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Using multiple admission tools in university admission procedures is common practice.
This is particularly useful if different admission tools uniquely select different subgroups
of students who will be successful in university programs. A signal-detection approach
was used to investigate the accuracy of Secondary School grade point average (SSGPA),
an admission test score (ACS), and a non-cognitive score (NCS) in uniquely selecting
successful students. This was done for three consecutive first year cohorts of a broad
psychology program. Each applicant’s score on SSGPA, ACS, or NCS alone—and on
seven combinations of these scores, all considered separate “admission tools” —was
compared at two different (medium and high) cut-off scores (criterion levels). Each of
the tools selected successful students who were not selected by any of the other
tools. Both sensitivity and specificity were enhanced by implementing multiple tools.
The signal-detection approach distinctively provided useful information for decisions on
admission instruments and cut-off scores.

Keywords: signal detection, admission, selection, university, academic success, grade point average, unique

INTRODUCTION

Admission committees of selective university programs need information on the accuracy of
admission tools and on the selection outcomes that result from them. The literature on admission
and selection at universities focuses primarily on predicting academic achievement in terms
of grade point averages, retention and study length. Whereas in North America standardized
admission tests, such as the SAT (Scholastic Aptitude Test) or ACT (American College Testing),
are available and across the world standardized tests are being developed and fine-tuned, these are
to date not employed in Europe. European university programs use program-specific admission
procedures and tools, partly depending on how access to university programs is regulated for
these programs, or in specific countries (De Witte and Cabus, 2013; Schripsema et al., 2014;
Makransky et al., 2016). Research into predictors other than secondary school grade point average
(SSGPA)—which is far from accurate—is still work in progress, and a “gold standard” has not yet
been conceived (Richardson et al., 2012; Schripsema et al., 2014, 2017; Shulruf and Shaw, 2015;
Makransky et al., 2016; Patterson et al., 2016; Pau et al., 2016; Sladek et al., 2016; Yhnell et al., 2016;
Wouters et al., 2017). Program- and institution specific work samples appear promising valuable
predictors of academic achievement in addition to past academic achievement (Niessen et al., 2016;
Stegers-Jager, 2017; van Ooijen-van der Linden et al., 2017).
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Currently, “best practices” in the implementation of
admission tools appear to include clearly cognitive measures,
such as past academic achievement (secondary school grade
point average, SSGPA) and current academic achievement
(cognitive admission tests), but also non-cognitive, non-
intellectual measures (Robbins et al., 2004; Richardson et al,,
2012; Sternberg et al., 2012; Cortes, 2013; Steenman et al,
2016). These latter measures are intended to capture motivation,
community commitment or leadership skills that may be
predictive of future academic achievement, and clearly differ
from testing gained knowledge and competencies, such as
writing, reasoning and abstract thinking (Urlings-Strop et al,
2017). To date, the available knowledge about the characteristics
of admission tools is primarily based on analyses at group level
(Schmitt, 2012; Stegers-Jager et al., 2015). Yet, the importance
of more information on differences between institutions, year
levels and admission instruments has become clear by studies
like those of Edwards et al. (2013), Schripsema et al. (2017),
and Stegers-Jager et al. (2015), in which the existence of such
differences was established.

Signal Detection Theory (Green and Swets, 1966; Stanislaw
and Todorov, 1999; Macmillan and Creelman, 2005) provides
the framework and analyses to study the effects of admission
tools and specific cut-off scores (criteria) to use both at the group
and at the individual level. As is depicted in Figure 1, regression
analyses and Signal Detection Theory complement each other.
Regressions provide information on the relative contributions
of specific predictors in specific models and thus provide an
evidence-base for designing the best possible program-specific
model explaining academic success. The performance of the
model as informed by regressions, is best monitored using a
Signal Detection approach. This is, as far as we know, currently
not common practice at selective programs, but selection of
capable students is a signal detection problem. For each applicant,
the question at the time of application is whether she or he
will be successful and graduate. The decision to admit an
individual applicant or to advise to reconsider the application
is made in uncertainty. Of course, prior academic achievement
and admission tests are informative, but not all who performed
well before will continue to do so and not all who barely made
it to application will continue to struggle and fail. In Signal
Detection Theory, two possible incorrect decisions as well as two
possible correct decisions together describe the total outcome.
Admitted applicants who later fail are deemed “false alarms”
and rejected applicants who would have been successful are
deemed “misses.” Admitted applicants who become successful
are deemed “hits” and rejected applicants who would have failed
are deemed “correct rejections.” The accuracy of an admission
tool is calculated based on the hit-rate (the proportion of
admitted students of the total number of successful students)
and the false-alarm-rate (the proportion of admitted students
of the total number of unsuccessful students). Signal Detection
Theory allows monitoring of admission outcomes: after having
awaited the academic achievement of freshman in their first
courses or first year (or other forms of academic achievement),
a hypothetical, retrospective selection can be performed and
used to inform future admission decisions. Different admission

tools and different cut-off scores can be compared in terms
of the resulting proportions correct and incorrect decisions
and on the resulting proportions of two types of incorrect
decisions. In addition to the information of the general effects
of different criteria, Signal Detection Theory offers information
at the individual level. In short, each applicant turns out to
be either a successful or an unsuccessful student and the—
retrospective, hypothetical admission decision based on a specific
admission tool and a specific criterion—after having awaited
actual academic success, is correct or incorrect for that specific
individual (see Figures 1, 2).

Signal Detection Theory allows admission committees to
acquire knowledge not only on the validity of admission tools
but also on the effects of applying less or more selective criteria:
more selective criteria might lead to a larger proportion of
misses, for instance, while more liberal criteria may lead to an
increase in the proportion of false alarms. Furthermore, the pay-
off matrix—in which costs and benefits are assigned to both types
of incorrect and correct decisions—can be used to prescribe a
criterion—to apply in admission of future cohorts—that suits
the goals of the admission committee. Since both sensitivity and
specificity are used in a signal detection approach to calculate
the accuracy of admission tools in discerning successful students
from unsuccessful students, and because it offers description
and prescription of criteria, it provides more information than
the conventional regression analyses (Green and Swets, 1966;
Kiernan et al., 2001; Macmillan and Creelman, 2005; van Ooijen-
van der Linden et al, 2017). If, for example, an admission
committee is inclined to prevent rejecting applicants that would
have been successful students and/or if the goal is to convincingly
advise applicants that are likely to fail to reconsider their choice,
the committee needs to know which instruments and which
criteria allow this with sufficient accuracy.

Equal accuracy, or even equal sensitivity (hit-rate) and
specificity (1—false alarm-rate), of different admission tools does
not necessarily mean these tools admit the same individuals.
An individual applicant might be a “hit” according to their
SSGPA, but a “miss” according to an admission test score.
For another applicant, this might be the other way around.
Even if their overall accuracy is comparable, causing the tools
to appear interchangeable, each admission tool could yield
unique hits and false alarms. If so, a set of such tools is more
useful than each of the single tools alone. After awaiting actual
academic achievement and thus the proportions of successful
and unsuccessful students in a cohort, admission tools can be
compared on the proportions of unique hits and unique false
alarms each tool would have yielded at a certain criterion. Unless
the set of admission tools is either completely non-discriminative
or perfectly accurate, there will be successful students that would
not have been admitted by any of the tools at a given criterion:
these are “Total Misses.” There will also be unsuccessful students
that would not have been admitted by any of the tools at
the set criteria: these are “Total Correct Rejections.” The more
selective admission to a program is, the more relevant a detailed
comparison of accuracy of tools, of their ability to uniquely
successfully select students and of the effects of certain criteria
becomes.
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a—| Literature review

Predictors
of academic success

Prior academic achievement

Cognitive admission test

Non-cognitive admission test

Operationalisations
of academic success

Academic success (in terms
of GPA, course credits,
number of courses passed,
retention or otherwise)

Time of application

Afterthe first year (or another
time at which academic success
can be measured)

Design of admissiontools and data collection

¢ —| Regressionanalyses to verify predictive validity and the relative contributions of
different predictors forthe specific program and institution

using Signal Detection Theory

(1) Define successfulness
(2) Decide which predictor(s)to use and,

(4) Calculate selection outcomes

new selection decisions

d-| Detailed monitoring of accuracy atboth group and individual level of admission tools

(3) Decide which criterion (cut-off score)to use for rejection/admission

(5) Use prior outcomes to inform which predictorand criterion to use in

used. This, in turn, informs future data collection.

FIGURE 1 | Scheme of how regression analyses and Signal Detection Theory can—in general—be used to design admission tools and to monitor their accuracy
across cohorts. a—The literature provides information on the validity of certain predictors for certain types of academic success. b—The findings from the literature
inform decisions on program-specific admission tools, procedure, and data collection. c—Regression analyses show which model best explains academic success.
d—Signal Detection Theory informs whether the model performs as expected from the regression analyses, adding information on sensitivity, specificity and selection
outcomes depending on the application of specific criteria. The Signal Detection outcomes can be used in quality assurance of admission: it provides information on
group level, the individual level and on the effects of specific criteria. It thus allows evaluation of the operationalization of academic success and the admission tools

The data presented in the current study include not only
the hits and false alarms, but also the misses and correct
rejections—not normally available after selection of students—
because none of the applicants were rejected due to the
characteristics of the selection procedure used here. This provides
a unique opportunity to investigate the prediction of academic
achievement of applicants that would have been rejected in a
more competitive setting. The accuracy of SSGPA, a cognitive
pre-admission test score (ACS) and a non-cognitive pre-
admission test score (NCS) are compared for three consecutive
cohorts of first year students of a psychology bachelor program.
ACS is the average grade for a multiple-choice exam and an
essay in a study sample in which applicants “studied for a week.”
NCS is a self-reported measure of community commitment and
motivation calculated from data from the application form. This
set of predictors was chosen based on empirical findings on
prediction of academic achievement (e.g., Richardson et al., 2012;
Cortes, 2013; Patterson et al., 2016).

Provided accuracy of admission tools is found to be stable
across cohorts, analyses of which tool uniquely successfully
selects or rejects which number of individuals allow program-
specific informed decisions on the admission tools and criteria
used. The main question we investigate here, is to what extent
different admission tools uniquely predict academic success for
individual cases.

METHODS

Participants
In 2013 we piloted our newly developed matching program (for
the psychology bachelor program at Utrecht University in The
Netherlands) in which applicants “studied for a week”; they
followed lectures and a class, studied at home, wrote an essay
and took a multiple-choice exam. The matching program was
designed to provide applicants with a work sample of their first
year. Students report the matching program to be representative
and informative in written and oral evaluations. In 2013 the
matching program was optional and 53.2% of the 524 students
that started their first year in September had participated. In
2014 80% of a maximum of 550 to be enrolled applicants
were admitted based on their total admission scores (based on
their SSGPA, ACS, and NCS which were rank numbered). The
other 20% were admitted through a weighted lottery. In 2015
all applicants were obliged to participate and were again rank
numbered on a total admission score based on their SSGPA, ACS,
and NCS to a maximum of 520 to be enrolled. In both 2014
and 2015, the number of applicants did not exceed the numerus
clausus and therefore all applicants were admitted.

In 2013 279 enrolled students had fully participated in the
matching program (229 females with a mean age of 19.1 years,
SD = 1.1, and 50 males with mean age 19.9 years, SD = 1.9), in
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FIGURE 2 | Graphical representation of how we used Signal Detection Theory to investigate validity and reliability of admission instruments by monitoring accuracy of
instruments across three cohorts. Successfulness is defined as having passed at least seven of eight first year courses. We used SSGPA, ACS, NCS, and all
combinations of those (seven admission tools) as predictors and >6.5 and >7 as criteria. The blue numbers in this figure correspond to the blue numbers in Figure 1.
(1) Defining and operationalizing academic success: Y1 = successfulness = having passed at least seven of eight first year courses. (2) Choosing predictors of
academic success: SSGPA = secondary school grade point average, ACS = cognitive admission test score, NCS = non-cognitive admission test score. These

were the “single” tools. Another three “double” tools were constructed to determine whether students had scored at or above criterion on
both-SSGPA-and-ACS-but-not-NCS, both-SSGPA-and-NCS-but-not-ACS and both-ACS-and-NCS-but-not-SSGPA. From the three single admission tools, we
constructed “SSGPA/ACS/NCS” which determined whether students scored at or above criterion on all three single predictors (SSGPA and ACS and NCS) and not
on only one or two of the three. (3) Choosing which criteria applicants scoring at or above are hypothetically admitted, will be applied: >6.5 and >7. (4) Calculating the
outcomes of the hypothetical selection. Each individual student was hypothetically classified a hit, miss, false alarm, or correct rejection based on their score on each
of the seven admission tools and their academic success. Hypothetical rejection of an unsuccessful student is a correct rejection, hypothetical rejection of successful
student is a miss, hypothetical admission of an unsuccessful student is a false alarm and hypothetical admission of a successful student is a hit. AUC = area under

2014 347 students (273 females with a mean age of 19.3 years,
SD = 1.9, and 74 males with mean age 19.9 years, SD = 1.9),
and in 2015 377 students (304 females with a mean age of 19.1
years, SD = 1.1, and 73 males with mean age 20.3 years, SD =
1.6). The gender distributions in these samples are representative
for the gender distribution in the program. Informed consent
was not needed for publication of the data we report here, as
per our institution’s guidelines and national regulations. This
project is part of larger project, which was approved by the Ethics
Committee of the Faculty of Social and Behavioral Sciences of
Utrecht University.

Successful and Unsuccessful Students
and Admission Tools

After the students completed their first year, we determined
whether they passed at least seven of eight first year courses as
a measure of academic success. Those who did were considered

successful, students who did not were considered unsuccessful
(YD).

The application form and the matching program provided
three admission tools, see Tables S1 and S2 in Online Resource
1: Secondary School Grade Point Average (SSGPA), a cognitive
admission test score (ACS), and a non-cognitive admission score
(NCS). SSGPA and NCS were obtained from the application
form. Applicants reported their grades for the four obligatory
topics in secondary education in the Netherlands—mathematics,
Dutch, English and social sciences—and biology if applicable, as
available at the time of application. For most applicants, these are
their pre-exam year grades as they apply to university in their
exam year, usually at the age of 17 or 18. SSGPA consisted of the
average of these four or five grades. In the application form of
later cohorts, the grades of all topics were included to capture
secondary school academic achievement more completely. NCS
is a measure of motivation based on self-report and behavioral
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FIGURE 3 | The Receiver Operating Characteristic curve (ROC-curve)
visualizes the accuracy of a predictor of academic success. The area under
the curve (AUC), ranging from 0.5 to 1, quantifies the accuracy. Each
applicant’s score on the predictor is compared to each possible criterion, in
this case grades 4-8 in steps of 0.1 for SSGPA/ACS/NCS. Each criterion
yields a false alarm rate and a hit rate for the sample of students, a data point
in de the ROC-curve.

measures: it was calculated from questions regarding grade goal
(whether applicants are willing to work harder for grades higher
than necessary to pass courses), community commitment (self-
report of community service activities in the past years), whether
they took an extra final exam topic and whether they reported
interest in the honors programs available in the psychology
curriculum. The raw score was a seven-point scale to which grade
goal contributed up to four points. Multiplying the raw score
with 1.43 resulted in a grade on a ten-point scale allowing more
clear-cut comparisons and interpretations, since SSGPA and ACS
were both graded on a ten-point scale as well, yet NCS still had
a lower resolution. ACS is the average grade for the multiple-
choice exam and the essay with which applicants concluded the
matching program.

The predictive validity of SSGPA, ACS, and NCS was,
as expected, confirmed by a comparison of Signal Detection
analyses and correlational analyses in a previous study (van
Ooijen-van der Linden et al., 2017) and the regression analyses
matching the Signal Detection analyses for the data in this study
are presented in Online Resource 1. A summary of the data
collection and Signal Detection approach used in this study, a
specification of b and d in Figure 1 for this study, is depicted in
Figure 2.

Analyses

Group Level

In the current paper, only data of applicants with complete data—
a fully completed application form and full participation in the
matching program—were included in the analyses to be able to
make an unconfounded comparison of the capacity of admission
tools to uniquely select individual cases.

For each student who fully participated in the matching
program, her/his score on SSGPA, ACS, and NCS was compared
with all relevant criteria; grades 6-8 in steps of 0.1 for SSGPA,
grades 4-8 in steps of 0.1 for ACS, and 2.9, 4.3, 5.7, 7.2, and
8.6 for NCS. For each student, his/her unweighted mean of
SSGPA, ACS, and NCS (SSGPA/ACS/NCS) was also compared
with grades/criteria 4-8 in steps of 0.1. The resulting hit-rates
and false alarm-rates were plotted in a Receiver Operating
Characteristic curve (ROC-curve) visualizing each tool’s accuracy
(see Figure 3). The area under the curve (AUC) was calculated
as a numerical measure of accuracy for each admission tool,
ranging from 0.5, chance level, to 1, perfect accuracy. The AUC
(instead of, for example, d/) was chosen because this model
best suits our data: ACS and NCS are not normally distributed
and our data allowed full, empirical ROC-curves. Note that
accuracy expressed as AUC can have identical values for different
admission tools, but these might result from a different pattern
of hit-rates and false alarm-rates across criteria. In addition, a
certain combination of hit-rate and false alarm-rate can occur at
one criterion for one tool and at another criterion for a different
tool.

Logistic regressions and odds ratios based on the Signal
Detection outcomes are reported in Online Resource 1 to
allow comparison of the Signal Detection outcomes with more
commonly reported outcomes. By design, regression analyses
provide information on which predictors explain variance in
what degree, but they do not provide information on cut-
off scores. Individual differences in the predictive validity of
different predictors results in low explained variance and its
source can only be found if a relevant covariate is tested
and found to be significant. Signal Detection Theory allows
the combination of a more person-centered approach of
investigating differences in predictive validity with a more
instrument-centered approach. Signal Detection Theory allows
detection of individual differences in the predictive validity of
specific predictors without first choosing and testing specific
possible covariates (Kiernan et al., 2001), and also provides
information on the sensitivity and specificity of instruments and
combinations of instruments at group level.

Individual Level

The primary goal of the present study is to determine whether
different tools uniquely select (successful or unsuccessful)
students. The three single admission tools were combined to
form a set of seven admission tools and a Signal Detection
approach was used to determine whether students had scored
at or above criterion on which, or none, of these seven tools.
For all individuals in the group of successful students and in
the group of unsuccessful students it could thus be determined
which of the seven tools would have selected them or whether
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they would not have been selected by any of these tools. The
set of seven consists of the three single tools, three “double”
tools and a seventh tool called “SSGPA/ACS/NCS.” The single
tools are SSGPA-only, ACS-only, and NCS-only. The double
tools are SSGPA-and-ACS-but-not-NCS, SSGPA-and-NCS-but-
not-ACS and ACS-and-NCS-but-not-SSGPA. The seventh tool
determined whether students scored at or above criterion on
all three single predictors (SSGPA and ACS and NCS). A
previous analysis showed that tools constructed by weighing
SSGPA, ACS, and NCS differently in a total score did not
outperform the unweighted average of SSGPA, ACS, and NCS
(SSGPA/ACS/NCS) (van Ooijen-van der Linden et al., 2017, see
also Wainer, 1976).

Given the proportions of successful and unsuccessful students
in a cohort and carrying out a hypothetical, retrospective
selection, a set of admission tools can be compared on the
proportions of unique hits and unique false alarms each tool
within the set yields. A student is a unique hit, within the set,
if she or he would have been selected by only that tool and
not the others within the set and turns out to be a successful
student. Successful students who were hypothetically rejected by
all seven tools are deemed “Total Misses.” Unsuccessful students
who were rejected by all seven tools are deemed “Total Correct
Rejections.” In other words, the Signal Detection approach was
used to determine which of seven tools would have selected an
individual applicant or whether the applicant would have been
rejected. For the successful students, this resulted in proportions
of students selected by each of seven tools (“Hits”) and a
proportion of unselected students (“Total Misses”), totaling 1.
For the unsuccessful students, this resulted in proportions of
students selected by each of seven tools (“False alarms”) and a
proportion of unselected students (“Total Correct Rejections”),
totaling 1. Two criteria were compared: a medium score criterion
(score >6.5 out of 10) and a high(er) criterion (score >7 out of
10).

RESULTS

Group Level
The means and standard deviations of SSGPA, ACS, and NCS of
the students that fully participated in the matching program are
given in Table 1.

Given the uniformity of the ROC-curves in Figure4 and
the comparable AUCs for cohort 2014-2015 and 2015-2016,

TABLE 1 | Means and standard deviations of Secondary School Grade Point
Average (SSGPA), Admission test Cognitive Score (ACS), Non-Cognitive Score
(NCS) for each cohort.

Cohort SSGPA ACS NCS n* % Successful
13-14 6.9 (0.5 6.2 (1.8 5.7 (2.1) 279 82.8
14-15 6.8 (0.5 7.2 (0.9 5.6 (1.6) 347 85.3
15-16 6.8 (0.5 6.2(1.1) 5.8 (1.6) 377 74.8

*In these analyses, we included only students of whom we had all relevant data and whom
had not already followed tertiary education.

SSGPA and ACS appear equally accurate in selecting students.
NCS was more accurate than ACS in 2013-2014, but whereas
ACS appeared to stabilize in the next two years, NCS’s accuracy
dropped. See Tables S3-S5 for the logistic regressions and Table
S6 for the odds rations based on the Signal Detection outcomes,
if the reader wishes to compare the two analyses.

If we had actually applied SSGPA >6.5 to select applicants, we
would have admitted 80% of the applicants in 2013, 77% in 2014
and 74% in 2015. Criterion >7 for SSGPA would have resulted
in the admission of 43% of the applicants in 2013, 41% in 2014
and 40% in 2015. If we had actually applied SSGPA/ACS/NCS
>6.5 it would have resulted in 42, 53, and 34% admissions
for the three consecutive cohorts. Application of criterion >7
to SSGPA/ACS/NCS would have admitted 24, 24, and 17% of
the applicants. The hit-rates and false alarm-rates of SSGPA
for criterion >6.5 and criterion >7—and thus the sensitivity
(hit-rate) and specificity (1—false alarm-rate), see the enlarged
data points in Figure 4—were more similar across cohorts for
SSGPA than for ACS, NCS, and SSGPA/ACS/NCS. A comparison
of the upper left (SSGPA) and lower right (SSGPA/ACS/NCS)
panel in Figure 4 shows that for SSGPA criteria >6.5 to >7
covered the whole middle range of the ROC-curve whereas for
SSGPA/ACS/NCS they only covered the lower, left part of the
ROC-curve, where all criteria indicate a bias to reject applicants.
The upper, right part of the ROC-curve of SSGPA/ACS/NCS,
is occupied by criteria <6 for 2013-2014 and 2015-2016 and
criteria <6.5 for 2014-2015. These criteria, right of the diagonal
from the upper left corner to the middle of the ROC-space
indicating a neutral criterion, all represent an increasing bias
toward admitting more applicants as the criterion lowers (see
also Figure 3). Whereas, in secondary education pupils can
only enter the pre-exam year with sufficiently high grades for
all topics (resulting in a narrowed range for SSGPA), in the
matching program applicants can have low(er) scores for both
ACS and NCS. Therefore, the range of possible scores is wider
for ACS than for SSGPA and in our sample the distributions of
SSGPA are clearly smaller than those of ACS (Table 1). If the
distributions of the scores on SSGPA and ACS differ enough, a
combined score will have an even wider range than ACS alone.
As follows from a comparison of the ROC-curves for ACS (upper,
right panel in Figure 4) and for SSGPA/ACS/NCS (lower, right
panel in Figure 4), the admission decision space—the range of
the cut-off scores from which to choose a specific criterion to
match a certain desirable bias toward rejection or admission—
indeed increases when these scores are combined. Also, note the
relatively low percentages, 53% at most, of admitted applicants
even with the lower criterion >6.5 for SSGPA/ACS/NCS; these
appear comparable to the percentages admissions with SSGPA
>7. Adding ACS and NCS to the admission toolbox, compared
to SSGPA alone, clearly enlarges the decision space.

Individual Level

The Signal Detection approach allowed analyses of the
proportions of students uniquely selected or rejected by each of
the seven admission tools as presented in Figure 5 (see also van
Ooijen-van der Linden et al., 2017). SSGPA-only (i.e., excluding
applicants that scored at or above criterion for SSGPA and one
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of the other measures) selected a remarkably high percentage
of unsuccessful students, especially with criterion >6.5, as is
depicted by the gray bars at the left side of Figure 5. Note that the
average SSGPA was 6.8 with a standard deviation of 0.5 in these
cohorts. Figure 5 shows that all seven tools uniquely selected
both successful and unsuccessful students, both with the criterion
set at >6.5 and at >7. SSGPA/ACS/NCS (GAN, the purple bars
in Figure 5) was the tool with the highest sensitivity—specificity
ratio (and thus accuracy) for all three consecutive cohorts when
criterion >6.5 was applied; for this criterion, as apparent from
the hits-bars and false alarms-bars, the GAN-tool admitted the
largest number of applicants in all three cohorts and this tool had
the best ratio between the proportion hits and the proportion
false alarms. With criterion >7 there were two exceptions to
this pattern of SSGPS/ACS/NCS showing the highest accuracy:
SSGPA-and-NCS in 2013-2014 (the lacking green bar of false
alarms in Figure5 for cohort 2013-2014 and criterion >7)
and ACS-and-NCS in 2015-2016 (the lacking blue bar of false

alarms for cohort 2015-2016 and criterion >7) yielded zero false
alarms. Note that these exceptions occur with double and not
single tools. In addition, for the applicants who were not selected
by any of the tools (the white “Rejected” bars in Figure 5), the
proportions of correct decisions for unsuccessful students, Total
Correct Rejections (at the right end of the false alarms-bars), are
remarkably larger than the proportions of incorrect decisions
for successful students, Total Misses (at the right end of the
hits-bars), across three cohorts. Note that removing a tool from
the toolbox would render the hits of that tool misses, which
would add to the number of Total Misses. The false alarms from
the removed tool would become correct rejections and add to
the number of Total Correct Rejections.

DISCUSSION

Applicants to the investigated program do not score particularly
high on SSGPA and ACS, but the majority does successfully pass
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at least seven of the eight first year courses. By design, ACS
is a snapshot measurement of academic achievement compared
to SSGPA—ACS being based on one week of program-specific
“studying for a week” and SSGPA on 5 years of secondary
education. Nonetheless, their accuracy appears comparable
and stable across cohorts. Such work samples in admission
of psychology students have been found to be predictive of
academic achievement in the program (Visser et al, 2012;
Niessen et al., 2016). Psychology students admitted through
an admission procedure including a cognitive admission tests
and Multiple Mini Interviews have been shown to outperform
psychology students admitted based on their SSGPA (Makransky
et al, 2016). Although it is also consistent with most other
available information, most studies investigating predictors of
academic success other than SSGPA focus on medical programs,
and those are currently undecided on the “best practices”
in the implementation of admission tools other than SSGPA
(Richardson et al., 2012; Schripsema et al., 2014, 2017; Shulruf
and Shaw, 2015; Patterson et al., 2016; Pau et al., 2016; Sladek
et al., 2016; Wouters et al, 2017). Note that NCS is quite
susceptible to social desirability and that the literature does
not allow firm conclusions on the validity of these and other
non-cognitive factors (Patterson et al, 2016). In addition, in
2013-2014 participation in the matching program was optional,
whereas in 2014-2015 and 2015-2016 it was obligatory and
students were selected. This implicates the lesser accuracy of NCS
in 2014 and 2015 might also be due to the combination of these

characteristics of the admission procedure across cohorts and the
instruments used (Niessen and Meijer, 2017; Niessen et al., 2017).
However, the accuracy and stability of ACS across three cohorts
allowed to take the interpretation one step further.

What Signal Detection Offers

Although SSGPA/ACS/NCS had comparable accuracy to SSGPA
alone, adding ACS and NCS did expand the decision space.
Combining secondary school grades with admission test grades
and non-cognitive scores increases the range in admission scores
and thus the space to set the criterion to minimize bias toward
one of the two type of mistakes that will inevitably be made,
or to prefer admitting applicants who will fail over rejection
applicants who will be successful or vice versa. A closer look at
the distinct contribution of each tool to successful selection at the
individual level revealed nuances that were not provided by the
ROC-curves and that are not provided by approaches other than
Signal Detection.

Given the differences in whether SSGPA, ACS, and NCS were
used to determine whether students from the studied cohorts
were being admitted or not—no selection in 2013, 80% selection
in 2014 and 100% selection in 2015—differences between the
cohorts were to be expected. It was already mentioned that due
to the number of applicants not exceeding the numerus clausus
all applicants were admitted, but the applicants were unaware of
this at the time of application and during participating in the
matching program. Yet, the pattern in the proportions of unique
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correct and incorrect decisions across three consecutive cohorts
stably and clearly showed that an admission toolbox consisting
of multiple tools outperformed single tools in both sensitivity
and specificity, in this multiple cohort sample. In addition, the
patterns in the proportions of both types of correct and incorrect
decisions across cohorts (Figure 5) shows the imperfection of
the instruments in more detail than the regression analyses
do. Of course, instruments with relative low predictive validity
can be useful to select-in applicants on grounds other than the
expectation of retention and high grades (Wainer, 1976; Sedlacek,
2003; Schmitt, 2012; Sternberg et al., 2012). We showed that
using multiple instruments can increase the proportion of correct
decisions without having to make assumptions on how explained
variance at group level translates to predictive validity at the
individual level: each instrument, with both criteria and across
three cohorts, selected individual applicants that would not have
been selected by any of the other instruments and that turn out to
be successful. Signal Detection offers information on the effects of
specific criteria on both the proportion of incorrect decisions and
the type of incorrect decisions that result from specific criteria
applied to specific instruments. It does so at group level and the
individual level. These details allow fine tuning of both the choice
of instruments and of the applied criterion.

Data of previous cohorts can thus provide an evidence-based
admission tool and criterion for a future cohort and each next
cohort updates the available dataset. The chosen criterion for
a future cohort can aim at equal proportions of false alarms
and misses, at a rejection bias or at an admission bias. The
relative desirability of one or another is to be determined by
policy makers based on the costs and benefits of hits, misses,
false alarms and correct rejections for that specific program. For
institutions, the admission procedure resulting in the highest
possible proportion of admitted successful students can be argued
to be the best possible procedure. Yet, incorrect decisions are
inevitable. From a societal viewpoint, the admission procedure
resulting in the lowest proportion of rejected potentially
successful students would contribute best to the development
and use of human potential. To date, we have not encountered
other methods that provide information on the proportions
of both types of mistakes resulting from different tools and
criteria, though methods complementary to regressions have
been reported (e.g., Shulruf et al, 2018). In medicine, Signal
Detection Theory is commonly used in investigating the accuracy
of diagnostic tests. It not only matters how well the diagnostic
instrument performs in detecting disease in the sick (sensitivity),
but it also matters how well it performs in detecting people not
having the disease as such (specificity). Likewise, in admission of
students to university, the highest proportion correct decisions
or the highest proportion of successful admitted students is only
half the information. Signal Detection Theory also provides the
other half.

Suggestions

Note that the matching program, the application of specific
admission tools and criteria and the academic achievement of
the selected students can interact. If the selection outcomes
apparently do not sufficiently match the goals of the admission

committee as students progress (or not) through their first,
second and third year, the admission procedure will be adjusted.
We argue that individual differences in which tool accurately
predicts future academic success might be worth further
investigation in the light of actual and desired levels of diversity in
student populations (Stegers-Jager et al., 2015; Pau et al., 2016) in
relation to both open admission and selection. It depends on the
goals of the admission committee whether preventing rejection of
applicants that would be successful students (preventing misses)
is considered more important than preventing admission of
students that will fail (preventing false alarms).

We did not compare the selection outcomes for different
subgroups of students such as vocational pathway applicants
or applicants who traveled for a year between secondary and
tertiary school, in contrast with applicants entering directly
after secondary school. Our focus was on a concise comparison
of SSGPA, ACS, and NCS and combinations thereof in
a relatively homogeneous group of applicants and a lack
of power for the smaller subgroups would have prevented
any firm conclusions. A sensible next step would be to
investigate these and other possible individual differences in
the predictive validity of instruments and personal factors
or profiles (Wingate and Tomes, 2017). Comparisons of the
predictive validity of program-specific admission test scores
and program-specific non-cognitive admission test scores in
different programs would also be valuable. Following the
argument of homogeneous vs. heterogeneous student groups,
for other programs and other types of students (e.g., O'Neill
et al, 2013) program-specific admission tools might not
improve selection and therefore we refrain from advocating
the inclusion of specific admission tools or specific toolboxes.
However, the recent focus on diversity in tertiary education
(Haaristo et al., 2010; Reumer and Van der Wende, 2010;
Kent and McCarthy, 2016) warrants the search for a more
diverse admission toolbox. Adding tailor-made program-specific
admission tools to SSGPA might better suit the goals of admission
committees than the addition of standardized tests: they can be
chosen to measure, or investigate, program-specific predictors
of academic success (Kuncel and Hezlett, 2010). They also
allow admission based on desirable characteristics other than
general cognitive capacities and investigation of the effects
thereof.

Implications
The results of the current study can be formulated as implications
for selection committees and policy makers:

e The time and effort invested in organizing “studying for a
week,” can be worth it; adding multiple cognitive and non-
cognitive admission test scores to the admission toolbox
prevents rejection of applicants that did not do very well in
secondary education but will be successful students.

e The differential predictive validity of work samples and non-
cognitive admission test scores for academic achievement in
different programs is still work in progress.

e All seven selection tools in the current study were imperfect.

e The best-performing tool was the combination tool.
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Signal Detection Theory is useful in both short and long-
term evaluation of admission and selection instruments and
outcomes; findings on the effects of different tools and criteria
on both group and individual level allow policy makers to
adjust admission and selection instruments to meet their goals.
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