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Prior knowledge in mathematics and study success in engineering:
informational value of learner data collected from a web-based
pre-course
Katja Derra, Reinhold Hübla and Mohammed Zaki Ahmedb

aOptes Project, Baden-Wuerttemberg Cooperative State University Mannheim, Mannheim, Germany; bSchool of
Computing, Electronics and Mathematics, Faculty of Science & Engineering, Plymouth University, Plymouth, UK

ABSTRACT
The article describes the development and evaluation of a web-based pre-
course in mathematics, delivered to four cohorts of engineering students
at a German university. Based on demographic, personal, and learning-
related data relationships between students’ preconditions, their
learning gains in the pre-course, and study success in the degree
programme were analysed. The results support the existing literature in
that domain-related prior knowledge and secondary school achievement
play a dominant role regarding study success in engineering. The
analyses also showed that the influence of cognitive predictors could
only be compensated for by a strong learner engagement. At-risk
students with high pre-course learning gains showed significantly better
first-year performance. The number of self-tests a student attempted
was positively related to pre-course learning gains and even to first-year
performance, suggesting that this variable is a good indicator of student
engagement.
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1. Introduction and background

One major characteristic of the transition from secondary to tertiary education today is a high het-
erogeneity in students’ basic skills and knowledge. Particularly in mathematics, many first-year stu-
dents have considerable gaps; this even applies to freshmen in STEM subjects. Long-term
observations of first-year students’ knowledge suggest increasing deficits in techniques like rearrang-
ing fractions, the application of power and logarithm rules, or the identification of basic functions
(Crowther, Thompson, and Cullingford 1997; Lawson 2000; Faulkner, Hannigan, and Gill 2010). The
‘mathematics problem’ was first addressed in 1995 in the United Kingdom (Howson et al. 1995)
but has been subject to discussion in other European countries as well (e.g. Engineering Council
2000). The ‘decline’, or increase in heterogeneity, may to some extent be related to a growing
number of students entering tertiary education (HEFCE 2013). In Germany, for example, the rate of
students proceeding to university has grown from 34% in 2000 to 58% in 2014 (see report Federal
Statistical Office 2016). The differing knowledge levels of German students have also been ascribed
to different types of secondary schools and an increase of ‘non-traditional’ students (Polaczek and
Henn 2008), to differing populations and educational policies in German federal states (Pant et al.
2013), and to a revised secondary school curriculum (Knospe 2011).

From a student’s point of view, knowledge gaps in mathematics can be considered a risk factor
regarding study success. To close secondary school gaps and at the same time keep up with an
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already demanding schedule puts a high strain on their first year at university. Accordingly, the
demand for preparatory and bridging courses in mathematics has grown considerably; today,
nearly all science and engineering faculties in Germany (and a growing number of business faculties)
provide additional mathematics support (Bargel 2015).

In this article, data collected from a web-based pre-course in mathematics administered to four
cohorts of prospective engineering students at Baden-Wuerttemberg Cooperative State University
(DHBW) Mannheim are reported. Prior achievement, results in a pre-test in mathematics, pre-
course learning gains, and a set of demographic and personal data were analysed regarding their
impact on subsequent achievement.

1.1. Predictors of study success

Factors influencing academic achievement have been investigated comprehensively in educational
psychology. Amid the digitalisation process in higher education, there also has been a growing inter-
est in learning analytics. Educational data are harvested in order to identify students who are at risk to
fail their courses and to suggest interventions at an early stage (Huang and Fang 2013; Marbouti,
Diefes-Dux, and Strobel 2015; Sclater, Peasgood, and Mullan 2016).

It is generally agreed upon that secondary and tertiary achievement are strongly related to each
other (Harackiewicz et al. 2002; Kuncel and Hezlett 2007; Trapmann et al. 2007). Secondary school
grades (leaving certificates, GCSE, or grade point average, GPA), for example, have been found
valid predictors of tertiary GPA and of student retention in general, and in particular in STEM subjects
(Hell, Linsner, and Kurz 2008; Kokkelenberg and Sinha 2010; Söderlind and Geschwind 2017). For stu-
dents with a high level of domain-related prior knowledge, it comes easier to acquire new knowl-
edge; thus, in technical degree programmes, mathematics grades (Faulkner, Hannigan, and Gill
2010; Hall et al. 2015) or mathematics placement test scores have also been found predictive of
later study success (Zhang et al. 2004; Ehrenberg 2010; Faulkner, Hannigan, and Gill 2010; Greefrath,
Koepf, and Neugebauer 2016). The literature also suggests a higher risk for students who attended a
vocational school and for students with non-traditional backgrounds (Faulkner, Hannigan, and Fitz-
maurice 2014; van Soom, Donche, and Costa 2014).

Although a dominant influence of cognitive variables can be stated, affective and metacognitive
variables are considered influential, as well. Students’ attitudes towards a subject are likely to impact
their motivation to learn. It also could be shown that attitudes correlate with students’ confidence
and self-beliefs (Pintrich and de Groot 1990; Meyer and Eley 1999). Methodologically, it has been
found difficult to separate cognitive and motivational variables as students with a high level of
prior knowledge are also more likely to have positive attitudes towards learning and to be efficient
self-regulated learners.

In a multiple analysis on academic achievement in STEM, Ackerman, Kanfer, and Beier (2013) com-
pared the impact of performance-related variables and a set of non-traditional trait complexes (per-
sonality, motivation, self-regulation, self-concept, self-estimates of ability). With an isolated R2 of .21,
mathematics placement test results had a particularly strong influence on tertiary GPA, whereas trait
complexes in isolation accounted for 5–8%. With the complete model, 40% of the variance in cumu-
lated GPA could be explained. Out of the five trait complexes, students’ self-concepts in mathematics
(their self-confidence and attitudes towards the subject) and their ability to master and organise
learning most strongly contributed to predicting achievement in STEM.

Thus affective and metacognitive factors are likely to contribute to predictor models, but seldom
outperform cognitive or school-related variables (Hailikari, Nevgi, and Komulainen 2008; Richardson,
Abraham, and Bond 2012; Rach and Heinze 2017). To some extent, this effect may be ascribed to
the difficulty to model non-traditional variables in a linear manner (Eley and Meyer 2004; Robbins
et al. 2004). It also should be pointed out that even in strong models, a lot of variance remains unac-
counted for; this particularly applies to the prediction of student withdrawal which is usually influenced
by a multitude of factors (Besterfield-Sacre, Atman, and Shuman 1997; Heublein and Wolter 2011).
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1.2. Study interest

(1) Based on the literature, a strong correlation between prior performance, domain-related prior
knowledge, and study success in engineering is assumed. Can these relationships be reproduced
with the data collected for this study and can we identify at-risk students?

(2) Which of the variables collected from the learning management system (LMS) deliver meaningful
and consistent results? Which factors are most influential regarding learning gains of the at-risk
group?

(3) Can pre-course data be related to study success in engineering? Did pre-course participation
improve at-risk students’ starting position?

2. Method

2.1. Project background

The study was conducted at the school of technology at DHBW Mannheim. The analyses reported in
this article are based on data collected from four cohorts (first-year students 2011–2014; N = 2967)
enrolled in five technical degree programmes (computer science, electrical engineering, mechanical
engineering, mechatronics, and industrial engineering). Note that in this period of time, there was a
school reform in some German federal states; secondary education was reduced from nine to eight
years, resulting in higher numbers of students in 2012 and 2013.

For the analyses, pre-course learner data (test results, questionnaire responses, and log files) and
data collected from the university’s administration were available. In the privacy statement, stu-
dents were informed on the background of the study and that all data would be anonymised for
evaluation.

The first three years of the study were used to develop, evaluate, and modify the pre-course pro-
gramme (see Derr, Hübl, and Ahmed 2015). In this paper, the focus will be on the pre-course results
of the cohort of 2014 who participated in the revised programme as described in the following
section.

2.2. Pre-course design

2.2.1. Diagnostic pre-test in mathematics
The e-learning environment may be accessed in June. Pre-course participation is not mandatory but
via the university’s homepage and mailing lists, students are encouraged to (at the least) test their
mathematics knowledge. The two-hour diagnostic self-test covers 10 mathematical fields (from Arith-
metic to Vectors), each addressed by a set of items (total: 77 test items).

2.2.2. Learning modules
After submitting the test, students receive a diagnostic feedback, suggesting learning contents if
test results in a mathematical field are below 50%. Six out of the 10 learning modules cover the
basic mathematics school curriculum and can be regarded as repetition (1 Arithmetic; 2 Equations;
3 Powers, roots, and logarithms; 4 Functions; 5 Geometry; and 6 Trigonometry), whereas 4 optional
learning modules are only suggested for students who feel confident in the basic curriculum (Real
numbers, Vectors, Continuous functions) or for students enrolled in computer science (Logic) (see
also recommendations by SEFI Mathematics Working Group 2013; COSH 2014). The web-based
learning contents provide texts, graphs, animations and videos, examples, and exercises. At the
end of each module, students can take a subject-related self-assessment, consisting of 10–15 ran-
domised items. Feedback to this test comprises a general feedback and detailed solutions for every
problem.
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2.2.3. Additional support
Students who want additional support may enrol in week-long on-campus courses or a one-month
e-tutoring course in September. All students have access to the same web-based learning material,
but in the e-tutoring course, the learning process is structured and monitored by mathematics lec-
turers. The e-tutors help students to organise their learning, encourage them to discuss mathematical
problems with peers, and give feedback to weekly uploaded exercise sheets.

2.2.4. Post-test
The post-test is taken at the university’s computer laboratories during the induction week. Both pre-
and post-test items address the above-mentioned mathematical fields and are on the same difficulty
level, but the post-test is much shorter (40 items and 1 hour time limit). The gain score, or difference
between post-test and pre-test results, is interpreted as a measure of learning outcome. Note that the
pre–post-test design underwent a thorough revision process from 2011 to 2013. Based on these
cohorts’ test results, item analyses were performed that helped to identify outlying or unfit items
(for details, see Derr, Hübl, and Ahmed 2015). Pre–post-test similarity was established by comparing
pre-test results with post-test results of students that had neither participated in the pre-test nor in
the pre-course.

2.3. Data collection

2.3.1. Dependent variables (study success)
Cumulated GPA at the end of the degree programme and the dichotomous variable retention (gradu-
ation = 1, withdrawal = 0) were available for the cohorts 2011 to 2013. In addition, the examination
Mathematics I was identified as a first-year indicator of study success. In correlation analyses with
final GPA, it outperformed all other first-year exams (2011: r = .62, n = 660; 2012: r = .62, n = 776;
2013: r = .70, n = 665; p < .01). By comparison, the exam Construction I (mechanical engineering)
had a correlation coefficient between r = .34 and .36, whereas Physics had a correlation coefficient
of r = .57. A simple linear regression model using Mathematics I as a predictor of GPA was also sig-
nificant (p < .01) and explained up to 43% of the variance in GPA.

Mathematics I was also significantly related to retention in a binary logistic regression (p < .01),
suggesting that students with poor performance in this exam were more likely to withdraw from
the degree programme. This estimation generated many outlying values; thus, the model was less
reliable than the linear regression with GPA. However, compared to other first-year exams, Mathemat-
ics I showed the strongest relation to overall study success and was considered a good early predictor
of study success in engineering. This confirmed that Mathematics I could be used as dependent vari-
able in the 2014 analyses.

2.3.2. Independent variables (=preconditions)
Altogether eight independent variables describing students’ preconditions when entering university
were collected: demographic information (gender, age, gap between secondary and tertiary edu-
cation, and state of origin), school-related variables (type of secondary school, secondary school
GPA, and mathematics grades), and prior knowledge in mathematics (diagnostic pre-test results in
per cent). It was hypothesised that all performance-related measures would strongly correlate with
the dependent variables Mathematics I, cumulated GPA, and graduation (Figure 1).

Learning gains in the pre-course were represented by the difference between pre-test and post-
test results. It was expected that pre-course participation would positively affect this gain score and
that a high student engagement would correlate with this score.

It also was assumed that affective variables like attitude towards mathematics and mathematics
learning would be influential; these were measured by two subscales from the ‘Trends in International
Mathematics and Science Study’. In the TIMSS subscale, ‘liking mathematics’ students’ feelings

4 K. DERR ET AL.



towards the subject are addressed, for example ‘I am interested in mathematics’ or ‘I like learning
mathematics’. The subscale ‘self-confidence in learning mathematics’ is represented by items like ‘I
learn things quickly in mathematics’ (Kadijevich 2006, 41f; Mullis et al. 2012, 333f).

A second Likert scale was administered at the end of the pre-course, referring to students’ use of
learning strategies. The LIST inventory (Schiefele andWild 1994) is a German adaptation of the ‘Motiv-
ated Strategies for Learning Questionnaire MSLQ’ (Pintrich et al. 1991). Seven items from the subsets
‘Cognitive and metacognitive Strategies’ and ‘Resource management strategies’ were revised to
address pre-course participants’ use of learning strategies (for example ‘I always followed a certain
learning schedule’ from the subscale ‘Time and study environment’).

Students’ effort and engagement in the learning process were also represented by self-reports and LMS
log files: In the evaluation questionnaire, students answered howmany learningmodules they had studied
and howmuch time per week they had learned. The log files informed on the number of learning module
page views, the number of test attempts (randomised self-tests provided at the end of each module), and
the number of forum posts (in the e-tutoring course). A proficient use of learning strategies and a high level
of learner activity was expected to result in higher learning gains in the pre-course.

2.4. Sample

In 2014, 84% of all first-year engineering students took both tests (diagnostic pre-test and post-test).
For the analysis, these students were ascribed to the group of ‘pre-course participants’, regardless of
their level of learning activity. About a third of all pre-course participants chose to enrol in at least one
additional programme. One hundred and nineteen students participated in a week-long face-to-face
course, and 113 students completed the one-month e-tutoring course with a certificate (attrition rate
in this course was 14%). A group of 28 students attended both additional programmes.

The answer rate of the demographic questionnaire was close to 100% as these items were
administered together with the pre-test. Evaluation answer rates were much lower; in the group of
e-tutoring participants, 60% answered this questionnaire, but when looking at the whole group of
pre-course participants, the answer rate was only 34%.

Of all first-year students, 98% participated in the post-test that was taken at the university’s com-
puter labs during induction week. For the regression analysis, data from 674 students who took the
first-year examination Mathematics I six months later were available (Table 1).

2.5. Limitations

E-learning environments have made course evaluation easier in many ways, with a multitude of
learner data available for analysis. But not all collected data may deliver meaningful results. In

Figure 1. Overview of collected variables: preconditions, pre-course participation, and study success.
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distance education, learner commitment has been found less consistent and students more often
drop out, even after initially high interest (Smith and Ferguson 2005; Street 2010; Ashby, Sadera,
and Mcnary 2011), an effect particularly observed in open access courses (Pappano 2012). Answer
rates in web-based evaluations are often lower, making it difficult to identify reasons for withdrawal
(Cook, Heath, and Thompson 2000; Fan and Yan 2010).

In this study, only online or self-reported learner behaviour could be monitored. Thus, students
who chose to study with the help of peers, textbooks, or other resources and did not answer the
evaluation had the same ‘effort’ scores as students who eventually did nothing.

It also should be considered that no randomised groups could be used. Due to ethical and organ-
isational reasons, students were free to self-enrol in the different additional course programmes. As
learner behaviour is likely to be related to performance measures, a bias will have to be accounted for
in all interpretations.

Finally, it might also be discussed if graduation, cumulated GPA, or examination results are exhaus-
tive measures of study success. For reasons of comparability, it seemed appropriate to use these
widespread performance measures (Robbins et al. 2004, 262) although alternative approaches to
measuring ‘success’ in an engineering degree programme are certainly conceivable.

3. Results

The results are reported alongside the three guiding questions (Section 1.2).

3.1. Basic model: students’ preconditions and study success

Linear and binary logistic regression analyses verified the assumptions made in Section 1.1. The two
variables secondary school GPA and diagnostic pre-test results showed the strongest and most con-
sistent impact on first- and final-year academic achievement, as well as graduation/withdrawal.
Whereas secondary school GPA showed a stronger relation to overall study success, pre-test
results had a stronger impact on first-year achievement: this variable alone accounted for 21% of
the variance in Mathematics I.

According to the 2014 estimation, each increase in secondary school GPA (plus 1) was related to
an increase in Mathematics I of plus .44. A step up in pre-test results (in per cent) was related to an
increase in Mathematics I grades of .025. Thus, students with a pre-test mean score of 40 were pre-
dicted Mathematics I grades .5 above those of similar students with a pre-test mean score of 20. (Note
that in Germany, GPA and Mathematics I grades range on a linear scale from 1 to 5; see also Table 5,
model 1).

The type of secondary school attended was also found as an important factor, suggesting signifi-
cantly poorer performance for students from vocational schools and for students with non-traditional
backgrounds (Faulkner, Hannigan, and Fitzmaurice 2014; van Soom, Donche, and Costa 2014).

Table 1. Pre-course participation, collected data, and first-year students in 2014.

N

Pre-course participants (=pre-test and post-test participation) 603
Questionnaire I: personal and attitude scales 593
Self-study 386
+ E-tutoring course 85
+ Face-to-face course 91
+ E-tutoring and face-to-face course 28
Questionnaire II: evaluation and learning strategies scales 200
Enrolled students 722
Post-test 708
Post-test only 105

First-year performance (Mathematics I) 674
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Mathematics grades at school were also related to Mathematics I, but in the multiple model, this vari-
able showed less powerful results than expected (Zhang et al. 2004; Ehrenberg 2010; Faulkner, Han-
nigan, and Gill 2010). As pre-test results are also a measure of domain-related prior knowledge, they
may have overpowered the impact of grades when added to the model.

Interactions between variables were identified for gender, age, and educational background.
Female students, for example, often showed better first-year performance than male students, and
in some models, this effect was significant. A descriptive analysis showed that women more often
had traditional educational backgrounds and good or very good secondary school grades than
male students. After controlling for these interactions, gender was no longer influential. In the litera-
ture, investigations of the relation between gender and performance in mathematics or science have
led to mixed results (Zhang et al. 2004; Xie and Shauman 2005; Johnson and Kuennen 2006; Richard-
son, Abraham, and Bond 2012; Faulkner, Hannigan, and Fitzmaurice 2014). As female students are
underrepresented in engineering courses (in this study, the average rate was 12%), it is generally dif-
ficult to separate the influence of gender on academic achievement in engineering (Ackerman,
Kanfer, and Beier 2013).

Inconsistent observations were made regarding students’ age, with respect to the length of the
gap between secondary and tertiary education. Younger students, on average, showed higher
first-year performance, and the risk to withdraw appeared to increase with age. Again, these
results were moderated by cognitive variables, as traditional students usually are younger than stu-
dents with a non-traditional background. There also were some heteroscedasticity issues as the
majority of students were between 18 and 21 years old, whereas in the much smaller group of
older students, the data set was very heterogeneous (ranging from 22 to 49 years of age). It can
be drawn from our data that older students tend to withdraw more quickly if they are facing perform-
ance issues, but beyond this very weak trend, age appeared to be unrelated to study success.

Some effects were caused by the federal state in which secondary school was attended,
suggesting that some of the changes to secondary education in Germany negatively influenced
student performance (see also Knospe 2011; Greefrath, Koepf, and Neugebauer 2016). However,
with a high interaction with other school-related preconditions, these effects are relatively weak
and might as well be found irrelevant in the further course of the project.

Overall, up to 37% of the variance in Mathematics I and up to 36% of the variance in cumulated
GPA could be accounted for by multiple linear regressions. Table 2 shows an overview of the different
estimations and the variables that showed a significant contribution. Binary logistic regression with
the dichotomous variable retention showed similar relations as the linear regression models, with
varying power of secondary school GPA and pre-test results. Although the regression model was sig-
nificant (p < .01) it also was too weak to predict drop-outs, suggesting that student withdrawal only to

Table 2. Regression analyses results: significant factors in relation to dependent variables Mathematics I (cohorts 2011–2014),
cumulated GPA at the end of the degree programme, and retention (2011–2013).

Mathematics I Cum. GPA Retention

11 12 13 14 11 12 13 11 12 13

n 383 524 482 465 368 522 479 377 533 496
Preconditions:
Gender *
Age *
Gap school / university * * * * * *
Federal state * * * *
Type of school * * * * * * *
Mathematics grades at school * *
Secondary school GPA * * * * * * * * *
Diagnostic pre-test result (%) * * * * * * *
R2 .25 .26 .37 .33 .31 .33 .36 .24 .24 .21

*p < .01.
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some extent can be described by this data set and probably is affected by a more complex combi-
nation of factors (Robbins et al. 2004; Zhang et al. 2004).

These outcomes mirror the literature on academic achievement in engineering, with very stable
relations between school performance, prior knowledge level, and success in MINT-related subjects
(Budny, LeBold, and Bjedov 1998; Zhang et al. 2004; Kokkelenberg and Sinha 2010; Faulkner, Hanni-
gan, and Fitzmaurice 2014; van Soom, Donche, and Costa 2014). It can be concluded from these ana-
lyses that poor values in any of the achievement-related variables, and particularly in secondary
school GPA and diagnostic pre-test results, are a risk factor regarding tertiary achievement.

3.2. Pre-course learning gains

After having verified the importance of mathematics prior knowledge level for study success in the
engineering programme, factors influencing learning gains in the pre-course were investigated. Ana-
lyses of variance were performed for each variable on pre-test results and gain score.

In 2014, the 603 students who participated in both tests achieved an average pre-test score of 49.7
(standard deviation = 16.0) and an average post-test score of 55.2 (stand. dev. = 17.5). By comparison,
students who had not participated in the pre-test achieved a post-test mean score of 47.3 (n = 105;
stand. dev. = 18.2). In both samples, variance was rather high, with results ranging from 7% to 98%.
The gain score, as well, had a large variance with a maximum of plus 61.8 and a minimum (negative)
gain score of −37.5. Thus, only 50% (n = 302) obtained a gain score of plus 5 or more, while 186 stu-
dents had no gains (gain score between +5 and −5) and 115 students had a negative gain score (less
than −5).

3.2.1. Course type
Students who participated in an additional programme had below-average pre-test results (mean
score = 45.3; n = 204) and an average post-test result of 50.9. In this group, pre–post-test difference
was significantly affected by the type of course a student chose to attend. Face-to-face course par-
ticipants, on average, had a gain score of 3.6 (n = 91), whereas students who completed the e-tutoring
course had an average gain score of 6.7 (n = 85). The highest learning gains were achieved by stu-
dents who had participated in both course types, e-tutoring and face-to-face, with an average
gain score of 9.1 (n = 28, pre-test mean score = 44.2; post-test mean score = 53.3).

It can be seen from Table 3 that in the face-to-face group, pre-test results were even poorer than in
the e-tutoring course. Looking at the demographic data, it also seemed that the face-to-face course
had been preferred by non-traditional students. Although these between-group differences were not
significant, it may be hypothesised that students’ preconditions and preferences had an additional
influence on the learning outcomes of the face-to-face group.

3.2.2. Affective and metacognitive variables
It had been hypothesised that mathematics attitude items would correlate with each other, which
they did, thus replicating existing results that suggest relations between mathematics liking and
mathematics self-confidence (Parsons, Croft, and Harrison 2009). Significant relations with pre-test
results were also found for nearly all attitude items, suggesting that a positive attitude towards math-
ematics is related to a higher level of prior knowledge. A critical point were the often skewed

Table 3. Pre- and post-test results 2014: complete data set in comparison to chosen pre-course type (n = 603).

Participants both tests Self-study Face-to-face E-tutoring Face-to-face + e-tutoring

n 603 386 91 85 28
Pre-test (%) 49.7 52.4 43.6 47.5 44.2
Post-test (%) 55.2 57.9 47.2 54.2 53.3
gain score 5.5 5.5 3.5 6.7 9.1
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distributions: participants more often expressed positive attitudes towards mathematics, or felt reluc-
tant to express negative attitudes, leading to small case numbers. For example, only 13% (n = 77) of
first-year students were on the negative side of the statement ‘I enjoy learning mathematics’ (strongly
disagree: n = 15; disagree: n = 62), whereas 63% agreed (n = 277) or strongly agreed (n = 89). An
impact of these scales on gain score could not be observed; particularly in the group of at-risk stu-
dents, a positive attitude was unrelated to learning outcomes. Two interpretations may be drawn
from these results: First of all, engineering students in this study showed very positive attitudes
towards mathematics, suggesting that they were well aware of the important role the subject
plays in their chosen degree programme. In this context, it also can be hypothesised that students’
answers were influenced by social desirability. Very high levels of mathematics liking and confidence,
however, were mainly observed for students with a high level of prior knowledge, suggesting that
attitudes are more strongly attached to students’ preconditions than to their actual learning situation.

Non-normal distributions were also observed for the learning strategies scale. Four items addres-
sing a proficient use of learning strategies were significantly related to each other, and to pre-test
results, indicating that students able to manage their learning process had a higher level of prior
knowledge in mathematics, as well. However, these relations were never linear, so that these vari-
ables only allowed to differentiate between (very good) students who ‘strongly agreed’ to an item
like ‘I usually managed to keep to my schedule’ (n = 43; pre-test mean scores = 58.6) and the rest
of the sample. Thus, the assumption that high levels in the learning strategies scales would be
related to high learning gains could not be confirmed. Particularly in the at-risk group, these items
were more or less unrelated to gains.

3.2.3. Effort
Students’ self-reports as well as LMS log files were analysed for the measurement of effort. In the
evaluation questionnaire, students had answered how many learning modules they had worked
through, how many hours per week they had studied, and how they estimated their overall engage-
ment (Likert-scaled item ‘I invested a lot of time into the study preparation’). Analysis of variance
showed that students who scored high on these items also showed higher learning gains. The
ANOVA, however, was not significant for these variables, with large within-group variation.

The page view count drawn from the LMS database, as well, failed to deliver significant results. Out
of the existing 684 learning module pages, the average student visited 240 pages (the median was
121). Students with 0–10 page views showed poorer gains than the rest of the sample, but otherwise
this variable did not significantly explain achievement in the pre-course. Similarly, the number of
forum posts in the e-tutoring course was unrelated to learning gains. The e-tutoring groups were
highly heterogeneous regarding communication preferences, and the case numbers were too
small for statistical interpretation. Analysis of single cases, as well, did not suggest that a high (or
low) number of forum posts were related to achievement.

Finally, the number of self-tests per student were analysed. Each learning module provided a final
self-assessment, consisting of 10–15 randomised items (thus with each test attempt new items were
presented and the number of attempts was unlimited). The highest number of test attempts was 83,
but only a minority took more than 10 tests. Transformed to a five-step ordinal variable, with ‘no test
attempts’, ‘1–5 attempts’, ‘6–10 attempts’, ‘11–20 attempts’, and ‘21 and more attempts’, this variable
significantly differentiated between higher/lower achievement in the pre-course (see Table 4). Stu-
dents with no test attempts had the poorest learning gains (gain score = 3.8), and students with
21 and more attempts had an average gain score of 12.0 (p < .01).

These results suggest that the number of test attempts is a reliable indicator of students’ effort, at
least in the domain of mathematics. Macfadyen and Dawson (2010) reported similar results for a
biology course – and an even stronger impact of the total number of forum posts, an effect that
could not be confirmed by this study. The results also support the view that study time or number
of page views are less reliable indicators of student engagement in e-learning environments
(Samson 2015).
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3.3. Complete model: pre-course participation and study success

Assuming poor pre-test results being a risk factor, pre-course learning gains were expected to reduce
this risk. Thus, the gain score was added to the basic model (as described in Section 3.1 and in Table 5,
model 2). The gain score significantly contributed to explaining Mathematics I achievement (B coeffi-
cient gain score = .014; see Table 5, model 2). Compared to the dominant role of prior knowledge, this
effect was not very strong; thus, a noticeable change in Mathematics I was only predicted for students
with very high learning gains. For example, a student with a gain score of 20 was predicted an
increase in Mathematics I grades by .28, compared to a similar student with a gain score of 0
(Note that test scores ranged from 0 to 100 and that Mathematics I grades ranged from 1 to 5).

Finally, variables related to pre-course participation were added to the multiple model. The two
scales, students’ attitudes towards the subject as well as use of learning strategies, had shown
skewed or non-linear distributions and thus were excluded from the regression analysis.

The course type a student participated in was not significantly related to performance in Math-
ematics I. As mainly students with a relatively poor pre-test result participated in an additional
course, the impact of this variable was apparently not strong enough to overpower the variables
related to prior knowledge. Self-reported study time as well as page view count were unrelated to
Mathematics I. In this model, only the number of pre-course test attempts showed a significant con-
tribution (see Table 5, model 2). Even if the effect is relatively small, the results show that high levels
of pre-course participation are still visible in the Mathematics I examination which is taken several
months later. Table 5 gives a summary of the changes in variance explained (R2) when gain score
and effort (model 2) were added to the basic model 1.

As a final analysis, it was investigated if the group of students who had not participated in the pre-
test or the pre-course programme (n = 105) differed in their Mathematics I results. The multiple model
suggested significantly poorer first-year performance for non-participants, leading to a difference of
−.5 in Mathematics I grades (p < .01). Similar effects could be observed for the previous cohorts
(2011–2014; see Table 6). Accordingly, it could be observed that students who had not participated
in the pre-course more often failed this exam (note that in this data set, ‘failure’means grades above

Table 4. Pre- and post-test results 2014: complete data set in comparison to number of test attempts (n = 603).

Participants both tests No test attempts 1–5 attempts 6–10 attempts 11–20 attempts ≥21 attempts

n 603 296 167 55 60 25
Pre-test (%) 49.7 50.2 48.2 52.0 49.9 49.0
Post-test (%) 55.2 54.0 53.7 57.2 60.4 61.0
Gain score 5.5 3.8 5.6 5.3 10.5 12.0

Table 5. Summary of hierarchical regression analysis for variables predicting Mathematics I (n = 465).

Model 1 Model 2

B SE B β B SE B β

Gender .14 .12 .05 .08 .12 .03
Age .03 .05 .06 .04 .04 .07
Gap school/university −.04 .06 −.04 −.07 .06 −.09
Federal statea .47 .15 .14** .32 .15 .10*
Type of school .19 .16 .09 .15 .15 .07
Mathematics grades .00 .15 .00 −.07 .14 −.03
Secondary school GPA .44 .10 .23** .43 .10 .23**
Diagnostic pre-test result (%) .03 .00 .40** .03 .00 .43**
Gain Score .01 .00 .14**
Number of test attempts .02 .01 .11*
R2 .33 .36

Note: Model 1: students’ preconditions when entering university; Model 2: gain score and number of test attempts added.
B: unstandardised regression coefficient; SE B: standard error; β: standardised regression coefficient; significance levels
aFederal state Baden-Wuerttemberg = baseline.
*p < .05; **p < .01.
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4.0 after one resit and one oral examination). There was an overall increase in Mathematics I failures
from 2011 to 2014, which particularly showed in the group of non-participants.

The effectiveness of the pre-course thus could be established, considering the above-men-
tioned limitations. Descriptive analyses suggested that the rate of at-risk students in the post-
test-only group was slightly higher, with more students having attended vocational schools
and a higher rate of medium to poor school grades. These differences were not significant,
with a high variance and a considerable number of very high performing students. However, it
may be hypothesised that students who take the diagnostic pre-test and participate in the pre-
course already show a higher interest in their degree programme, which might result in better
first-year performance.

4. Discussion

Major assumptions regarding relations between prior achievement, domain-related prior knowledge,
and study success in engineering could be reproduced in this study (Zhang et al. 2004; Hell, Linsner,
and Kurz 2008; Ackerman, Kanfer, and Beier 2013; Hall et al. 2015). In a multiple model secondary
school, GPA and results in the mathematics pre-test were found to be the strongest predictors of
first- and final-year achievement. The type of secondary school was also found to be a significant
factor, putting students from vocational schools and students with non-traditional backgrounds at
a disadvantage. Other variables, like gender, age, or German federal state, were repeatedly found
to interact with school-related and cognitive variables. After controlling for these interferences,
demographic variables were no longer significantly related to study success.

After having confirmed the assumption that gaps in basic mathematics knowledge significantly
affect students’ chances to succeed, it was investigated if pre-course participation would improve
these chances. The analyses revealed significantly higher first-year performance in mathematics
for students who participated in the pre-course than for students who did not. Over a period of
four years, this accounted for up to .5 grades in the Mathematics I exam. Given the lack of randomis-
ation and an overall high variance, these outcomes should not be overrated; pre-course participation
not necessarily led to good first-year performance. However, non-participation certainly added to the
risk of students with poor prior knowledge.

Some of the results in this study demand further analyses, for example the considerable number of
students who obtained only small or even negative gain scores. Many students probably did not
study a lot, as suggested by the log file analyses. Others, however, were unable to benefit from
pre-course participation in spite of their learning activities. It is hypothesised that some students’
knowledge gaps were too broad or too fundamental to be adequately addressed by a relatively
short and compact pre-course. At the moment, we are analysing a follow-up interview study that
explores the student perspective more deeply.

Further research may also be needed to better understand the questionnaire answer patterns. The
attitude scales, for example, showed that prior achievement correlated with students’ attitude
towards mathematics: students with a high level of prior knowledge more often expressed very posi-
tive attitudes towards learning mathematics. In the group of poor performing students, however, the
results were less consistent. While the majority of students’ expressed a positive view, their learning

Table 6. Mathematics 1 results 2011–2014, pre-course participants vs. non-participants.

Mathematics I failure rate Mathematics I gradesa

2011 2012 2013 2014 2011 2012 2013 2014

Non-participation 5.1 8.7 10.2 11.7 2.8 3.1 3.0 3.3
Participation 2.5 2.6 4.8 3.0 2.6 2.6 2.8 2.8
Total 3.2 3.8 5.6 4.1 2.7 2.7 2.8 2.8
aAverage grades, measured on a linear scale from 1 (=A) to 5, an exam graded >4.0 is failed.

EUROPEAN JOURNAL OF ENGINEERING EDUCATION 11



gains were unrelated to their attitudes towards the subject. The scales thus failed to differentiate
between successful and less successful pre-course participation of the at-risk group.

Relatively strong learning gains (post–pre-test difference) were observed for students who had
attended an additional e-tutoring programme. This group outperformed face-to-face participants,
an effect to some extent caused by differences in course duration and concept. It also was not poss-
ible to eliminate the bias caused by self-enrolment. However, it could be observed that the majority
of face-to-face students did not engage in online learning activities. These observations are interest-
ing in the light of the analyses of pre-course learner behaviour. The only non-moderated and signifi-
cant factor regarding learning gains was the number of online test attempts. This variable not only
correlated with pre-course learning gains but showed a visible effect on first-year performance in
mathematics, as well. Positive, but non-significant influence on learning gains were found for
study time, number of learning modules, or self-perceived effort, whereas the number of page
visits in the e-learning environment was completely unrelated to learning gains. There remain
open questions regarding the low impact of items addressing the use of learning strategies. Leder-
müller and Fallmann (2017), as well, were unable to find a mediating effect of learning strategies
scales on achievement. In their study on learner behaviour of accounting and management students,
only prior knowledge and number of online self-tests significantly affected the exam score at the end
of the course. In that context, it has been discussed if self-reports are an adequate approach to
measuring learning strategy use (Winne and Jamieson-Noel 2002; Greene and Azevedo 2010).
High performing students may find it easier to answer metacognitive items (Case 2004), and they
also are more likely to answer them consistently (Thiessen and Blasius 2008). Alternative approaches
have been suggested, for example using e-portfolios for more comprehensive monitoring of learning
activities. But working with such tools demands time, effort, and conscientiousness and can be con-
sidered a metacognitive strategy in itself (Zimmerman et al. 2011). Future research will show if more
advanced learning analytics tools provide more consistent observations of learner behaviour (Gibson
and Ifenthaler 2017). Such technical solutions might also solve issues of non-response or social desir-
ability. In this study, it could only be hypothesised why students did not answer the evaluation, a
question that will have to be addressed in further qualitative analyses.

Concluding, what implications for the design of pre-courses in mathematics can be made based
on this study? First, it could be shown that entering students’ mathematical skills indeed are hetero-
geneous in many ways. The average pre-test results of non-traditional students, for example, were
significantly poorer than those of traditional students, but in both groups there was a very large var-
iance. Knowledge gaps could be observed in all ten mathematical areas, and our results did not indi-
cate that some were more relevant for study success in engineering than others. It is suggested that
either ‘basic knowledge in mathematics’ is a more general concept that cannot be narrowed down to
certain topics – or that our instruments lacked the accuracy to clearly differentiate between the ten
knowledge areas.

Second, formative self-assessment could be identified as an effective learning strategy in the
context of knowledge re-activation, basic skill training and consolidation. Engaging in self-tests
not only was positively related to learning gains, the evaluation also revealed that students highly
appreciated opportunities to practice and self-monitor their learning. The role of engagement and
of practice in the self-study process will be investigated more deeply in the further course of the
project. It is hypothesised that the willingness to take self-tests is a good indicator of students’
overall engagement (Gibbs and Simpson 2004; Pachman, Sweller, and Kalyuga 2013). However,
our analyses also reveal that a considerable number of students did not make use of the provided
tools.

Therefore, as a third aspect, more needs to be done to engage students in formative self-assess-
ment. Previous research has shown that inexperienced students tend to procrastinate and thus
benefit from guided and structured course designs (Artino and Stephens 2009). It seems plausible
that the more binding character of the e-tutored course in this study had a positive effect on the
at-risk group, therefore similar course structures should be applied to the face-to-face sessions.
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Finally, the potential of predictive models for engineering education in the transition phase is dis-
cussed. Correlations between prior knowledge, prior performance, and subsequent performance are
well-documented (Hattie 2009); the reproduction of such relations helped to establish external val-
idity in this study. At the same time, a lot of information was missing. With more than 60% of variance
unaccounted for, many students in this study showed a good Mathematics I performance in spite of a
poor pre-test result and there also remained a number of students who performed reasonably well in
the pre-test yet failed their first exam. It is therefore not recommended to ‘predict’ study success (or
failure) of an individual student. We do however suggest informing pre-course participants of the out-
comes of such studies. In an abridged version, elements of this report were made available for tutors
and students (see www.optes.de) and can be used to discuss test scores with students and thus raise
awareness for the role of basic knowledge in mathematics.
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