods 
gavee better classification results than randomly assigning students to the disci-
pliness (25.5%, when calculating the expected percentages on the basis of marginal 
percentages).. CLM (see, Table 6.7b) produced the best prediction results: 78.3% 
off  the students was correctly classified. The discriminant model (see, Table 6.7a), 
gavee the least adequate prediction results: 51.1% of the students was correctly 
classified.. After cross validation these two statistical models had rates of correct 
classificationn of 75.3% and 45.6%, respectively. These small drops in classification 
ratess indicated high model stability. The other three methods, MAUT (Table 
6.7c),, EWC (Table 6.7d), and Euclidean distance (Table 6.7e), also had reason-
ablee prediction results, and differed marginally among each other in the percentage 
off  correct classifications (67.8%. 63.2% and 68.5%, respectively). However, when 
methodss were compared within separate discipline groups, CLM did not always 
havee best predictions. In the psychology discipline group, MAUT gave best pre-
dictionss (80.7%); in the history discipline group, the Euclidean distance gave best 
predictionss (72.4%). 

Thee sensitivity analysis of the MAUT model using EWC, showed only a sub-
stantivee effect on the rate of correct classification of history and economics stu-
dents. . 

6.44 Discussion 

Inn this chapter a set of 13 benefits associated with academic specializations was 
usedd to study academic choices. These benefits varied according to content: ben-
efitss associated with financial returns, study content, the effort a study requires, 
andd the possibility to help other people were used. The benefits also varied in 
bothh the temporal distance and the extrinsic/intrinsic dimension. Students from 
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Tablee 6.7: 

Actuall  Choice 

ClassificationClassification Results (in Percentages) < 

Law w 
Predictedd Academic Choice 

History y 
(a)) Predictions of Discriminant 

Law w 
History y 
Economics s 
Psychology y 

Totall  # 

34.9 34.9 
2.6 6 

17.8 8 
21.1 1 

81 1 

12.3 3 
56.6 56.6 

9.9 9 
14.0 0 

82 2 

ifif  Five Methods 

Economicss Psychology 
Analysiss Using 13 General Desires" 

30.2 2 
13.2 2 
58.4 58.4 

8.8 8 
111 1 

22.6 6 
27.6 6 
13.9 9 
56.1 56.1 
123 3 

(b)) Predictions of CLM Using 4 Sets of 13 Perceived Benefits6 

Law w 
History y 
Economics s 
Psychology y 

Totall  # 

Law w 
History y 
Economics s 
Psychology y 

Totall  # 

Law w 
History y 
Economics s 
Psychology y 

Totall  # 

Law w 
History y 
Economics s 
Psychology y 

Totall  # 

81.1 81.1 
5.3 3 
8.9 9 

11.4 4 
112 2 

75.5 5 
10.5 5 
26.7 7 
9.7 7 
126 6 

75.5 75.5 
19.7 7 
28.7 7 
10.5 5 
136 6 

1.8 8 
71.1 71.1 

5.9 9 
5.3 3 
68 8 

6.6 6 
13.2 2 
79.2 79.2 

6.1 1 
104 4 

(c)) Predictions of MAUT C 

2.8 8 
59.2 59.2 

2.0 0 
4.4 4 
55 5 

4.7 7 
4.0 0 

51.5 51.5 
5.3 3 
66 6 

(d)) Predictions of EWCd 

4.7 7 
50.0 50.0 

1.0 0 
4.4 4 
49 9 

1.9 9 
4.0 0 

44.6 44.6 
7.9 9 
59 9 

(e)) Predictions of Euclidean Distance 

55.7 7 
3.9 9 

14.9 9 
6.1 1 
84 4 

8.5 5 
72.4 72.4 

3.0 0 
14.9 9 

84 4 

17.0 0 
9.2 2 

71.3 71.3 
3.5 5 
101 1 

10.4 4 
10.5 5 
5.9 9 

77.5 5 
113 3 

17.0 0 
26.3 3 
19.8 8 
80.7 80.7 
150 0 

17.9 9 
26.3 3 
25.7 7 
77.2 77.2 
153 3 

18.9 9 
14.5 5 
10.9 9 
75.̂  ^ 
128 8 

Totall  # 

106 6 
76 6 

101 1 
114 4 
397 7 

106 6 
76 6 

101 1 
114 4 
397 7 

106 6 
76 6 

101 1 
114 4 
397 7 

106 6 
76 6 

101 1 
114 4 
397 7 

106 6 
76 6 

101 1 
114 4 
397 7 

Note.Note. The italicized diagonals represent the percentages of correct classification in 
eachh group. 
"51.1%% of original grouped cases correctly classified (45.6% of cross-validated 
groupedd cases correctly classified). 678.3% of original grouped cases correctly classi-
fiedd (75.3% of cross-validated grouped cases correctly classified). c67.8% of original 
groupedd cases correctly classified. d63.2% of original grouped cases correctly classi-
fied.fied. e68.5% of original grouped cases correctly classified. 
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law,, history, economics, and psychology reported their desired benefits and their 
perceptionss of all four academic disciplines on the 13 benefits. 

Largee differences were found between the desires of students in the four disci-
plinee groups. Law and economics students deemed the prospects of a good career 
ass more important than history and psychology students. Psychology and history 
studentss were more interested in the study content of potential specializations than 
studentss in economics and law. Psychology students thought it was more impor-
tantt to work with other people after graduation than students in other disciplines. 
Psychologyy and economics students more often thought it was important to have 
nicee fellow students than history and law students. Compared to students in eco-
nomicss and law, history and psychology students thought it was less important to 
choosee an academic specialization that their parents approved of. 

Thee perceptions of academic specializations were often very similar in the four 
disciplinee groups. In all discipline groups, students perceived economics and law 
ass academic specializations that scored higher on prospects of a future career 
thann history and psychology. Students in all disciplines perceived economics as 
thee specialization that would give them least leisure time, and that would be 
mostt strenuous. Moreover, economics was perceived as the specialization of which 
thee demands were hardest to fulfill . However, group differences were also found. 
Studentss in all discipline groups perceived their own academic specialization as 
mostt interesting, as easiest to fulfill , and as having the nicest students. In addi-
tion,, when comparing the perceptions of the four discipline groups on individual 
specializations,, typical differences between students who were, and students who 
weree not in the specialization in question were found. The perceptions associated 
withh prospects of a good career of specializations psychology and history were in 
alll  groups relatively low. However, psychology students perceived psychology, and 
historyy students perceived history as more prospective than students who were not 
inn these respective disciplines. In addition, psychology, law, and history students 
didd not perceive specialization economics as meaningful to others. In contrast, eco-
nomicss students did perceive the economics specialization as relatively meaningful 
too others. An apparent explanation of these last results is cognitive dissonance: 
thee students who participated in the survey had already chosen a specialization. 
Therefore,, they may have justified their choice evaluating the benefits of their dis-
ciplinee as being higher. However, to prevent cognitive dissonance from happening 
inn this study, students were explicitly requested to cast their minds back to the 
momentt of choosing a specialization. Therefore, it is argued that retrospective per-
ceptions,, and not perceptions at the time of the survey were assessed. In addition, 
thee evaluations of attributes of academic specializations were subjective. They did 
nott refer to the world that existed outside the student, but as the students per-
ceivedd it. Economics students may truly perceive economics as more meaningful 
thann do students in other disciplines. 

Thee differences between groups in desires and perceptions of benefits suggested 
thatt each of the 13 benefits is needed to study academic choices; none of the 
benefitss should be removed from the benefit set. However, in the future, the set of 
benefitss may be expanded to cover more benefits associated with academic choices, 
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suchh as the possibility to study abroad as an exchange student, or learning to think 
analytically. . 

Al ll  of the five prediction methods had prediction results that were better than 
onn the basis of random assignment. The discriminant analysis gave the least 
adequatee prediction results; CLM had best prediction results. MAUT, EWC, and 
thee Euclidean distance had rates of correct classification that were somewhere 
betweenn those two. These results were in contrast with what was expected. Not 
MAUT ,, or the Euclidean distance, but CLM had best prediction results. Using 
moree information on students did not result in better predictions. This result 
iss somewhat hard to explain. Above, it was shown that students in the four 
discipliness differed significantly at many of their desires. Yet, the method that 
ignoredd these desires, but instead estimated importance weights for the whole 
studentt group, CLM, gave best predictions. It may be argued that the use of 
desiress introduced an additional source of measurement error. MAUT and the 
Euclideann distance used two sets of variables that were not measured with perfect 
reliability,, whereas CLM used only one of those sets. This may have resulted in 
moree unreliable predictions than in CLM. Another explanation is that statistical 
methodd CLM takes the correlations between perceived benefits into account, and 
MAU TT and the Euclidean distance do not. For example, in CLM when one benefit 
thatt explains a lot of variance has been entered in the model, the adding of a 
secondd benefit that is correlated with the first benefit, results in a relatively low 
secondd parameter estimate. In MAUT and the Euclidean distance this dependency 
betweenn benefits cannot be dealt with. 

Thee prediction results raised the question of whether desires are needed to 
studyy academic choices. Several reasons for studying desires exist. First, from a 
theoreticall  point of view, it is interesting what sort of things students consider and 
desiree when making an academic choice. Second, when, for whatever reason, CLM 
cannott be estimated, assessing desires enables the application of simple methods 
likee MAUT and the Euclidean distance to model academic choices. Third, study-
ingg desires is easier than studying perceptions of academic specializations. When 
studyingg perceptions, the number of variables is dependent upon the number of 
specializationss considered. Every additional specialization needs an extra assess-
mentt on a set of benefits. In the present application, students were assessed at 
ass much as 52 perceptions. When exclusively studying desires, only 13 variables 
weree considered. Moreover, when the rate of correct classification was linked to 
thee number of variables used, then the discriminant model did not such a bad job. 
Fourth,, comparing desires, i.e., individual weights, and population weights accord-
ingg to CLM can be very interesting4. It may be studied whether benefits that are 
veryy important according to CLM, are also deemed important by students. 

AA closely related question that was introduced by the prediction results, is 
whetherr CLM should always be preferred over the simple methods MAUT and the 
Euclideann distance. One reason of preferring simple methods over CLM is their 
applicability.. CLM needs a design in which several alternatives are evaluated, 

4Forr an extensive comparison of CLM and MAU T utilit y weights, see, chapter 7 of this 
dissertation. . 
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andd in which different choices are made. Therefore, CLM cannot as often be 
appliedd as the simple methods. For example, CLM cannot be applied in a sample 
inn which every student makes the same academic choice (for example, when all 
studentss choose psychology). In contrast, MAUT, and the Euclidean distance can 
bee applied as descriptive methods in such a sample. Moreover, these methods can 
evenn be applied to the academic choice of a single student. 

MAU TT and ECW, which are commonly applied as prescriptive methods, turned 
outt to be good descriptive models of academic choices. This was in accordance 
withh Galotti's (1999) findings. EWC, the sensitivity method of MAUT showed 
thatt ignoring importance weights (desires in this case) produced worse predictions. 
However,, the difference in overall rates of correct classification between EWC and 
MAU TT was very small, about 5%. 

Inn this paper the standard benefits associated with academic choices, finan-
ciall  income in economics, and vocational interests in psychology, were expanded 
withh other sorts of benefits. The resulting set of 13 benefits was closer to real 
lif ee than the restricted set of financial income and interests alone. Moreover, 
students'' desires associated with academic choices, and students' perceptions of 
severall  academic specializations were successfully used to predict academic choices. 
Thiss design of benefit assessment, turned out to be fruitful for studying academic 
choices. . 



77 A note on the similarit y 
off  two models of academic 
disciplinee choice: M A U T 
andd the Conditional Logit 

Abstract t 

Inn this paper two models of academic discipline choice were compared. The 
firstt model, the Conditional Logit Model (CLM), which originates from eco-
nomics,, is a descriptive model of qualitative choice behavior. The second 
model,, Multi-Attribut e Utilit y Theory (MAUT) , which originates from psy-
chologicall  decision making, is a prescriptive model for individual decision 
makers.. Both models make use of the evaluation of discipline specific at-
tributes.. However, CLM estimates attribute specific population parameters, 
whereass MAUT uses individually elicited attribute weights. Both models 
weree compared in an analysis that used the discipline choices of two co-
hortss of freshmen at a Dutch university. The two models gave good student 
classificationss and had a high overlap in classification. Moreover, attribute 
weightss in CLM and MAUT proved to be related. It was concluded that 
CLMM and MAUT are quite similar, both theoretically and empirically. 

7.11 Introductio n 

Universityy students make a discipline choice at some point in their educational 
career.. I t may be argued that students arrive at their discipline choice by com-
biningg information about themselves and about disciplines. Information about 
discipliness is based on perceptions of characteristics, or at t r ibutes, of disciplines. 
Forr example, students may choose a discipline because they think they care for 
thee subject, or because i t yields them good career opportunit ies. Students may 
valuee diverse at t r ibutes very differently. For example, one student may think it is 
moree important to earn a lot of money after graduation than to choose a discipline 
wit hh an interesting content, whereas for another student the reverse is t rue. In 

Thiss chapter is based on the paper: Smits, N. (2002). A note on the similarity of two models 
ofof academic discipline choice: MA UT and the Conditional Logit. Under revision. 
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addition,, it may be argued that students choose a discipline that has an ensemble 
off  attributes that is right for them. In both psychology and economics, choice 
behaviorr has been studied, and in both fields models of discrete choices have been 
developed.. In this paper a model from psychology, Multi-Attribute Utilit y Theory 
(MAUT) ,, and a model from economics, the Conditional Logit Model (CLM), were 
appliedd to academic discipline choices. Both models make use of evaluations of at-
tributess that are specific to academic disciplines. CLM and MAUT originate from 
separatee scientific fields, and to the author's knowledge their similarity has never 
beenn noted1. First, theoretical similarities between the two models are discussed. 
Second,, the empirical similarity of both models is studied. For that purpose, both 
modelss were applied to the discipline choices of two cohorts of freshmen at the Uni-
versityy of Amsterdam. MAUT and CLM were compared at their rates of correct 
classification,, and the overlap of their classifications. 

7.22 Two models of discipline choice 

Thee choice of an academic specialization can be seen as an experimental task in 
whichh a student makes a choice after evaluating the characteristics, or attributes, 
off  a set of alternative disciplines. Below, this task will be modelled by CLM and 
MAUT ,, respectively. First, the task is formalized. Let J denote the number of 
alternativee disciplines, K the number of attributes, and ztJk student ïs evaluation 
off  attribute k for discipline j . 

InIn economics, a popular model for discrete choices, CLM, was developed by 
McFaddenn (1974). The basic version of CLM explains choices on the basis of char-
acteristicss of the alternatives. CLM assumes that individuals act in a rational way, 
maximizingg their utility . Thus, according to CLM students choose the academic 
disciplinee for which their utility is highest. The model predicts probabilities of 
choosingg each alternative. The probability that student i chooses discipline j con-
ditionallyy on her or his evaluation of JxK discipline specific attributes, is given 
by y 

^^ fc = l a^zijk 

wheree ajt is estimated on the basis of the choices of all students, and is interpreted 
ass a utilit y indicator of attribute k. The model's predicted choice is obtained by 
assigningg the student to the alternative for which the probability is highest. (For 
aa more extensive description of CLM, see, e.g., Liao, 1994.) 

Alternatively,, in the field of psychological decision theory, descriptive, norma-
tive,, and prescriptive choice models have been developed (see, e.g., Bell, Raiffa, 

11 Just before this thesis going to press, the author came across a study by Harte, Koele, and 
vann Engelenburg (1996) in which CLM and MAU T were implicitl y linked. However, the authors 
referredd to CLM as the Multinomial Logit Model. 
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k,k, Tversky, 1988). A prescriptive model for decision making is MAUT (see, e.g., 
Edwardss & Newman, 1982, or von Winterfeldt & Edwards, 1986). The essence 
off  MAUT is breaking complicated decisions down into small pieces; alternatives 
aree evaluated with respect to relevant value (utility ) dimensions. The first step 
inn a MAUT procedure for the choice of an academic discipline consists of the de-
terminationn of both the set of alternative disciplines and the attributes on which 
alternativess should be judged. Subsequently, each discipline is rated on all the 
attributess (utility is assessed). In addition, decision makers determine the relative 
weightss (importance) of the attributes. This means that the experimental task 
describedd above requires an extension: students have to determine the importance 
off  each of the attributes associated with academic disciplines. Finally, for each 
discipline,, weights and single-attribute utilities are aggregated. This aggregation 
cann be performed with a variety of models. The most frequently used model is the 
weightedd additive model. The MAUT score of student i for academic discipline j 
iss given by 

K K 

MijMij  = ^WikZijk, (7.2) 
fc=i fc=i 

wheree wzk is student i's importance weight of attribute k. The discipline with the 
highestt MAUT score should be chosen. 

CLMM and MAUT are two models that are quite similar. First, both mod-
elss assume utilit y maximization of the decision maker. Second, both models use 
alternativee specific attributes, and both models apply weighted sums of these at-
tributes.. Moreover, both models assign decision makers to the alternative for 
whichh the weighted sum is highest. 

However,, the models differ on two basic points. First, CLM estimates popu-
lationn regression weights, or utilit y indicators (a^'s of Equation 7.1), whereas in 
MAUT ,, individual decision makers determine their own attribute weights (u^ 's 
off  Equation 7.2). Second, CLM uses weights that apply to the whole sample, 
whereass MAUT yields importance weights that are specific for each student. CLM 
wass defined for populations of decision makers, and MAUT in its pure form was 
(originally)) designed as a tool to support individual decision makers. Yet, MAUT 
resultss may be studied for groups of individual decision makers and its descriptive 
performancee can be assessed (see, e.g., Galotti, 1999). 

7.33 Method 

7.3.11 Sample 

Dataa were collected from two cohorts of freshmen of several university courses 
att the University of Amsterdam. During second trimester while attending class, 
studentss were asked to participate in a survey. Participation was rewarded with 
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aa lottery ticket. The first cohort sample2 consisted of 397 students (207 females 
andd 190 males): 106 law students (62 females and 44 males), 76 history students 
(300 females and 46 males), 101 economics students (27 females and 74 males), and 
1144 psychology students (88 females and 26 males). The second cohort sample 
consistedd of 384 students (208 females and 176 males): 57 Dutch linguistics stu-
dentss (40 females and 17 males), 124 medical biology students (78 females and 46 
males),, 67 history students (34 females and 34 males), and 136 economics students 
(577 females and 79 males). 

7.3.22 Survey 

Thee survey contained two parts. The first part consisted of four subparts that were 
associatedd with four alternative academic specializations. The composition of the 
fourr disciplines was different for the two cohorts. For the first cohort, subparts were 
associatedd with the disciplines law, history, economics and psychology, respectively. 
Forr the second cohort, subparts were associated with Dutch linguistics, medical 
biology,, history and economics, respectively. For each discipline, students were 
requestedd to evaluate thirteen attributes that were associated with the discipline in 
question.. Table 6.1 of the previous chapter presents the questions that were used to 
obtainn the thirteen evaluations for each discipline. The second part of the survey 
requestedd the students to evaluate the importance (weights) of each of thirteen 
attributess (these questions were rephrased versions of the questions in Table 6.1. 
Thee first question, for example, was rephrased as T think it is important to have 
goodd employment opportunities after graduation'). For all questions, seven-point 
Likertt rating scales were used. 

Thee survey design was such that each student rated the importance of the 
thirteenn attributes, and evaluated the attributes of his or her own academic spe-
cializationn and of three alternative academic specializations. 

Inn both cohorts missing values were found in the importance weights and the 
evaluations.. The rates of missing values were very low: 1.97% in cohort 1, and 
0.36%% in cohort 2, respectively. In order to work with complete data, missing 
valuess were estimated, or imputed, with missing data procedure NORM (Schafer, 
1998). . 

7.3.33 Analyses 

Forr both cohorts, CLM3 and MAUT were applied. The MAUT procedure in 
thiss application was somewhat different from the usual procedure. First, in this 
application,, alternatives were not selected by the students themselves, but were 
imposedd by the researchers. Second, students were not explicitly requested to as-
signn weights (as the students were not instructed to perform a MAUT procedure), 
butt merely evaluated the importance of the attributes. 

2Thee data of this cohort were also used in chapters 5 and 6. 
3CLMM was applied with alternative-specific constants to capture the mean effect of the unob-

servedd factors in the error terms for each alternative {see, e.g., Liao, 1994, p. 61). 



7.44 Results 109 9 

Forr both models, rates of correct classification were calculated. In addition, it 
wass checked to what extent the classification of both methods overlapped. More-
over,, the classifications of both models were studied using coefficient kappa. Kappa 
wass introduced by Cohen (1960) as a measure of chance corrected agreement of 
nominall  classifications between two raters; it was generalized to the case of more 
thann two raters by Fleiss (1971). In each cohort, kappa was calculated three times. 
Kappaa was calculated for the classifications of CLM and actual choice, the classi-
ficationsfications of MAUT and actual choice, and the classifications of CLM, MAUT, and 
actuall  choice. 

Next,, it was studied to what extent the estimated a^s and the wik
:s were 

related.. To study similarities between CLM and MAUT in more detail, obtained 
weightss of the one model were entered into the other. First, for each cohort, 
forr each of the four disciplines, individual MAUT weights were replaced by the 
estimatedd CLM weights. The four resulting weighted sums were correlated with 
thee original MAUT scores: 

133 13 
rr j(^2®kZijk,^2wikZijk)Jj(^2®kZijk,^2wikZijk)J = 1,2,3,4. (7.3) 

fc=ifc=i k=\ 

Second,, the estimated weights in CLM were replaced by person specific MAUT 
weights.. Probabilities were calculated for each alternative, and were correlated 
withh their matching CLM probabilities: 

E133 - ^ 1 3 

^^ k=iakZijk e22k=iw^zljk 
Tji—jTji—j 3 &kZ..k>^j  Ti3 Wk2 ) , j = 1,2,3,4. (7.4) 

7.44 Results 
Bothh methods had high rates of correct classification. In cohort 1, CLM and 
MAU TT had correct classification rates of 77.6% and 67.8%, respectively. In cohort 
2,, CLM and MAUT had somewhat higher rates of correct classification: 79.5% 
andd 75.8%, respectively. In 75.3% of the cases of cohort 1, and in 78.8% of the 
casess of cohort 2, both models gave identical classifications. Of these identical 
classifications,, 82.6% and 86.8% were correct, in cohort 1 and cohort 2, respec-
tively.. Moreover, the kappa's of cohort 1 and cohort 2, which are reported in Table 
7.1,, ranged from .56 to .71. According to Landis and Koch (1977) values ranging 
fromm .41 to .60 represent moderate agreement, and values from .61 to .80 repre-
sentt substantial agreement. Therefore, five out of six kappa values were associated 
withh substantial agreement, and one kappa had a value that represents moderate 
agreement. . 
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Tablee 7.1: Kappa's for Classifications of CLM and 
MAUT,MAUT, and Actual Choice 
Kappaa Cohort 1 Cohort 2 
CLMM and Actual Choice .70 7rT~ 
MAU TT and Actual Choice .56 .67 
CLM,, MAUT and AC .64 .69_ 

Tablee 7.2 shows the attribute weights for both models per cohort. Mean MAUT 
weightss are displayed for the total cohort sample, and per discipline group. In both 
cohorts,, differences existed between the obtained weights of students in four dis-
ciplinee groups. For example, in both cohorts economics students evaluated career 
relatedd attributes (attributes 1 to 4) as more important, and evaluated content 
relatedd attributes (attributes 5 and 6) as less important than history students did. 
CLMM parameter estimates had both positive and negative signs in both cohorts. 
AA positive sign suggests that the higher the perception of some attribute for a 
givenn discipline is, the more likely it is that a discipline is chosen; a negative sign 
suggestss the opposite. 

Tablee 7.3 shows the correlations between the means of the individual MAUT 
weights,, and the estimated weights of CLM. Both average MAUT weights in the 
totall  group, and average MAUT weights in each separate discipline group are 
displayed.. Note that the averages per discipline are associated with the weights 
off  students in a given discipline, and not with evaluations of the corresponding 
academicc specializations of the whole group. For both cohorts the correlations 
betweenn mean MAUT weights and CLM coefficients were moderate; correlations 
weree somewhat higher in the second cohort. In both cohorts, mean MAUT weights 
off  history students had highest correlations with estimated CLM weights; mean 
MAU TT weights of economics students had lowest correlations with CLM weights 
inn both cohorts. 

Tablee 7.4 shows the correlations between weighted sums using MAUT weights 
andd weighted sums using CLM weights (Equation 7.3), and correlations between 
probabilitiess using MAUT weights and probabilities using CLM weights (Equation 
7.4).. The correlations were moderate to high (.59 to .87). The correlations between 
thee two types of weighted sums (Equation 7.4) were consistently higher than the 
correlationss between the two types of probabilities (Equation 7.3). 

Inn addition to the previous analyses in which both models were compared 
withinn cohorts, weights resulting from both cohorts were compared. Average 
MAU TT weights of economics students from cohort 1 and cohort 2 correlated .95, 
whereass mean MAUT weights of history students from both cohorts correlated 
.69.. In addition, estimated CLM weights of cohort 1 and 2 correlated .85. 

7.55 Conclusions 

Inn this paper, the theoretical similarity of CLM and MAUT was noted. More-
over,, in the application to academic choices of two cohorts of university freshman, 
CLMM and MAUT, which proved to be good descriptive models, had a substantial 
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T a b l ee 7 .2: Mean Attribute Weights of Separate Discipline Groups, and of 
thethe Total Group (All), per Cohort 

At t t 
1 1 
2 2 
3 3 
4 4 
5 5 
6 6 
7 7 
8 8 
9 9 

10 0 
11 1 
12 2 
13 3 

At t t 
1 1 
2 2 
3 3 
4 4 
5 5 
6 6 
7 7 
8 8 
9 9 

10 0 
11 1 
12 2 
13 3 

Law w 
5.68 8 
4.91 1 
5.44 4 
4.18 8 
5.91 1 
5.95 5 
5.56 6 
4.19 9 
4.40 0 
4.88 8 
4.19 9 
3.88 8 
2.57 7 

Dutch h 
4.63 3 
3.49 9 
4.65 5 
3.28 8 
6.51 1 
6.23 3 
5.74 4 
3.37 7 
4.49 9 
4.42 2 
4.49 9 
4.60 0 
2.33 3 

History y 
4.34 4 
3.46 6 
4.22 2 
3.37 7 
6.43 3 
6.17 7 
5.63 3 
4.14 4 
4.01 1 
4.24 4 
4.21 1 
4.03 3 
2.12 2 

Medicall  B. 
5.14 4 
4.09 9 
4.94 4 
3.68 8 
6.35 5 
5.57 7 
5.38 8 
3.91 1 
4.66 6 
5.15 5 
4.06 6 
4.15 5 
2.62 2 

MAU T T 
Cohortt 1 

Meann Weight 
Economics s 

5.81 1 
5.29 9 
5.58 8 
4.39 9 
5.72 2 
5.50 0 
5.77 7 
4.02 2 
4.44 4 
4.27 7 
3.83 3 
4.42 2 
2.73 3 

Cohortt 2l 

Meann Weight 
History y 

4.51 1 
3.62 2 
4.47 7 
3.34 4 
6.38 8 
6.29 9 
5.40 0 
3.47 7 
4.46 6 
4.40 0 
4.25 5 
4.15 5 
2.56 6 

i i 

Psychology y 
5.04 4 
4.13 3 
5.17 7 
3.83 3 
6.37 7 
6.15 5 
5.71 1 
4.36 6 
4.42 2 
5.48 8 
4.54 4 
4.46 6 
2.49 9 

> > 

Economics s 
5.70 0 
5.33 3 
5.53 3 
4.16 6 
5.85 5 
5.62 2 
5.81 1 
3.51 1 
4.73 3 
4.42 2 
4.40 0 
4.06 6 
3.15 5 

Al l l 
5.27 7 
4.50 0 
5.17 7 
3.98 8 
6.09 9 
5.94 4 
5.67 7 
4.19 9 
4.34 4 
4.77 7 
4.20 0 
4.21 1 
2.50 0 

Al l l 
5.15 5 
4.36 6 
5.02 2 
3.73 3 
6.20 0 
5.81 1 
5.59 9 
3.61 1 
4.62 2 
4.65 5 
4.28 8 
4.18 8 
2.75 5 

CLM M 

Q Q 

0.49 9 
-0.50 0 
0.42 2 
0.20 0 
0.74 4 
0.69 9 
0.22 2 

-0.16 6 
0.21 1 

-0.15 5 
-0.37 7 
0.20 0 
0.11 1 

a a 

0.22 2 
-0.29 9 
0.27 7 

-0.05 5 
0.88 8 
0.34 4 
0.05 5 

-0.04 4 
0.28 8 
0.04 4 

-0.10 0 
0.21 1 
0.08 8 

aMAU TT SD's range from .73 to 1.79, CLM standard errors range from .07 to .12; 
bMAU TT SD's range from .57 to 1.79, CLM standard errors range from .08 to .12 
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Law w 

MAUT " " 

Cohortt 1 
Meann Weight 

Hiss Eco Psy y Overall l 

CLM M 

a a 

Law w 
His s 
Eco o 
Psy y 
Overall l 
CLMM  a 

1.00 0 
0.84 4 
0.94 4 
0.91 1 
0.98 8 
0.50 0 

1.00 0 
0.72 2 
0.95 5 
0.93 3 
0.57 7 

1.00 0 
0.78 8 
0.91 1 
0.51 1 

1.00 0 
0.96 6 
0.51 1 

1.00 0 
0.55 5 1.00 0 

Cohortt 2 
Meann Weight 

Dut t 
Med d 
His s 
Eco o 
Overall l 
CLMM  a 

Dut t 
1.00 0 
0.93 3 
0.99 9 
0.78 8 
0.95 5 
0.68 8 

Med d 

1.00 0 
0.94 4 
0.84 4 
0.97 7 
0.67 7 

His s 

1.00 0 
0.79 9 
0.96 6 
0.70 0 

Eco o 

1.00 0 
0.92 2 
0.42 2 

Overall l 

1.00 0 
0.63 3 1.00 0 

an=13.. bMAU T weights are the means of Table 7.2. 

Tablee 7.4: Correlations between Weighted Sums Using MAUT 
WeightsWeights vs. CLM Weights (Equation 7.3), and Correlations 
betweenbetween Probabilities Using MAUT Weights vs. CLM Weights 
(Equation(Equation 7.4) 

Equationn 7.3 
Equationn 7.4 

Law w 
.66 6 
.71 1 

Cohortt l a 

Hiss Eco 
.600 .67 
.777 .68 

Psy y 
.70 0 
.74 4 

Dut t 
.60 0 
.67 7 

Cohortt 26 

Medd His 
.600 .59 
.811 .74 

Eco o 
.66 6 
.87 7 

an=397.. "«.=385. 
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agreementt in classification. 
However,, an important difference between CLM and MAUT attribute weights 

wass noticed. CLM estimates population regression weights, whereas in MAUT 
individuall  decision makers determine their own attribute weights. Nevertheless, 
inn the present applications, the attribute weights of both models were moderately 
related.. The relationship between person and population weights seems to be 
appealingg for decision making research. Moreover, estimated CLM weights may 
bee used as a guideline in the determination of the relative importance of the 
attributess in MAUT. 

Thiss study showed that two choice models originating from two separate fields 
off  research, economics and psychology, were quite similar, both in theory, and in 
theirr empirical results. 
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88 Overview and conclusions 

Thiss dissertation has two main themes: university students' choice of a specializa-
tion,, and university students' academic achievement. A prerequisite for performing 
predictionn studies on these two topics is dealing with missing data. Therefore, this 
dissertationn addresses missing data analysis as well. In economics, specialization 
choicess are explained by the financial benefits of education. In psychology, spe-
cializationn choices are mainly explained by the vocational interest in the study 
contentt of academic specializations. This restricted set of benefits of education 
wass expanded with a number of other benefits, such as the effort a specialization 
requires,, and the possibility to work with other people. The extended set of ben-
efitss proved to be fruitful for predicting academic choices. In different branches 
off  the behavioral, and social sciences, academic achievement is explained using 
differentt sorts of variables. In chapter 2, academic achievement was explained on 
thee basis of pre-university (VWO) grades. In chapter 4, four blocks of variables -
aa background, an economic, a time budget, and a psychological block were com-
paredd at their usefulness of predicting academic achievement. Large differences 
inn the usefulness between the blocks were apparent. The psychological variable 
blockk gave the best and most stable predictions. In psychological and educational 
research,, incomplete data are very often encountered. In this dissertation two 
missingg data problems were addressed. In chapter 2, incomplete VWO grade files 
weree considered a missing data problem. Several missing grade methods were 
comparedd at their theoretical and empirical differences, and at their performance 
inn two prediction of academic achievement analyses. The second type of missing 
dataa were the missing item scores resulting from the application of incomplete test 
designss on educational and psychological tests. In chapter 3, several methods for 
thee estimation of incomplete item scores were compared on the reconstruction of 
testt reliability, and test predictive validity. The different methods produced good 
resultss at either reliability or predictive validity estimation, but not at both. It was 
concludedd that measurement precision and predictive validity of incomplete tests 
couldd not be optimized simultaneously. One method that proved to be successful 
att reconstructing predictive validity was applied to the scales in the psychological 
variabless block in the survey of chapter 4. 

8.11 Incomplete data 

Inn psychological and educational research, missing data are often encountered. In 
thiss dissertation, two sorts of missing data are distinguished: missing data that 
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aree beyond, and missing data that are not beyond the control of the researcher. 
Ann example of the first sort of missing data is an unintendedly skipped item in 
aa psychological questionnaire. An example of the second kind of missing values 
aree data that, on the basis of efficiency considerations, are intended not to be 
collectedd (see, e.g., Schafer & Graham, 2002). In this dissertation, several methods 
forr dealing with missing data were compared. 

Inn chapter 2, the Grade Point Average (GPA) ('gemiddelde eindexamencijfer' in 
Dutch)) was considered a technique for missing grades. In study 1, theoretical and 
empiricall  differences between GPA, and seven alternative methods for unavailable 
gradess were studied. All methods replaced, or 'imputed', unavailable grades with 
ann estimate. The seven alternative missing grade techniques were subject mean 
substitution,, corrected subject mean, subject correlation substitution, regression 
imputation,, EM algorithm imputation, and two multiple imputation methods-
Stochasticc Regression Imputation (SRI), and Data Augmentation (DA) procedure 
NORMM (Schafer, 1997, 1998). The missing grade techniques were very different. 
DAA and SRI appeared to be superior as missing grades techniques. In study 2, 
completedd grade records were used in two analysis in which academic achievement 
wass predicted. One analysis was based on unweighted grades, and the other was 
basedd on weighted grades. In both analyses, alternative methods produced better, 
andd more stable predictions of academic achievement than GPA. It was concluded 
thatt some alternative missing grade methods were better than GPA. 

Inn chapter 3, the application of incomplete test designs to psychological and 
educationall  questionnaires was studied. As a result of the recent availability of ad-
vancedd techniques for dealing with missing values, data can be collected using an 
incompletee design, and data that are not recorded can be estimated. Applying in-
completee designs to questionnaires can be used as a way to increase response rates 
inn survey research. As shorter questionnaires decrease the respondents' burden, 
responsee rates can increase. The usefulness of incomplete designs has especially 
beenn studied for survey questionnaires. However, psychological and educational 
testss are different from normal surveys, because they need more items to mea-
suree constructs. Developers of educational and psychological tests are commonly 
facedd with two conflicting test goals (see, e.g.. Lord & Novick, 1968). First, a test 
shouldd be valid for the prediction of a given criterion, such as academic achieve-
ment.. Second, the test should be a precise measurement of a given characteristic 
off  an individual, such as achievement motivation. When incomplete test designs 
aree applied to psychological and educational tests, the test goal should be taken 
intoo account, because the available methods for missing item scores seem to meet 
onlyy one of these test goals at the expense of the other. Two sorts of model based 
techniquess for dealing with incomplete test data exist. The first group of tech-
niquess are measurement models like Item Response Theory (IRT), which allows 
forr the estimation of a common trait for all examinees on the basis of answers 
too different sets of items. The second group of techniques are models, such as 
DA,, that estimate missing items scores on the basis of all the data that were 
recorded,, a criterion included. In this study, paper and pencil tests were simu-
lated,, and a third part of the item scores was deleted using a blocked interlaced 
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design.. Next, two IRT methods, two versions of DA and two simple techniques for 
missingg item scores were applied to impute the deleted item scores. The methods 
weree compared at their ability to reconstruct test scores, reliability coefficients, 
andd predictive validity coefficients. Al l methods gave good reconstructions of test 
scores.. IRT gave best results of the reconstruction of reliability, and DA gave the 
bestt estimation of predictive validity. None of the methods could simultaneously 
reconstructt accurately measurement precision and predictive validity. 

8.22 University students' specialization choice 

Inn some theories of academic choices it is assumed that students choose a special-
izationn in order to meet a certain goal. In the economics of education, academic 
choicess are explained by financial returns to education (see, e.g., Vella & Gregory, 
1996).. Students choose the specialization from which they gain most. In psychol-
ogy,, specialization choices are explained by the interest in the study content of 
specializationss (see, e.g., Holland, 1997). Students choose the specialization with 
thee study content that best fits their interests. In this dissertation it is argued 
thatt this pair of benefits of education gives a too limited view of what university 
educationn can yield. The set of benefits of education was expanded with other 
sortss of benefits, such as the effort a specialization requires, the possibility to work 
withh other people, and the opinion of parents. 

Inn chapter 5, freshmen of nine different university courses (law, history, eco-
nomics,, psychology, political science, English linguistics, Spanish linguistics, med-
icall  biology, and dentistry) participated. First, the students reported the expected 
incomee after graduation of their own specialization, and of other specializations. 
Second,, they evaluated thirteen benefits associated with academic disciplines. Stu-
dentss from the nine disciplines differed considerably in the extent to which they 
anticipatedd maximum financial earnings. In addition, large differences were found 
inn the importance ratings of the 13 benefits. The evaluations and gender were used 
inn a multinomial logit model in order to predict academic specialization choice. 
Thee model had a rate of correct classification of 37%. Further analysis showed 
thatt omitting gender from the model did not result in a substantive downswing in 
thee predictions. 

Inn chapter 6, the set of 13 benefits was applied again. In this study, students 
fromm law, psychology, economics, and psychology participated. Like in chapter 
5,, evaluations of the importance of benefits were used. In this chapter, these 
evaluationss were called 'desires'. In addition, students were assessed at their per-
ceptionss on the 13 benefits of the specialization they had chosen, and the three 
remainingg specializations. Students from the four academic disciplines differed 
bothh in their desires and their perceptions. Five methods were applied to predict 
academicc choices: discriminant analysis, the Conditional Logit Model (CLM), 
Multi-Attribut ee Utilit y Theory (MAUT) , Equally Weighted Criteria (EWC), and 
thee Euclidean distance. These five methods made a different use of students' de-
siress and perceptions: discriminant analysis exclusively used the desires; CLM 
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andd ECW made only use of the perceptions; MAUT and the Euclidean distance 
madee use of both the desires and the perceptions. All methods gave reasonable 
predictions;; CLM was the best method, the discriminant analysis was the least 
adequatee method. The set of benefits turned out to be very useful for studying 
specializationn choices. In addition, the design of assessing both general desires and 
perceptionss of specific specializations appeared to be very fruitful. 

Inn chapter 7, two of the methods that were used in chapter 6, were compared. 
Thee first method, CLM, comes form economics, and is a model for discrete choices. 
Thee second method, MAUT, originates from psychological decision theory, and is 
aa prescriptive method for individual decision makers. Both models make use of 
evaluationss of attributes that are specific for specialization choices. However, CLM 
estimatess population attribute weights, whereas MAUT uses attribute weights that 
aree determined by the decision makers themselves. Both methods were compared 
inn an analysis in which the specialization choices of two cohorts of university 
freshmenn were used. The two models gave good classifications of the students, 
andd had a high overlap in classification. Moreover, the attribute weights of the 
twoo methods appeared to be related. It was concluded that CLM and MAUT were 
quitee similar, both in theory, and in their empirical results. 

InIn all the chapters associated with the specialization choice of university stu-
dents,, missing values encountered in the assessments of the desires and perceptions 
weree replaced using missing data procedure NORM. 

8.33 University students' academic achievement 

Thee academic achievement of students in higher education has been studied in 
manyy branches of the behavioral and social sciences. Many different variables 
havee been used to predict academic achievement. The predictor that has been used 
mostt often is intelligence. However, in the Dutch situation, the predictive power of 
intelligencee has always been low (see, e.g., Busato, 1998). Other researchers have 
stressedd the achievement in previous education, commonly measured by school 
grades.. Some have emphasized personality (see, e.g.,Busato et al., 2000). It has 
oftenn been reported that students who are conscientious have higher achievement 
thann students who are not (see, e.g., Wolfe & Johnson, 1995). However, psycholog-
icall  variables are not the only variables that have been used to explain academic 
achievement.. For example, basic personal characteristics, such as gender and age, 
havee been applied. Female students have been reported to perform better than 
theirr male colleagues in many courses (see, e.g., Mau &; Lynn, 2001). Sometimes, 
thee time that students allocate to several activities, such as sleeping, working, 
andd studying is used to explain academic achievement. The time that is allocated 
too studying is not always positively related to academic achievement (Olivares, 
2002).. Some students have explained academic achievement from the financial 
situationn of the student. Students who expect more financial benefits from their 
specialization,, have been reported to be more persistent in their study (see, e.g., 
Oosterbeekk & Webbink, 1995). 
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Inn chapter 2, pre-university (VWO) examination grades were used to predict 
universityy freshmen's academic progress after one year. The correlation between 
VWOO grades and study progress was about .30. 

Inn chapter 4, the academic achievement of university freshmen was predicted 
onn the basis of four blocks or variables: background variables, economic variables, 
timee budgets, and psychological variables. The psychological variables block con-
sistedd of four sub-blocks: personality, motivation, self-efficacy, and study skills. 
Thee knowledge on incomplete designs that was acquired in chapter 3, was used 
inn this chapter. To the scales of the psychological variable blocks an incomplete 
designn was applied. As a consequence a third part of the item scores was missing 
forr each student. This missing part was estimated using NORM. 

Thee usefulness of the predictive blocks was assessed on the basis of multiple 
RR coefficients, and cross validated multiple R coefficients of the regression mod-
elss that applied the blocks to predict academic achievement. Two measures of 
academicc achievement were used: GPA, and study progress. Chapter 2 showed 
thatt GPA was not the best method for dealing with unavailable grades. However, 
inn this study, methods that appeared to be superior in chapter 2 gave computa-
tionall  problems, and GPA had to be used. In this study, students from economics, 
psychology,, communication, and medical science participated. The academic dis-
cipliness differed to a large extent in what blocks produced good and consistent 
predictionn results. Generally speaking, the psychological block gave best results, 
forr both measures of academic achievement. So, in spite of the presence of incom-
pletee item scores in the survey, completed psychological tests gave good results. 
Inn addition, the academic achievement of psychology students was more easily 
predictedd than the achievement of students in other specializations. 
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Samenvatting g 

Ditt proefschrift heeft twee hoofdthema's: de predictie van studiekeuzes van univer-
siteitsstudentenn en de predictie hun studieprestaties. Echter, in onderwijskundig 
enn psychologisch onderzoek is er vaak sprake van ontbrekende gegevens. Om stu-
diekeuzenn en studievoortgang goed te kunnen bestuderen is het van belang om 
mett ontbrekende gegevens om te kunnen gaan. Daartoe is er in dit proefschrift 
ookk aandacht besteed aan methoden voor ontbrekende gegevens. 

Inn hoofdstuk 2, werd het gemiddelde eindexamencijfer, of Grade Point Aver-
agee (GPA), gezien als een techniek voor onvolledige cijferbestanden. In de eerste 
studiee van hoofdstuk 2 werden theoretische en empirische verschillen tussen GPA 
enn zeven alternatieve methoden voor ontbrekende cijfers bestudeerd. All e metho-
denn vervingen, of 'imputeerden' ontbrekende cijfers door een schatting. De zeven 
alternatievee imputatietechnieken waren: het gemiddelde cijfer van studenten met 
cijferss voor het vak, het gecorrigeerde gemiddelde cijfer voor het vak, het cijfer voor 
hett vak dat het hoogst correleert met het vak met een ontbrekend cijfer, regressie-
imputatie,, het Expectation Maximization algoritme en twee multipele imputatie-
techniekenn - Stochastische Regressie Imputatie (SRI) en de Data Augmentation 
(DA)) procedure NORM (Schafer, 1997, 1998). De technieken voor ontbrekende 
cijferss waren zeer verschillend. DA en SRI bleken op theoretische gronden de beste 
methoden.. In de tweede studie van hoofdstuk 2 , werden de compleet gemaakte 
cijferbestandenn (geobserveerde en geïmputeerde cijfers) gebruikt in twee analyses 
waarinn studievoortgang werd voorspeld. Eén analyse was gebaseerd op ongewogen 
cijferss en de andere op gewogen cijfers. In beide analyses produceerden de alterna-
tievee methoden betere en stabielere voorspellingen van studievoortgang dan GPA. 
Err werd geconcludeerd dat sommige van de alternatieve methoden beter zijn dan 
GPA. . 

Inn hoofdstuk 3 werd het toepassen van structureel incomplete designs op psy-
chologischee en onderwijskundige vragenlijsten onderzocht. Door de recente be-
schikbaarheidd van geavanceerde technieken voor het verwerken van onvolledige ge-
gevenss kunnen gegevens volgens een onvolledig design worden verzameld, en kun-
nenn de niet-waargenomen waarden worden bijgeschat. Constructeurs van meetin-
strumentenn worden gewoonlijk geconfronteerd met een paradox. Ze moeten kiezen 
tussenn twee strijdige testdoelstellingen. Ten eerste moet een test geldig zijn voor 
hett voorspellen van een bepaald criterium, zoals studievoortgang. Ten tweede, 
moett de test een nauwkeurige meting zijn van een bepaalde eigenschap van een 
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individu,, zoals motivatie. Wanneer een incompleet design wordt toegepast op 
meetinstrumenten,, moet het testdoel in acht worden genomen. De beschikbare 
techniekenn voor ontbrekende itemscores lijken slechts één van deze doelstellingen 
tee kunnen bereiken. Er zijn twee soorten technieken met een modelmatige grond-
slagg voor onvolledige testgegevens. De eerste groep technieken zijn meetmodellen 
alss Item Respons Theorie (IRT), waarin het mogelijk is om een eigenschap te 
schattenn op basis van antwoorden op verschillende deelverzamelingen items. De 
tweedee groep methoden, zoals DA. schatten niet-waargenomen gegevens op basis 
vann alle beschikbare data, een criterium inbegrepen. In deze studie, werden papier-
enn potloodtests gesimuleerd en werd een derde deel van de item scores vernietigd 
volgenss een geblokt kettingdesign. Daarna werden twee IRT methoden, twee DA 
methodenn en twee eenvoudige technieken voor ontbrekende item scores toegepast 
omm de ontbrekende item scores bij te schatten. De methoden werden vergeleken 
opp de reconstructies van testscores, testbetrouwbaarheid en predictieve validiteit. 
All ee methoden gaven goede reconstructies van testscores. IRT presteerde het best 
bijbij  de schatting van de betrouwbaarheid; DA gaf de beste schattingen van de pre-
dictievee validiteit. Geen van de methoden kon worden gebruikt om tegelijkertijd 
eenn nauwkeurige schatting van de betrouwbaarheid en de predictieve validiteit te 
geven. . 

Inn hoofdstuk 4 werden de studieprestaties van universiteitsstudenten voorspeld 
opp basis van vier blokken van variabelen: achtergrondvariabelen, economische va-
riabelen,, tijdbudgetten en psychologische variabelen. Het psychologische blok be-
stondd uit vier sub-blokken: persoonlijkheid, motivatie, self-efficacy (inschatting 
vann de eigen vaardigheden) en studie vaardigheden. De bruikbaarheid van de 
predictievee blokken werd bepaald op basis van multipele i?-coëfficiënten en ge-
kruisvalideerdee multipele i?-coëfficiënten van de regressiemodellen die de blokken 
gebruiktenn om studieprestaties te voorspellen. Het gemiddelde eindexamencijfer 
enn het aantal studiepunten werden toegepast als maten voor studieprestaties. Aan 
dezee studie deden studenten economie, psychologie, communicatiewetenschappen 
enn medicijnen mee. De studierichtingen verschilden in de mate waarin de blokken 
goedee en consistente voorspellingen gaven. Over het algemeen hadden psycho-
logischee blokken de beste resultaten voor beide maten van studieprestaties. De 
studieprestatiess van psychologiestudenten waren gemakkelijker te voorspellen dan 
dee prestaties van studenten in andere richtingen. 

Inn hoofdstuk 5 beoordeelden eerstejaarsstudenten uit negen verschillende uni-
versitairee studierichtingen (rechten, geschiedenis, economie, psychologie, politico-
logie,, Engelse taalwetenschappen, Spaanse taalwetenschappen, medische biologie, 
enn tandheelkunde) het belang van dertien opbrengsten van studeren. Er werden 
grotee verschillen gevonden tussen studierichtingen in het belang dat werd gesteld 
inn elk van de 13 opbrengsten. De beoordelingen en sekse werden gebruikt in een 
multinomiaall  logit model teneinde de studiekeuze te voorspellen. Het model gaf 
inn 37% van de gevallen een correcte voorspelling. Een nadere analyse toonde aan 
datt de het weglaten van sekse geen wezenlijke verslechtering van de voorspelling 
gaf. . 

Aann het onderzoek van hoofdstuk 6 deden studenten rechten, geschiedenis, 
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economie,, en psychologie mee. De studenten rapporteerden hun algemene wen-
senn en percepties omtrent 13 opbrengsten (dezelfde als in hoofdstuk 5) van hun 
eigenn studierichting en van de drie overige studierichtingen. De studenten uit 
dee vier studierichtingen verschilden in zowel hun wensen als hun percepties. Er 
werdenn vijf methoden gebruikt om studiekeuzes te voorspellen: discriminant ana-
lyse,, het Conditionele Logit Model (CLM), Multi-Attributieve Utiliteiten Theorie 
(MAUT) ,, Equally Weighted Criteria (EWC), en de Euclidische afstand. Deze 
methodenn maakten op verschillende wijze gebruik van de wensen en percepties: 
discriminantt analyse gebruikte uitsluitend de algemene wensen; CLM en ECW 
gebruiktenn uitsluitend de percepties van de vier specialisaties; MAUT en de Eucli-
dischee afstand gebruikten beide soorten variabelen. All e methoden gaven redelijke 
voorspellingen;; CLM was de beste methode, de discriminant analyse was de minst 
adequatee methode. De verzameling opbrengsten bleek zeer nuttig te zijn voor het 
bestuderenn van studiekeuzes. Bovendien bleek het design waarin zowel algemene 
wensenn als de percepties van specifieke studierichtingen werden bepaald ook zeer 
bruikbaar. . 

Inn hoofdstuk 7 werden twee van de modellen voor studiekeuzen uit hoofdstuk 
6,, CLM en MAUT, nader vergeleken. CLM komt voort uit de economie, en MAUT 
komtt voort uit de psychologisch besliskunde. Beide modellen maken gebruik van 
dee beoordeling van attributen die specifiek zijn voor studierichtingen. Echter, 
CLMM schat populatie attribuutgewichten, terwijl MAUT gebruik maakt van at-
tribuutgewichtenn die door de beslisser zelf zijn bepaald. Beide modellen werden 
vergelekenn in een analyse waarin gebruik werd gemaakt van de studiekeuzes van 
tweee cohorten van eerstejaarsstudenten. De twee modellen gaven goede classifica-
tiess van de studenten en hadden een hoge overlap in classificatie. Bovendien bleek 
err een verband te bestaan tussen attribuutgewichten in CLM en MAUT. CLM en 
MAU TT bleken niet alleen theoretisch maar ook empirisch vergelijkbaar. 

Tenslottee werden in hoofdstuk 8 (overzicht en conclusies) de belangrijkste re-
sultatenn uit de voortgaande hoofdstukken samengevat. 
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1.. Bij het selecteren van items voor psychologische schalen moeten bij ver-
schillendee testdoelen (zoals een betrouwbare meting of een nauwkeurige 
voorspelling)) verschillende itemsets worden gekozen (zie hoofdstuk 3). 

2.. De betrouwbaarheid en criterium validiteit van psychologische tests met 
geplandd ontbrekende itemscores zijn nauwkeurig te schatten indien voor 
dee parameter in kwestie de data worden gereconstrueerd met bijpassende 
methodenn voor incomplete itemscores (zie hoofdstuk 3). 

3.. MA UT is ontwikkeld als een prescriptieve beslissingsmethode, maar 
blijktt het ook heel goed te doen als beschrijvend model voor studiekeuzen 
(ziee hoofdstukken 6 en 7). 

4.. Bij de studiekeuzen van studenten uit verschillende studierichtingen spe-
lenn verschillende soorten opbrengsten van onderwijs een rol (zie hoofd-
stukkenn 4 en 5). 

5.. Psychologiestudenten gedragen zich volgens psychologische theorieën en 
economiestudentenn gedragen zich volgens economische theorieën (zie 
hoofdstukk 4,5 en 6). 

6.. Als er bij de toelating tot de universiteit selectie zou worden toegepast op 
basiss van het ongewogen gemiddelde eindexamencijfer dan zouden stu-
dentenn met een pretpakket vaker worden toegelaten dan studenten met een 
zwaarr pakket (zie hoofdstuk 2). 

7.. Het feit dat er op de top van de vraag op de arbeidsmarkt toch nog verse 
academicii  voor kozen om AiO te worden is er een bewijs van dat niet 
iedereenn zich bezig houdt met zaken als verwacht inkomen over de 
levenscyclus. . 

8.. Bij het uitvoeren van statistische toetsen zou er vaker rekening moeten 
wordenn gehouden met het onderscheidingsvermogen (G. J. Mellenbergh, 
Studiess in studietoetsen, 1971, stelling 8). 

9.. Voetbal hoort in een 4-3-3 opstelling gespeeld te worden 
(H.. J. Cruijff, 1997). 

10.. Het behalen van een rijbewijs is moeilijker dan promoveren. 
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