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In the past, high dropout rates of university math students have been recurrently
observed, causing psychological and economic costs for individuals and society.
In this article, we draw on prospective, intensive longitudinal data (ILD) collected
at a large German university to examine the effects of stable inter-individual
differences (e.g., general math competencies) and intra-individual changes (e.g.,
motivational states) on the intention to drop out of math studies, an important
precursor for actual dropout. Given the ongoing discussion on whether student
teachers differ from other types of students in their characteristics (e.g., with
respect to cognitive abilities), we were particularly interested in differences in
dropout intentions between first-year math B.Sc. and B.Ed. students, who attend
the same introductory lectures. Using recent residual dynamic structural equation
modeling techniques (RDSEM) we find that dropout intentions of math students
in their first semester depend on both baseline characteristics and motivational
changeable states which occur during the course. Furthermore, it is shown that
B.Sc. and B.Ed. students differ regarding their intra-individual effects and have
different trajectories of dropout intentions over time such that they cannot
be assumed to be a homogeneous group. The results suggest that the two groups
require differential treatment concerning the prevention of early dropouts.

residual dynamic structural equation modeling, dropout intentions, teacher education,
mathematics, intensive longitudinal data

1. Introduction

In Germany, there exists a large and growing skills shortage in the STEM areas (science,
technology, engineering, and mathematics), a trend that is simultaneously observed in industry
and for teachers of these subjects (Anger et al., 2021). High and increasing university dropout
rates in STEM subjects reinforce the problem. Particularly in math studies, the figures are
alarming since the dropout rate in undergraduate studies recently reached 58% (Heublein et al.,
2020)." These circumstances call for the identification of risk factors for dropout in both math
teacher training and general math courses to help in understanding this phenomenon.

1 This figure is based on the graduation class of 2018 and therefore reflects pre-COVID-19 dropout rates

which increases comparability and representativeness
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With the present study, we aim to provide an in-depth
understanding of individual determinants of dropout by considering
(i) a priori dispositions which are stable over time and which differ on
the inter-individual level, (ii) as well as states which are more
changeable within a person. Both of these are related to the
development of dropout intentions (see, e.g., Kelava et al., 2022).
Dropout intentions are closely linked to actual dropouts but can
be proxied more reliably since they do not require the analysis of
de-registration certificates, which are often not available to researchers.
Furthermore, at this point, interventions aimed at preventing actual
dropouts are still possible.

Even though the existing body of knowledge concerning
university dropout in general is large, it can only serve as a starting
point for the present investigation. Varying dropout rates and
requirements across different fields of study stress the importance of
subject-specific considerations, which are found to be rare in
the literature.

In math studies, the discontinuity that students experience at the
transition from school to university is likely to be one of the key
factors behind high dropout rates. While school mathematics is
application-oriented, academic mathematics has a theoretical
character and focuses on proof (Hoyles et al., 2001; Engelbrecht,
2010). Thus, school mathematics cannot just be seen as a simplification
of university mathematics (Rach and Heinze, 2013). Given these
circumstances, math students may have misconceptions about the
study contents and lack of prior knowledge. Therefore, motivational
problems and performance issues are believed to constitute an
important cause for early dropouts in mathematics (see, e.g., Andra
et al., 2011; Geisler, 2020; Glaesser et al., 2021).

Given that the likelihood of developing dropout intentions has
been shown to be high throughout the first semester and given
that more than a third of all math students enrolled in a
prototypical German university was found to drop out during the
entry phase (Kelava et al., 2022), such early dropouts are of
particular interest.

As (A) math and physics Bachelor of Science (B.Sc.) students and
(B) math Bachelor of Education (B.Ed.) students usually attend the
same introductory math lectures during their first year at university
in Germany, one might also want to treat them as homogeneous
regarding early dropouts. However, given that math students enrolled
in trainee teacher courses (B.Ed.) prepare for becoming math
teachers, while B.Sc. students have not yet had to commit themselves
to a particular future profession, it can be assumed that the choice of
the study program is associated with different expectations about the
lecture contents and different characteristics even within the subject
of mathematics. For instance, Roloff Henoch et al. (2015) show that
STEM teacher candidates differ from other types of STEM students
with respect to (occupational) interests but there were no significant
differences regarding cognitive abilities or personality characteristics.
Kilian et al. (2020) find differences between math B.Ed. and B.Sc.
students regarding mathematical knowledge. However, they do not
find any evidence for differences in high school GPAs. The latter is in
line with the findings by Blomeke (2009) who also shows that math
teachers and other types of math graduates do not differ with respect
to GPAs. Nevertheless, it was shown that there exist significant
differences regarding mathematical interest and subject-related
motivation. Thus, even though the picture is not entirely clear, there
exists some empirical evidence in support of existing differences
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between math teacher candidates or STEM teacher candidates and
other types of students in these areas.

Those a priori differences are likely to have an impact on the way
in which math B.Ed. versus B.Sc. students react to the difficulties
which occur at the transition to university mathematics. Nevertheless,
it remains an open question whether or to what extent students from
these groups differ with respect to (i) the average level of dropout
intentions experienced throughout the first semester or (ii) regarding
within-person relationships between changes in certain motivational
states and thoughts about leaving university. For the development of
tailored interventions to prevent dropout in math studies, it is,
however, important to examine whether these differences exist.
Therefore, the present study aims to shed light on this issue.

For our analyses we draw on prospective intensive longitudinal
data (ILD) on math students from a large German university (Glaesser
etal., 2021; Kelava et al., 2022) which make it possible to capture the
high variability of affective and motivational states. As a
methodological approach which is suitable given the complex
structure of the ILD, we apply residual dynamic structural equation
models (RDSEM; Asparouhov et al., 2018). RDSEM allow to study
simultaneously the impact of intra-individual changes in states which
vary over time, and inter-individual differences which are stable over
time, on the intention to drop out. Another way of putting it would
be to say inter-individual differences exist already at the beginning of
the semester, while intra-individual differences are states which may
be seen as reaction to experiences made during the semester, these
might include performance (e.g., test results).

To the best of our knowledge, no prior studies have examined
differences in dropout decisions between math B.Ed. and B.Sc.
students using dynamic structural equation modeling with
ILD. Overall, we expect that the usage of the ILD alongside the
innovative RDSEM approach creates new, valuable insights that can
be utilized to improve understanding of the process of dropout and
subsequently as a starting point for the design of appropriate
intervention strategies.

The remainder of this paper is organized as follows. The next
section gives an overview of the theoretical framework and previous
literature. Then, the current study is explained in more detail and the
research questions are presented. After that, further information on
the data used in this study is provided followed by the description of
the methodology and the results. The last section closes with a
discussion of the empirical findings.

2. Theoretical background and
literature

2.1. A process perspective on dropout

As university dropout is not only a recent concern but has been
an important issue for decades, the first theoretical models to explain
this phenomenon have been developed long ago and maintained their
relevance until today. One of the most famous pioneering models is
the Student Integration Model by Tinto (1975) which states that a
student’s level of social as well as academic integration into the college
environment impacts college persistence. Another well-known model
for explaining dropout is the Student Attrition Model by Bean (1980,
1983). It is based on the theory of organizational turnover and the
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theory of planned behavior. According to the model, dropout can
be viewed as similar to employee turnover and is the result of an
interplay of students’ background characteristics (e.g., performance)
and organizational determinants (e.g., institutional quality). However,
both models mainly refer to colleges or universities in the US. A well-
known model for the German university context is the Model for
Student Dropout Processes (Heublein et al., 2010, 2017). It frames the
decision to drop out as a multidimensional, longer-term process
which is influenced by a variety of impact factors concerning both the
pre-study phase and the current study phase. The final decision to quit
studies is understood as the result of an accumulation of factors that
promote dropout.

In line with the model by Heublein et al. (2010, 2017) we take a
process perspective on dropout and therefore focus on dropout
intentions, which can be measured longitudinally, rather than actual
dropout. Given the theory of planned behavior (Ajzen, 1985, 1987),
which implies that intentions predict behavior, and given that the
strength of an intention is positively related to the likelihood that the
behavior occurs (Ajzen, 1991), it can be assumed that dropout
intentions are indicators for actual dropout (see also Bean, 1982).
Kelava et al. (2022) showed that among the students who actually
dropped out, 86% had dropout intentions before which were detected
by the authors’ statistical algorithm in advance.

In view of this process perspective, longitudinal studies seem best
suited to study dropout intentions. Longitudinal designs make it
possible to take into account the intra-individual as well as the inter-
individual level. Both dimensions can be assumed to be relevant for
the development of dropout intentions (e.g., Glaesser et al., 2021;
Kelava et al., 2022). While the intra-individual level refers to changes
within an individual over time, the inter-individual level refers to
time-invariant differences between persons (e.g., with respect to
cognitive attainment). On the intra-individual level, especially
motivational states have been shown to be relevant for the
development of dropout intentions (see, e.g., Dresel and Grassinger,
2013; Schnettler et al., 2020; Kelava et al., 2022). Such within-person
changes in motivational states can for instance result from
performance-related issues or external events.

2.2. The development of dropout
intentions from a theoretical point of view

The models for dropout which have been explained above address

different levels of influence (e.g., individual, institutional,
environmental). Even though institutional (e.g., academic selectivity;
Pascarella and Terenzini, 2005) and environmental factors (e.g.,
working alongside studies; Sevilla et al., 2010) have been shown to
play a role for university dropout, we concentrate on individual
determinants in what follows.

The reason is that motivation and performance issues are believed
to make an important contribution to the development of dropout
intentions in the early phase of math studies (Andra et al.,, 2011;
Geisler, 2020; Glaesser et al., 2021).

Models from the field of career choice provide a theoretical
foundation for the selection of individual-level variables that can help
in explaining the development of an intention to drop out.

A theory which is frequently applied to the prediction of

educational outcomes (e.g., Schneider and Preckel, 2017; Schnettler
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etal., 2020) is the so-called expectancy-value theory (EVT; Eccles and
Wigfield, 1995; Wigfield and Cambria, 2010). The EVT postulates that
individuals’ motivation to accomplish a specific task is determined by
the interplay of their expectancies for success and the value placed on
that task. Task value can be divided into several components, i.e.,
attainment value (personal importance of doing well on the task),
intrinsic value (personal enjoyment of the task), and utility value (how
well does the task relate to current and future goals). Costs is the
fourth component of task value and represents the negative aspects
which result from engaging in the task. These are for instance fear of
failure or success, performance anxiety, the effort needed to complete
the task or opportunity costs (Eccles et al., 1983; Eccles and Wigfield,
2002). Expectancies for success in the context of the EVT refer to
individuals’ beliefs about their success in an upcoming task (Eccles
and Wigfield, 2002).

It can be derived from the EVT that motivation is highest when
individuals believe they can succeed (high expectancy) and when they
perceive the outcomes as valuable (high task value). Therefore,
we assume that students who have low expectations for success and
devalue the outcomes of their university education are more likely to
develop dropout intentions.

Based on the EVT we included items which relate to the four
facets of task value in our study. To take into account expectancy
beliefs, we included mathematical self-concept. Self-concept is
commonly used as a proxy for expectancy (e.g., Nagengast et al., 2011)
since these constructs are indistinguishable in empirical reality (Eccles
and Wigfield, 2002). Understanding of the lecture content and
perceived ability are concepts which are also closely linked to
individual expectations for success and therefore included in the study
as well.

The theory of vocational personalities and work environments
(Holland, 1997), also known as the person-environment fit theory, is
another theory that has been used in the context of academic decision-
making (e.g., Wille et al., 2020). The theory focuses on the interaction
between individuals’ personality traits and the characteristics of their
work environment and therefore primarily addresses vocational
choices and job satisfaction. However, it can also provide some
insights into the factors that contribute to university dropout.

According to Holland (1997), individuals possess different
vocational personalities which are characterized by their preferences,
interests, and values. These are realistic (R), investigative (I), artistic
(A), social (S), enterprising (E) and conventional (C). Vocational
environments can also be classified based on these six different types.
Thus, vocational personalities can either be matched or mismatched
with the characteristics of the work environment, which influences for
instance job selection, job changes and vocational satisfaction.

In the context of university dropout, a mismatch between the
vocational personalities of students and their chosen academic path
can lead to low study satisfaction or motivation and ultimately the
decision to drop out.

2.3. Empirical findings on dropout
(intentions) in general

While the theories pointed out above provide a helpful basis for
the explanation of dropout intentions, previous empirical findings
should be taken into account as well. Since it has been shown that
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dropout intentions depend on the same set of predictors like actual
dropout (Fleischer et al., 2019) we also take into account studies that
focus on dropout.

There exists a variety of individual characteristics that have been
identified empirically as predictive factors for student dropout.
Firstly, pre-university performance in the form of high school GPAs
plays an important role for quitting studies. This relationship is
mediated through the effect of high school GPAs on study
performance at university, which is itself a predictor of dropout
(Allen et al., 2008; Voelkle and Sander, 2008). Moreover, study
motivation matters as revealed in a meta-analysis by Robbins et al.
(2004). This holds true not only for motivational states that occur
during the university course, for instance disappointed study
expectations (Heublein et al., 2017) but also for motivational factors
related to the study decision itself (e.g., intrinsic motivation; Heublein
et al., 2017; Rump et al., 2017). Another possible determinant of
leaving university early is gender. For instance, Leppel (2002) shows
that women in general drop out less frequently than men on average.
However, some studies point in the direction that a distinction
between male- or female-dominated fields must be made.
Nevertheless, results concerning the direction of the effect of gender
proportions are found to be controversial (see Johnes and McNabb,
2004; Mastekaasa and Smeby, 2008). For the German context, it has
been shown that among students who enrolled for the first time in
the years 2009 to 2013, the success rates of women in the subject
group mathematics and natural sciences were slightly higher than
those of men, except for the year 2011 (Statistisches Bundesamt,
2023). As university entrance qualifications in Germany can
be obtained not only at general-education Gymnasiums (similar to
British grammar schools) which have an academic focus, but also at
different types of vocational upper secondary schools, the type of
school attended also has an impact (Miiller and Schneider, 2013).
Students who received their university entrance qualification at a
general-education Gymnasium are less likely to drop out than
students from other school types (Heublein et al., 2017). One possible
reason is that there is a better fit between the imparted skills and the
requirements of academic studies. Furthermore, the school type
attended is associated with parental educational background (Lorz
etal., 2011) which is itself related to dropout (e.g., Aina, 2013).

2.4. Math-specific risk factors for dropout

As previously pointed out, difficulties at the transition to
university, particularly the gap between school and university
mathematics, are believed to constitute a substantial contribution to
high dropout rates in math studies. While in many subjects university
studies directly build up on school contents (see, e.g., Nagy, 2006;
Busker, 2010 for chemistry), tertiary mathematics has a different
character compared to school mathematics (Hoyles et al., 2001; Rach
and Heinze, 2013). At the university, formal-deductive proofs
drastically gain in relevance compared to secondary school
mathematics (see, e.g., Rach, 2014) which marks one of the most
substantial differences between both disciplines (e.g., Gueudet, 2008;
Engelbrecht, 2010). Given the complexity of mathematical proof and
the lack of appropriate prior knowledge, the acquisition of skills for
mathematical proof is a major challenge for new students that comes
along with a variety of difficulties (Rach, 2014).
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Difficulties at the transition to university mathematics are not
limited to the German university context that is specifically considered
in the present paper. In fact, they seem to be part of a general issue that
is frequently addressed in the international literature (see, e.g., Moore,
1994; De Guzman et al., 1998; Daskalogianni and Simpson, 2002; Di
Martino and Gregorio, 2019; Sonmez and Giiven, 2022). Accordingly,
all math students are exposed to such a discontinuity between school
and university mathematics. Still, the way in which this challenge is
dealt with and, in particular, to what extent it influences early dropout
decisions differs across students with different characteristics.
However, only little research has so far been carried out on individual
risk factors for and mechanisms behind early dropouts in math studies.

Andra et al. (2011), using a sample of undergraduate math
students at an Italian university, provide evidence that not only a lack
of knowledge but also students’ beliefs and motivations are relevant
for dropout decisions. The importance of motivational factors for early
dropouts is also supported by Geisler’s (2020) findings. Drawing on a
sample of first-year math students at a German university, the author
shows that students who dropped out were less interested in university
mathematics and had a lower mathematical self-concept compared to
those who did not drop out. Furthermore, he finds that only in the
group of dropouts there was a decline in mathematical self-concept
between the beginning and the middle of the first semester.

However, the studies mentioned have a retrospective design that
might suffer from distortions and/or consider only a few points in
time which are not sufficient to capture the changeability of
motivational states. The work by Glaesser et al. (2021), which is based
on the same dataset as the one used in the present study, resolves these
issues. Using multilevel models with prospective data, the authors
show that motivation related factors play an important role for the
development of dropout intentions across first-semester math B.Ed.
as well as math B.Sc. and physics B.Sc. students. This is shown to hold
true for stable traits as well as changeable states. Regarding the
changeable states, fear of failure appears to be a particularly strong
predictor for dropout intentions. Kelava et al. (2022) drawing on the
same dataset as well show that the emergence of an intention to quit
can be forecasted by both stable student characteristics (cognitive
abilities, i.e., IQ) and intra-individual changes in affective states
8weeks before a student actually drops out, making it possible to
identify students at risk in a timely manner.

Overall, the existing literature stresses the importance of
performance related and motivational factors and suggests considering
changeable states alongside stable characteristics for explaining
dropout (intentions) in university math studies.

2.5. Possible differences between B.Ed. and
B.Sc. students

A special feature of the German tertiary educational system is the
fact that in most cases, students have to decide right at the start of their
studies whether they wish to become teachers. If that is the case, they
embark on a teacher training course from the first semester. While
math B.Ed. students get prepared for becoming math teachers and
therefore must attend math specific as well as teaching specific
modules, the B.Sc. students receive a more general mathematical
education that allows them to decide on a particular future profession
at a later point in time. Even though switching between B.Ed. and
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B.Sc. studies within a certain study subject is easily possible, the
division between the courses is not purely formal since students
enrolled in teacher training courses are quite certain about becoming
teachers already at the beginning of their studies (Bauer et al., 2011).
These circumstances make it possible for us to investigate whether
math B.Ed. students preparing for teaching at the Gymnasium and
math/physics B.Sc. students, who attend the same compulsory first-
year math lectures, differ from each other regarding early dropouts.

Given the distinction regarding the professional fields that B.Ed.
and B.Sc. prepare for, it can be assumed that expectations, motivations,
abilities, and other personal characteristics differ right from the start
between the two types of students.?

Probably the most intuitive difference between teacher candidates
and other types of students can be found with respect to occupational
interests. Within the STEM area, teacher candidates were shown to
have lower investigative and realistic interests but higher social
interests compared to the other students (Roloff Henoch et al,, 2015).

Moreover, there exist demographic differences. In contrast to
STEM studies in general, which are dominated by males, more than
half of the students enrolled in studies which prepare for teaching
mathematics at the female (Hefendehl-
Hebeker, 2013).

Furthermore, Kilian et al. (2020) provide evidence that math B.Ed.
students have lower prior mathematical knowledge compared to B.Sc.

Gymnasium are

students at the start of their studies and had worse math grades in
school, but they did not have lower high school GPAs. Klusmann et al.
(2009), by contrast, do not find differences in mathematical
knowledge, GPAs or general cognitive abilities between student
teachers who qualify for teaching at secondary schools and other types
of students while controlling for gender. However, even though the
authors differentiate between STEM and non-STEM majors, it has to
be taken into account that these results do not specifically refer to
math students.

Despite the findings being contradictory, negative stereotypes
regarding the characteristics of trainee teachers versus other students
for academic success persist (see Blomeke, 2005), a view which is also
supported by the respective lecturers (see Giinther and Koeszegi, 2015
for the subject of mathematics). As already shown in other contexts,
such negative stereotypes can lower the academic self-concept (Ertl
etal, 2017) and as a consequence the actual achievement (Marsh and
Scalas, 2011).

Moreover, there are reasons to believe that the relative impact of
extrinsic motives for study choice is higher among B.Ed. students than
B.Sc. students. Firstly, the teaching profession in Germany offers high
financial and job security as well as compatibility between family and
work and is therefore favored by people that attach great importance
to these factors (Weishaupt and Huth, 2012; Neugebauer, 2013).
Secondly, some students choose math only as a strategically favorable

2 Eventhough a variety of studies also address differences between teacher
candidates studying to become a Gymnasium teacher and teacher candidates
studying to become a teacher at the primary or lower secondary level (e.g.,
Spinath et al,, 2005; Neugebauer, 2013), the latter are not part of our study
since our aim is to compare different types of students who attend the same
introductory math lectures, i.e., math and physics B.Sc. students as well as

teacher candidates studying to become a Gymnasium math teacher.
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supplementary subject for civil service positions instead of basing
their choice on mathematical interest (Hefendehl-Hebeker, 2013).
Thus, it comes as no surprise that the motivation for math contents is
found to be lower for math trainee teachers than for other math
students (Blomeke, 2009).

In addition, B.Ed. students in particular are likely to suffer from a
perceived mismatch between the course contents and their chosen
profession. The reason is that they are often not able to see the
relevance of university mathematics for their future work as a math
teacher (Hottecke et al., 2018). This is also linked to the self-image of
student teachers as educators rather than academics (Bauer and
Hefendehl-Hebeker, 2018).

Finally, one should bear in mind that B.Ed. students are enrolled
in two subjects and furthermore have to take lectures in subject
didactics, education, and psychology which imposes additional
pressure and reduces the time that students are able to invest in
math lectures.

Given that some of the factors mentioned above, such as mismatch
between course content and profession (Radisch et al., 2018) or self-
concept (Geisler, 2020), have already been shown to matter for
dropout in math studies, we expect to find differences in the overall
level of dropout intentions between math B.Sc. and B.Ed. students. In
addition, we believe that the differences between the two groups of
students outlined in this section may lead to differences in the strength
of the associations between certain changeable motivational states and
the intention to drop out, as noted above.

3. The present study

The literature on student dropout in mathematics is sparse and
not focused on subject specific risk factors, and also does not make
comparisons between those students who wish to become math
teachers in the future and those who do not. Given the postulated
differences between these two groups pointed out above, it seems,
however, important to distinguish between them in order to design
tailored interventions aiming at the reduction of dropout in math
studies. The German context, where math students usually have to
decide at the beginning of their studies whether they wish to enroll
into B.Ed. or B.Sc. studies but still attend the same compulsory first-
year math lectures provides unique opportunities to study eventual
differences in more detail.

Our main focus lies on motivational and performance related
factors since they have been shown to be particularly important for
dropout in math. We use prospective ILD on math students from a
large German university. Compared to retrospective data, they offer
the advantage that distortions from wrong memory can be avoided
(Neugebauer et al., 2019). Instead of actual dropouts we study dropout
intentions, which can be surveyed longitudinally, making it possible
to link current fluctuations in dropout intentions to current
fluctuations in changeable states. In order to be able to consider not
only time-variant factors but also baseline characteristics measured at
the beginning of the course, we use residual dynamic structural
equation models (RDSEM; Asparouhov et al., 2018) that can handle
both at the same time. Thus, applying advanced statistical methods
and distinguishing between teacher candidates and B.Sc. students,
we aim to provide a more in-depth understanding of the complex
process of dropout in math studies.
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Given the assumption of differences in characteristics between
math B.Ed. and B.Sc. students, we derived the following research
questions to guide the analyses:

« Do B.Sc. and B.Ed. students show different trajectories and/or
different average levels of dropout intentions over the course of
the first semester (RQ1)?

o Can we predict the mean intensity of dropout intentions
experienced throughout the first semester on the basis of initial
student characteristics? If so, does the choice of the study
program itself (B.Ed. versus B.Sc.) have an effect once we control
for initial differences in performance and motivation between
B.Sc. and B.Ed. students? (RQ2)

« Which motivational states predict dropout intentions on the
within level (in the sense of auto- and cross-regressive
relationships), and to what extent do these relationships differ
between B.Ed. and B.Sc. students? (RQ3)

Given that previous findings concerning differences between
B.Ed. and B.Sc. students are controversial and given that there is a lack
of studies using high-frequency data in this context, our study is rather
exploratory in nature and we do not have specific hypotheses with
respect to our research questions. With regard to RQ1, we rely on
descriptive approaches, whereas answering RQ2 and RQ3 involves
analytical strategies, i.e., RDSEM.

4. Method
4.1. Study design and sample

The data used in the present paper comes from a prospective,
intensive longitudinal study on students enrolled in math courses at a
large German university. The initial survey of that study took place in
the second week of the first semester (#=0) and included questions on
stable
motivations as well as personality traits, whereby the latter are not part

students’ socio-demographic characteristics, interests,
of the present study. Furthermore, a test of mathematical content
knowledge was conducted. This initial survey was followed by online
questionnaires that the students received each Monday, Wednesday,
and Friday throughout their first semester. In these online
questionnaires, students were asked about changeable affective,
performance related and motivational states. In addition, at each
measurement occasion, data on their current intention to drop out
was collected (Glaesser et al., 2021; Kelava et al., 2022). In return for
their participation, the students received vouchers for an
e-commerce company.

Data collection took place during the winter semester of
2017/2018.We obtained survey data on 116 first-year students of math
B.Ed., math B.Sc. and physics B.Sc. Over the course of the semester,
each of them was invited to respond to a voluntary online survey at 50
points in time. As the participants did not answer all questionnaires,
about 20 (19.88) data points per person were available on average.

In math studies, in order to be admitted to the final exams, a
minimum number of points had to be reached in the exercise sheets
handed out during the semester. Students who started studies earlier
and received an exam admission in a previous semester might already
have failed exams in the past. For those who have failed several times,

Frontiers in Education

10.3389/feduc.2023.1205949

dropping out might no longer be voluntary. Thus, their comparability
to the first-semester students was limited. This held true for six
students which we excluded from our sample.

Moreover, we excluded five students with fewer than two
observations since they show no within-person variability, which is,
however, needed for the usage of RDSEM as will become clearer in
what follows.Thus, we ended up with 105 students, more precisely,
55 students in the math B.Ed. and 50 students in physics or
math B.Sc.?

Of the students in the overall sample, about 48% were enrolled in
the B.Ed. program, 43% were female and 73% had attended a general
education Gymnasium. The average GPA, where lower numbers
indicated better performance, was 1.86, which is considerably better
than the German average (in the different federal states, the average
GPA ranged between 2.16 and 2.67 in the school year 2020; KMK,
2021) and implies that the math students in our sample generally
possessed favorable cognitive performance capacities. On the entrance
test of mathematical knowledge, they scored on average 10.4 out of 20
possible points. For more detailed summary statistics of the between-
level variables see Table Al in the Supplementary material.

4.2. Measurements

4.2.1. Outcome variable

The main dependent variable in the present study was the
intention to drop out (Dropoutlntention, “At the moment,
I am thinking about dropping out of math studies”) which was
measured on a 4-point scale reaching from strongly disagree (1) to
strongly agree (4). It was measured repeatedly at the same occasions as
the other changeable states. This approach offers methodological
advantages over the usage of the actual dropout, as pointed out above.

4.2.2. Within-level predictors

As we drew on longitudinal data for our analyses, we had available
multiple measurements nested within individuals (Steele, 2008).
RDSEMs (Asparouhov et al., 2018), which will be explained in more
detail in the section below, employ a multilevel approach to address
the nested data structure. Level 1 contains the within-level
measurement occasions for each individual and reflects the within-
person associations between time-varying covariates and the outcome
variable. On Level 2, inter-individual differences in the person-specific
slopes and the person-specific intercept of the outcomes obtained on
Level 1 can be modeled with separate equations (McNeish and
Hamaker, 2020). Thus, we used different sets of predictors on the
within- and the between-level which will be discussed below.

In the present study, the covariates considered on the within-level
predicted the extent to which fluctuations in a certain changeable state
were related to fluctuations in dropout intentions. In line with the
existing literature on dropout in math, we based our choice of within-
level predictors on the assumption that motivational states are
determinants of dropout intentions on the intra-individual level.

3 According to recent simulation studies on dynamic latent variable model
frameworks (see, e.g., Andriamiarana et al.,, 2023) our sample size fulfills the

requirements for precise parameter estimation with RDSEM.
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Therefore, three facets of value which were directly derived from
the expectancy-value theory (EVT; Eccles and Wigfield, 1995;
Wigfield and Cambria, 2010) were considered. More precisely,
we included Utility Value (UV, “This content will be useful for my
future profession”), Attainment Value (AV, “It is important for me to
know a lot about this content”) and Costs (CO, “Dealing with this
content exhausts me”).*

Furthermore, one item that measures students’ understanding
(understand, “I understand the current lecture content”), one that
measures how they assess themselves in comparison to their fellow
students (assess, “This is how I rate my own knowledge and ability in
comparison to my fellow students at the moment”) and one that refers
to the fear of performance related failure (fear, “At the moment
I am afraid that I will not be able to complete my studies”) were
included. The inclusion of these variables follows implicitly from the
EVT as well. All within-level covariates considered in this study were
measured on a 4-point scale with 1 indicating strongest disagreement
and 4 indicating strongest agreement. Moreover, all these measures
are single-item measures with the respective item provided in brackets.

4.2.3. Between-level predictors

As pointed out above, the between-level predictors can be used to
explain inter-individual differences in the person-specific slope
coeflicients and the intercept from the Level 1 equations. The latter
corresponds to the average level of an individual’s dropout intentions
across all measurement occasions. The between-level predictors were
measured once at the beginning of the studies and thus capture a
priori differences between students. We based our variable selection
on determinants identified in existing (math) dropout literature and
the postulated differences between B.Ed. and B.Sc. students.

As background variables, we included gender and a dichotomous
indicator for whether the student attended a general education or a
vocational Gymnasium. As previously noted, university entrance
certificates can be obtained at either type of school in Germany.
Furthermore, we controlled for a priori performance measures, i.e.,
high school GPA and mathematical knowledge at the beginning of the
studies, which was assessed using selected TIMSS (Trends in
International Mathematics and Science Study) items (see, e.g.,
Baumert et al., 2000; Mullis et al., 2005). These measures can also serve
as proxies for general cognitive abilities (e.g., Deary et al., 2007;
Rindermann, 2007). School grades in Germany range from 1
(excellent) to 6 (insufficient) with 4 (sufficient) being the highest
passing grade. The maximum score in the test of mathematical
knowledge was 20.

We accounted for motivational variables on this level as well, since
it can be assumed that they do not only exist as changeable states but
also as stable character traits (Glaesser et al., 2021). Firstly, we again
used facets from theEV'T, namely AV, IV (“Iliked the study contents”),’
UV and CO. Secondly, we controlled for mathematical self-concept.
It was measured based on the average of four items which the students
had to rank from 1 to 4 with 4 indicating strongest agreement (e.g., “I
am good at mathematics”).

4 We did not include IV as within-level predictor due to collinearity.
5 Sample items for the other value-related facets of the EVT are provided in

the previous subchapter.
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Moreover, we included dimensions of the AIST-R (Bergmann
and Eder, 2005) that measures vocational interests based on the
theory of vocational personalities and work environments by Holland
(1997). For each of the six dimensions of AIST-R, the participants
had to rank five related interests from 1 (lowest) to 5 (highest). Then,
an average score for each subscale was determined. We controlled for
AIST-S and AIST-I, which reflect social (sample item: “Advocating
for the concerns of others”) and investigative interests (sample item:
“Reading scientific articles”) since it can be assumed that these are
the interests which are the most important for math (teacher)
education.

Lastly, a dichotomous indicator for whether a student was enrolled
in the B.Ed. program (teacher) was introduced. It allowed to capture
course-related student characteristics that are linked to dropout in
math studies and that had not yet been captured by the other variables
included. The teacher indicator also served as moderator to make it
possible to differentiate between B.Ed. and B.Sc. students regarding
the person-specific slopes from the within-level model. These slopes
reflect the strength of the intra-individual relationship between the
time-variant covariates and dropout intentions. Based on the literature
at hand, we expect to find group differences regarding gender
distribution and occupational interests. In particular, we expect the
share of women to be significantly higher in the B.Ed. program.
Furthermore, we assume that teacher candidates have higher social
interests and lower scientific interests compared to B.Sc. students.
We also assume that mathematical interest (i.e., AV and IV) is higher
among B.Sc. students. Regarding further facets of motivation as well
as cognitive abilities (e.g., GPA and mathematical knowledge), we did
not have specific expectations due to controversial findings or a lack
of previous studies, however, we assume that there might exist some
differences as well.

4.3. Statistical analyses

We used Stata (Version 17; StataCorp, 2021) and JASP (JASP
Team, 2022) for descriptive statistics and group comparisons. To study
the impact of inter-individual differences and intra-individual changes
on dropout intentions, RDSEM were applied in Mplus Version 8.8
(Muthén and Muthén, 1998-2017). They can be seen as a special case
of ordinary DSEM models and provide high flexibility since they
encompass multilevel modeling, structural equation modeling (SEM),
time-varying effects modeling (TVEM) as well as time-series
modeling (Asparouhov et al., 2018). Thus, they are suitable for the
complex structure of the ILD used in the present study.

Given the multilevel perspective, within-person associations are
modeled on Level 1, whereas between-person differences enter the
model on Level 2 (McNeish and Hamaker, 2020). In contrast to
standard DSEM that put an emphasis on lagged or cross-lagged
relationships, RDSEM focus on contemporaneous associations
between variables. Therefore, the within-person model is further
divided into a structural part and an autoregressive part. The structural
part contains only concurrent relationships and can be interpreted
analogously to within-person models in standard two-level SEM
(Asparouhov and Muthén, 2020). To account for the autocorrelation
in ILD as well, which can typically be approximated by an AR(1)
process (McNeish and Hamaker, 2020), the dynamic part of the model
is modeled on the residuals (Asparouhov and Muthén, 2020).Taking
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into account the content-related considerations from above, the
following random intercept model was specified:®
Level 1:

DropoutIntentiong; = @; +B1iUVy; +B2iAV; +p3iCOY

C C
+ B4iunderstand;; + Bsjassess;;

(1)
+ Béifeartci +P7itimey + e
eti = gie(i1)j + i @)
Level 2:
Random effect
aj =Yoo + vorteachj +y Xj + uoj (3)
Fixed effects
@i =710 + y11teach; (4)
Bii =720 + y21teach; (5)
Ba2i =7v30 + y31teach; (6)
B3i = v40 + vaiteach; (7)
Bai =7vs0 + ysiteach; (8)
Bsi = Y60 + Ve1teach; 9)
Bei =170 + y71teach; (10)
B7i = vs0 + ysiteach;, (11)

where X; corresponds to the row vector of stable a priori
predictors (except for the moderator variable feach;) which have been
grand-mean centered in the case of those which were
non-dichotomous. It is assumed that 6;; ~N (0, o2 ), upi ~ N (0,0 2
and ¢; ~ NgO,O'2 (McNeish and Hamaker, 2020).

On Level 1, we examined the relationship between changeable
motivational states and dropout intentions. More precisely, we wished

6 The predictors and the outcome in our model are all manifest. Even though
RDSEM is originally a latent-variable approach, it can also handle models with
manifest variables only (for examples see, e.g., Hamaker et al., 2018; McNeish
and Hamaker, 2020).
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to assess whether deviations in the within-level predictors relative to
the person’s own mean, rather than the grand mean over all cases,
predict an increase or decrease in the outcome variable. This can
be achieved by applying latent person-mean centering to all covariates
used on the within level, as indicated by the superscript “c” (McNeish
and Hamaker, 2020). Latent person-mean centering is the default
option in Mplus and offers methodological advantages over observed
centering which are discussed in Asparouhov and Muthén (2019) and
Ludtke et al. (2008). We considered the temporal stability of the
intention to drop out by allowing for autocorrelation of the residuals,
as explained above. To control for a possible linear time trend in the
outcome variable, time was included as an additional within-level
covariate (see Wang and Maxwell, 2015; Hamaker et al., 2018;
McNeish and Hamaker, 2020).

On Level 2, we modeled between-person differences in the
intercept and the slopes from our Level 1 equations. The intercept ¢t;,
which corresponds to an individual s mean level of dropout
intentions averaged across all measurement occasions, was regressed
on the set of stable variables from the initial survey. Furthermore, all
person-specific slopes were regressed on the teacher candidate
indicator feach; to study differences between B.Sc. and B.Ed. students
regarding the strength of the influence of the within-level predictors.
Thus, the intercepts of the person-specific slopes (y1o to y3g) can
be interpreted as the effects for B.Sc. students, whereas the coefficients
y11 to yg correspond to the additional slope increments for
teacher candidates.

We assumed constant residual variances across individuals. In
addition to what is displayed here, the between-parts of the changeable
covariates entered the model as well as latent variables with estimated
means and variances (see McNeish and Hamaker, 2020). Furthermore,
all covariates used in the within-level equations (except for time) were
brought into the model by allowing their residuals to be serially
correlated. In this way, we were able to apply missing data theory and
listwise deletion was avoided (see also Muthén and Muthén, 1998-
2018; Wang and Wang, 2019).

For model estimation, we applied a Bayesian estimator with
non-informative priors and 6,000 Markov Chain Monte Carlo
(MCMC) iterations with the Gibbs sampler. We used the default
option with two chains of which the first half was discarded as
burn-in phase. Missing data treatment was likelihood based and
yields consistent estimates under MAR (missing at random). To
account for unequally spaced observations, Mplus “tinterval”
option was used (for further details on RDSEM estimation see
Asparouhov et al., 2018; McNeish and Hamaker, 2020). Convergence
was checked graphically via trace plots and posterior parameter
distribution as well as analytically via the potential scale reduction
(PSR) statistic, Rhat, by Gelman and Rubin (1992), which
corresponds to a weighted average of within- and between-chain
variances. A value close to 1 suggests convergence. For all
parameters, a Rhat <1.011 was reached.

5. Results
5.1. Group comparison
The research questions for the present paper are based on the

expectation that there exist a priori differences between math B.Ed.
and physics or math B.Sc. students that might also be related to
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dropout decisions. Table 1 contains comparisons of both groups
regarding initial characteristics.

As expected, there was a large and statistically significant
difference in the share of women. While 68% of the B.Ed. students
were female, this was the case for only about 20% of the B.Sc. students
(p<0.001, BFp =96650.401,1og (OR) =2.064) . Furthermore, the
average mathematical knowledge of B.Ed. students was almost two
points lower compared to B.Sc. students, which is remarkable given

TABLE 1 Comparison of initial characteristics of B.Ed. and B.Sc. students.

Baseline
o Pr(>|t
characteristics M -1t
High school GPA 1.854 1.865 (0.910) 0.019 0.208
(0.491)  (0.544) [—0.341,
0.381]
Mathematical 9.420, 11.273, (0.007) 0.494 5.971
knowledge (3.459) | (3.338) [0.118,
0.880]
AV (trait) 2.897 2914 (0.797) 0.044 0.213
(0.333) (0.344) [-0.316,
0.407]
IV (trait) 3335 | 3423 (0.380) 0.151 0.290
(0.448)  (0.569) [~0.209,
0.518]
UV (trait) 3.022 3.076 (0.587) 0.094 0.236
(0.524) (0.485) [-0.265,
0.458]
CO (trait) 2.577, 2.308, (0.017) —0.436 2.966
(0.642) | (0.471) [~0.819,
—0.064]
Mathematical self- 2.318 2.341 (0.655) 0.077 0.226
concept (0.247) | (0.271) [-0.283,
0.440]
AIST-1 3.064, 4.305, (0.000) 1.583 1.781e"
(0.900) (0.604) [1.136,
2.032]
AIST-S 3.895, 2.404, (0.000) —1.847 1.268¢"
(0.732) (0.833) [-2.315,
—1.382]
% % Pr Log BF,,
o) m Gl ©R)
Female 68.0, 20.4, (0.000) 2064 | 96650.401
(34) (11) [1.181,
2.948]
General education 73.5 72.7 (0.932) 0.039 0.421
Gymnasium (37) (40) [-0.809,
0.888]
N 50 55

& reflects the median of the posterior distribution for the effect size in the population, 95%
credible intervals in brackets. To compute Bayes factors (BF10), a Cauchy distribution
centered on an effect size of 0 and a width of 0.707 was assumed, which is the default in JASP
(Goss-Sampson, 2020). To compute Bayes factors for dichotomous responses, Poisson
sampling was assumed. Means with different subscripts differ at the p=0.05 level.
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that the maximum possible score was 20 (p=0.007, BF g =5.971,
8 =0.494). However, it is evident that the B.Sc. students also may
have deficits in their mathematical knowledge since they score only
just over 11 points out of 20 on the mathematical knowledge test. In
spite of the knowledge differences, high school GPAs did not differ
significantly between the groups (p=0.910, BFjo = 0.208, 5 =0.019).
Both findings are in line with previous results discussed above.
Regarding the motivational variables measured at the start of the
studies, we did, against our expectations, not find significant
differences in IV (p=0.380, BF ¢ =0.290, & =0.151) or AV (p=0.797,
BFp=0.213, § =0.044). The same held true for UV (p=0.587,
BF(=0.236, 8 =0.094). Furthermore, teacher candidates did not have
a worse mathematical self-concept (p=0.655, BFj g =0.226, 5 =0.077).
However, B.Ed. students started with a more negative attitude towards
the non-monetary costs the studies will cause (p=0.017, BF;g = 2.966,
8 =-0.436) . As expected, the investigative interest of B.Sc. students
was much higher (p<0.001, BFo =1.78 1e!9, §=1.583) and their
social interest much lower (p<0.001, BF = 1.268¢3, &= —1.847)

compared to teacher candidates which is in line with Roloff Henoch
etal. (2015).

Overall, these findings confirm the existence of many of the
suggested a priori differences between B.Ed. and B.Sc. students for the
sample used in this analysis. Thus, we controlled for them in
our RDSEM.

5.1.1. RQ1

In order to find an answer to RQ1, which refers to differences in
the average level and the patterns of dropout intentions between B.Ed.
and B.Sc. students, we took a closer look at the dropout intentions over
the course of the first semester. Figure 1 displays the trajectories
separately for B.Sc. and B.Ed. students.

A visual inspection reveals that the level of dropout intentions
averaged across all B.Ed. students at the beginning of the semester
was slightly higher than the mean dropout intentions of B.Sc.
students at this point in time. At the first measurement occasion,
in the second week of the semester, the average level of dropout
intentions among B.Ed. students was 1.6 (out of 4), whereas the
intention to drop out among B.Sc. students amounted to
approximately 1.2. In addition, there was higher between-person
variability in dropout intentions among B.Ed. students at the start
of studies as indicated by the vertical bars. Moreover, B.Ed.
students showed a small downwards trend over the course of the
first semester whereas the pattern appeared to be curvilinear for
B.Sc. students. Thus, their intention to drop out was comparatively
low at the beginning and the end of the semester but higher in the
middle. Here, it has to be taken into account that students who
dropped out during the observation period did no longer take part
in the questionnaires. However, the patterns of sample attrition
were found to be similar in both groups. In general, trainee
teachers had a slightly higher mean level of dropout intentions
compared to B.Sc. students as indicated by the horizontal lines.
Furthermore, the timing of the peaks was not identical. For
instance, a sharp increase in dropout intentions was observed
around the 20" measurement occasion for B.Sc. students but not
for B.Ed. students.

To answer RQ1, it can be concluded that the dropout intentions
of B.Sc. and B.Ed. students did apparently not evolve in parallel, even
though the average differences were rather small.
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FIGURE 1

Visualization of dropout intentions at each point in time, averaged across individuals, separately for B.Ed. and B.Sc. students. Bars reflect the
corresponding standard deviations. The figure was created using Stata (Version 17).

5.2. RDSEM results

In this section, the results obtained from RDSEM are presented.
All results are unstandardized so that, in contrast to average within-
level standardized results, inferences can be drawn for other
individuals from the population (Hamaker et al., 2018).

Reported point estimates for each parameter refer to the median
of the respective posterior parameter distribution. If the corresponding
95% credible interval (central posterior interval; Bayesian analog of
frequentist confidence interval) did not contain 0, parameters were
considered statistically different from 0 (see, e.g., McNeish and
Hamaker, 2020).

5.2.1. RQ2

RQ2 relates to the prediction of the mean level of dropout
intentions over time, which can, while controlling for a linear time
trend, be understood as the location of each student’s horizontal mean
line around which his or her dropout intentions fluctuate across the
first semester. For an individual i, this horizontal line is reflected by
the person-specific intercept «;. This person-specific intercept is
modeled as a function of the time-invariant covariates presented
above. Positive coefficients on these covariates indicate a vertical
upwards shift in the location of the mean line, whereas negative
coefficients indicate a downwards shift (McNeish and Hamaker, 2020).
Results are displayed in Table 2.

In Model 1, gender and school type attended were included as
background variables. Furthermore, we controlled for GPA and the
results of the test of mathematical knowledge as a priori performance
indicators. We found that school type (b=-0.335, 95% credible
interval [—0.642, —0.027]) and mathematical knowledge (b=—0.063,
[-0.110, —0.017]) had significant and sizable effects on the individual
mean level of dropout intentions over time, while we did not find
significant effects of GPA or gender. Furthermore, we found that the
horizontal mean line around which dropout intentions fluctuate was
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elevated by 0.437 [0.146, 0.730] units for B.Ed. students compared to
B.Sc. students.

In Model 2, we also controlled for the set of motivational variables.
While the effects for school type (b=—-0.373, [-0.678, —0.068]) and
mathematical knowledge (b=—-0.058, [-0.103, —0.012]) remained
significant and similar in size, the effect of the teacher indicator
(b=0.252, [—0.154, 0.659]) was no longer significant. Among the
newly added motivational variables, UV (b=0.327, [0.044, 0.608]), IV
(b=—0.343, [-0.612, —0.081]) and CO (b=0.229, [0.001, 0.457]) had
a large effect on the location of the horizontal mean line around which
dropout intentions vary, while none of the other variables showed any
significant effects. In contrast to the direction of the effects of IV and
CO which seem plausible, the positive effect found for UV is
somewhat surprising. One would rather assume that students who
perceive their studies as highly valuable for their future careers are less
prone to dropping out.

With regard to RQ2, the findings for the effects of the stable
characteristics imply two things. Firstly, we were able to identify a
variety of a priori characteristics that have predictive power for the
overall level of dropout intentions over the course of the first semester.
Secondly, the effect of the study program in which the individuals
were enrolled no longer played a role once we controlled not only for
performance but also for motivational measures.

5.2.2. RQ3

RQ3 concerns the detection of possible differences between B.Ed.
and B.Sc. students regarding the effect of intra-individual fluctuations
in motivational states on the intention to drop out. Thus, we considered
the equations for the person-specific slopes @; and f; to 37; obtained
from the within-level estimations. As pointed out before, the intercepts
of these slopes (y10to y30) can be interpreted as the effect for B.Sc.
students (teacher; = 0), whereas the additional effect for B.Ed. students
(teacher; =1) is reflected by the coeflicients on the teacher candidate
indicator (y11 to yg1).Estimation results are given in Table 3.
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TABLE 2 Effects of stable characteristics on the average level of dropout
intentions.

10.3389/feduc.2023.1205949

TABLE 3 Estimates for within-person associations.

Posterior 95%
Outcome: Average level of Notation median credible
. dropout intentions across the interval
Predictors first semester (a;)
Intercept (¢) 710 0.339% [0.254, 0.423]
Model 1 Model 2
—0.042 [~0.094, 0.011]
Int t
B.Ed. 0.437* 0.252 ntercept (1) r20
[0.146, 0.730] [—0.154, 0.659] Intercept (82) 730 —0.050 [~0.105, 0.003]
Female —0.119 —0.215 Intercept (83) V40 0.001 [~0.048, 0.048]
[—0.430, 0.190] [—0.532,0.111] [ |
—0.003 —0.054, 0.048
Intercept ’
High school GPA —0.134 —0.084 Pt (Aa) 750
[~0.417, 0.142] [—0.350, 0.181] Intercept (85) 760 ~0.005 [=0.077,0.066]
Mathematical knowledge —0.063* —0.058%* Intercept (S6) 770 0.279* [0.226, 0.334]
[~0.110, —0.017] [—0.103, —0.012]
Intercept (87) 80 0.008 [~0.002, 0.017]
General education —0.335% —0.373%
gymnasium [—0.642, —0.027] [—0.678, —0.068] ¢ on teacher 711 0.050 [-0.056,0.167]
AV (trait) 0.177 Bi on teacher 21 0.069 (~0.003, 0.141]
[—0.233,0.587]
By on teacher . —0.037 [—0.112, 0.037]
IV (trait) —0.343%*
[~0.612, —0.081] B3 on teacher 741 0083 (0.009,0.158]
UV (trait) 0.327°% B4 on teacher 751 —0.085* [<0.155, —0.011]
0.044, 0.608
[ ] Bs on teacher r61 —0.126% [—0.233, -0.020]
CO (trait) 0.229*
(0001, 0.457] B on teacher - —0.062 [—0.139,0.018]
Mathematical self-concept 0.115 B7 on teacher 781 —0.009 [~0.024, 0.005]

[-0.413, 0.639]

AIST-1 —0.042
[-0.214, 0.125]
AIST-S 0.085

[~0.083, 0.242]

1.695%
[1.421, 1.969]

1.857*
[1.535,2.172]

Intercept (y00)

0.352%
[0.249, 0.495]

0.316*

Res. Var. (700 ) [0.220, 0.457]

Unstandardized results. 95% credible intervals in brackets. Parameter estimates whose 95%
credible interval does not contain 0 are marked with an asterisk.

Firstly, we found that dropout intentions exhibited serial
correlation (y1g :0.339,[0.254,0.423]) and there were no group
differences regarding the strength of the serial correlation
(y11= 0.050,[—0.056,0.167]). In addition, we found that for both
B.Sc. and B.Ed. students, an increase in fear of failure was associated
with an increase in dropout intentions (y79 = 0.279,[0.226,0.334]).
Again, we did not find a significant additional effect for B.Ed. students
(y71 = —0.062, [—0.139, 0.018]). For trainee teachers, fluctuations in
the perceived costs (y41 = 0.083, [0.009, 0.158]), the understanding
of the lecture contents (y5; = —0.085, [—0.155, —0.011]) and the
= —0.126, [~0.233, —0.020])
also had an impact on dropout intentions. Higher perceived costs led

assessment of one’s own knowledge (y61

to an increase, whereas a better understanding of the lecture contents
and a more positive relative assessment of one’s own knowledge were
associated with a decline in dropout intentions on the intra-
individual level. However, these factors did not play any role for B.Sc.
students since the corresponding intercepts, y49 = 0.001, [—0,048,
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Unstandardized results. Parameter estimates whose 95% credible interval does not contain 0
are marked with an asterisk. ¢ reflects the autocorrelation of dropout intentions, whereas 3
corresponds to the effect of Utility Value (UV), 82 corresponds to the effect of Attainment
Value (AV) and 33 to the level of perceived costs (CO) on the level of dropout intentions.
The effect of understanding the lecture contents is reflected by 4, the effect of the
assessment of one’s own knowledge is represented by 85 and B¢ corresponds to the effect of
fear of failure. 37 corresponds to a trend in dropout intentions over time. The intercepts of
these slopes (y]() toy8()) can be interpreted as the average effect for B.Sc. students

(teacherj = 0), whereas the additional effect for B.Ed. students (teacherj =1) is reflected by
the coefficients on the teacher candidate indicator (y]1toyg1).

0.048], 750 = —0.003, [—0.054, 0.048], and y40 = —0.005, [—0.077,
0.066], were not significantly different from 0. In neither of the two
groups, statistically meaningful associations between UV (y29
—0.042, [—0.094, 0.011]; y1 = 0.069, [—0.003, 0.141]) or AV (y39
—0.050, [~0.105, 0.003]; 731 = —0.037, [~0.112, 0.037]) and dropout
intentions were found. Furthermore, the time trend which was

apparent for the B.Ed. students in the visual presentation of the
descriptive results was not found to be statistically significant, and
nor was there a significant trend for the other group (ygp = 0.008,
[-0.002, 0.017]; yg1 = —0.009, [—0.024, 0.005]). Overall, the direction
of the significant within-level associations was found to be plausible
without exceptions.

To sum up, it can be concluded that the level of dropout intentions
an individual experiences throughout the first semester remains more
or less stable over time and that some degree of persistence is present.
Moreover, fear of failure appears to be an important within-level
predictor for both B.Sc. and B.Ed. students. In the group of teacher
candidates we were able to identify additional predictors of dropout
intentions on the inter-individual level, i.e., the level of perceived
costs, assessment of one’s own mathematical knowledge and the
understanding of lecture contents.
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6. Discussion and conclusion

The aim of the present study was to identify risk factors for early
dropout in university math studies. In order to achieve this, we studied
the effects of initial characteristics and changeable states collected
during the first semester on the dropout intentions of B.Ed. and B.Sc.
students. A special focus was on the question of whether there exist
differences between these two groups of students which is particularly
of interest given that they usually attend the same math lectures
during their first year at university, even though their eventual
profession differs. We addressed primarily motivational and
performance related factors since we assumed that they play the main
role for dropouts in this field.

Our descriptive results show that dropout intentions of math
B.Sc. and B.Ed. students did not evolve in parallel during the first
semester and showed a different timing of the peaks. This could
indicate that the groups reacted in a different way to certain events
that occurred during the semester or that they were exposed to
them to a different degree. Examples here might be unexpectedly
good or bad performance in an exercise sheet, a high workload in
a course that only one of the groups had attended or certain
statements by a lecturer about teacher candidates versus B.Sc.
students. Furthermore, we found a higher average level of dropout
intentions among teacher candidates. As implied by the between-
level estimation results from RDSEM, this difference remained
significant as long as we controlled for background characteristics
and prior performance measures only, but the difference
disappeared once motivational variables measured at the beginning
of the course were added to the model.

In general, the type of school attended, the mathematical
knowledge at the beginning of the studies, UV, IV and CO had
predictive power for the mean level of dropout intentions. All these
effects were sizable, and their direction seems plausible except for
UV. We found that a higher utility value at the entrance to university
was associated with a higher level of dropout intentions over the
course of the first semester. One possible explanation might be that
especially those students that attach high utility to math studies have
wrong expectations about the study contents. These misconceptions
are typically corrected as they progress through their studies, which
can lead to feelings of disappointment and ultimately an intention to
drop out (see also Glaesser et al., 2021). Surprisingly, we did not find
a significant effect of high school GPAs. However, given the fact that
we controlled for math performance at the same time, which has been
shown to predict dropout intentions, it can be assumed that GPAs
simply did not contain information beyond math performance. While
there were no group differences with respect to the significant
predictors school type, UV, or IV, our group comparison revealed that
mathematical knowledge (see also Kilian et al., 2020) and perceived
costs largely differed between B.Ed. and B.Sc. students. The latter two
findings are supportive of the widely accepted hypothesis of negative
selection into the teaching profession. This hypothesis states that
student teachers have lower cognitive abilities as well as unfavorable
motivational characteristics compared to other types of students (see,
e.g., Guarino et al., 2006).

Several conclusions can be drawn from these findings. Firstly, it is
possible to explain differences between B.Ed. and B.Sc. students
regarding the mean level of dropout intentions experienced during the
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first semester based on variables collected at the beginning of studies.
Thus, the study program itself cannot be assumed to impose an
additional dropout risk (see also Kilian et al., 2020). Secondly,
background characteristics and performance measures alone are not
enough to explain those differences. Instead, motivational factors have
to be taken into account as well. Lastly, especially larger knowledge
deficits and unfavorable attitudes towards the non-monetary costs of
studying math can be identified as responsible for the higher overall
level of dropout intentions among teacher candidates.

Regarding the within-person processes, it turned out that dropout
intentions exhibit substantial persistence over time in both groups
(710 =0.339, [0.254, 0.423]), which means that once a student deviates
from his or her average level of dropout intentions, it takes some time
to return. Furthermore, we found that, apart from this autoregressive
relationship, fear of failure was the most important predictor of
dropout intentions for both B.Ed. and B.Sc. students (y79 = 0.279,
[0.226, 0.334]), which is in line with Glaesser et al. (2021).

Only in the group of B.Ed. students we were able to identify
additional factors on the intra-individual level. An increase in
perceived costs, a lack of understanding the lecture contents and a
worse assessment of one’s own knowledge of the lecture contents
compared to fellow students also contributed to an increase in the
intention to drop out. While the size of the effects of costs and
understanding were small, the size of the effect of knowledge
assessment was remarkable and approximately half the magnitude of
fear of failure (yg) =—0.126, [-0.233, —0.020]). A significant linear
time trend was not found in either of the groups, implying that
dropout intentions did not systematically increase or decline over the
course of the first semester.

We assume that the differences in intra-individual relations
between B.Ed. and B.Sc. students that we found result from the initial
differences between these groups. The fact that an increase in the level
of perceived costs only leads to an increase in dropout intentions for
teacher candidates can be assumed to be related to the finding that this
group already starts with a worse attitude towards the non-monetary
costs of studying mathematics. Another important aspect might
be that teacher candidates are enrolled into two subjects and also take
lectures in didactics, education and psychology, which reduces the
time they are able to spend on math lectures. In a similar direction,
the result that the assessment of one’s own mathematical knowledge
and the understanding of the lecture contents has an intra-individual
impact on the dropout intentions of B.Ed. students but not on those
of B.Sc. could result from the poorer starting point in terms of
mathematical knowledge. Moreover, given that the student teachers
in contrast to B.Sc. students rather had social than investigative
interests, their frustration tolerance in the subject-specific,
mathematical lectures might in general be lower.

Overall, the results from this study stress one more time the
importance of baseline characteristics and changeable states for the
development of dropout intentions in general math courses and math
teacher trainee courses (see also Glaesser et al., 2021; Kelava et al.,
2022). Study motivation and performance in particular were shown
to be important predictors of dropout intentions which supports the
findings by Andra et al. (2011) and Geisler (2020) who also highlight
the relevance of these factors. Thus, it is possible to identify persons at
risk of developing high average levels of dropout intentions as early as
at the beginning of the first semester. Even though the enrollment into
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teacher training instead of general math courses does not lead to
higher levels of dropout intentions in itself, it was shown that B.Sc.
students in general possess more favorable cognitive and motivational
prerequisites for succeeding in math studies compared to B.Ed.
students. Furthermore, it was illustrated that the mean level of dropout
intentions among B.Sc. students increases towards the middle of the
semester while mean dropout intentions of B.Ed. students were
particularly high at the beginning of their studies. Apart from
differences in patterns and average levels of dropout intentions,
differences regarding within-person processes were also found
between B.Ed. and B.Sc. students. Therefore, these two groups of
students should not be regarded as homogeneous with respect to
early dropouts.

Hence, the present study contributes to the research on dropout
in general math courses as well as math teacher training. By
considering stable initial characteristics as well as changeable states as
predictors of dropout intentions in the first semester, it provides a
deeper understanding of risk factors for early dropouts. Due to the
distinction between B.Ed. and B.Sc. students, important differences
within the field of mathematics have been demonstrated.

These insights can be used to facilitate the development of suitable
interventions which ease the transition to university mathematics (see,
e.g., Engelbrecht, 2010; Kosiol et al., 2019) and subsequently lead to a
reduction of dropouts in math studies. Firstly, based on our findings,
it seems reasonable to collect student information not only on prior
achievement but also on motivational factors at the beginning of the
studies to identify students with a high risk of developing dropout
intentions right from the start and to offer support. Another possibility
in this context could be the development of appropriate entry
requirements. Since dropout intentions exhibit within-person
variability and depend on states that are changeable within a person,
it seems, however, not sufficient to collect student information only at
the start of studies. Instead, additional data collection on a regular
basis during the studies in the semester is essential to provide
intervention strategies in a timely manner (see also Glaesser et al.,
2021). Given that the intra-individual processes leading to dropout
intentions differ between B.Sc. and B.Ed. students, the results further
imply that separate interventions might be needed for these groups.
Here, it seems important to consider the a priori differences in
motivation and achievement found between teacher candidates and
B.Sc. students since they are likely to contribute to the differences in
intra-individual processes. For the timing of interventions, it should
also be taken into account that the occasions at which high average
levels of dropout intentions for B.Ed. students versus B.Sc. students
occurred were not the same, as explained above. However, the
concrete conceptualization of targeted intervention strategies for B.Sc.
and B.Ed. students requires further investigations and is beyond the
scope of this study.

While the present study provides some new and valuable insights,
it also comes with methodological limitations. Given the special features
of the German educational system with the early separation of B.Ed. and
B.Sc. students, direct applicability of the results to universities in other
countries cannot be assumed. Furthermore, to increase representativity
within the German context, students from other universities could
be included as well. However, even though there might exist regional
differences in student characteristics since some universities have
specific term admission restrictions, study course curricula during the
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first year are comparable across the country, so that the university under
consideration can be assumed to be prototypical regarding study
contents and structure of math studies in Germany. Another
methodological challenge arises from the usage of non-randomized
data which impedes causal interpretation of the results. Time-varying
omitted variables remain a concern regarding intra-individual
mechanisms in spite of the decomposition into within- and between-
person variation which shall ensure that within-person dynamics are
not biased by time-invariant omitted variables (Allison, 2009; Hamaker
et al., 2018; Liidtke and Robitzsch, 2021). Furthermore, on the within-
level, we study concurrent relationships between variables, whereas
causal interpretation would require temporal order (Hamaker et al.,
2018; McNeish and Hamaker, 2020). A further limitation of the study is
that, while we were able to detect differences regarding within-level
associations between dropout intentions and changeable states for B.Ed.
and B.Sc. students, we can only make assumptions about their origin,
however, we are not able to explain them based on our model. The same
holds true for the triggers of the peaks in dropout intentions and the
reason why their timing differs between the groups.

Thus, understanding the complex mechanisms behind the
differences found between B.Ed. and B.Sc. students and the
identification of specific events that lead to sharp increases in dropout
intentions provides fruitful directions for future research.
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