EARLY IDENTIFICATION OF AT-RISK STUDENTS

At-risk at the gate: Prediction of study success of first-year science and

engineering students in an open-admission university in Flanders

Any incremental validity of study strategies?

Maarten Pinxten *, Carolien VVan Soom 2, Christine Peeters 2, Tinne De Laet 4,
and Greet Langie !

! Leuven Engineering and Science Education Center, Faculty of Engineering Techn6logy, KU
Leuven, Leuven, Belgium

2 Leuven Engineering and Science Education Center, Faculty of Science, KU/Leuven, Leuven,
Belgium

3 Leuven Engineering and Science Education Center, Faculty of Bioscienee Engineering, KU
Leuven, Leuven, Belgium

4 Leuven Engineering and Science Education Center, Faculty~of-Engineering Science, KU

Leuven, Leuven, Belgium

Requests for reprints should be addressed to Dr. Maarten Pinxten, Willem de Croylaan 56,
Box 2203, 3001 Leuven, Belgium.(e-mail: gmaarien.pinxten@kuleuven.be).

This work was supported by the Erasmus+ Strategic Partnership programme under Grant 2014-1-

BE02- KA200-000462

Published in European Journal of Psychology of Education
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At-risk at the gate: Prediction of study success of first-year Science and

Engineering students in an open-admission university in Flanders

Any incremental validity of study strategies?

Abstract

Against the background of the increasing need for skilled scientists and engineers, the
heterogeneous inflow of incoming students in science and engineering ‘programmes is
particularly challenging in universities with an open-admission (system. The prime
objective of the present study is to determine the,main academi¢ and non-academic
determinants of study success in a STEMastudy jprogramme in the largest university of
Flanders (Belgium). The Learning«and Study ~Strategies Inventory (LASSI),
supplemented with additional backgreund questions, was completed by 1,521 first-year
science and engineering students_'at the start“of the academic year. To evaluate the
incremental value of a particularpredictor in‘explaining first-year GPA, a series of nested
regression models were evaluated. Math,Jevel and math/science GPA in secondary school
were strongly related to first-yeanGPA. Analysis of the LASSI questionnaire showed that
students’ motivation/persistence, concentration, and time management skills at the start
significantly influenced«Student achievement at the end of the first year, although the
incremental value over prior achievement was small. Altogether, our results show that
incoming students*ability to regulate their study efforts has beneficial consequences in
terms of achievement. Additionally, a negative recommendation by the secondary school
teacher“board was a clear indicator to identify at-risk students. In open-admission
universities wherein new students cannot be formally denied access based on weak prior
mathematics and science achievement, a focus on effort-related self-regulatory skills
training (e.g., time management sessions) offers valuable opportunities for remedial

interventions.
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Introduction

Over the past decades, research interest in factors associated with attrition in Science,
Technology, Engineering, and Mathematics (STEM) study programmes has grown
exponentially. Declining interests in science and engineering among high school students
combined with increased needs by the labour market of skilled scientists and engineers are often
put forward as the main drivers underlying this increased research interest (French, Immekus;
& Oakes 2005). This imbalance is an important challenge for 21% century higher education
institutions (HEISs). As pointed out by Ehrenberg (2010), increasing the proportion af students
who persist in a STEM study programme by even a small percentage “...has the potential to be
a cost efficient way to substantially contribute to the supply of STEM graduates and workforce™

(p. 889).

Determinants of Study Success in the STEM Field: Empirical Evidence
Prior Achievement and Course-Taking in\Secondary School

Prior achievement of studentsyinisecondary school, either expressed as their grade point
average (GPA) or school leaving matriculation test scores (e.g., Scholastic Aptitude Test —
SAT; American College Testing — ACT; or A-level score), are the most consistent predictors
of student performance-<in a STEM study programme in higher education (Pinxten et al. 2015;
Richardson, Abraham, & Bond 2012). A high math GPA in secondary school and high
mathematics scores on a school leaving matriculation exams are positively related to student
performance in the first year of a STEM programme, both in terms of GPA and persistence
throughout the programme (e.g., Ackerman et al. 2013; De Winter and Dodou 2011; French,
Immekus, & Oakes 2005; Huy, Robbins, & Westrick 2014; Leuwerke et al. 2004; Somers 1996;

Van Soom and Donche 2014; Veenstra, Dey, & Herrin 2008). Despite some common variance,
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secondary school math grades provide significant incremental validity over standardized test
scores and vice versa in predicting student achievement. When combined in a regression model,
both types of prior achievement indicators show a significant positive relation with later STEM
study success (e.g., Ackerman et al. 2013; French, Immekus, & Oakes, 2005; Veenstra, Dey, &
Herrin 2008; Zhang et al. 2004). For example, French and colleagues (2005) observed that math
GPA and math SAT score together explained 18% of the variance in first-year engineering
students’ grades at university. Given the importance of standardized test scores for university.

admission, most international tests should be considered high-stakes tests.

Rigorous mathematics and science course-taking in secondary school is strongly related
to students’ persistence in STEM programmes (Ashford et al., 2016)."Students who took
advanced STEM courses in secondary school, generally;show higher levels of achievement and
persistence throughout the programme (e.g., Ackerman et'al. 2013; Eagan et al. 2010; Elliot et

al. 1996; Tyson 2011).

Given the overwhelming evidence for the pivotal role of students’ prior math/science
achievement and course-taking in explaining first-year achievement in a STEM programme,
we will predominantly focus on studies that examine the incremental value of other predictors

after controlling for prior math.and science achievement in secondary school.

Teacher Judgements of Academic Achievement

Subjective teacher judgements of (future) student achievement also have considerable
impact on students’ educational trajectories (Stiidkamp et al., 2014) and students’ performance
(Pinxten et al., 2010). Meta-analysis in this field show that teachers judgements show a high
degree of accuracy when compared with standardized test results (Sudkamp et al., 2012).

Secondary school teachers spend considerable time with their students and are in unique
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position to evaluate students’ academic potential. For example, in the field of medicine, Yates
and James (2007) showed that a negative comment in the head teacher’s report was related with
lower grades and more failed clinical examinations. The latter finding shows that secondary
school teachers hold important information regarding the future study success at university.

However, scientific research in this field is scarce.

Self-Efficacy Beliefs and Self-Regulatory Skills

Although not specifically oriented towards the STEM domain, two. meta-analyses
thoroughly investigated the strength of the relation between a number of psychological factors
and student performance at university. Richardson,“Abraham, and-Bond (2012) discriminate
between five conceptually distinct types of variables:Personality traits (1), motivational factors
(2), self-regulatory learning strategies (3)s-approaches, to learning (4), and contextual factors
(5). The authors showed that conscientiousness~(i.e., self-disciplined and achievement
oriented), effort regulation (i.e., persistence.and effort when faced with challenging academic
situations), and academic self-efficacy “beliefs (i.e., favourable perceptions of oneself’s
academic capabilities), were all significantly related to students’ GPA at university, collectively
accounting for 20% of the explained variance (even after controlling for secondary school GPA
and SAT scores). Analogously, Robbins et al. (2004) observed a strong relation between
academic self-efficacy beliefs, achievement motivation and university GPA (also see Jones et
al., 2010)..Even after taking into account students’ prior achievement (high school GPA and

SAT seores), both psychosocial constructs positively affected first-year GPA.

In the STEM field, Ackerman et al. (2013) found that math and science self-concept and
a mastery orientation (i.e., high levels of metacognitive self-regulation, effort regulation, and

time management) were both positively related to persistence in STEM study programme, even
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after controlling for secondary school math GPA and SAT scores. However, from a gender
perspective, it seems that the positive effect of academic self-concept on achievement is
somewhat more pronounced for male than for female students (Van Soom and Donche 2014).
Tynjala et al. (2005) observed that a high degree of self-regulation combined with a deep

learning strategy was positively related to study success in engineering programmes.

Study Skills and Strategies

In their meta-analysis, Credé and Kuncel (2008) found that study motivation and study
skills (e.g., time management, critical thinking) had a significant incremental validity in
predicting freshman GPA over and above both admission test scores.and secondary school
grades. This finding demonstrates the importance.of study behaviour that students exhibit in
secondary school before coming to university. Howeverjthissempirical evidence of the role of
study strategies is predominantly investigated_in‘the field of humanities. Research on the
predictive validity of this type of.covariates.is largely lacking in the STEM field. The present

study aims to fill this gap.

University Admission in Flanders

A substantial number of studies investigated factors related to attrition rates in the
STEM fieldy(e.g., Ackerman et al. 2013; Bernold, Spurlin, & Anson 2007; Burtner 2005; De
Winter. and Dodou 2011; French, Immekus, & Oaks 2005; Perez, Cromley, & Kaplan 2014;
Seymour and Hewitt 1997). However, there are large differences in the type of institutions
typically involved in these studies. Most studies are conducted in highly selective Anglo-Saxon
institutions (e.g., Ackerman et al. 2013; Burtner 2005; French, Immekus, & Oakes 2005; Perez,
Cromley, & Kaplan 2014). In these institutions, first-year students passed a rigorous selection
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procedure based on academic (e.g., prior scores on national standardized matriculation exams)

and non-academic (e.g., personal statements or selection interviews) criteria.

Unlike most other countries, the transition to higher education in Flanders, the Dutch-
speaking region of Belgium, does not involve any formal selection methods or entrance criteria
(except for the study programmes Medicine, Dentistry and Arts Education - for more
information, See Pinxten et al. 2014): (1) no national school-leaving examinations are organized
at the end of secondary education, and (2) no entrance examinations are organized by HEIs."\As
a consequence, there is a large degree of heterogeneity of incoming students in terms_of prior
knowledge, attitudes, and skills. This issue is particularly challenging for STEM programmes
given that a substantial number of students register with a weak to very-weak math and/or
science background. In the following paragraphs, wejwill discuss. two elements that play a
central role in the transition to higher education‘in Flanders: diagnostic tests and advice of the

teacher board in secondary school.

Diagnostic tests

To address the heterogeneous inflow of incoming students, STEM faculties at Flemish
universities expressed an.inereasing need for a diagnostic test that assesses candidate students’
ability to solve math and'science problems before enrolment. Therefore, since 2013, diagnostics
tests are organised.at most Flemish universities at the end of the secondary school (Vanderoost

et al. 2024,°2015).

The diagnostic tests are constructed following strict procedures. In the initial phase, a
first draft is composed using a table of specification that includes both the topics and difficulty
of the items. Subsequently, this first draft is individually assessed by first-year lecturers and

tutors. Next, a meeting is organized with all assessors to reach a consensus on the proposed test
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items. In the final phase, the diagnostic test is offered to independent reviewers (e.g., math
secondary school teachers) who comment on the test items and focus on assessing item

difficulty. Thereafter, the final version is constructed.

In the last week of the academic year, graduated secondary school students come to
university campus where they are given four hours to complete the test. Participation to the
diagnostic test is voluntary and the result is non-binding: if a student does not pass the test, s/he
can still enrol for that programme. In contrast with most international standardized tests, ‘the
diagnostic test is a low-stakes test with little consequences for admissions .(see’ Cole and
Osterlind 2008). As such, the voluntary diagnostic test primarily aims (1) tofassist students in
making a well-balanced decision by offering a comparative frame .of reference and (2) to
stimulate less successful students to participate in remediation initiatives before the start of the

academic year (e.g., math summer course) or.t0 reconsider.theirchoice.

The diagnostic test shows close similarities.with\placement tests administered in other
open-admission universities: rather.than serving an admission purpose, both tests are used to
assess students’ math readiness and ta guide decisions about initial mathematics course
enrolment (Fitchett et al. 2011; Norman et al. 2011). As such, both types of tests assist students
in bridging the gap between.secondary and higher education. Also, in both cases, students can
ignore the recommendations provided by the test results. However, an important difference
between the Flemish diagnostic test on the one hand and placement (and related diagnostic tests;
e.g., Robinson & Croft 2003) tests on the other is the timing of administration: Almost all
placement’test are administered after enrolment whereas the diagnostic test in Flanders is
administered before university registration. Research on similar diagnostic test administered

prior to university entry is scarce and the present study aims to fill this gap.
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Advice Teacher Board Secondary School

In almost all Flemish secondary schools, Grade 12 teachers are intensively involved in
the decision-making process of their students. In the last term, students are asked to provide the
teachers with their preferred study programme in the first year of higher education. After
consulting all teachers in a teacher board meeting, students are individually informed if the
teacher board expects they can be successful in this respective study programme and
subsequently, if they agree with the student’s choice. The recommendations are non-binding:
even if teachers issue a negative recommendation to a particular student for choosing a
particular study programme at university, this student can still register for(this programme.
Additionally, teacher recommendations are strictly kept at the secondary ‘sehool level and are
not available for HEI’s. To date, there is no empirical research onithe accuracy of these teacher
recommendations and whether they are related\to students™achievement in the first year at
university. In line with Yates and James.(2007); one of theobjectives of the present study is to

evaluate the accuracy of these teacher recommendations in an open-admission system.

Objectives and Research Questions

Although a dichotomaus risk-classification is ubiquitous in the literature on engineering
attrition (Litzler & Young 2012), the degree to which students are at-risk should be considered
as a continuumyRather than classifying students in different risk categories, the prime objective
of the current'study is to examine which variables are most useful to identify at-risk students in
a Jeading ‘science and engineering education institution in Flanders without formal entry

requirements. More specifically, this study will address the following research questions:

1. Is math course-taking in secondary school related to student achievement at the end of

the first year?
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2.

Is there any incremental value of math and science GPA in explaining student
achievement at the end of the first year over math course-taking?

Is there incremental value of a knowledge-based diagnostic test in explaining student
performance at the end of the first year over math course-taking and math and science
GPA?

Is there incremental value in including study strategies in the identification of at-risk
students in a STEM study programme over more traditional performance indicators
(e.g., prior achievement) ? Are there differential effects between study programmes?
What is the impact of a negative teacher recommendations on student-achievement at
the end of the first year? What is the incremental value of teacher.recommendations in
predicting first-year GPA over more conventional predictors (€.9., math course-taking

and math/science GPA)?

Method

Participants

An extensive questionnaire was presented to 1,643 new first-year students during the

first two weeks of the academic year 2015-2016. Altogether, 1,521 students (Mage =17.70 years)

in the following STEM study programmes filled in the questionnaire (response rate 92.6%):

Bioscience Engineering (N=256 — 48% female), Engineering Science (N=429 — 16% female),

Engineering/Science — Architecture (N=73 — 53% female), Engineering Technology (N=459 —

12% female), Sciences — MIP (Mathematics, Informatics & Physics — N=120 — 24% female)

and Sciences — CBBGG (Chemistry, Biology, Biochemistry, Geography & Geology - N=175 —

49% female). Except for the Science faculty (electronic data collection), all questionnaires were

administered in the class-room using paper and pencil.
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Measures

Math course-taking. In Flemish secondary education, three intermediate levels of
mathematics can be taken: Low (less than six weekly hours of mathematics), medium (six or
seven hours), and advanced (eight hours). The mathematics curriculum corresponding to each
level differs substantially. In our sample, 55% of the students enter a STEM programme with a
medium level of mathematics and 11% starts a STEM study programme with a low level of
mathematics. As shown in Figure 1a, the profile of the incoming student population differs
substantially between study programmes with respect to the mathematics level. For example,
the proportion of students with a low level math background is very low (3%) ih Engineering
Science whereas this proportion is substantially higher (34%) in CBBGG (€hemistry, Biology,

Biochemistry, Geography, and Geology) programmes of the Science_faculty.

Math and Science GPA."In most-klemish secondary schools, students receive grades
expressed as a percentage for each subject separately. In this study, grades were coded into five
categories (below 60%, 60-70%,.70-80%, 80-90%, and above 90%) for the following subjects:
Mathematics, Physics, and, Ehemistry. As mentioned above, no official school leaving exams
are organised. Alternatively, math and science teachers in each secondary school compose the
final test in theirrespective subject. In contrast with national matriculation exam scores, student

grades.are,sehool-dependent and cannot be perfectly placed on a common metric.

Diagnostic test. The diagnostic test was administered 3 months before the start of the
academic year (before admission). Participation rates of the voluntary diagnostic test differ
substantially between the different faculties: Sciences — CBBGG (20%), Sciences — MIP (40%),

Engineering Technology (16%), Bioscience Engineering (24%), and Engineering Science
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(88%). At the latter faculty, students earn 1 ECTS credit (out of the 60 regular ECTS credits) if
they pass the diagnostic test, resulting in substantially higher numbers of participating students.
Given this high participation rate, we will focus on Engineering Science students to evaluate
the incremental value of the score on the diagnostic test in predicting first-year achievement
(Research Question 3). At this faculty, the diagnostic test focuses on mathematics (30 items)
and is graded on a 0 to 20 point scale (M=11.99 ; SD=3.11). If students obtain 10/20, students

passed the test (pass rate: 86%).

Learning and study strategies. In order to assess incoming students’, learning and
study strategies, the Learning and Study Strategies Inventory (LASSI, Weinstein and Palmer
2002) was administered. The LASSI is a 77-item questionnaire that ‘consists of 10 scales:
Attitude, Motivation/persistence, Time management, "Anxiety, \Concentration, Information
processing, Selecting main ideas, Study aids;«Self-testing, and Test strategies. As such, the
LASSI instrument integrates motivational, effort-related and cognitive components. Using
factor analysis, Cano (2006) identified three, underlying latent constructs: Goal strategies
(anxiety, test strategies & selecting main“ideas), Comprehension monitoring strategies
(information processing, study aidss & self-testing), and Affective strategies (Time
management, concentration, motivation & attitude). It should be noted that the latter construct
is labelled *Effort-related strategies’ by Olaussen and Braten (1998) and closely reflects effort-
related self-regulation=strategies (i.e., keeping focus when studying, planning/organisation

skills, persisting when confronted with challenging tasks).

Allitems are rated on a 5-point Likert type scale (“Not at all typical of me” - ... - “Very
much typical of me”). For each scale, sum scores were calculated and cut-off values were
determined to discriminate five norm groups: ‘Very weak’, ‘Weak’, ‘Average’, ‘Good’, and
‘Very good’ (Olivier et al. 2015). A comprehensive description of each scale and proportion
distribution is provided in Table 1.
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Advice teacher board. Given the lack of a formal framework, the advice of the teacher
board was assessed using a single item constructed by the authors for this purpose. On a 4-point
Likert-type scale, students were asked to indicate which type of recommendation they received
from the teacher board agreed regarding the chosen study programme (“Full positive advice” #

“Partially positive advice” — “Negative advice” — “No advice”).

Student achievement: Outcome criteria

In order to evaluate the most consistent predictors of first-year stadents’ achievement,
following outcome measures were included ‘in this study=First, the proportion of credits
obtained is considered. Expressed as a percentage, this is the number of ECTS credits passed at
the end of the first year divided by the total number.of ECTS credits taken in the beginning of
the year (M=55.75; SD=31.92). Aifull annuakstudy programme contains 60 ECTS credit points.
Students who do not obtain 30% of their credits at the end of the first year, are no longer allowed
to proceed in this study programme.(in our sample, 24.4% of the students did not obtain 30%
of their credits or dropped.out)."Second, we also considered students’” weighted GPA (expressed
as a percentage) at the end of the first year as a second outcome measure (M=48.89%;
SD=17.22). Since.the proportion of obtained credits are not distributed normally, students’
weighted-GPA is used as dependent variable in all regression analyses (research questions 2-
5)sFor students who dropped out before participating in any of the exams, no weighted GPA

was calculated (5.2% of sample).
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Analysis

To evaluate statistical differences in the proportion of credits obtained between students with
different math levels (Research Question 1), and teacher recommendations (Research Question

5), ANOVA-tests were performed.

To gauge the predictive validity of the predictor variables, a series of nested regression models
were tested (for the total sample, Model 1-5; see Table 2). A stepwise approach was
administered wherein independent variables were added in accordance with thesempirical
evidence observed in the literature. Given the larger explanatory power of academic measures,
these independent variables were tested first (e.g., math level, math/physics/chemistry GPA).
Non-academic measures were added in a second stage. To evaluate thepincremental value of
one model over another, increases in the adjusted-R2(proportien of variance explained) were
tested on statistical significance using F-testS. In order to-address the third research question,
we ran all models separately for the Engineering Science students (Model 6-11). The most
relevant comparison is between»yModel 7c (without diagnostic test) and Model 8 (with

diagnostic test).

Results

Math-Course-taking Secondary School

Significant differences in the proportion of credits obtained after the first year were
observed for students with different math levels in secondary school, F (2, 1435) = 26.67, p <

.001. Students with a low math level background on average obtained 40% of the credits after
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the first year (Figure 1b). For students with a medium and high math level background, this
percentage increased to 56% and 61% respectively. As mentioned above, there are substantial
differences between study programmes regarding the inflow of students with a different math
background (Figure 1a). However, in almost all study programmes, significant differences were
observed for the different levels of math background: Bio-science engineering, F (2, 258) =
3.17, p = .04; Engineering Science, F (2, 387) =9.10, p <.001; Engineering Science — Architect,
F (2, 64) = 2.84, p =.07; Engineering Technology, F (2, 444) = 7.95, p <.001; Sciences= MIP,

F (2, 105) = 3.55, p =.03; and Sciences — CBBGG, F (2, 162) = 3.59, p = .03.

Math and Science GPA Secondary School

When combined together, prior math GPA“and math level (Model 2a) explain 17% of
the variance in students’ weighted GPA at the'end of the firstyyear (Table 2). As shown in Figure
2, students with both a low math level background, and poor prior math grades, obtained
significantly less credits at the end of the first year. For example, 61% of the students with a
low mathematics background and a<«math~GPA ranging between 60 and 70% (N=31) did not
obtain 30% of their credits after the first year in a science or engineering programme. It should
be noted that an advanced math level could be considered a necessary but not sufficient
condition for future study-success: 43% of the students with an advanced level mathematics
background but@a math GPA below 60% (N=20) obtain less than 30% of their credits after the
first year. This proportion is about four times lower for similar students with a math GPA above

80%:

The inclusion of prior Physics GPA (Model 2b) and Chemistry GPA (Model 2¢) results

in an R2 of 19% and 22% respectively. In sum, students’ secondary school background (math
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course-taking and math/science GPA) accounts for almost a quarter of the variance explained

in student achievement at the end of the first year.

Incremental Value of Math Diagnostic Test (Engineering Science)

A simple regression model with only secondary school math GPA explains 22% of.the
variance in weighted GPA scores at the end of the first year. A similar model.withonly the
math diagnostic test score as a predictor results in the same proportion of, explained variance.
Thus, when considered separately, both measures have similar predictive,power in explaining
first-year performance. However, when both variables-are combined, the proportion of variance

explained increases to 34%.

Even after taking into account-secondary-schoel math level and math/science GPA, the
math diagnostic test still has significant inckemental predictive value: the inclusion of the math
diagnostic test score (Model 8) results in an-R2 increase of 6% compared to model 7c (see Table

2).

Learning and Study Strategies

Asshewn in Table 3, four out of ten LASSI scales show a significant positive correlation
of meres than .20 with students” weighted GPA at the end of the first year:
Motivation/persistence (r=.26), Time management (r=.24), Concentration (r=.22), and Test
strategies (r=.21). As such, the effort-related self-regulation skills predominantly contribute to
student success at the end of the first year. A stepwise regression model with all ten scales

yielded following result: Only three scales (Motivation/persistence, Test strategies, and Time
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Management) significantly contributed to the prediction of weighted GPA at the end of the first

year, F (3, 1380) = 46.15, p <.001, resulting in an R2 of 9.1%.

To evaluate the incremental predictive validity of the LASSI scales over prior
achievement, Motivation/persistence (Model 3) and Time management (Model 4) were added
to a model with secondary school GPAs and math level included (Model 2c), resulting'in an
additional 2% and 3% of the variance explained, respectively (Table 2). Correspending changes
in F-value indicate that these improvements of the model are statistically significant. The
inclusion of the Test Strategies scale yielded no significant improvement.in variance explained
so this model was discarded.

Thus, incoming students’ motivation+and time ‘management skills have a small but
significant contribution to their grades_ at'the end,of the first year. For example, students with
average or above average time managementskills have a significantly higher weighted GPA at
the end of the first year in comparison with students with very poor time management skills,

even after taking into account prior,achievement (Table 4).

Differences between study programmes. In order to further explore differences
between the study programmes, the final model 5 was considered separately for each study
programme. lllustratively, we will focus on the science programmes Chemistry, Biology,
Biochemistry, Geology and Geography (CBBGG). For these programmes, secondary school

GPAs did not significantly contribute to the prediction of the weighted GPA (Table 4). In these
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programmes, especially motivation/persistence and time management skills showed a
significant relation with the weighted GPA after the first year. For example, students with a
very high level of motivation attained a GPA that is 13.09% higher compared to students with
a very low motivation level. For the other study programmes, the regression coefficients were

similar to the general model 5, indicating only small differences between study programmes.

Advice Secondary School Teacher Board

As shown in Table 5, 51% of the students reported a full positive advice of the secondary
school teacher board. This means that for about half of the students in our sample, the teachers
in secondary school were fully confident that each of those students.hasthe required knowledge
and skills to be successful in their preferred study programme. However, 8% of the students
reported a negative recommendation fromthe secondary *school teacher board. ANOVA
analysis shows that there are significant differences-in proportion of credits obtained between
students with a different advice, F (3, 1435) = 83.34, p <. 001. Students with a full positive
advice on average obtained 67% of the credits at the end of the first year (only 13% of these
students obtained less than 30% ef the credits). By contrast, students with a negative advice on
average obtained only 31% ofithe credits (59% of these students obtained less than 30% of the

credits).

GERT

As shown in Table 2, the inclusion of the advice of the teacher board (Model 5) results
in an R? increase of 4% after controlling for math level, math and science subjects GPAs,

motivation/persistence and time management. The corresponding change in F-value indicates
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that the inclusion of teacher recommendations has significant incremental value in predicting
first-year students” GPA, even after controlling for all other covariates.

This finding seems to hold especially for the CBBGG study programmes. As shown in
Table 4, students who received a negative advice (N=15) on average attained a weighted GPA
that is 19.53% lower compared to students with a full positive advice (N=76), all other predictor
variables held constant. Altogether, these results show that the advice given by secondary
school teachers is a powerful tool in predicting the odds on success in the first year in a«STEM

study programme in an educational context without formal entry requirements.

Discussion

The early identification of students at-risk for underperfermance is a glaring issue for
universities with an open-admissions culture..In_order to.give secondary school graduates a
realistic prospect of their future study suceess, such a culture requires a detailed and accurate
information flow directed towards a‘heterogengous population in terms of prior knowledge and
academic skills. In this context, ‘a thoroughsexploration of the academic and non-academic

determinants of study success in the STEM field was the primary objective of the present study.

Consistent with previous ‘studies, secondary school math level and prior math and
science GPAs were significant predictors of GPA after the first year, accounting for almost a
quarter of the variance explained. Additionally, a negative recommendation from the teacher
board in secondary school was a strong indicator for first-year at-risk status: students with a
negative advice obtained significantly less credits after the first year compared to students with
afull positive advice. Due to their regular close contact with students, secondary school teachers
Seem to be in a unique position to evaluate the odds of future study success of their students.
As such, these results demonstrate that teacher recommendations could be a valuable addition

to existing placement tests in open-admission universities.
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In line with results of the meta-analysis of Robbins et al. (2004), this study shows that
motivation/persistence accounts only for an additional 1%-2% of variance in students weighted
GPA after controlling for prior achievement and math level in secondary school. This result,
however, cannot be generalized over study programmes. For students in a Chemistry, Biology,
Biochemistry, Geography, or Geology study programme, a higher motivation/persistence was
more strongly related to higher GPA scores at the end of the first year. A tentative explanation
for the different results pattern at the CBBGG programmes, is likely to be foundsin, the
heterogeneity of incoming students in terms of secondary school programmes: theres a'wide
variety in educational background of these students. This heterogeneity-undermines a
straightforward interpretation of obtained math and science grades and this most likely results
in the non-significant effects of these covariates in ourregression analysis: Hence, this calls for
great caution when using prior achievement ‘as ‘an/indicator ‘for the identification of at-risk
students in these programmes. Altogether;;these findings shows that even within the STEM
field, there is no one-size-fits-all risk"identification"mechanism that generalizes over all study

programmes.

In line with meta-analytical results of Credé and Kuncel (2008), moderate correlations
between effort-related self-regulation strategies (e.g., Time-management, Concentration,
Motivation, classification<by-Olaussen and Braten 1998) and first-year GPA were observed.
However, after the inclusion of prior achievement indicators in our model (math level,
math/science/GPAS, and math diagnostic test score), the incremental predictive validity of these
constructs,was rather small, suggesting little added value for the identification of at-risk

students.

Importantly, because of their self-reported nature, non-academic measures are not ideal
to use in formal admission procedures (Ackerman et al. 2013; Ellingson & McFarland 2011).

However, the non-ability measures explored in this study are a good start to provide students
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with feedback, before or after registration, on which aspects of their study behaviour they need

to improve in order to increase academic achievement.

The Benefits of a Voluntary Diagnostic Test in an Open-Admission University

Although inherent to the Flemish open-admission system, the lack of a common metric
to evaluate (1) students’ prior achievement in the field of mathematics, physics, and chemistry
and (2) the recommendations of the teacher board is a substantial drawback. However; not
controlling for these prior achievement measures would likely result in inflated, estimates of
learning and study strategies parameters. The results of this study show that a pre-enrolment
low-stakes diagnostic test has significant incrementahvalue over students’ self-reported grades
and that both types of information combined offer.a more accurate estimate of students’ future
achievement at university. However, as outlined by Cole and"Osterlind (2008), low-stakes test
with little consequences tend to lower both students*~effort levels and achievement. The latter
issue is particularly relevant in faculties where nothing can be gained by passing the test (only
at the Faculty of Engineering Sciencey<one ECTS credit is awarded upon successful

completion).

In countries with_a leng history of standardized admission exams (SAEs), for example
the US, the use of these types of tests has been sometimes criticized (e.g., Zwick 2004). One of
the opponents*main argument against SAE’s is the enormous weight of those tests on students’
educational-future (e.g., Ricci 2006). However, given its non-obligatory (i.e., students can
voluntarily participate) and non-binding (i.e., students can access university even if they fail
the test) nature, the diagnostic tests in Flanders do not have the weight of the SAE’s in most

Anglo-Saxon countries.
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An open-admission university has the responsibility towards graduating secondary
school students to inform them on their individual math and science abilities. This process starts
with carefully phrased feedback of test results and a continuous critical evaluation of the content
and difficulty level of the diagnostic tests. It was demonstrated that these diagnostic tests have
the potential to be a beneficial instrument for both student guidance counsellors and graduating
students. On the one hand, student guidance counsellors are offered an extra tool to identify at-
risk students at the start of the academic year. Graduating high school students, on the, other,
are given the opportunity to compare their performance in the math and science demain with a
wider population of incoming students. Additionally, in case of a low test-result, remedial
interventions (e.g., summer courses in math and/or chemistry) are offered in order to fill

knowledge gaps before the start of the academic year-

Limitations and Directions for Future ResSearch

The prime interest of the'present study was the identification of the main determinants
of study success in the first-year of asSTEMstudy programme. However, the models presented
here do not lend themselves for individual prediction of study success in counselling practice.
The present study provides,a first impetus on how different sets of variables could be combined
(e.g., poor math GPA"and-time management skills) but more research is needed to determine

which particularinteractions yield the highest risk indication.

In.this context, it should be noted that there are more variables at stake that directly or
indirectly influence student achievement at the end of the first year. In this study, we primarily
focused on malleable student characteristics at the start of the academic year. However, other
research has shown that gender (e.g., French et al. 2005; Jones et al., 2010), socio-economic

status (e.g., Richardson et al. 2012 ), and personality traits (e.g., Komarraju, Karau, & Schmeck
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2009) also significantly contribute to the prediction of study success at university. Additionally,
the relations observed in the present study should not be interpreted in isolation of events that
take place throughout the academic year (i.e., social and academic integration, Pinxten et al.

2015; Tinto 1987).

In contrast with effort-related self-regulatory skills, little to no effect of goal strategies
(e.g., anxiety or selecting main ideas) or comprehension monitoring strategies (e.g., information
processing or self-testing) on student achievement was observed in this study. An impertant
consideration when investigating the effects of the both types of strategies on achievement in
the STEM domain is the adequacy of existing instruments to measure these constructs. For
example, as pointed out by Greene (2015), the differential effects of shallow and deep learning
strategies on academic achievement are less clear inthe.STEM demain. As such, an important
direction for future research is to critically evaluatethe items of contemporary instruments that

aim to measure these goal and comprehension monitoring-strategies.

Except for the diagnostic test"scores and first-year students” GPA (official university
records), all data in the present study weré callected through self-reported measures. Given that
there is no structural information flow. between secondary and higher education, educational
background information (i.e.,"secondary school grades, math level, teacher recommendations
etc.) is not availablesto HEI’s neither prior nor after registration. As stipulated by Gonyea
(2005), especially=in an admission procedure, students make themselves look more desirable.
It is reasonable to assume that this type of bias also applies to the current study (i.e., self-
reported, secondary GPAs might be slightly inflated). However, as pointed out by the author,
the'accuracy of the self-reported background information tends to be high when the information
requested is known to the respondent. This is clearly the case for, for example, math educational
background (which is well-known to all students). In order to minimize the bias in measuring

students’ learning strategies, the LASSI questionnaire was selected. This established instrument
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has a long validation history wherein validity and reliability are thoroughly investigated.
However, it should be noted that the use of these type of instruments in a high-stakes selection

context might compromise their validity (due to socially desirable answer patterns).

Implications for Practice

An important consideration/challenge for each study that empirically examines at-risk
students is the transfer to educational practice. Complex statistical models with large number
of variables do not offer student guidance counsellors in the field the necessary.toels to provide
meaningful feedback to students. For example, competence and self-efficacy beliefs (i.e., self-
perceptions of one’s abilities in a particular domain) have been shown te‘have a strong relation
with first-year student performance (e.g., Richardson, Abraham, & Bond 2012; Robbins et al.
2004). In their study, van Dinther et al. (2011)'summarized different intervention methods to
increase students’ self-efficacy beliefs..However, @s"noted by the authors, repeated negative
mastery experiences might undermine efforts to- improve self-efficacy beliefs. Analogously,
Ackerman et al. (2012) noted that trait-like-constructs (e.g., personality), albeit they hold some
predictive power, “... are relatively.stable and not generally amenable for modification” (p.
925). In this respect, a focuswon, for example, time management skills has greater potential.
Zimmerman (2002) identifies managing one’s time use efficiently as one of the key processes
of the self-regulation of learning. In training students to use their time more effectively, a central
role is reserved for metacognition (i.e., an awareness of and knowledge about one’s own
thinking/learning behaviour). In this respect, self-observation (e.g., asking students to record
their time use to make them more aware of time spend on studying) can generate valuable
insights. It should be noted that the impact of such training interventions is highly dependent

on the type of study skill training (See Hattie, Biggs, & Purdue 1996).
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Conclusion

A low math level background, poor math and science GPAs, a negative advice from
secondary school teachers, and, to a lesser extent, poor effort-related self-regulatory skills are
among the prime indicators for underperformance in the first year of a science and engineering
programme. From a student guidance perspective, the latter finding is of paramount importance
in an open-admissions system given that students cannot be formally excluded from registration
on the basis of weak prior achievement. A focus on a malleable skill set provides valuable
training opportunities for low-performing students who decide to enrol in_.a science and
engineering programme. Finally, the high predictive value of secondary (school teachers’
recommendations calls for a closer collaboration between HEI’s and\secondary schools in

decision-making processes in an open-admission system.
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Table 1

Description, internal consistency (Cronbach Alpha), and relative proportions of students in the different norm groups of the 10 LASSI scales

1. Attitude

2 Motivation/Persistence*

3. Time management

4. Anxiety

5. Concentration

6. Information Processing

7. Selecting main ideas

8. Study Aids
9. Self-testing

10. Test Strategies

Description Exemplary item Cronbach % % % % % %
Alpha Very  Weaks, “Average Good Very  Missing
weak good

The importance of going to “| feel confused and undecided as to what 64 11% 21% 24% 21% 16% 7%
university and academic success ina  my educational goals should be”
student’s life
Students' diligence, self-discipline, “Even when study materials are dull and 77 12% 18% 25% 24% 14% 7%
persistence, and willingness to exert interesting, | manage to keep on working
the effort necessary to successfully until I finish”
complete academic tasks
Students’ tendency to procrastinate “I only study when there is pressure of.a .76 15% 18% 29% 18% 14% 7%
and ability to meet deadlines test”
Anxiety levels that keep students “Even when 1I’m well-preparedifora test, | .84 5% 7% 24% 22% 34% 7%
from performing at the maximum feel anxious™
level
A student’s ability to direct and “I find it hard tospay attention during 84 10% 17% 28% 22% 17% 6%
maintain attention on academic tasks  lectures”
A student’s ability to make “| translate what | am studying in my own 81 8% 17% 22% 25% 21% 7%
information meaningful and to store words”
it in their memory in a way to recall
it easily in the future
A student’s skill to identify important ~ “It is hardfor me to decide what is 73 11% 16% 22% 33% 12% 6%
information for further study from important to'underline in a text”
less important information
A student’s ability to use and create “l make drawings or sketches to help me 73 26% 15% 24% 17% 11% 7%
techniques for meaningful learning understand what | am studying”
The degree to which students “| test myself to be sure | know the 71 11% 18% 26% 24% 14% 7%
monitor their progress when studying  material | have been studying”
A student’s techniques for preparing ~ “l memorize grammatical and technical 71 8% 16% 28% 2904 11% 7%

for and taking tests

terms without understanding them”

* The motivation scale in the LASSI is more.a/persistence indicator rather than a motivation variable in the classical Self Determination Theory sense
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Table 2

Multiple regression models for the total sample (Models 1-5) and for the Engineering Science study
programme (Models 6-11) with first-year weighted GPA (%) as dependent variable

Adjusted A Adjusted F SigF
R2 R2 change change
TOTAL SAMPLE (N=1,521) — Model 1-5
Model 1 (Math level) 1%
Model 2a (Math level — Math GPA) 17% 13%** 223.2 <0.001
Model 2b (Math level — Math GPA - Physics GPA) 19% 2%** 40.75 <0.001
Model 2c¢ (Math level — Math GPA — Physics GPA — Chemistry 22% 3%** 47.99 <0.001
GPA)
Model 3 (Math level — Math GPA — Physics GPA — Chemistry GPA 24% 2%** 9.54 <0.001
— Motivation/persistence)
Model 4 (Math level — Math GPA — Physics GPA — Chemistry GPA 25% 19%** 4,70 <0.001
— Motivation/persistence — Time management)
Model 5 (Math level — Math GPA — Physics GPA — Chemistry GPA 29% 4%** 28.32 <0.001
— Motivation/persistence — Time management — Advice
teacher board)
ENGINEERING SCIENCE (N=429) — Model 6-11
Model 6 (Math level) 6%
Model 7a (Math level — Math GPA) 30% 24%** 129.27 <0.001
Model 7b (Math level — Math GPA - Physics GPA) 32% 2%** 13.69 <0.001
Model 7c¢ (Math level — Math GPA — Physics GPA — Chemistry 36% 49p** 28.57 <0.001
GPA)
Model 8 (Math level — Math GPA — Physics GPA — Chemistry 42% 6%** 37.50 <0.001

GPA - Diagnostic test score)
Model 9 (Math level — Math GPA <Physics GPA — Chemistry GPA 42% 0% .958 0.431

— Diagnostic testiscare — Motivation/Persistence)

Model 10 (Math level — Math GPA — Physics GPA — Chemistry 44% 2%* 2.60 0.036
GPA - _Diagnostic test score — Motivation/Persistence —

Time management)

Model 11 (Math level — Math GPA — Physics GPA — Chemistry 45% 1%** 4.06 0.007
GPA - Diagnostic test score — Time management —

Advice teacher board)

Note. The inclusion of more LASSI scales yielded no improvement of the model and all matching regression
coefficients were non-significant. Statistical Significant changes in A Adjusted R2 *p <.05; ** p<.01.
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Table 3

Raw Pearson correlations between the ten LASSI scales and weighted Grade Point Average (GPA - %) at the
end of the first year (N=1,521)

1 2 3 4 5 6 7 8 9 10 11

1. Weighted GPA (%) =

2. Attitude 167 -

3. Motivation/persistence .26~ .45 -

4. Time management 247 387 64" -

5. Anxiety 10 257 -.05 .05 -

6. Concentration 227 497 53T 61T 277 -

7. Information Processing .09” .21 20" .11 08" 147 -

8. Selecting Main Ideas A1 367 787 247 427 407 297 T -

9. Study Aids 00 197337 P Na. 60NT34T 10T -

10. Self-testing .09™ 29”7 537 457 -.04 347 457 257 527 -

11. Test Strategies 217 AT 3370 337 49" 517 187 647 -01 A7 -
Mean 4850 31467 28.33 24352728 27.10 28.32 17.92 24.13 2532 29.56
Standard Deviation 17.40 3.52 4.43 479 524 496 439 277 459 415 3.77

**p <.01; * p <05; Max score on the LASSI scales’= 40 (except for Selecting Main ideas Max = 25)
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Table 4

Unstandardized (B) and standardized (b) regression coefficients of Model 5 for the total sample (N=1,521) and for the programmes Chemistry, Biology,

Biochemistry, Geology and Geography (N=175)

Constant

Math_Level Medium ?
Math_Level Advanced *

Math GPA

Physics GPA

Chemistry GPA
Motivation_Very _good ®
Motivation_Good °
Motivation_Average "
Motivation_Weak °
Time_management_Very good °
Time_management_Good °
Time_management_Average °
Time_management_Weak °
Advice_Teacher_Partially positive ¢
Advice_Teacher No_advice °
Advice_Teacher_Negative ¢

Adjusted R2

Total Sample (N=1,521)

CBBGG (N=175)

Unstandardized Standardized Sig. Unstandardized Standardized Sig
B St. E. b t p B St. E: b t p
22.86 2.34 9.76 0.00 26.49 6.93 3.82 0.00
5.32 1.40 0.15 3.81 0.00 3.44 2.65 0.10 1.30 0.20
6.43 1.49 0.18 4.31 0.00 6.31 4.45 0.11 1.42 0.16
2.95 0.47 0.17 6.30 0.00 2.28 1.32 0.12 1.73 0.09
1.37 0.51 0.08 2.70 0.01 0.16 1.60 0.01 0.10 0.92
2.57 0.48 0.15 5.30 0.00 1.63 1.48 0.09 1.10 0.27
2.63 1.84 0.05 1.43 0.15 13.09 5.91 0.24 221 0.03
4.15 1.56 0.1% 2.66 0.01 6.97 5.17 0.20 1.35 0.18
3.36 1.46 0.09 2.31 0.02 10.51 5.22 0.25 2.01 0.05
1.58 1.47 0.04 1.08 0.28 2.54 5.22 0.06 0.49 0.63
3.89 1.70 0.08 2.29 0.02 8.01 5.01 0.15 1.60 0.11
3.32 1.48 0.08 2.25 0.02 9.07 4.40 0.21 2.06 0.04
3.59 1.30 0410 2.76 0.01 10.04 4.05 0.28 2.48 0.01
-0.30 1.36 -0.01 -0.22 0.83 0.40 4.36 0.01 0.09 0.93
-6.32 1.06 -0.15 -5.95 0.00 -6.31 3.19 -0.15 —-1.98 0.05
—7.68 1.09 -0.18 -7.04 0.00 -6.04 3.22 -0.14 -1.87 0.06
-1119 _ 166 -0.17 -6.75 0.00 —-1953 424 -0.34 -4.61 0.00
29% 36%

Note. ®Reference category: Math level Jow;2Reference category: Very low motivation; ¢ Reference category: Very low time management; 9 Reference category: Full positive
advice of teacher board; GPA: Grade-Roint’/Average.
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Table 5

Mean proportion credits obtained (Study Efficiency, SE) and proportion of students with a SE below 30%
in function of the advice given by the teacher board at the end of secondary school

Descriptives Achievement
N % Mean SE  StDev.  ioportion
SE <30%
Full positive advice 776 51% 67% 29% 13%
Partially positive advice 322 21% 46% 29% 34%
No advice received 303 20% 45% 32% 38%
Negative advice 113 8% 31% 28% 59%

Note. Statistical difference were tested using ANOVA. F (3, 1435) = 83.34, p<.001;
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Figure 1a. Math level of incoming students in the different STEM study programs
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Figure 1b. Mean% credits obtained at the end of the first year in function of the math level of incoming
students in the nt STEM study programmes (Differences tested using ANOVA analysis, ** p < .01; *
p < .05)
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Figure 2. Proportion of students with a Study Efficiency (SE) below 30% or who dropped out as a function of the prior math level and math GPA in secondary
school (N=444)
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