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Extended criteria and predictors in college admission: Exploring the
structure of study success and investigating the validity of domain knowledge
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Abstract
The utility of aptitude tests and intelligence measures in the prediction of the success in college is
one of the empirically best supported results in ability research. However, the structure of the criterion
“study success” has not been appropriately investigated so far. Moreover, it remains unclear which
aspect of intelligence  fluid intelligence or crystallized intelligence – has the major impact on the
prediction. In three studies we have investigated the dimensionality of the criterion achievements as
well as the relative contributions of competing ability predictors. In the first study, the dimensionality
of college grades was explored in a sample of 629 alumni. A measurement model with two correlated
latent factors distinguishing undergraduate college grades on the one hand from graduate college grades
on the other hand had the best fit to the data. In the second study, a group of 179 graduate students
completed a Psychology knowledge test and provided available college grades in undergraduate studies. A model separating a general latent factor for Psychology knowledge from a nested method factor
for college grades, and a second nested factor for “experimental orientation” had the best fit to the data.
In the third study the predictive power of domain specific knowledge tests in Mathematics, English,
and Biology was investigated. A sample of 387 undergraduate students in this prospective study additionally completed a compilation of fluid intelligence tests. The results of this study indicate as expected that: a) ability measures are incrementally predictive over school grades in predicting exam
grades; and b) that knowledge tests from relevant domains were incrementally predictive over fluid
intelligence. The results of these studies suggest that criteria for college admission tests deserve and
warrant more attention, and that domain specific ability indicators can contribute to the predictive
validity of established admission tests.
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Theoretical background
In many Western countries aptitude tests are accepted and well validated selection criteria for college admission and other high stakes purposes (Camara & Echternacht, 2000). In
Germany the use of aptitude tests for college admission is uncommon. Substantial judicial
and structural amendments in German student admission politics since August 2004
strengthen the role of universities in the selection process. These changes caused an intensive
debate on suitable selection criteria and gave an important impulse for the realization of the
studies presented in this article.

Predicting success in college
The validity of school grades (predominantly high school grade point average (or GPA) further referred as high school GPA) for the prediction of exam grades at college has been
demonstrated in various studies (Schuler, Funke, & Baron-Boldt, 1990; Gold & Souvignier,
2005; Trapmann, Hell, Weigand, & Schuler, in press). Several studies have demonstrated
that these results were also valid for Psychology studies in Germany (Schmidt-Atzert, 2005;
Steyer, Yousfi, & Würfel, 2005) as well as in the United States (Fenster, Markus, Wiedemann, Brackett, & Fernandez, 2001).
Incremental validity of aptitude tests over school grades was shown for SAT I (Burton &
Ramist, 2001; Bridgeman, Jenkins, & Ervin, 2000; Ramist, Lewis, & McCamley-Jenkins,
1993), GRE (Morrison & Morrison, 1995; Kuncel, Hezlett, & Ones, 2001; Burton & Wang,
2005) and ACT (Noble & Sawyer, 2002). The German Medical Entrance Test TMS, which
was applied in Germany between 1986 and 1996, also explained additional variance of college grades over school grades (Stumpf & Nauels, 1990; Trost, Klieme, & Nauels, 1997;
Trost et al., 1998).
The results from different meta-analytic studies indicate that intelligence measures are
strong predictors of study success for different study courses and various criterion information of study success (e.g. Freshman-GPA, cumulative GPA, faculty rankings) (Kuncel,
Hezlett, & Ones, 2004; Ones, Visweswaran, & Dilchert, 2005; Kuncel & Hezlett, 2007). In
this approach usually general cognitive ability (the “g factor”) is focussed on. However,
these validity-generalization studies comprise aptitude tests such as SAT, GRE and MCAT
in addition to classical intelligence tests implying that all these tests measure the same ability. Another serious limitation of these meta-analytic studies is lack of distinction between
fluid and crystallized intelligence (Cattell, 1987). Cattell (1987) and Horn (1988) described
fluid intelligence as a reasoning and problem solving ability which is almost independent
from previous learning experiences. In contrast, crystallized intelligence comprises abilities
highly influenced by schooling and acculturation. Moderate correlations between crystallized
and fluid intelligence varying from r = .40 to r = .50 (Cattell, 1987; Brody, 1992) indicate
that the two aspects are not identical.
The validity of domain-specific knowledge tests such as SAT II and GRE subject tests in
the prediction of study success has been less intensively investigated. A simulation of the
consequences of applying different predictors in student admission decisions has shown that,
given the high correlation of r = .84 between SAT I and SAT II, no major differences can be
found between both selection models (Bridgeman, Burton & Cline, 2001). Geiser and Stud-
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ley (2001) reported that SAT II was the best single predictor in the prediction of FreshmanGPA. In their study, SAT I explained only a small proportion of the variance of college
grades after school grades and SAT II scores were taken into account. It was also demonstrated that the corrected validity coefficients for school grades (r = .63), SAT I (r = .60) and
SAT II (r = .62) as well as the incremental validity of SAT I and SAT II (over the combination of SAT II and school grades and SAT I and school grades, respectively) were almost
identical in the prediction of Freshman-GPA (Ramist, Lewis, & McCamley-Jenkins, 2001).
These results are probably consequences of the high collinearity between SAT I and SAT II.
The predictive validity coefficients varied broadly for different SAT II subject tests, ranging
from r = .17 (for German or Spanish language) to r = .58 (for Mathematics or Chemistry)
(Ramist et al., 2001). An extensive review on validity comparison between SAT I and SAT
II is provided by Kobrin, Camara and Milewski (2002).
Relating the theoretical conceptualisations of SAT I and SAT II to established intelligence models (Carroll, 1993; Cattell, 1987; Horn, 1988) SAT I predominantly measures
individual differences in fluid aspects of intelligence while SAT II primarily reflects individual differences in crystallized aspects of intelligence. These considerations lead to the question why the correlation between SAT I and SAT II (r = .84) is noticeably higher than the
moderate correlation between fluid and crystallized intelligence reported above. A detailed
inspection of the SAT II tasks reveals that fluid and crystallized aspects are confounded in
these items. They require high fluid intelligence to transfer the acquired knowledge to new
objectives. This substantial demand of fluid intelligence for successful completion of SAT II
items might explain the high relation between SAT I and SAT II.
Similarly to the SAT, the Graduate Record Examinations (GRE) consist of two parts – a
reasoning test including verbal, quantitative and analytical writing sections and several subject tests available for 9 majors, including Psychology. In some studies, only small relations
between GRE and study success were found. Goldberg and Alliger (1992) report a standardized regression coefficient of Ê = .15 for the GRE predicting cumulative GPA in PhD studies. Validity coefficients for the GRE almost double when they are corrected for restriction
of range (Chernyshenko & Ones, 1999). This methodological problem is considered in two
recent meta-analyses (Kuncel et al., 2007; Kuncel et al., 2001). In both studies the GRE
subject tests were better predictors of cumulative grades for the first and the last PhD year
than the GRE reasoning subtests. These findings are valid for most majors in general and for
Social sciences in particular (Kuncel et al., 2001).
Results from the reported validation studies reveal that the usage of domain knowledge
tests in student admission in addition to high school GPA can contribute to the prediction of
study success. Another reason for their application is the lack of comparability of the high
school GPA among different federal states in Germany. The same high school GPA is associated with different performance in the related knowledge tests depending on the attended
school and the federal state (Köller, Baumert, & Schnabel, 1999). The legislative requirement to use high school GPA as the major selection criterion in college admission in Germany has led to the discrimination of applicants from federal states with higher educational
school requirements or stronger grading. Attempts to counter this problem were the introduction of different weights for high school GPA from different federal states and the implementation of centrally developed and administered final examinations. The additional use of
knowledge tests in student selection procedures could farther compensate the lack of GPA
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comparability, since these tests provide an objective measure of knowledge, thus ensuring
that applicants meet the requirements for a course they want to attend.

Problems with measuring of study success
College grades undoubtedly represent a very important measure of study success. However, they are often used not as an operationalization, but as a substitute for study success.
This assumption disregards three serious problems that are associated with college grades –
namely their variance restriction, dubious reliability, and dimensionality.
Schneller and Schneider (2005) reported that in only 6 out of 34 German universities, the
standard deviation for the cumulative graduate grade in Psychology was higher than SD =
.50 leading to a smaller variance than expected given the range of college grades.
Furthermore, results from several studies indicate that the objectivity and reliability of
grades are rather low. For Medical sciences it was shown that the consensus between two
independent judges rating the same examinee about the same topic with only a minor time
lag ranges between r = .40 and r = .60 (Ingenkamp, 1975; Birkel, 1987). The correlation
between oral and written examinations varies between r = 0 and r = .70, the majority of
correlations varying between r = .20 and r = .40 (Ingenkamp, 1975; Birkel, 1987).
Pritz (1981) explored possible error sources for the low reliability of oral exams. In his
study, students with higher oral fluency were given better grades after controlling for gesture
and content. Oral fluency explained 17 % of the variance between the rater judgements. The
variation of relevant previous grades explained another 7 % of this variance.
There are numerous other effects mainly investigated in Social Psychology which influence the result of an oral examination. In general, oral examinations can be biased by memory inferences, judgement preferences of the examinant (e.g. "halo" effect, tendency to the
middle), position effects (primacy or recency effects), or self-fulfilling prophecies. While
some of these effects can appear in written examinations as well, in those standardized situations the impact of social and verbal abilities is notably reduced.
Another aspect we want to address in the present article is the dimensionality of college
grades. In educational research it is usually assumed that single college grades refer to one
latent dimension of “study success”. Integrating all grades into one indicator GPA assumes
that the available information across all grades is exhausted. However, this assumption has
rarely been explicitly tested so far and first analyses indicate that it does not always hold true
(Jonkmann, Wilhelm, & Leser, 2005). In that study, a separation between theoretical and
mathematical classes on the one hand and applied and practical classes on the other hand
seemed to be appropriate for available college grades in German undergraduate studies in
Computer Science.
Furthermore, it remains often unclear whether grades are based upon a norm or upon a
criterion. In general, they are assumed to be based upon a criterion meaning that grades
should indicate to which degree a criterion was achieved. However, examination grades are
often based upon a mixture between a norm and criterion. Consequently, lack of comparability is often associated with the grades because evaluation standards vary between different
classes, schools, and universities. This problem is inherent in most studies analysing the
prediction of study success.
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Studies overview
We have conducted three studies to investigate three different aspects of student admission that have not been appropriately investigated so far. In Study 1, we investigated the
structure of college grades, estimating competing latent factors models for exam grades. In
Study 2, we operationalized “study success” by taking into account undergraduate college
grades as well as acquired knowledge in Psychology, measured through a curricular valid
Psychology knowledge test. In Study 3, we strived to separate fluid and crystallized intelligence, conceptualized as domain specific knowledge, in student admission for German Psychology departments. We have explored the incremental and prognostic validity of these
measures and high school GPA in predicting study success.

Study 1
Objectives
In this study we have explored the structure of college grades in Psychology by testing
competing latent factors models for these grades. First, we tested a g-factor model which
implies that a single latent variable is sufficient to account for the covariation between all
college grades. In the second model, we distinguished between grades of basic, methodological classes versus grades of applied, practical classes. The third model distinguished
between undergraduate and graduate college grades. We are not aware of any attempt to test
different assumptions explicitly with a confirmatory measurement model and hope to shed
some light on the grades’ structure by our analyses. A distinction between oral and written
exams was not possible for the available data due to different exam regulations for different
student cohorts.

Methods
We were granted access to all electronically registered university files for 910 Psychology students who started their studies at the Humboldt-Universität zu Berlin between 1990
and 2003. Files with complete undergraduate and graduate grades were available for 629
alumni (69%), who had successfully graduated from the Humboldt-Universität zu Berlin
between 1996 and 2007. The reasons for incomplete datasets were drop-out, changing universities, or the fact that Psychology graduate studies were not completed yet. The German
undergraduate diploma lasts about six to twelve months less than a Bachelor course. After
completing their undergraduate degree, students continue with their graduate diploma that
takes about another three and a half years. A Diploma degree is comparable to a Masters
degree.
The current German undergraduate degree in Psychology covers the disciplines of Cognitive Psychology, Physiological Psychology, Developmental Psychology, Differential Psychology, Social Psychology, and Statistical Methods. Graduate diploma studies in Psychology include the disciplines of Clinical Psychology, Industrial and Organizational Psychology, Educational Psychology, Psychological Assessment, and Advanced Statistical Methods.
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These subjects are taught with comparable curricula and comparable length in all German
Psychology departments. In the graduate program students additionally specialize in one
psychological discipline and choose one non-psychological subject. Grades in these latter
subjects were not taken into account in the current study because they were not comparable
between different student cohorts.
College grades in Germany range from “very good” (1) to “insufficient” (5). A subject is
only completed when a grade of 4 or better has been achieved. Therefore when data of
graduated students is analyzed, grades only range between 1 and 4 comprising 10 increments
(1.0, 1.3, 1.7, 2.0, …, 3.7, 4.0).

Results
Descriptive statistics
Descriptive statistics for all grades are summarized in Table 1. The mean values varied
slightly between different psychological disciplines. Undergraduate students performed best
in Developmental Psychology, while graduate students excelled in Educational Psychology.
Statistical Methods appeared to be the most challenging course in both undergraduate and
graduate programs. The mean grade in undergraduate studies (M = 2.35) was significantly
higher than the mean grade in graduate studies (M = 1.97; t = 21.6; p <. 001). Several reasons can account for this finding. We assume that it is not very likely that evaluation standards are less demanding in the graduate program, but rather that students might show more
effort in later stages of the course because the grades they earn in the graduate program will
play an important role for future job applications. It is also possible that these results indicate
a stronger alignment between the students’ interests and the contents offered in the graduate

Table 1:
Descriptive statistics for the college grades in study 1 (n = 629)
Undergraduate degree
Cognitive Psychology
Physiological Psychology
Developmental Psychology
Differential Psychology
Social Psychology
Statistical Methods
Undergraduate GPA
Graduate degree
Clinical Psychology
Industrial and Economical Psychology
Educational Psychology
Psychological Assessment
Advanced Statistical Methods
Graduate GPA

M

SE

SD

Min

Max

2.3
2.8
1.9
2.2
2.1
2.8
2.4

.03
.03
.03
.03
.03
.03
.02

.71
.82
.77
.87
.81
.82
.59

1.0
1.0
1.0
1.0
1.0
1.0
1.0

4.0
4.0
4.0
4.0
4.0
4.0
3.8

2.0
1.8
1.7
2.1
2.3
2.0

.03
.03
.02
.02
.03
.02

.79
.71
.51
.58
.82
.50

1.0
1.0
1.0
1.0
1.0
1.0

4.0
4.0
3.3
4.0
4.0
3.6

Notes: M - mean, SE - standard error, SD - standard deviation, min - minimum, max - maximum
The column names M, SE und SD should be italicized.
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program as compared to the undergraduate one. Another reason might be the fact that graduate classes are less crowded allowing for better student mentoring. Cronbach’s alpha was Į =
.83 for undergraduate and Į = .75 for graduate grades.
Structural equation models
We used confirmatory factor analysis techniques within the structural equation modelling
framework (Kaplan, 2000; Bollen & Long, 1993; Bollen, 1989) to investigate the underlying
structure of the college grades. For the estimation of this and all further reported measurement and structural models the statistical program Mplus 4.2 was used (Muthén & Muthén,
1998).
The model fit indices for the competing models described above are presented in Table 2.
The g-factor model (Model 1) had an acceptable fit according to criteria by Hu and Bentler
(1999): the Comparative Fit Index (CFI) exceeded .95 and the Root Means Square Error of
Approximation (RMSEA) was less than .05. Model 2 which assumed two correlated factors
for grades from basic classes vs. grades from applied classes yielded nearly identical model
fit indices as Model 1. However, the residual covariance matrix was not positively definite
for this model due to the fact that the estimated correlation between the two latent factors
was r = 1, implying that these factors are undistinguishable. Model 3 fitted the data excellently (see also Figure 1). The correlation between the latent factors was r = .84 which indicated that both latent variables share a high amount of variance but are not identical. The
Likelihood Ratio Test indicated that Model 3 fits the data significantly better than Model 1
(Ȥ² = 81; df = 1; p < .0001).

Discussion
In the presented study a measurement model which accounted for a distinction between
undergraduate and graduate grades fitted the data very well. The latent correlation between
the two factors was high but reliably different from one. We assume that undergraduate and
graduate grades will show different correlations with other measures. More specifically, we
think it is possible that on top of the set of established predictors for undergraduate GPA,
non-cognitive factors might proof incrementally valid in a performance context that provides
little guidance and direction as a graduate course does.
The distinction between undergraduate and graduate grades in the final measurement
model implies that the factor time can play an important role. Many studies tackling the issue
of validity rely on undergraduate grades as the criterion of study success. In contrast, graduate grades are often not assessed mainly due to practical limitations. However, if undergraduate and graduate grades cannot be ascribed to the same underlying latent dimension,
conclusions derived from undergraduate grades might not hold true for graduate grades. Our
results show that the structure of college grades cannot always be assumed to be onedimensional and suggest that their dimensionality should be tested explicitly when they are
used as indicators of study success.
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Table 2:
Model Fit Indices for the estimated measurement models for Psychology grades (n = 629)

1
2
3

Model Description
g-factor model
two correlated factors - basic vs.
applied courses
two correlated factors - undergraduate
GPA vs. graduate GPA

Ȥ²
137

df
44

p
< .001

CFI
.958

RMSEA
.06

137

43

< .001

.957

.06

56

43

.087

.994

.02

Notes: df – degrees of freedom; CFI - Comparative Fit Index; RMSEA - Root Mean Square Error of
Approximation

Notes: Ȥ2 = 56; df = 43; p = .087; CFI = .994; RMSEA = .022
df – degrees of freedom; CFI - Comparative Fit Index; RMSEA - Root Mean Square Error of Approximation
All path coefficients are statistically significantly different from zero at Į = .05

Figure 1:
Final measurement model for the college grades in Study 1 (n = 629)

Study 2
Objectives
In Study 2 we intended to widen the criterion space and to explore the structure of “study
success” by defining it via two different methods for expressing student performance: undergraduate college grades in Psychology and an abbreviated German version of the Graduate
Record Examination (GRE) subject test for Psychology (ETS, 2001). We expected to find a
high but not perfect overlap of these two measures with an additional nested factor to account for common method variance.

96

O. Kunina, O. Wilhelm, M. Formazin, K. Jonkmann & U. Schroeders

The inspection of items in a version of the GRE Psychology test revealed that they
highly overlap with topics covered in the German curriculum for undergraduate Psychology
studies. The main difference between the German and American program is the coverage of
Clinical Psychology. This discipline is only taught in the graduate program in Germany. For
this reason items covering Clinical Psychology were not considered in the abbreviated German version of the test.
We translated a selection of items from the GRE Psychology into German and compiled
a test version that mirrors the weighting of the different disciplines according to the German
curriculum. Items from the following domains were included: Cognitive, Social, Physiological, Differential and Developmental Psychology, and Statistical Methods with emphasis on
items covering Cognitive Psychology and Statistical Methods due to their relevance in the
German curriculum. The final version of the test included 50 multiple-choice items with five
response alternatives each, including 5 easy warming-up questions which were omitted from
computations of the total score.
A variety of competing measurement models for the Psychology knowledge test and college grades were tested. First, a general factor measurement model for the Psychology
knowledge test was estimated. Due to theoretical considerations the g-factor-model was
modified by adding a correlated error between the summed scores for Physiological and
Cognitive Psychology because both disciplines have a strong experimental orientation. In a
third measurement model, a g-factor-model for the undergraduate grades was established.
Furthermore, four competing structural models were estimated by integrating the measurement models for the Psychology knowledge test and undergraduate grades. In the first
structural model, a g-factor model for undergraduate GPA and Psychology knowledge test
was calculated (Model 4). In the second structural model, two correlated latent factors for
undergraduate GPA and Psychology knowledge test were assumed (Model 5). In the third
model, a g-factor model with a nested factor that captures the grades’ common method variance was tested (Model 6). Since the measurement model for the Psychology knowledge test
implied the existence of common variance between the sub-scores for Physiological and
Cognitive Psychology, this model was modified by introducing a second nested factor “Experimental orientation” to account for interest in experimental Psychology (Model 7).

Methods
Sample
Data was collected from November 2004 till January 2005. 183 students (139 female and
34 male) from five different German universities (24% Bielefeld, 23.5% Berlin, 8.2% Eichstätt, 10.9% Greifswald, 33.3% Trier) who had completed their undergraduate studies participated in the study. For ten participants demographic information was not available. The
mean age was M = 24.03 years (SD = 3.07 years; ranging from 20 to 38 years). The average
number of semesters completed at the time of investigation was M = 8 semesters (SD = 1.7),
ranging between 5 and 19 semesters. The selected universities are not necessarily representative for Germany since their selection was based on existing cooperation with other German
universities and was not randomly sampled. The students were recruited by their professors
during their lectures. Participation in the study was voluntary.
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All students reported their high school GPA and their exam grades in the six disciplines:
Cognitive, Physiological, Developmental, Differential and Social Psychology, and Statistical
Methods. For approximately 80 % of the students the self-reported grades could be validated
by comparing them to the official university records. The correlations between self-reported
and officially confirmed grades ranged between r = .93 and r = .99 across all disciplines.
This finding supports the trustworthiness of the provided self-reported grades.
Four participants who completed less than 30 of 45 items in the Psychology knowledge
test were removed from all further analyses. Missing values ranged between 0% and 16.8%
for items (M = 4.0%, SD = 5%) and varied from 0% to 33% for students (M = 4%, SD =
0.8%). In total approximately 4% of all answers were missing. To test whether the number of
missing values was a function of the sequence or position of an item in the test we calculated
the number of correct answers in the first and second test-halves of the Psychology knowledge test (items 1-23 vs. 24-45). Since the T-Test for dependend samples was not significant
(t = 1.315, df = 178, p = 0.190) missing answers were replaced by 0 for all remaining 179
cases, based on the assumption that subjects skipped the items because they did not know the
correct answer.

Results
Descriptive statistics
Item and scale analysis led to the exclusion of 10 items because these items were either
too easy (item difficulty - proportion correct - higher than P = .90) or too hard (item difficulty smaller than P = .10). The final test version included 35 items, containing 8 items for
Cognitive Psychology, 4 items for Social Psychology, 7 items for Physiological Psychology,
5 items for Differential Personality, 4 items for Developmental Psychology, and 7 items for
Statistical Methods. After the item selection procedure the items’ difficulties ranged between
P = .31 and P = .86 with a mean of P = .64. Although the Psychology knowledge test was
fairly easy, no ceiling effects were observed. The mean total score in the final test version
was M = 22.3 (SD = 4.7, ranging between 9 and 34). Cronbach’s alpha was Į = .69 with a
mean inter-item-correlation of rij = .06.
The internal consistency is rather moderate perhaps due to the following two reasons.
Coefficient alpha is a function of the number of items, the mean inter-item-correlation (covariance) and item redundancy (Cortina, 1993). Low internal consistency can also be due to
heterogeneity of the measure. Furthermore, it is possible that the internal consistency of a
test is underestimated when the calculation is based on Pearson-product-momentcorrelations. The results of the reliability analysis based on tetrachoric correlations provide
much higher values for Cronbach’s alpha (Į = .81) and mean inter-item-correlation rij = .12.
Pearson-product-moment-correlations lead to an underestimation of Cronbach’s alpha
whereas tetrachoric correlations tend to overestimate it (Nunally, 1970).
At least five undergraduate grades were available for all students. Missing high school
GPA (6 %) and exam grades (0.5 – 1.1 %) were imputed using the EM-Algorithm. The
MCAR Little-Test (Little, 1988) was not significant (Ȥ² = 90.87; df = 427; p > .999), implying that the data is missing completely at random and that its absence is not a function of
other observed or unobserved variables.
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Measurement and Structural equation models
Due to the rather small number of observations for the Psychology knowledge test in relation to the number of items, the complexity of the measurement models was reduced by
using the sum scores for the six Psychology disciplines as manifest variables instead of the
original binary answers. Model fit indices for all tested models described above are presented in Table 3. Model fit indices yielded an acceptable fit for the general factor model for
the Psychology knowledge test (Model 1). The introduction of correlated errors in Model 2
led to an improvement in all fit indices.
Whereas the CFI of the g-factor-model for the undergraduate GPA (Model 3) was acceptable, the RMSEA value indicated misfit of the model. One plausible explanation for the high
RMSEA value are the high zero-order correlations between the college grades – mean rij =
.42 in Model 3 vs. mean rij = .25 in Models 1 and 2 and mean rij = .27 in Models 4 to 7
(Browne, MacCallum, Kim, Andersen, & Glaser, 2002). The model with correlated errors
for grades in Physiological and Cognitive Psychology had almost the same fit as Model 3. In
this model the correlated errors were not statistically significant different from zero.
Model fit indices yielded an unacceptable fit for the first structural model (g-factor
model) for undergraduate GPA and Psychology knowledge test (Model 4). All fit indices
improved when a model with two distinct factors for grades and the test was established
(Model 5). The Likelihood Ratio Test indicated that Model 5 fits the data significantly better
than Model 4 (Ȥ² = 43; df = 1; p < .0001). The high correlation of r = -.65 between the latent
Table 3:
Model Fit Indices for the estimated measurement and structural models for the Psychology
Knowledge Test and Psychology exam grades (n = 179)

1

Psychology
Knowledge

2

Psychology
Knowledge

3
4
5
6
7

Model Description
g-factor model

g-factor model with
correlated errors between
Physiological and
Cognitive Psychology
undergraduate g-factor model
GPA
Structural
g-factor model for grades
model
and knowledge
Structural
two correlated factors for
model
grades and knowledge
Structural
g-factor model with nested
model
method factor for grades
Structural
g-factor model with nested
model
method factor for grades
and nested factor for
experimental orientation

Ȥ²
13.1

df
9

p
.156

CFI
.968

RMSEA
.05

5.0

8

.751

1

0

21.6

9

.010

.961

.09

129.2

54

<.001

.853

.09

86.2

53

.003

.935

.06

79.7

48

.003

.938

.06

58.8

44

.067

.971

.04

Notes: df – degrees of freedom, CFI - Comparative Fit Index, RMSEA - Root Mean Square Error of
Approximation.
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factors for undergraduate GPA and Psychology knowledge test in Model 5 indicated a high
overlap between the constructs; however, they were not the same. For Models 5 and 6 CFI
and RMSEA values indicated acceptable model fit. All factor loadings from the nested factor
in Model 5 were substantially different from zero, implying that a substantive method factor
for grades could be established. Model fit indices for Model 7 with a second nested factor
“Experimental orientation” (see also Figure 2) indicated that it fitted the data very well. Note
that factor loadings from the general factor to college grades were negative since the grades
are reverse scaled, a low number indicating better performance and vice versa.

Notes: Ȥ2 = 58.8; df = 44; p = .067; CFI = .971; RMSEA = .04
df – degrees of freedom; CFI - Comparative Fit Index; RMSEA - Root Mean Square Error of Approximation
All coefficients are statistically significant different from zero at Į = .05
Loadings of the nested factors are pointed out by lines ‘-----‘. The related factor loadings are italicized.

Figure 2:
Final structural model for Psychology grades and Psychology Knowledge Test in Study 2
(n = 179)

Preliminary validity findings for the Psychology knowledge test
For a subset of the sample (n = 147 students) a portion of their graduate grades was
available. The average number of available grades was M = 4.8 (SD = 1.96, ranging between
1 and 7). The average grade was M = 1.64 (SD = .51, ranging from 1.0 to 3.8).
We used the performance in the Psychology knowledge test for the prediction of graduate GPA to gather preliminary evidence on the validity of the Psychology knowledge test.
The results are presented in Table 4. When interpreting these results take into account that
the reliability of graduate GPA is smaller (Cronbach’s alpha Į = .43) than it was in Study 1
(Į = .75) due to the lower number of available grades in the current study. High school GPA,
undergraduate GPA and the total number of correct answers in the Psychology knowledge
test were considered as predictors of graduate GPA. These predictors are correlated: r = .36
for the correlation between high school GPA und undergraduate GPA, r = -.51 between
undergraduate GPA and Psychology knowledge test and r = -.28 between high school GPA
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Table 4:
Results of regression analyses for the prediction of graduate grade point average in German
Psychology programmes (n = 147)
Model
1a
1b
1c
2a
2b

2c

3

Predictor
High school GPA
Undergraduate GPA
Psychology
knowledge
High school GPA
Undergraduate GPA
High school GPA
Psychology
knowledge
Undergraduate GPA
Psychology
knowledge
High school GPA
Undergraduate GPA
Psychology
knowledge

R
.25
.30
.29

R2
.06
.09
.09

corrected R2
.06
.09

.34

.11

.10

.34

.12

.10

.34

.12

.37

.14

ß̂
.25
.30
-.29

t
3.10
3.83
-3.70

p
.002
< .001
< .001

.16
.25
.18
-.24

1.92
2.92
2.22
-2.98

.057
.004
.028
.003

.11

.21
-.19

2.27
-2.06

.025
.042

.12

.14
.17
-.17

1.70
1.76
-1.85

.091
.080
.066

.08

Notes: GPA – grade point average, R – multiple regression coefficient, R2 – coefficient of determination, ß̂ –
standardized beta coefficient

and Psychology knowledge test. These relations indicate that collinearity effects for the three
measures might be present, leading to possible problems when conducting multiple regression analysis. However, since the correlations between the measures are not high but only
moderate, collinearity effects should not lead to major distortions in our results. All three
predictors significantly contribute to the explanation of graduate GPA, either being considered alone or in combination with another predictor. Nevertheless, collinearity effects probably led to the non significant standardized regression coefficients when all three measures
were considered simultaneously.

Discussion
The results of this study show that grades and the curricular valid standardized test did
not measure exactly the same aspects of study success. The final structural equation model
implied that in addition to a performance factor, a nested method factor existed. Therefore,
the criterion “study success” should be assessed via different measures in order to capture it
more exhaustively.
Another important finding was that Psychology knowledge test was incrementally valid
in the prediction of the graduate GPA after high school GPA or undergraduate GPA were
considered. The observed regression coefficients for all measures in predicting graduate
GPA were rather small but comparable to uncorrected coefficients as reported in GRE validity studies (Goldberg et al., 1992). If correction for the unreliability of the criterion was
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taken into account, these coefficients would necessarily rise. Obviously, these preliminary
validity results should be evaluated with caution given the presence of collinearity effects
and the limited sample size. Nevertheless the results indicate that the application of standardized knowledge tests can substantially contribute to the prediction of study success in Master
studies in addition to undergraduate college grades.

Study 3
Objectives
In this study, we focussed on the research questions pertaining to the validity of fluid and
crystallized intelligence, conceptualized as the domain specific knowledge. The main goal
was to investigate the predictive and incremental validity of the domain knowledge tests
when high school GPA and fluid intelligence measures were taken into account.
Job analysis indicate that knowledge in three disciplines is an important prerequisite in
order to attain a degree in Psychology: English, Mathematics, and Biology (Wetzenstein,
2004). Proficiency in English is an important precondition for a successful graduation since
the scientific literature is predominantly written in English. Basic knowledge in Mathematics
is a relevant requirement because drop-out in Psychology is primarily caused by failures in
Statistics and Quantitative Methods modules. Prior knowledge in selected areas of Biology
was expected to be especially relevant for the success in disciplines with a substantial
physiological focus.
Since we could not find any standardized tests for English, Mathematics, and Biology
that would be suitable for our study, we have developed a specific knowledge test for each of
the three domains. The English test was developed in cooperation with the Center for Foreign Languages department of the Humboldt-Universität zu Berlin. Items were designed to
assess knowledge in English as a foreign language with respect to grammar, vocabulary, and
complex test comprehension. Most items comprised of one sentence with one word missing.
The subjects had to choose one correct answer among four alternatives. In order to discriminate well between persons with high ability levels, six items from the SAT I preparation
book (College Board, 2003) were added. These items were hypothesized to be more difficult
because two words were missing in each sentence. The original test included 40 items.
The Mathematics Test was constructed to measure applicant’s skills in Algebra and Statistics. Algebra items were developed in accordance to existing items of the Mathematics test
for high-school graduates and freshmen, the M-T-A-S (Lienert, Hofer, & Beleites, 1972).
Items assessing basic knowledge in Statistics were developed by the authors of this paper,
covering topics from the high-school curriculum. A multiple-choice answer format with four
alternatives was chosen in order to reduce the guessing probability. The original version of
the Mathematics test consisted of 21 items.
The Biology test was also developed by the authors of this paper. To ensure that the test
has high content validity, items were developed according to the high-school curriculum for
Biology focusing on topics taught in a standard biology book for high-school graduates and
which at the same time are relevant to Psychology, namely physiology (metabolism, neurophysiology) and human biology (e. g. anatomy). The original version of the test contained 28
items. Table 5 shows sample items for each of the domain specific knowledge tests.
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Table 5:
Examples of items from the domain specific knowledge tests

Test
English Test

Mathematics
Test

Biology Test

Item
The research is so ………. that it leaves no part of the issue
unexamined.
a) comprehensive
b) rewarding
c) sporadic
d) problematical
3 (x + 2b) = 15x + 6b
a) x = b
b) x = -b
c) x = 0
d) x = 1/b
How high is the resting membrane potential in a neurone?
a) -20mV
b) +60 bis +90 mV
c) +20 mV
d) -60 bis -90 mV

Notes: Items in the Mathematics and Biology were in German in the original tests.
Correct responses are italicized.

We established a g-factor model for the Mathematics Test, assuming that one latent trait
underlies performance in all test items. For the Biology test, a g-factor model was established as well. Because three items were related to the same topic – neurophysiologic processes in the cell membrane – the error terms of these items were correlated in the model.
For the English Test, two competing measurement models were estimated. The first
tested model was a g-factor model. Because different aspects of English language skills were
assessed by the test, the second model that included two nested factors in addition to the gfactor was established. One of these nested factors accounted for common variance among
items assessing grammar skills, while the other accounted for variance among items with a
high demand on text comprehension.
For fluid intelligence, a nested factor measurement model was established. It comprised
one general factor representing “fluid intelligence” and three additional nested factors which
were orthogonal to one another and to the g-factor. The nested factor for “verbal ability”
represented the ability to deal with verbal material. The second nested factor for “numerical
ability” represented the ability to deal with numeric material. The third nested factor, “General Speed” represented a speed component in the according tasks when the impact of fluid
intelligence has been statistically controlled.
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Methods
Sample
Data was collected from November till December 2004. 387 undergraduate students (305
female and 74 male) in their first college semester from five different German universities
(17.6% Berlin, 20.3% Bielefeld, 14.6% Greifswald, 12.5% Potsdam, 34.9% Trier) were
tested. Participants ranged in age from 18 to 49 (M = 22 years, SD = 3.8 years). Eight persons did not give particulars on their sex, 10 other participants did not specify their age. All
students were asked to report their high school GPA and to work on a large test battery. As
in study 2, the sampled universities were not chosen randomly but their participation was
based on prior cooperation. However, there is no obvious sampling bias. Students were recruited by the teaching professors during their lectures. Participation in the study was voluntary.
Two years after taking the tests, undergraduate grades in Cognitive, Physiological, Developmental, Differential and Social Psychology, and Statistical Methods were collected
from the university records. Data was available for 295 students. The number of available
exam grades ranged from 1 to 6 (M = 5.4; SD = 1.2). Students with a small number of exam
grades available were not excluded from further analysis since they compose a group that
has not been successful so far - these students have either already dropped out of college or
might do so in the future. Retention is another possible criterion of study success. Even if
these students did not drop out of the college, they are less successful than other students
who have already finished their undergraduate studies, because they take longer to finish.
Since we were interested in the sensitivity of the newly developed tests to detect unsuitable
candidates, data of all 295 participants was retained for further analyses.
The popularity of the five selected universities differs, leading to a different selectivity of
the student admission procedures (mainly based on high school GPA) in these universities.
In order to reduce the institutional impact and subjective judging effects of individual examiners, grades for each Psychological discipline were standardized separately within each
university.
Test battery
In addition to the newly developed domain-specific knowledge tests, fluid intelligence
and mental speed were assessed using 12 tasks from the Berlin Test of Intelligence Structure
(Jäger et al., 2006). In his model of intelligence Jäger (1982, 1984) assumes two independent
dimensions on which tasks which assess intelligence can vary - operations and content. Each
task measures one of the four operations (fluid intelligence, mental speed, memory, creativity) with one of the three content facets (verbal, numerical, figural).
We have compiled a version of the test by choosing four numerical, four verbal and four
figural tasks, half of them assessing fluid intelligence (e.g. verbal and figural analogies,
number and figure series), the other half assessing mental speed using easy tasks with severe
time limits (e.g. finding and crossing letters, odd numbers or words belonging to certain
categories).
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Results
Data analyses
Missing values for the majority of knowledge items ranged between 0 % and 11 %. Exceptions were the English items which were taken from the SAT preparation book. For these
items up to 24 % of the answers were missing. These items require very advanced proficiency in English. Hence, we assume that participants did not provide an answer because
they did not know it. Therefore, missing answers for all knowledge items (4.4% for the
English test, 3.9% for the Mathematics test and less than 1% for the Biology test) were replaced by 0, implying that subjects skipped the items because of the lack of knowledge.
Missing high school GPA (4.4 %) and missing scores for particular fluid intelligence
tasks (0.3 %) were imputed using the expectation maximisation (EM) algorithm. The MCAR
Little-Test yielded no significant result (Ȥ² = 95.7; df = 131; p = .991), implying that the data
is missing completely at random.
In further data analyses items were retained which fulfilled the following criteria: a) item
difficulty was .1 < P < .9 and b) corrected item-test correlation was rit > .1. These criteria
were applied to all three knowledge tests. Following these criteria, six items were eliminated
in the English knowledge tests, four items in the Mathematic knowledge test and 12 items in
the Biology knowledge test. Two items with difficulties higher than P > .9 were not excluded from further analyses due to their high item-test correlation.
Descriptive statistics
Means, standard errors, standard deviations, item difficulties, corrected item-test correlations, Cronbach’s alpha and reliability of the latent factor Ȧ for all knowledge tests are presented in Table 6. Item difficulties range between P = .20 and P = .94, indicating that easy,
average and difficult items are contained in each test. Although all three knowledge tests
were fairly easy (see Table 6) no ceiling effects were observed.
Cronbach’s alpha is high for the English knowledge test (Į = .84), while it is only acceptable for the Mathematics and Biology tests (Į = .60 and Į = .62). As argued before (see
Study 2), low internal consistency can be due to a small number of items in a test or to the
heterogeneity of the measures of interest. The values for Cronbach’s alpha for these measures rise when their calculation is based on tetrachoric correlations instead of Pearson moment product correlations (see Table 6). Additionally, the reliability of the latent factor Ȧ
was computed through confirmatory factor analysis specifying a single latent factor for each
test based upon all items included in this test (McDonald, 1999). The comparison of all three
reliability values enables the appraisal of the under- and overestimation of the reliability for
Pearson and tetrachoric correlation matrices, respectively. Values of Cronbach’s alpha based
on tetrachoric correlations are very close to those for the latent reliability Ȧ, while Cronbach’s alpha relying on Pearson correlations is on average .12 smaller than Ȧ, indicating a
considerable underestimation of the internal consistency by the Pearson-product-moment
correlations. Furthermore, the mean tetrachoric inter-item correlation is provided for each
knowledge test.
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Table 6:
Descriptive statistics for the knowledge tests (n = 387)
Test

n

Mean

SD

English Test
Mathematics
Test
Biology Test

36
17

20.29
9.77

6.12
2.86

mean
rit_bis
P
.23 - .93 .60 .24 - .72
.27 - .81 .57 .14 - .50

16

10.08

2.70

.20 - .94

P

.63

.22 - .66

mean
rij_tetra
.28
.15

D

Dtetra

Ȧ

.84
.60

.92
.74

.92
.74

.21

.62

.79

.77

Notes: n - number of items, SD – standard deviation, P - item difficulty, mean P – mean item difficulty, rit_bis –
corrected item-total correlation, mean rij_tetra – mean tetrachoric inter-item correlation, D - Cronbachs D based
on Pearson product moment correlations, Dtetra - Cronbachs D based on tetrachoric correlations, Ȧ - reliability
of the latent factor

Measurement Models
Measurement models for the three knowledge tests were estimated using the robust
WLSMV estimator (Weighted Least Standardized Means und Variance). It is the appropriate
estimator for binary manifest variables (Muthén, 1984) and is implemented in Mplus 4.2.
Models with continuous manifest variables were estimated using the Maximum-LikelihoodAlgorithm. Analyses with the ML estimator were based on Pearson product moment correlations, while the parameter estimation with the WLSMV estimator was based on tetrachoric
correlations.
Model fit indices for all tested models described above are presented in Table 7. The
tested measurement models for the Mathematics and Biology knowledge tests (Models 1 &
2) fitted the data excellently. Model fit indices indicated misfit for the g-factor-model for the

Table 7:
Model Fit Indices for the estimated measurement models for the knowledge and
fluid intelligence tests (n = 387)

1
2

Test
Mathematics Test
Biology Test

3
4

English Test
English Test

5

Fluid intelligence

Model Description
Ȥ²
g-factor model
79.0
g-factor model with
66.4
three correlated errors
g-factor model
254.8
g-factor and two nested 196.6
factors Grammar and
Text comprehension
g-factor and three nested 48.8
factors Verbal,
Numerical and General
Speed

df
84
69

p
.634
.565

CFI RMSEA
1
0
1
0

179
177

< .001
.149

.940
.984

.03
.02

23

.001

.969

.05

Notes: df – degrees of freedom, CFI - Comparative Fit Index, RMSEA - Root Mean Square Error of
Approximation
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English knowledge test (Model 3). The introduction of the nested factors “grammar” and
“text comprehension” in Model 4 led to better model fit. For further analyses, we accepted
Model 4 as the final measurement model. Because of its partly explorative nature it needs to
be replicated with independent data.
Model fit indices for the measurement model of fluid intelligence (Model 5) implied a
very good fit. Based on these measurement models factor scores for all subjects on all latent
factors were estimated. These scores were used in correlation and regression analyses.
Correlation analyses
Correlations between the factor scores for the three knowledge tests and the fluid intelligence test were calculated in order to investigate the relations between these measures. All
correlations were substantially different from zero (see Table 8). The highest correlation for
fluid intelligence was found with Mathematics (r = .56), followed by the correlation with
English (r = .34), and last but not least with Biology (r = .20). This confirms our hypothesis
that performance in a Mathematics test particularly depends on fluid intelligence. The
knowledge tests were moderately correlated among themselves with correlations ranging
from r = .16 (English and Mathematics) to r = .28 (Mathematics and Biology).
The nested factors for general speed, grammar, and text comprehension were not considered in these analyses because no theoretical expectations existed for any relations to these
factors. Numerical ability correlated highly with the factor score in the Mathematics test (r =
.37) as expected. At the same time, verbal ability had substantive relations with the factor
scores for English (r = .37) and, to a lesser extent, for Biology (r = .26).
Strikingly, the factor scores for numerical ability, verbal ability, and fluid intelligence
show statistically significant correlations among each other even though the latent factors
were postulated to be orthogonal to one another in the measurement model. This result is due
to the fact that factor scores were calculated using the regression method which does not
preserve the model’s structure. However, because factor scores for numerical and verbal
ability were not considered in the following regression analysis, these statistically significant
correlations do not compromise the results of the regression analyses.

Table 8:
Correlations between the factor scores for latent factors (n = 387)

Fluid intelligence (Fluid Int.)
English knowledge (Eng)
Biology knowledge (Bio)
Mathematic knowledge (Math)
Verbal ability (VER)
Numerical ability (NUM)

Fluid
Int.
.73
.34
.20
.56
.21
.22

Eng

Bio

Math

VER

NUM

.77
.21
.28
.37
.07

.64
.16
.26
-.05

.65
.05
.37

.43
-.22

.46

Notes: Numbers in the diagonal show the variance of the factor scores for the latent factors. Numbers printed
bold indicate that the particular correlation was significantly different from zero at Į = .05.
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Regression analyses
Hierarchical regression analysis was used to predict undergraduate GPA by high school
GPA, fluid intelligence measures and crystallized intelligence operationalised via the knowledge tests. This approach enables us to estimate the incremental predictive validity of each
predictor. Modelling the relations in a structural equation model was not possible due to the
complexity of the measurement models and a small sample size of n = 295. Similarly, multigroup analysis to test the measurement invariance within the five different universities was
not feasible because of small group sizes (37, 43, 52, 60 and 103 students, respectively). The
results of the correlation analyses indicate collinearity effects for the measures of interest. As
argued above (see Study 2) multiple regression analysis can be problematic when strong
collinearity effects occur, but this is not necessarily the case with the moderate correlations
found here. Indeed, in the present study collinearity effects do not seem to substantially
compromise the results of the multiple regression analysis. Nevertheless the interpretation of
the proportion of variance common to all performance measures analyzed here is an important issue. Simply labelling such a component “g” would not be adequate given the curricular
nature of many of the indicators investigated here.
The main results for the regression analyses are provided in Table 9. Both high school
GPA (Model 1b) and the knowledge tests (Model 1c) are substantially correlated with unTable 9:
Results of regression analyses for the prediction of undergraduate GPA (n = 295)

Model
1a
1b
1c

2a
2b

2c

3

Predictors
Fluid intelligence
High school GPA
English
Mathematics
Biology
Fluid intelligence
High school GPA
Fluid intelligence
English
Mathematics
Biology
High school GPA
English
Mathematics
Biology
Fluid intelligence
High school GPA
English
Mathematics
Biology

R
.23
.44
.44

R²
.05
.19
.19

corrected
R²
.05
.19
.18

.46

.21

.20

.44

.19

.18

.52

.27

.26

.52

.27

.26

ß̂
-.23
.44
-.23
-.23
-.17
-.13
.41
-.01
-.23
-.23
-.17
.32
-.16
-.15
-.14
-.01
.32
-.16
-.14
-.14

t
-4.04
8.31
-4.23
-4.26
-3.11
-2.50
7.55
-.13
-4.15
-3.56
-3.08
5.79
-2.89
-2.71
-2.78
-.08
5.77
-2.85
-2.31
-2.76

p
< .001
< .001
< .001
< .001
.002
.013
< .001
.900
< .001
< .001
.002
< .001
.004
.007
.006
.933
< .001
.005
.021
.006

Notes: GPA – grade point average, R – multiple regression coefficient, R2 – coefficient of determination, Ê –
standardized beta coefficient
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dergraduate GPA and predict nearly 19% of its variance, whereas fluid intelligence correlates only moderately with undergraduate GPA (Model 1a). The fact that the relation between college grades and fluid intelligence is weak renders the latter a small contributor of
incremental variance over high school GPA or knowledge tests (Model 2a and 2b) in predicting undergraduate GPA. In contrast, the multiple correlation between high school GPA and
knowledge tests on one side and undergraduate GPA on the other side is r = .52. Additional
8 % of the criterion variance can be explained when both knowledge tests and high school
GPA are used as predictors in a regression model (Model 2c). This result indicates that specific knowledge tests are incrementally predictive over high school GPA in predicting exam
grades.
The multiple correlation between all three predictors on one side and undergraduate GPA
on the other side (Model 3) remains the same as it was in Model 2b when fluid intelligence
was not included, indicating that there is no evidence for its incremental validity above high
school GPA and knowledge tests. Possible reasons for this unexpected finding will be discussed in the next section.

Discussion
In Study 3, confirmatory measurement models with satisfying model fit indices could be
established for all ability tests. Knowledge tests were incrementally predictive over high
school GPA in explaining variance of undergraduate college grades. This result suggests that
using domain specific knowledge tests in a student admission process for German Psychology programs will increase the number of successful students. Surprisingly, fluid intelligence
only had very small prognostic validity and was not incrementally valid over high school
GPA and the knowledge tests. This result contradicts fundamental findings in intelligence
and student admission research (Wilhelm & Engle, 2005; Kuncel et al, 2004).
Several possible reasons can explain this unexpected finding. Perhaps this is due to the
specifics of the selective sample that was tested. All subjects in the study were students
already enrolled at university. They were mainly selected on their high school GPA which is
highly related to fluid intelligence (Ones et al., 2005; Snow & Yalow, 1982). Therefore, it is
possible that the variance in fluid intelligence was strongly limited in the observed sample in
comparison to representative national samples. Furthermore, participation in the study was
not mandatory. It is possible that participants who would take a test voluntarily have higher
abilities than average students. Both possible explanations constrain the variance in fluid
intelligence which in turn would lead to an underestimation of its predictive validity.
In order to check the existence of restriction of range for fluid intelligence, we compared
scores of our sample with data on the same test from an unselected sample of high-school
students. The mean IQ of the 295 college students, based on standardized norms, was M =
111.4 (SD = 10.8), ranging between 84 and 136. In contrast, the mean IQ for the high school
sample (n = 329) was significantly lower with M = 102.5 (SD = 11.7; ranging from 70 to
127; t = 9.93; df = 622; p < .001). Accordingly, the restriction of range in the student sample
amounts to 17 %. Therefore, it can only partially explain the lack of predictive validity of
fluid intelligence.
Moreover, the results imply that high school GPA had more predictive power than fluid
intelligence in our data. Surprisingly, the restriction of range in high school GPA in our data
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is smaller than expected. Since Psychology is a very popular subject, we expected the selection procedure based on high school GPA to lead to low variance in high school GPA. However, approximately 25 % of the students were admitted based on waiting time where the
applicants are granted a bonus on high school GPA for every semester they have been waiting to enter the Psychology program. This obviously countered a restriction in variance
successfully.
The results so far can not explain why fluid intelligence was not more predictive of college performance. Another possible reason is that performance in German Psychology programs might not depend as much on fluid intelligence as members of the psychological
community are inclined to believe. Our prediction is that the predictive validity of fluid
intelligence is contingent upon academic rigor and reliance on mathematics. We suggest that
Psychology programs are more similar to social sciences and humanities than they are akin
to natural sciences with regard to the contents and methodology taught. We predict that on
top of the set of established predictors such as fluid intelligence, grades and knowledge noncognitive factors are more likely to be incrementally valid for social sciences and humanities
than for natural sciences. Apparently, testing this hypothesis is an interesting topic for future
research.

General Discussion
In the first study the dimensionality of the college grades was examined. The comparison
of the three competing models revealed that a distinction between undergraduate and graduate college grades seemed to be appropriate. In the second study we investigated the overlap
between college grades and knowledge measures as the criteria of “study success”. The high
correlation between college grades and the Psychology knowledge test in a structural model
indicates a high correlation between both measures; however, they are not the same. A substantive nested method factor accounting for common variance among grades can be established. We conclude that it’s imperative to carefully choose an appropriate way of operationalising “study success” because selecting one specific measurement method has important
implications on the results. In the third study, knowledge tests were found to be incrementally predictive over high school grades in explaining variance of undergraduate GPA. Surprisingly, fluid intelligence only had very small prognostic validity and was not incrementally valid over and above high school grades and knowledge tests.
These studies demonstrate some methodological problems that have not been investigated so far. They might have several implications for student admission procedures in the
future. The results of Study 1 demonstrate that college grades from graduate and undergraduate studies refer to correlated but not identical latent dimensions. That is interesting and
warrants further research because our results point to a limitation in much of the available
evidence on the validity of admission indicators. The majority of validity studies only assess
undergraduate GPA as a criterion (Schmidt-Atzert, 2005; Bridgeman et al., 2000; Ramist et
al., 1993) and disregard potential differential relations with graduate GPA.
Findings in Study 2 suggest that an extension of the criterion definition of “study success” is required: Considering curricular valid standardized knowledge tests in addition to
college grades can be appropriate in order to operationalize “study success” at the end of
undergraduate studies. Within the Bologna process the German universities are undergoing a
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variety of changes in curricula, implementing the international Bachelor and Master degrees.
These changes might demand a revision of student admission procedures. More specifically,
introduction of knowledge tests can provide a very useful instrument in student selection,
particularly for the Master Degree. Although the validity of the GRE in the US is established
beyond reasonable doubt, the use of standardized knowledge tests for admission into graduate programs has been a neglected opportunity so far.
The results of Study 3 suggest that the application of domain specific knowledge tests in
a student admission process can enhance selection procedures. In spite of their indicated
benefit, current juridical regulations can hinder their implementation in practice in Germany.
However, the finding that the validity of fluid intelligence measures was only low in contrast
to the validity of domain knowledge tests indicates that a distinction between fluid and crystallized intelligence deserves closer attention in the student selection context, too.
In the future we intend to collect complete graduate college grades from the participants
in Study 3 in order to replicate and extend our results from Study 1 and operationalize “study
success” more broadly by taking all grades into account. Moreover, these data will also
allow us to assess retention at college as another relevant criterion of “study success”. Obviously, tracking a larger sample would be helpful to investigate these research questions with
more statistical power. It would be interesting to explore the relations between undergraduate
GPA, the Psychology knowledge test, and the newly developed domain-specific knowledge
tests in Study 3. Unfortunately, it was not possible to test the students with the Psychology
knowledge test two years after the first test session due to privacy protection regulations.
Another promising tool which has recently been developed is a reading comprehension
test specifically designed for the selection of Psychology students. It comprises texts, tables,
and figures that cover psychological topics. A high level of fluid intelligence is associated
with high performance in this “psychological science comprehension test” (Wilhelm et al.,
2006; Formazin et al., in press).
Summarizing the main results, we strongly recommend a) to consider grades from undergraduate and graduate studies as well as results from standardized knowledge tests on the
criterion side and b) to take fluid intelligence and relevant knowledge measures into account
on the predictor side. More multivariate considerations on the predictor and criterion side in
college admission problems can lead to a more appropriate use of available assessment tests
(Formazin, Wilhelm & Köller, 2006).
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Rico Fischer

Parallel memory retrieval in dual-task situations?
The question of whether information can be retrieved from memory concurrently to other
cognitive processes has been an important issue in cognitive psychology for decades. The
present dissertation pursues this question by investigating whether people can access
information in memory (sampling component of memory retrieval) in one task while being
occupied processing a different task. In previous studies, it has been claimed that evidence
for parallel memory retrieval can only be found when both tasks are identical (e.g, Logan &
Schulkind, 2000). However, I argue that this claim is subject to methodological confounds.
Using a dual-task procedure that allowed to circumvent these confounds I manipulated the
Task 2 sampling component of memory retrieval to investigate whether memory activation
in Task 2 is limited by Task 1 bottleneck stage processing when both tasks are not identical.
By distinguishing between the activation of low level representations (S-R associations)
and the activation of high level representations (number categories/valence categories),
the possibility of parallel memory retrieval in Task 2 was studied as a function of the memory representation that was to be retrieved.
The results indicate that evidence for parallel memory retrieval in dual-tasks was only
found for the activation of low level representations from memory. No evidence for parallel
memory retrieval was found for the retrieval of high level representations in Task 2 of a
dual-task situation consisting of different tasks.
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combining admissions test scores with high school rank predicted grades in numerous lower- and upper-division math courses.
Troutman (1978) also reports that high school rank and grades in mathematics are good predictors of success in college mathematics.
While many researchers report that standardized test scores and high school grades are effective predictors of success in college
mathematics, some researchers report contrary findings. For example, Haase and Caffrey (1983a, 1983b) found that high school grades
were almost useless as predictors of grades in introductory mathematics courses, a Early studies noted, for instance, that college
success, as measured by college grade point average (GPA), was positively correlated with high school success as measured by high
school GPA as well as achievement tests [1], and these variables continue to be identified as predictors of subsequent academic
success [2, 3]. Additional variables, such as mastery of study skills, have.Â [13] attempted to organize the numerous predictors of
college success that have been reported in the literature into three broad categories.Â The personal variables included were measures
of mastery of study skills and motives to attend college, as well as a measure of how well the studentâ€™s and their collegeâ€™s
educational values matched. Extended criteria and predictors in college admission: Exploring the structure of study success and
investigating the validity of domain knowledge. Parental Involvement at Home: Analyzing the Influence of Parentsâ€™ Socioeconomic
Status. Parental predictors of physical inactivity in spanish adolescents. Parental Influences on Hmong University Students' Success.
College Book Clubs: Collaborating for Success.Â The Pell Institute for the Study of Opportunity in Higher Education, Washington DC.
[17]. Billson, J.M. and Terry, M.B. (1982) In Search of the Silken-Purse: Factors in Attrition among First-Generation Students.
Proceedings of the Annual Meeting of the Association of American Colleges, Denver. [18].

