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One of the most powerful determinants of course selection in upper secondary level is
undoubtedly students’ self-concept. Students with a high self-concept in a domain are
more likely to select a course in that domain. However, according to the dimensional
comparison theory, the formation of self-concept includes comparison processes with
self-concepts in other domains. Regarding gender, females are less likely to choose
physics and are more likely to have lower STEM self-concepts as well as lower
aspirations toward STEM careers than males. In Germany, students in Grade 10 choose
specific academic tracks to attend during upper secondary school. The academic track
choice goes in hand with choosing advanced courses. This choice entails the decision
about whether to pursue STEM subjects. We adopted the person-centered approach
of latent profile analysis (LPA) to investigate the patterns of students’ self-concepts
across the five domains, math, biology, reading, English, and physics. Furthermore,
we investigated how those patterns influence educational choices regarding science
subjects in upper secondary school in Germany. Based on a sample of 1,658 students,
we tested whether the distinct profiles of self-concept in different domains in Grade 8
predicted gendered science course selection in Grade 10 as well as career aspirations
in science. LPAs yielded four distinct profiles of self-concept that differed in level
and shape: high math, high verbal, low overall, and high overall. These profiles were
equivalent across gender. Gender differences were manifested in the relative distribution
across the four profiles: females were more present in the low overall and high verbal-
related self-concept profiles and males in the overall high and high math-related
self-concept profiles. The profiles differed regarding abilities, choice of science course in
upper secondary level, and science career aspirations.

Keywords: self-concept profiles, dimensional comparison theory, person-centered approach, gender differences,
course choice

INTRODUCTION

Despite women increasingly entering higher education and occupations in general, they are still
underrepresented in STEM occupations and university attendance (additional material of National
Science Foundation, 2003, 2015a,b; Organisation for Economic Co-operation and Development
[OECD], 2006, 2016). Field of study choices differ between males and females (e.g., Trusty, 2002;
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Nagy et al,, 2006; Perez-Felkner et al, 2017) and are already
channeled through course choice patterns in upper secondary
education. Previous studies have found that, while females
already opt out of STEM subjects during school, males more
frequently choose advanced science-related or math subjects
(Pinxten et al., 2012). Consequently, these first decisions in favor
of or against STEM courses in secondary school influence future
long-term educational aspirations such as the decision for STEM
studies and occupations (Trusty, 2002; Ayalon, 2003; Lorz et al,,
2011). One of the most prevalent predictors for opting out of
STEM subjects during school is domain-specific self-concept
(Wang et al., 2013; Guo et al., 2015). However, most research on
course selection focuses on the unique effects of self-concept in
a particular domain on course choice in the respective domain.
Only few studies have investigated the effects of a combination of
different academic self-concepts on course selection (Nagy et al.,
2006; Marsh et al., 2009; Guo et al., 2017). These studies found
that students compare their perceived abilities in various domains
and thus form specific self-concept configurations, which in
turn might influence course selection. However, these studies
incorporated only math and verbal (and other nonscience) self-
concepts (Marsh et al., 2009; Umarji et al., 2018), only science
self-concepts (Guo et al., 2017), or only a small selection of
science and/or math self-concepts (Nagy et al., 2006). Drawing
on the dimensional comparison theory (DCT; Moller and Marsh,
2013), we simultaneously considered self-concepts in various
science and nonscience domains and investigated the patterns
of self-concept combinations. To the best of our knowledge,
we are the first to combine a person-centered approach with a
multigroup approach to investigate such a large array of self-
concepts relevant for science course selection in order to detect
gender differences in these self-concept profiles. Furthermore,
we investigated the relation of these profiles to science course
selection and career aspirations. Finally, we take a long-term
approach by not investigating males and females self-concepts at
the time of academic choices toward science but by investigating
the impact of early self-concept on later academic choices.

Dimensional Comparisons and Structure
of Self-Concept

Students’ self-concept is defined as being multifaceted as well as
hierarchical and as the self-perception of an individual’s ability
in a specific domain (Marsh, 2007). According to the DCT
(Moller and Marsh, 2013), different dimensional comparisons
between domains shape self-concept. Students compare their
achievement in one domain with their achievement in another
domain. This comparison either leads to self-concepts that are
quite distinct from each other (high self-concept in one and
low self-concept in the other domain; contrast effect) or to
rather similar self-concepts (high self-concept in both domains;
assimilation effect). Which effect occurs depends on the perceived
subject similarity (Moller and Marsh, 2013; Moller et al., 2015).
Rather dissimilar subjects are clearly distinct from each other,
for example, subjects containing high levels of math content
versus subjects containing high levels of verbal content. This
phenomenon is also described as the math-verbal continuum (see

Marsh et al., 1988). Research on comparison processes in self-
concept formation has confirmed that math and verbal domains,
such as German or a foreign language, constitute dissimilar
subjects (Haag and Gotz, 2012; Helm et al., 2016). Regarding the
science and math domains, we assume that particular domains
that are perceived as being more similar or less similar differently
effect dimensional processes. In this regard, assimilation effects
exist for math and physics while reading and physics operate
as rather contrasting domains (Jansen et al., 2015). Looking at
similarities between science subjects, one can assume that biology
is more distinct from math than physics. Moéller and Koller (2004)
set up a model in which self-concept in physics and chemistry
is assigned to an overarching mathematical self-concept factor,
and biology self-concept is the only science domain that is
assigned to an overarching verbal self-concept factor. Particularly
biology and physics self-concepts serve as contrasting domains
whereas physics and chemistry appear more similar to each
other, thus resulting in assimilating dimensional comparisons
(Guo et al., 2017).

Self-concept is reciprocally related to academic achievement;
thus, individuals’ perception of their abilities is based on prior
achievement and vice versa (e.g., Marsh and Craven, 2006).
Therefore, achievement serves as an evaluator that shapes self-
concept in each domain. School grades or scores of standardized
achievement tests usually serve as indicators of achievement.
School grades not only reflect a student’s academic achievement
but also his or her relative position within the classroom setting.
Grades are also a direct form of feedback for students regarding
their achievement in a specific subject. In contrast, achievement
scores in a standardized test are a criterion-referenced measure
that is unbiased by group effects and not directly reported back to
the student.

Most of the studies mentioned above applied a variable-
centered approach (e.g., Nagy et al., 2006; Guo et al., 2017).
Because within-person hierarchies of self-concept in various
domains influence dimensional comparisons, person-centered
approaches are also required. With person-centered approaches,
individuals (in our case, students) with similar patterns regarding
specific indicators are clustered together and students with
disjunctive patterns are placed in different clusters (Lubke and
Muthén, 2005). Hence, each student is categorized into a specific
group according to his or her specific self-concept pattern. Thus,
the approach attempts to carve out homogeneous groups within a
heterogeneous population. Compared to the dominant variable-
centered approaches, applying a person-centered approach can
provide greater insights into students’ self-concept combinations.
Most of the person-centered studies on motivational patterns
used a set of motivational variables rather than self-concept alone
(Lazarides et al., 2016; Linnenbrink-Garcia et al., 2018). To date,
only a few studies have applied a person-centered approach to
investigate self-concept patterns in students using various types
of domain-specific self-concept (Marsh et al., 2009; Umarji et al.,
2018). Marsh et al. (2009) applied a latent profile analysis (LPA)
to a diverse set of academic self-concepts: math, verbal, problem
solving, intellectual, artistic, political, technical, and computer
self-concept, assessed in the final year of upper secondary school.
They were able to distinguish between profiles that showed a
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combination of quantitative (high, low, and average overall self-
concept) and qualitative differences among the single domains
(e.g., high math self-concept and low verbal self-concept and
vice versa). The authors identified four profiles, which reflected
different levels of overall self-concept, that is, one low self-
concept pattern, one medium self-concept pattern, and two high
self-concept patterns. These profiles also showed opposing math
and verbal self-concepts, indicating the verbal-math continuum
based on the DCT (Moller and Marsh, 2013). Only one group had
an average level of all self-concept indicators with rather similar
math and verbal self-concept means. Similarly, a study by Umarji
et al. (2018) incorporated the two contrasting domains of math
and English (mother tongue) self-concept. The authors identified
five groups of students in Grade 7 with three qualitative level
differences among the two domains (e.g., low math—medium
English, medium math—high English, or high math—medium
English) and two groups of students that differed in terms of
quantitative overall levels (low in both domains and high in
both domains). Although the self-concept indicator as well as
the number of profiles varied in both studies, there is evidence
of at least two profiles representing contrasting domains (high
math-related and low verbal-related vs. high verbal-related and
low math-related). Moreover, both studies also identified groups
that differed only in their quantitative level but did not show
differences between math and verbal self-concept. The described
studies on self-concept suggest that, within the framework of
person-centered approaches, one can expect to find at least two
profiles showing shape differences and two profiles showing level
differences (overall high and overall low self-concept).

Domain-Specific Self-Concept and

Academic Choices Toward Science
Motivational variables such as self-concept are important
predictors of course selection (Marsh and Yeung, 1997) and
aspirations toward a career in science (DeWitt et al., 2013).
Several studies have revealed that domain-specific self-concept
predicts academic choices over and above prior academic
achievement (e.g., Marsh and Yeung, 1997; Koller et al., 20005
Watt, 2006; Nagy et al., 2008; Wang and Degol, 2013). Students
with a high self-concept in a STEM domain are more likely to
remain on a STEM path even after it is no longer compulsory
(Halpern et al., 2007). Students with a high math-specific self-
concept are more likely to select math courses in high school
(Nagy et al,, 2006; Watt, 2006). The effects in math ranged
between OR = 2.15 to OR = 2.95 after controlling for several
cognitive variables in logistic regressions (Koller et al., 2000; Nagy
et al., 2008). Comparable analyses were performed to predict
the choice of STEM occupations and they showed that math-
specific self-concept in the 12th grade was also one of the stronger
predictors of this choice (OR = 1.46). Another study revealed that
self-concept in science predicts aspirations for a science career
(Nagengast and Marsh, 2012).

The presented studies incorporated only same-domain self-
concept in order to predict academic choices in the respective
domain, we not only considered self-concept and achievement in
the chosen domain but also incorporated several domain-specific

science and nonscience self-concepts to account for various
comparison processes. Research on the DCT model has
already proved the applicability of intraindividual dimensional
comparisons in explaining academic choices while using variable-
centered approaches (Nagy et al, 2006; Parker et al, 2012;
Guo et al., 2017) as well as person-centered approaches (Wang
et al., 2013; Umarji et al., 2018). Regarding the dual role of
math and language as contrasting domains, results have revealed
that students with a higher math self-concept relative to verbal
self-concept are more likely to choose a math intensive major
(Nagy et al., 2008; Parker et al., 2012; Guo et al., 2015; Umarji
et al., 2018). This is also the case in dimensional comparisons
between math and biology self-concepts and course selection
in the respective subject. Students with a high self-concept in
math were more likely to choose an advanced math course
and less likely to opt for an advanced biology course (Nagy
et al., 2006). Regarding science-specific comparisons, Guo et al.
(2017) showed that self-concept in physics negatively predicted
coursework aspirations in biology and vice versa. Taken together,
science course selection is based not only on self-concept and
achievement in a particular science domain. Rather, students
seem to compare their achievement and self-concept with other
domains such as reading as a rather dissimilar domain or math
as a similar domain and thus evaluate their individual relative
strengths. However, up until now, studies have not included a
wide spectrum of science and nonscience self-concepts. Thus,
a person-centered approach incorporating these various self-
concepts could be especially fruitful to investigate whether
students’ science course selection and career aspirations are
associated with students’ intraindividual patterns of self-concept
in various domains.

Gender Differences in Self-Concept and

Educational Choices
Although gender differences in certain abilities such as math and
reading seem to have become increasingly negligible (Hyde, 2005;
Else-Quest et al., 2010; Lindberg et al., 2010), gender differences
in self-concept are still visible. A number of studies have revealed
that, from early school years onward, the self-concepts of females
and males differ depending on the academic domain (Herbert
and Stipek, 2005; Spinath et al., 2014). Females, for instance, often
have a lower positive self-concept in science and math than males
do (Marsh and Yeung, 1998; Koller et al., 2000; DeWitt et al.,
2013), whereas males show relatively lower self-concepts in verbal
abilities (Schilling et al., 2006). This gender gap in the perception
of one’s own abilities even exists after prior achievement has been
controlled for (Wilkins, 2004; Sikora and Pokropek, 2012; Jansen
et al., 2014). Thus, females seem to underestimate their abilities
in math, which in turn might lower their math self-concept.
Taking a more differentiated look at science, gender
differences vary across scientific fields (Britner, 2008). In physics,
males tend to have a higher self-concept than females do
(Schilling et al., 2006; Jansen et al., 2014). The results on self-
concept in biology are mixed. While Schilling et al. (2006) found
a higher self-concept in biology for males, other studies reported
a higher self-concept in biology for females (Nagy et al., 2006;
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Jansen et al., 2014). Because gender differences do occur in
terms of self-concept, different mechanisms behind males” and
females” academic choices for and against STEM subjects could
be derived from these self-concept differences. These different
perceptions of one’s own abilities in a scientific field could lead
to males choosing math- and science-related courses more often
(Smyth and Hannan, 2006). Differences in self-concept are a key
predictor in explaining gender differences in educational choices
(Nagy et al., 2006; Watt, 2006). For instance, females with high
abilities and a high self-concept in biology are more likely to
choose advanced biology courses (Nagy et al., 2006). Whereas,
for males, the same effect of math achievement and self-concept
on math course selection is more pronounced than for females
(Guo et al., 2015).

Taken together, self-concept not only differs across domains
but also across gender. This effect has repeatedly been found
in variable-centered studies. So far, studies have not tested for
gender-specific profiles by combining a multigroup (gender) and
a person-centered approach (homogeneous groups within one
gender category). In such a framework, gender differences can
mainly occur in two different ways. First, males and females can
have different profile patterns, which lead to different choices
regarding science. Second, both genders can show the same
profile patterns, but the distribution across the profiles may differ
across gender. Some studies have revealed that males were more
likely to fall into a profile with high math self-concept, whereas
females were more likely to be in a high verbal self-concept
profile (Marsh et al., 2009; Umarji et al., 2018). However, the
studies did not systematically test for gender invariance in profiles
and did not apply these methods to investigate gendered paths
to STEM, for example, academic choices toward science. The
nature of profiles can differ across gender in terms of number of
profiles, structure of profiles, as well as the relationship between
profiles and predictors, or outcomes. Thus, taking a multigroup
perspective within a person-centered approach into account not
only helps to systematically assess gender differences in the nature
of profiles but also to fully disentangle gendered pathways into
science choices and career aspirations. We took this innovative
approach and investigated several science and nonscience self-
concepts that may lead to staying in or dropping out of science
courses. In addition, we took a new approach by focusing not
on self-concept at the time of the academic choice but on the
long-term effects of self-concepts for these academic choices.

The German Secondary School System

Despite each federal state in Germany having its own education
system, the systems also share common features. First, science
education takes place in separate courses for biology, chemistry,
and physics, and typically starts in Grade 7. Prior to Grade
5, elementary schools provide a combined course that includes
social science, history, geography, science, and technology. In
the federal state of Hamburg, where our study took place, in
Grades 5 and 6, academic secondary schools offer an integrated
science/technology course. In Grade 7, the structure changes
to separate courses in biology, chemistry, and physics. Second,
when entering upper secondary education (10th grade) students
have to choose advanced courses that they would like to focus

on and basic courses that they wish or need to continue. These
choices take place in track systems or course systems, depending
on the federal state. Hamburg has a track system. At the end of
Grade 10, students have to choose between five tracks, namely,
science/technology, language, social sciences, arts, and sports.

The Present Study

The aim of the present study was to identify males’ and females’
self-concept profiles using LPA. Further, we incorporated several
relevant predictors to account for the influence of achievement
and outcome variables to fully discern the mechanisms behind
gendered differences in self-concept profiles and in academic
choices toward science. Unlike previous studies, we incorporated
a wider range of science and nonscience self-concepts, namely,
math, verbal, biology, and physics; we also focused on the impact
of early self-concept on later academic choices.

First, we examined students’ self-concept profiles across
the domains of math, biology, physics, German, and English,
separately for each gender. Applying a person-centered approach,
we expected to find different profiles that show qualitative
and quantitative self-concept differences. We expected to find
profiles that demonstrate the verbal-math continuum based on
the DCT (Moller and Marsh, 2013). Therefore, we assumed that
at least four profiles would emerge. We expected to find two
qualitatively different profiles; one profile showing high self-
concept values in the math-related domains of math and physics,
and low self-concept values in the verbal-related domains of
English and reading; and a second profile showing low self-
concept values in the math-related domains and high self-concept
values in the verbal-related domains. Because results concerning
the placement of biology on the math-verbal continuum are
mixed, we did not formulate a specific hypothesis regarding
the assignment of biology. Studies investigating patterns of
motivational variables have demonstrated that profiles also differ
in terms of quantity (high and low overall self-concept, in some
instances, a medium overall self-concept), in which the values of
math-related and verbal-related self-concepts are rather similar
(Marsh et al., 2009; Umarji et al., 2018). Hence, we also expected
to find at least two profiles, one with overall low self-concept
values and one with overall high self-concept values.

Second, applying the novel approach for testing gender
invariance in LPA, we systematically assessed whether the profiles
were similar across gender (Morin, 2016). We did not specify
hypotheses regarding differences between males and females due
to the lack of studies using the person-centered approach to
investigate the profiles of domain-specific self-concepts across
gender in a multigroup framework. Thus, we conducted an
explorative test regarding differences in the number of profiles
and the qualitative differences of profiles across gender. However,
research regarding gender differences in self-concept has shown
that males have higher self-concept values in math-related
domains and females have higher self-concept values in verbal-
related domains. Hence, we expected that proportionally more
females would be in profiles characterized by a high verbal self-
concept whereas males would more frequently belong to profiles
characterized by a high math self-concept.
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Third, achievement in the respective domain influences
the formation of students’ self-concept and students rely
on achievement in different domains to shape their self-
concept. Therefore, we hypothesized that high achievement
in math domains and low achievement in verbal domains
would be positively associated with high math-related self-
concept (HMRSC) profiles whereas a low math and high
verbal achievement constellation would be positively associated
with profiles characterized by high verbal-related self-concept
(HVRSC) profiles. Due to our novel approach, which combined
the person-centered and multigroup perspective, we were not
able to formulate hypotheses regarding gender differences within
the relations between achievement and self-concept.

Finally, we expected that group membership would predict
science course selection and science aspirations. More precisely,
we hypothesized that students in high math- and science-related
self-concept profiles would be more likely to choose a science
course and hold higher aspirations toward science occupations
than students in high verbal self-concept profiles. Because several
studies have revealed that males are more likely to choose a
science course than females in upper secondary school, we
hypothesized that, in profiles with quite identical math and verbal
self-concept values, females would be more likely to choose
science courses.

MATERIALS AND METHODS

Procedure and Sample

We performed secondary analyses on a subsample of the
longitudinal “Competencies and Attitudes of Students”
study [KESS] (Bos and Grohlich, 2010) conducted in the
German federal state of Hamburg. The sample of the KESS
study comprised various school types. We investigated
the subsample of 1,658 students attending 61 academic
schools (Gymnasium). Only this school type leads to upper
secondary education and comprises 3 years more than the
other school types. We used data from the measurement
points in Grade 8 and Grade 12, measured in 2007 and 2011,
respectively. Domain-specific self-concept, science aspirations,
and ability in various domains (achievement test scores and
grades) were measured at the end of the eighth grade. In
the 12th grade, students stated which track they selected
in Grade 10.

Measures

Domain-Specific Self-Concept

Students’ domain-specific self-reported perception of their
abilities was assessed with separate scales for each domain.
Self-concept in biology, physics, and math was each measured
using three scales adopted from the Academic Self-Description
Questionnaire II scale (ASDQ II; Marsh, 1990). Each scale
comprised three items, for example, “I have always been good in
[biology/physics/math.]” (biology: a = 0.87, physics: a = 0.90, and
math: o = 0.93). Self-concept in reading (German) was assessed
using seven items adopted from the Progress in International
Reading Literacy Study (PIRLS; Kelly, 2003), for example, “I have

difficulties understanding texts.” (a = 0.75). Self-concept in
English was assessed using five items adopted from Jerusalem
(1984). A typical item was: “Nobody can be good in every subject.
I am just not talented in English” (o = 0.91). All items were rated
on four-point Likert-type scales.

Science Track Selection

Students indicated their course choices for Grades 11 and 12. We
used the choice of the first course as an indicator of the choice of a
science or nonscience track (values 1 and 0). The subject choices
biology, chemistry, and physics indicated science track selection.
All remaining first course choices were an indicator of nonscience
track selection.

Science Aspirations

On a four-point Likert-type scale, students answered an item
asking whether they were interested in choosing an occupation in
a scientific field after completing school. The item was measured
in Grade 8.

Standardized Achievement Test

Students’ achievement in science, math, and reading was
measured using standardized achievement tests covering the
curriculum in the respective domain. Applying an anchor-item
design and IRT scaling across the three measurement points
ensured the comparability of the achievement test scores (Davier
and Davier, 2007). A common longitudinal metric was built
(M =100, SD = 30). All reliabilities reported in the manuals of
the respective studies were satisfactory (Bos et al., 2010).

School Grades and Gender

Students indicated their grade in math, German, English, biology,
and physics from the latest school report card. School grades in
lower secondary level range between one and six, with one being
the highest score. We recoded the grades for the sake of clarity,
thus, higher scores reflect higher achievement. Finally, students
reported their gender (0 = male, 1 = female).

Statistical Analyses
All analyses were conducted in Mplus 7.4 (Muthén and Muthén,
1998-2015) using maximum likelihood with robust standard
errors (MLR). Our initial analyses included correlation analyses
and tests for mean differences between males and females. The
data set contained data missing at random in the indicator
variables for the LPA as well as in the covariates. Therefore,
we handled the missing data with the imputation function in
Mplus and produced 50 imputed data sets (Graham et al,
2007; Enders, 2010; Hickendorff et al., 2018). We integrated
these 50 data sets with the function TYPE = IMPUTATION.
We also took the hierarchical data structure into account by
adjusting standard errors using the TYPE = COMPLEX option
in Mplus, specifying schools as clusters. LPA was applied using
z-standardized domain-specific self-concept indicator variables.
In the first step, we examined the number of profiles for
males and females independently in consecutive LPAs. In each
model, indicator means were freely estimated while the variance
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of the indicators was held equal across profiles'. Models were
estimated based on 5,000 random sets of start values and 100
iterations per start. The decision for an optimal profile solution
was based on a variety of statistical fit indexes. Thus, we
evaluated the Akaike information criterion (AIC), the consistent
AIC (cAIC), the Bayesian information criterion (BIC), and the
sample-adjusted BIC (SABIC). Simulation studies recommend
the use of the cAIC, BIC, and SABIC (e.g., Nylund et al., 2007;
Tofighi and Enders, 2008). Lower values indicate a better fit.
As the fit indices in large sample sizes frequently improve with
the number of profiles, we also inspected elbow plots to detect
the point at which the decrease in the fits became negligible
(Morin et al., 2016a). We also considered the theoretical meaning
of the profile solutions (Muthén, 2003; Marsh et al., 2009) as
profiles should be meaningful and interpretable as well. Hence,
we inspected the self-concept composition of additional profiles.
We preferred models with fewer profiles when an additional
profile was quite similar to the already existing profiles. Finally,
the entropy and the average posterior probabilities, varying
from 0 to 1, gives information about how well students can be
classified to their most likely profile. The higher the value, the
smaller the classification error. Nagin (2005) suggests an average
posterior probability value of at least 0.70 as the cutoff for an
acceptable classification error. In the following steps, we used
a multigroup approach using the KNOWNCLASS function to
investigate whether gender differences occurred in (a) the nature
of the profiles, (b) the prediction, and (c) the outcome (Morin,
2016; Morin et al., 2016b).

In the second step, we examined the degree of similarity
across gender in a sequence of models after identifying the
final number of profiles for males and females. First, a baseline
model with freely estimated profile-specific indicator variables
across gender was estimated (configural model). Then, the
models were successively constrained with regard to profile
indicators across gender (i.e., means and variance). Thus, we
tested whether the means within the profiles were similar across
gender (structural similarity) and we tested whether the variance
within profiles were similar across gender (dispersion similarity).
Finally, we examined whether the relative profile sizes were equal
across gender (distributional similarity). Models with equality
constraints across gender were compared to a less restrictive
model using cAIC, BIC, and SABIC. Lower values on at least two
information criteria indicated a favorable model (Morin, 2016).

In the third step, we added predictors to the final model.
A multinomial logistic regression was used to predict profile
membership. We further tested for differences across gender by
comparing a model constraining logistic regression coefficients
to be equal between males and females (predictive similarity)
with a model where coeflicients were freely estimated between
males and females. We then compared the model fit. In a
last step, we added the outcome variables, science course
selection, and science aspirations to the final model. Again,
we first estimated a model with freely estimated within-profile

'We also tested models with freely estimated variance. However, these models did
not converge, possibly due to an overparameterization (Chen et al., 2001). We
therefore used fixed-variance models in all subsequent analyses.

outcomes across gender and compared the model to a model
with equality constraints of the outcome variables across gender
(explanatory similarity). To ensure that including covariates and
outcomes did not change the profile solution, all models were
estimated applying the manual three-step method (Asparouhov
and Muthén, 2014; Morin and Litalien, 2017). Moreover, if
the model with freely estimated coefficients between males and
females was superior, we further checked pairwise differences
of coeflicients across profiles and gender using the model
constraint function.

RESULTS

Before proceeding to the hypothesis testing, we report the
descriptive findings of self-concept and the achievement means
of males and females (see Table 1). Correlations are reported in
the Appendix (see Appendix Tables A1, A2). The ¢-test and effect
sizes show that gender differences in favor of males occurred for
self-concept in physics and math. The effect sizes for both are
quite substantial.

Females showed higher English self-concept than males
but the effect size shows that the difference had only
little practical relevance. Many gender differences occurred
regarding achievement. Males had significantly higher scores in
standardized achievement tests in math and science whereas
females showed higher scores in reading and English. However,
the effect sizes indicated a medium effect for reading whereas the

TABLE 1 | Means of males’ and females’ self-concepts as well as achievement in
different domains.

Males Females Cohen’sd  Mean Test
(n=714) (n = 944) between-
gender
difference
Self-concept Mean (SD) Mean (SD) T-Test
Biology 3.32 (0.74) 3.31(0.65) 0.01 0.29
Physics 3.19 (0.79) 2.72 (0.80) 0.59 11.97%**
German 3.30 (0.50) 3.31(0.49) 0.001 0.29
Math 3.33(0.75) 2.85 (0.84) 0.59 11.91%%
English 3.23(0.75) 3.35(0.68) 0.17 3.49%**
Achievement
Test scores
Science 155.83 (31.23)  147.39 (28.24) 0.29 5.76***
Reading 150.94 (18.94)  159.79 (16.78) 0.50 10.05%**
Math 165.03 (23.26) 159.22 (21.43) 0.26 5.27***
English 144.86 (20.72)  151.11 (18.26) 0.30 6.51%**
Grades
Biology 4.21(0.84) 4.34 (0.84) 0.16 3.31%*
Physics 4.23 (0.90) 4.26 (0.90) 0.03 0.69
German 4.05 (0.82) 4.44 (0.76) 0.49 9.85%**
Math 4.13 (0.99) 4.16 (0.99) 0.04 0.77
English 3.94 (0.92) 4.31(0.89) 0.41 8.26™**

o < 0.001; **p < 0.01; *p < 0.05; all achievement variables were
measured in Grade 8.
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remaining domains showed rather small effect sizes. With regard
to school grades, math and physics did not significantly differ
across gender. Females received significantly better grades in the
verbal domains.

Males’ and Females’
Self-Concept Profiles

We ran consecutive LPAs from one to six profiles. Table 2
displays the fit indices, average probabilities of profile
membership, and classification accuracy (entropy) for the
subsamples males and females. The normality and local
independence assumptions of LPA were met.

In both subsamples, the fit indices continuously decreased
as the number of profiles increased up to the fifth profile.
The cAIC, BIC, and SABIC increased, thus, the sixth profile
was statistically unsatisfactory. However, we also inspected a
graphical representation of the fit indices. The indices attenuated
at the fourth profiles (see Appendix Figures Al, A2). Adding
a fifth profile did not result in a further meaningful profile.
In fact, this fifth profile resembled an existing profile (see
Appendix Figures A3, A4). In both samples, the 4-profile
solution showed sufficient classification accuracy (entropy). The
average probabilities of profile membership in the profiles were
high and ranged between 0.76 and 0.85 in the females’ subsample
and between 0.76 and 0.87 in the males’ subsample. Thus, the
models can distinguish quite well between the profiles. Taking
these fit values into account, as well as the theoretical foundations
of the profiles, and the inspection of the emerging profile in
the 5-profile solution, the 4-profile solution was retained for
subsequent analysis in both samples.

Analyses of Profile Similarities Between

Males and Females

The LPA of each subsample revealed the same number of profiles
for males and females. Thus, in a second step, we investigated the
profile similarity between males and females using a multigroup

approach. Table 3 shows the fit indices for the models. First, a
4-profile model with freely estimated means across subsamples
was estimated (configural model). The configural model was
compared with a more restrictive model in which the means were
held equal across gender (structural model).

The structural model resulted in lower cAIC and BIC
values, indicating that the four profiles showed similar within-
profile means across gender. Next, a model with means and
within-profile variance held equal across gender was estimated
(dispersion model). This model resulted in lower fit indices than
the prior model and thus further supports the structural profile
similarities across gender. Finally, the distributional model was
estimated by constraining the profile sizes of the profiles to
be equal across gender. All fit indices were higher than in the
dispersion model, indicating that the relative size of the latent
profiles was not similar across gender, which means that the
profile membership differed as a function of gender.

The final multigroup 4-profile model, with equal within-
profile means and within-profile variability across gender but
freely estimated profile probabilities was retained for further
analysis. Figure 1 exhibits the profiles and Table 4 the gender
distribution across the four profiles.

The first profile reflects high math-related self-concepts (math
and physics) and low verbal-related self-concepts (German and
English). We labeled this profile high mathrelated self-concept
(HMRSC). As we hypothesized, this group included 19% of
the males but only 7% of the females. Even though we had
refrained from formulating hypotheses regarding biology self-
concept, we found that this domain-specific self-concept did not
show directionality on the math-verbal continuum. The second
profile (11% males and 18% females) comprised low levels of self-
concept across all domains with rather identical physics, math,
and reading self-concept. Biology self-concept, though still low,
was slightly higher than the remaining self-concepts whereby
English self-concept was slightly lower than all other self-
concepts. We labeled this profile low overall self-concept (LOSC).
The third profile showed differences between math-related and

TABLE 2 | Results from the latent profiles analyses.

Model LL # of par. AlC cAIC BIC SABIC ¢ Profile prob. entropy
Females

1 profile —6697.39 10 13414.78 13473.28 13463.28 13431.52 n.a. n.a.
2 profile —6520.61 16 13073.21 13166.81 13150.81 13100.00 >0.88 0.66
3 profile —6441.81 22 12927.62 13056.32 13034.32 12964.45 >0.81 0.69
4 profile —6403.64 28 12863.29 13027.09 12999.09 12910.17 >0.76 0.70
5 profile —6360.91 34 12789.82 12988.72 12954.72 12846.74 >0.79 0.76
6 profile —6352.72 40 12785.44 13019.44 12979.44 12852.40 >0.80 0.79
Males

1 profile —5065.61 10 10151.22 10206.93 10196.93 10165.18 n.a. n.a.
2 profile —4911.66 16 9855.32 9944.46 9928.46 9877.65 >0.90 0.69
3 profile —4863.50 22 9771.00 9893.56 9871.56 9801.70 >0.81 0.69
4 profile —4837.89 28 9731.78 9887.77 9859.77 9770.86 >0.76 0.72
5 profile —4817.99 34 9703.98 9893.39 9859.39 9751.43 >0.69 0.68
6 profile —4802.44 40 9684.89 9944.46 9867.72 9740.71 >0.71 0.70

LL, log likelihood; # of par., number of free parameters; AIC, Akaike information criteria; CAIC, constant AIC; BIC: Bayesian information criterion; SABIC, sample-size

adjusted BIC; n.a., not applicable.
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TABLE 3 | Test of profile similarity, predictive similarity, and explanatory similarity.

LL # of par. AlC cAlC BIC SABIC
Profile similarity
Configural: All means free —12264.12 57 24642.23 25007.79 24950.80 24769.71
Structural: All means equal —12318.68 37 24711.37 24948.66 24911.66 24794.20
Dispersion: All equal —12328.13 32 24720.26 24925.49 24893.49 24791.83
Distributional —12373.87 29 24805.74 24991.73 24962.73 24870.60
Predictive similarity: test score
Freely estimated —2897.35 31 5856.70 6055.52 6024.52 5926.04
Equality across gender —2904.96 19 5847.91 5969.77 5950.77 5890.41
Predictive similarity: grades
Freely estimated —2706.43 37 5486.85 5724.15 5687.14 5569.60
Equality across gender —2718.08 22 5480.16 5621.26 5599.26 5529.37
Explanatory similarity
Freely estimated —5989.74 25 12029.48 12189.810 12164.81 12085.39
Equality across gender —6055.97 17 12145.95 12254.975 12237.98 12183.97

LL, log likelihood; # of par., number of free parameters; AlIC, Akaike Information Criteria; CAIC, Constant AIC; BIC, Bayesian Information Criterion; SABIC, Sample-Size

Adjusted BIC; n.a., not applicable.
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FIGURE 1 | Final profile solution. HMRSC, high math-related self-concept; LOSC, low overall self-concept; HVRSC, high verbal-related self-concept; HOSC, high
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verbal-related self-concepts and was somewhat the opposite of
the HMRSC profile. Students in this profile had high verbal
self-concepts (German and English) and low math-related self-
concepts (physics and math). Self-concept in biology did not
show directionality toward math-related self-concept on the
verbal-math continuum. Thus, we labeled the profile high verbal-
related self-concept HVRSC. As we expected, this profile was
prevalent for almost half of the females (48%) but only for 28%
of the males. Finally, the last profile constituted most of the
students and contained 43% of the males’ subsample and 28%
of the females’ subsample. The profile was characterized by high
math and physics self-concept, which was slightly larger than
reading, biology, and English self-concept. This configuration
corresponds to a high overall self-concept profile (HOSC). As
we had expected, these four profiles represent level (LOSC and

HOSC) and shape differences (HMRSC and HVRSC). Therefore,
again as we expected, we found profiles that differed both
quantitatively and qualitatively.

We also conducted a chi-square analysis and adjusted
standardized residuals to investigate gender differences in profile
membership (see Appendix Table A3). As hypothesized, gender
differences occurred in all profiles following a stereotypical
pattern. Females were overrepresented in the HVRSC and the
LOSC profile whereas males were overrepresented in the HMRSC
profile and the HOSC.

Predictive Similarity

We added covariates to the final multigroup model to investigate
the prediction of profile membership via multinomial regression.
A multigroup approach was used to investigate whether
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TABLE 4 | Gender distribution across profiles.

High
math-related
self-concept

Overall low
self-concept

High
verbal-related
self-concept

Overall high
self-concept

19%
Females 7%

11%
18%

28%
48%

43%
28%

Males

covariates differentially predicted profile membership for males
and females. We analyzed two sets of covariates: achievement in
a standardized test and school grades. We again compared two
models, a model freely estimating the predictors across gender
and a model constraining the paths to be equal across gender.
The constrained model resulted in lower fit values, indicating
predictive similarity across gender. Table 5 presents the results of
the multinomial logistics regression. We report odds ratios (OR).
ORs reflect the change in the likelihood of being in a profile versus
a comparison profile for each unit of increase in the predictor.
An OR of 1 indicates that the likelihood to be placed in a profile
versus a comparison profile is equal, and an OR above 1 indicates
a higher likelihood to be placed in the comparison profile.

Students with high achievement test scores in math and in
science were more likely to belong to the HMRSC profile rather
than to the LOSC profile or the HVRSC profile. Students with
lower achievement test scores in math and science were more
likely to belong to the HVRSC profile than to the HOSC profile.
Students with high English achievement test scores were more
likely to belong to the HVRSC profile than to the HOSC profile.
Students with low English achievement test scores were more
likely to be in the HMRSC profile than in any of the three
others or were more likely to be in the LOSC profile than the
HVRSC profile.

The effects of school grades on group membership revealed
similar results. Again, students with higher grades in math and in
physics were more likely to be members of the HMRSC profile in
comparison to the LOSC profile and the HVRSC profile. Lower
grades in math and in physics led to higher membership chances

in the HVRSC profile and the LOSC profile compared to the
HOSC profile. Students with better grades in German and in
English were more likely to be a member of HVRSC profile than
the HOSC profile. Students with lower grades in English were
more likely to belong to the HMRSC in comparison to all other
profiles. However, students with lower grades in English were also
more likely to be in the LOSC profile than in the HOSC profile
or the HVRSC profile. Regarding grades in biology, students
with lower grades had a higher likelihood of membership in the
HVRSC and in the LOSC profiles compared to the HOSC profile.

In a last step, we added outcome variables to the final model.
Again, we compared a model with freely estimated mean-level
outcomes with a model in which the mean-level outcomes were
constrained to be equal across gender. We tested the models for
each of the outcome variables. Table 3 shows that the fit indices
were lower for the freely estimated model, thereby indicating that
course selection varies as a function of gender.

Pairwise mean differences were tested between the profiles and
across gender (Table 6). The likelihood of choosing a science
course at the beginning of upper secondary school was highest in
the HMRSC profile and in the HOSC profile as compared to the
LOSC and HVRSC self-concept profile. This was true for both
males and females. However, in the HMRSC profile and in the
HOSC profile, the probability of choosing a science course was
lower for females than for males. We found the same pattern
for science aspirations, indicating that students in the HMRSC
and HOSC profile were more likely to choose a science career
in the future. However, with regard to gender differences, only
the HOSC profile revealed significant differences, indicating that
males’ aspirations for a science career were higher than females’.

DISCUSSION

The focus of our study was to explore gendered differences
within self-concept profiles and their relation to pursuing a
scientific path. In order to gain deeper insights into choices
made regarding science at upper secondary school, we examined

TABLE 5 | Relations of achievement measures to self-concept profile membership (Multinomial logistic regression, separate analyses for test scores and school grades).

HMRSC vs. LOSC HMRSC vs. HVRSC

HMRSC vs. HOSC

LOSC vs. HOSC LOSC vs. HVRSC HVRSC vs. HOSC

OR (SEyp) OR (SEyp) OR (SEp) OR (SE) OR (SEp) OR (SEp)
Achievement test scores
Math 1.07 (0.02)*** 1.07 (0.01)*** 1.01 (0.01) 0.95 (0.01)*** 1.00 (0.01) 0.95 (0.01)***
Reading 0.99 (0.01) 0.99 (0.01) 0.99 (0.01) 1.00 (0.01) 1.00 (0.01) 1.00 (0.01)
Science 1.03 (0.01)** 1.08 (0.01)*** 1.00 (0.01) 0.98 (0.01)*** 1.08 (0.01)* 0.97 (0.01)***
English 0.95 (0.02)** 0.89 (0.01)*** 0.93 (0.01)*** 0.96 (0.01)*** 0.97 (0.01)** 1.04 (0.01)***
School grades
Math 10.97 (0.41)*** 10.79 (0.24)** 1.64 (0.24)* 0.26 (0.25)*** 1.68 (0.23)* 0.15 (0.20)***
German 0.56 (0.30)*** 0.51 (0.22) 1.21(0.21) 2.31 (0.23)*** 0.99 (0.21) 2.35 (0.18)***
Biology 1.67 (0.31) 1.32(0.22) 0.90 (0.23) 0.58 (0.22)* 0.85 (0.20) 0.69 (0.19)*
Physics 4.17 (0.33)*** 5.28 (0.24)** 1.16 (0.20) 0.30 (0.22)*** 1.36 (0.18) 0.22 (0.18)***
English 0.23 (0.47)*** 0.06 (0.30)* 0.11 (0.29)*** 0.28 (0.28)*** 0.15 (0.22)* 1.94 (0.24)**

***p < 0.001; **p < 0.01; *p < 0.05; all achievement variables were measured in Grade 8. OR, odds ratio; SEp, standard error of beta; HMRSC, high math-related
self-concept; LOSC, low overall self-concept; HVRSC, high verbal-related self-concept; HOSC, high overall self-concept profile.
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TABLE 6 | Associations between profile membership course selection and career
aspirations in science.

Outcome HMRSC (1) LOSC (2) HVRSC (3) HOSC (4)
OR OR OR OR

Science course  1.81 (0.11)2%  1.20 (0.08)"* 1.17 (0.03)"*  1.52 (0.06)%-2
male
Science course  1.32 (0.06)>%2 1,13 (0.03)™4 1.13(0.02)"* 1.29 (0.03)2:32
female

Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE)
Science 2.94 (0.11)2% 2.03(0.17)"* 2.00 (0.06)"*  2.88(0.08)%3
aspirations
male
Science 2,91 (0.11)234 2,13 (0.11)"4 1.89 (0.06)"* 2.613 (0.06)%31.2
aspirations
female

asignificant differences between gender, p < 0.05. Indices indicate the other
profile that has a significantly different value compared to the respective profile,
for example: 1.81%% of HMRSC profile (1) is significantly higher than 1.20 of
LOSC profile (2) and higher than 1.17 of HVRSC profile (3). HMRSC, high math-
related self-concept; LOSC, low overall self-concept; HVRSC, high verbal-related
self-concept; HOSC, high overall self-concept profile.

the joint effects of prior domain-specific self-concept (i.e., math,
reading, physics, biology, and English) on course selection in
secondary education. By adopting a person-centered approach,
we explored how dimensional comparisons between these science
and nonscience school subjects lead to science course selection
instead of only taking a single domain into account. In contrast
to previous studies, we incorporated these self-concepts to
focus on science course selection and science aspirations, to
systematically check for gender invariances within the person-
centered approach, and to evaluate whether gender-specific
differences in choosing a science path occur. We first conducted
an LPA to analyze self-concept profiles separately for males
and females and we then adopted a multigroup LPA to further
investigate gender differences in profiles, profile membership,
predictors, and outcomes.

Self-Concept Profiles of Males and

Females

As expected, the LPA revealed four distinct profiles that differed
qualitatively (in shape) and quantitatively (in level). Thus, already
in Grade 8, students develop a differentiated pattern of science
and nonscience self-concepts. Three profiles reflected the verbal-
math continuum. The first profile is characterized by high
self-concept in math and physics and low self-concept in the
verbal domains (i.e., reading and English). The opposing profile
reflected high verbal self-concept and low math self-concept. One
profile reflected a high overall self-concept across all domains,
but with slightly higher math-related self-concepts compared
to verbal-related self-concepts. The remaining profile reflected
overall low levels of self-concept across all domains. In all profiles,
math and physics self-concepts had comparable means within
each profile. Biology, a self-concept component we explored
without formulating hypotheses, could not be related to any
end of the verbal-math continuum. This self-concept showed

different positioning in the profiles. It rather belonged to the
math-related self-concepts in the HVRSC profile, to the high
verbal-related self-concepts in the HOSC profile, whereas, in
the HMRSC and the LOSC profile, no clear allocation to the
continuum could be made. Therefore, our results did not support
the assumption that biology self-concept belongs to either one of
the ends of the verbal-math continuum. Regarding the placement
of biology self-concept within the verbal-math continuum, we
might have revealed a reason for the inconsistent results from
previous variable-centered studies. Whether or not biology can
be placed on the verbal end of the verbal-math continuum
might depend on the students’ self-concept profile. The nature
of our profiles was similar to profiles identified in earlier studies;
however, the number of profiles differed as the number of
domain-specific self-concepts used in former studies differed
as well (Marsh et al., 2009; Umarji et al,, 2018). Thus, our
results confirm the importance of an individual’s self-evaluation
of strengths and weaknesses, which has already been established
in the context of the DCT (Moller and Marsh, 2013).

The shape of the profiles was similar across gender, indicating
that both genders had the same structure of self-concept profiles.
We did not find distinctive self-concept patterns for males and
females. Even though we did not find gender distinctive patterns,
as expected, we did find differences in the distribution across
profiles as a function of gender. The HVRSC profile and the
LOSC profile were more frequent among females than males.
In contrast, males were overrepresented in the profiles with
higher math-related self-concepts (i.e., the HOSC profile and the
HMRSC profile). About 62% of the males either had a high overall
self-concept or a HMRSC, while this was the case for less than
35% of the females. The distributional differences suggest that
a specific group of males’ and females™ self-concept should be
strengthened according to their profile as early as Grade 8. As
this was only 1 year after the beginning of science teaching in
Germany, our results show that self-concepts should be fostered
from the very beginning of teaching these subjects. In order to
keep females on the science path, specific interventions should
foster the math and physics self-concepts of females in the
HVRSC profile and in the LOSC profile.

Predictors

Stereotypical gender differences emerged in the achievement
indicators. Although recent studies underline that gender
differences in achievement almost disappear between males
and females, contrary to the self-concepts, where we found
more gender differences for physics and science, we found
substantial differences between achievement indicators mainly
for the verbal domains (i.e., German and English). Interestingly,
we did not find any gender differences for grades in math and
physics whereas males showed higher test scores in math and
science than females. Moreover, the dimensional comparisons
of the students’ achievement seemed to influence membership
in the self-concept profiles. Just as has been shown for math,
English, and German, we again showed that students rank their
achievement in comparison to other domains in order to get
information about their relative abilities in a specific domain
(Marsh, 1990; Moller and Marsh, 2013) and this comparison
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forms their self-concept pattern. Students with high math and
low verbal abilities rather belong to the HMRSC profile than to
the HVRSC profile and vice versa. Interestingly, students with
low abilities in English fall into the HMRSC profile rather than
into the HOSC. Therefore, English (as a foreign language) seems
to be a more contrasting domain in finding one’s own self-
concept profile than the more general German (mother tongue)
comparison. Hence, the perception of one’s abilities in the foreign
languages is a quite important (negative) predictor of females
staying on the STEM path. Moreover, as expected, the grade
in math is the most powerful predictor of membership in the
HMRSC profile for both males and females. Even though males
and females did not differ regarding their math grades, females
were less likely to be in profiles with HMRSCs. One explanation
might be the attributional gender bias: males” success in math is
attributed to ability whereas females’ success is attributed to effort
(e.g., Raty etal., 2002). Perhaps, females might not use their actual
math grade to examine their abilities. Thus, other mechanisms
seem to influence gender-specific distribution across profiles.
Exploring these mechanisms should be the focus of future studies.

Outcome

Students may be more likely to persevere in a subject in which
they feel more competent than in another subject (Jonsson,
1999; Uerz et al., 2004). For instance, Marsh and Yeung (1997)
were able to show that domain-specific self-concept predicts the
choice of that particular subject more than self-concept in other
subjects. Moreover, students tend to choose a science course more
frequently when their abilities in math are clearly higher than
their abilities in reading (Uerz et al., 2004). Our results support
these assumptions. As we expected, students belonging to profiles
with math-related self-concepts more frequently chose a science
course and had higher aspirations toward a science career than
students in the LOSC and the HVRSC profile. Because both
profiles with math-related self-concepts drives science course
selection, dimensional comparisons might lead and might not
lead to science course selection at the time. Not only students
with higher self-concept in mathematics compared to the verbal
domain choose science courses but also students with high self-
concept in both domains. This effect was even stronger for
males in two ways. First, males tended to be in the two profiles
favoring science course selection and science aspirations more
often. Second, compared to females, males in the HMRSC or
the HOSC profile more frequently chose a science course than
females. In particular, females who perceived themselves as being
good in both math and verbal subjects were less likely to choose
science course than males. Having high abilities or self-concept
in several domains leads to a broader range of possibilities in
educational choices. Students might choose academic courses
and later careers according to stereotypical interests or fields to
which their environment directs them. For example, stereotypes
regarding science as a male domain (Cheryan et al., 2011) and
gender-role behaviors in students’ environment (Eccles, 1993)
might influence educational decisions. These mechanism for this
specific group needs to be addressed in future studies in order
to tailor future interventions to keep females on the scientific
path. Even though our study did not lead to specific interventions,

we were able to show that there cannot be one strategy to keep
females on this path. Furthermore, we showed that - just as for
males - the group of females dropping out of science careers
is not a homogenous group, just as the group of females that
pursues a scientific career is not homogenous. Understanding
the mechanisms behind the specific groups is an important task
for future interventions. Our conclusion that females within
specific profiles should be supported in strengthening their math-
and physics-related self-concepts should ideally also result in
females” increased interest in a scientific career as well as in the
choice of science courses during upper secondary education. Our
study showed that already in Grade 8 self-concept predicts career
aspirations. Although we were able to reveal this mechanism
for STEM paths, future studies could investigate whether these
mechanisms also appear for other paths such as choosing
humanities or languages for males and for females.

Limitation and Future Directions

Some limitations, which future studies could attempt to
overcome, are worth mentioning. First, our study focused on
general science course selection. The subsamples of students
who chose advanced physics and chemistry courses were too
small because these two school subjects are not very popular
in Germany. Therefore, analyses of these fine-grained levels
were not feasible. Future studies might look at how self-
concept patterns (e.g., covering the differential self-concepts
of our study) differentially influence the uptake of physics,
biology, and chemistry courses. It would be interesting to
investigate the impact of self-concepts that include high math
contents (such as physics, which we were able to place on the
verbal-math continuum, in comparison to biology) on science
course selection.

Some methodological limitations are to mention. Similar to
previous studies, we assessed domain self-concept with separate
domain-specific Likert scales (i.e., for biology, physics, math,
English, and German). Additionally, we could not rely on
paralleled items across all scales. This approach may have the
drawback that it was not able to measure exactly the same
construct in all of the domains. This is a methodological problem
that should be addressed in the future, especially in the light
of DCT studies. Further, the entropy values in the female and
male subsamples were about 0.70 suggesting that precision
of classification might not be highly accurate. However, the
average posterior probabilities ranged between 0.76 and 0.88. The
cross probabilities values, which ranged between 0.01 and 0.16,
indicated that students had also a 1-16% chance of belonging to
another profile. Thus, the chosen model can distinguish quite well
between the profiles.

Future studies could also focus on the predictors of self-
concept patterns. We showed that individuals’ achievement is
a source of self-concept formation but peers, teachers, and
family also play an important role in perceptions of self-concept.
Previous studies have already demonstrated that school and
family influence career choices (Mau and Bikos, 2000; Fouad
and Santana, 2017). The shaping of self-concept can provide
valuable information about why females are less likely to choose
STEM. Moreover, future studies could incorporate a wide array

Frontiers in Psychology | www.frontiersin.org

April 2019 | Volume 10 | Article 836


https://www.frontiersin.org/journals/psychology/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/psychology#articles

SaB and Kampa

Self-Concept Profiles

of motivational variables that might explain gender differences
in course selection, such as task values, interest, and self-efficacy
(Guo et al.,, 2015; Korhonen et al., 2016; Lin et al., 2018;
Linnenbrink-Garcia et al., 2018) and these individual predictors
could be combined with school, family, and peer predictors.
Incorporating these additional variables and utilizing the DCT as
well as the person-centered and the multigroup approach could
reveal whether the same mechanisms apply to all motivational
variables for males and females alike.

Lastly, we focused on the impact of self-concept on
educational decisions 2 years before students decide upon their
courses and basically right after the start of science teaching in
Germany. Previous studies have shown that early self-concept
already impacts later educational decisions (Nagy et al., 20065
Umarji et al., 2018). For instance, the effects of math and
English self-concepts on math intensive college majors were
rather similar for the students in the 7th and 10th grades (Umarji
et al, 2018). Moreover, there is evidence that motivational
profiles are rather stabile from Grades 9 to 10 (e.g., Lazarides
et al, 2019). Further, our study did not take self-concept
development throughout secondary level into account. On the
basis of our results, studies incorporating science and nonscience
self-concepts into growth mixture models and using several
measurement points in lower secondary education would be
suitable to identify subgroups of students that differ in their
growth rates of achievement or in their self-concept patterns. One
study has already been able to show that students who increased
their math self-concept throughout secondary school were more
likely to choose a math intensive course than students whose
math self-concept declined over the course of secondary school
(Musu-Gillette et al., 2015). Those results could be expanded
by using a wider array of self-concept variable patterns and
by focusing on science course selection, which could then be
linked to several outcomes that we used for our study. Thus,
future research could thereby provide deeper insights into the
substantial changes that might occur in the development of
self-concept in different domains and that could influence later
science course selection.

CONCLUSION

Our study contributes to the body of research on self-concept
by incorporating self-concept in several domains and the DCT
to understand gendered paths into STEM. To the best of our
knowledge, this is the first study that separately tested the

REFERENCES

Asparouhov, T., and Muthén, B. (2014). Auxiliary variables in mixture modeling:
three-step approaches using Mplus. Struct. Equ. Modeling 21, 329-341. doi:
10.1080/10705511.2014.915181

Ayalon, H. (2003). Women and men go to university: mathematical background
and gender differences in choice of field in higher education. Sex Roles 48,
277-290. doi: 10.1023/A:1022829522556

Bos, W., and Gréhlich, C. (eds) (2010). KESS 8. Kompetenzen und Einstellungen
von Schiilerinnen und Schiilern am Ende der Jahrgangsstufe 8 [Competencies and
Attitudes of Students at the End of Grade 8]. Miinster: Waxmann.

self-concept profiles of females and males in upper secondary
school in a person-centered and multigroup framework in
order to disentangle gendered pathways to academic choices
regarding science. Our study further provides evidence for the
robustness of former findings regarding multidimensional self-
concept profiles using LPA.

ETHICS STATEMENT

Participation in the achievement tests was mandatory for all
students with the consent of the Ministry of Schools and
Vocational Training of the Free and Hanseatic City of Hamburg,
whereas participation in the questionnaires was voluntary. This
study was carried out in accordance with the ethical guidelines
for research with human participants as proposed by the
American Psychological Association (APA). The study materials
and procedures were approved by the Ministry of Schools and
Vocational Training of the Free and Hanseatic City of Hamburg.

AUTHOR CONTRIBUTIONS

SS wrote the first and consecutive drafts of the manuscript. Both
the authors listed have made a substantial, direct and intellectual
contribution to the work, including the approval for publication.

ACKNOWLEDGMENTS

This manuscript uses data from the longitudinal studies LAU
and/or KESS. Both data sets were generated by the Free and
Hanseatic City of Hamburg through the Ministry of Schools
and Vocational Training between 1995 and 2012 and were
provided to the MILES (Methodological Issues in Longitudinal
Educational Studies) scientific consortium for a limited period
with the aim of conducting in-depth examinations of scientific
questions. MILES is coordinated by the Leibniz Institute for
Science and Mathematics Education (IPN).

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fpsyg.
2019.00836/full#supplementary- material

Bos, W., Grohlich, C., Dudas, D. F., Guill, K., and Scharenberg, K. (2010). KESS
8. Skalenhandbuch zur Dokumentation der Erhebungsinstrumente. Miinster:
Waxmann.

Britner, S. L. (2008). Motivation in high school science students:
a comparison of gender differences in life, physical, and earth
science classes. J. Res. Sci. Teach. 45, 955-970. doi: 10.1002/tea.
20249

Chen, F., Bollen, K. A., Paxton, P., Curran, P. ], and Kirby, J. B. (2001).
Improper solutions in structural equation models: causes, consequences, and
strategies. Sociol. Methods Res. 29, 468-508. doi: 10.1177/004912410102900
4003

Frontiers in Psychology | www.frontiersin.org

April 2019 | Volume 10 | Article 836


https://www.frontiersin.org/articles/10.3389/fpsyg.2019.00836/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpsyg.2019.00836/full#supplementary-material
https://doi.org/10.1080/10705511.2014.915181
https://doi.org/10.1080/10705511.2014.915181
https://doi.org/10.1023/A:1022829522556
https://doi.org/10.1002/tea.20249
https://doi.org/10.1002/tea.20249
https://doi.org/10.1177/0049124101029004003
https://doi.org/10.1177/0049124101029004003
https://www.frontiersin.org/journals/psychology/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/psychology#articles

SaB and Kampa

Self-Concept Profiles

Cheryan, S., Siy, J., Vichayapai, M., Drury, B., and Kim, S. (2011). Do female
and male role models who embody STEM stereotypes hinder women’s
anticipated success in STEM? Soc. Psychol. Pers. Sci. 2, 656-664. doi: 10.1177/
1948550611405218

Davier, M. V., and Davier, A. A. V. (2007). A unified approach to IRT scale linking
and scale transformations. Methodology 3, 115-124. doi: 10.1027/1614-2241.3.
3.115

DeWitt, J., Osborne, J., Archer, L., Dillon, J., Willis, B., and Wong, B. (2013).
Young children’s aspirations in science: the unequivocal, the uncertain and
the unthinkable. Int. J. Sci. Educ. 35, 1037-1063. doi: 10.1080/09500693.2011.
608197

Eccles, J. S. (1993). “School and family effects on the ontogeny of children’s
interests, self-perceptions, and activity choice,” in Nebraska Symposium on
Motivation, 1992: Developmental perspectives on motivation, ed. J. Jacobs
(Lincoln, NB: University of Nebraska Press), 145-208.

Else-Quest, N. M., Hyde, J. S., and Linn, M. C. (2010). Cross-national patterns of
gender differences in mathematics: a meta-analysis. Psychol. Bull. 136, 103-127.
doi: 10.1037/a0018053

Enders, C. K. (2010). Applied Missing Data Analysis. New York, NY: Guilford
Publications.

Fouad, N. A, and Santana, M. C. (2017). SCCT and underrepresented populations
in STEM fields: moving the needle. J. Career Assess. 25, 24-39. doi: 10.1177/
1069072716658324

Graham, J. W., Olchowski, A. E., and Gilreath, T. D. (2007). How many
imputations are really needed? Some practical clarifications of multiple
imputation theory. Prev. Sci. 8, 206-213. doi: 10.1007/s11121-007-0070-9

Guo, J., Marsh, H. W., Parker, P. D., Morin, A.J. S., and Dicke, T. (2017). Extending
expectancy-value theory predictions of achievement and aspirations in science:
internal comparison processes and expectancy-by-value interactions. Learn.
Instr. 49, 81-91. doi: 10.1016/j.learninstruc.2016.12.007

Guo, J., Parker, P. D., Marsh, H. W., and Morin, A. J. S. (2015). Achievement,
motivation, and educational choices: a longitudinal study of expectancy and
value using a multiplicative perspective. Dev. Psychol. 51, 1163-1176. doi: 10.
1037/a0039440

Haag, L., and Goétz, T. (2012). Mathe ist schwierig und deutsch aktuell:
vergleichende studie zur charakterisierung von schulfichern aus schiilersicht
[math is difficult and german up to date: a comparative study on the
characterization of subject domains from students’” perspective]. Psychologie in
Erziehung und Unterricht 59, 32-46. doi: 10.2378/peu2012.art03d

Halpern, D. F., Benbow, C. P., Geary, D. C., Gur, R. C,, Hyde, J. S., and Gernsbacher,
M. A. (2007). The science of sex differences in science and mathematics. Psychol.
Sci. Public Inter. 8, 1-51. doi: 10.1111/§.1529-1006.2007.00032.x

Helm, F., Miiller-Kalthoff, H., Nagy, N., and Moller, J. (2016). Dimensional
comparison theory: perceived subject similarity impacts on students’ self-
concepts. AERA Open 2, 1-9. doi: 10.1177/2332858416650624

Herbert, J., and Stipek, D. (2005). The emergence of gender difference in children’s
perceptions of their academic competence. J. Appl. Dev. Psychol. 26, 276-295.
doi: 10.1016/j.appdev.2005.02.007

Hickendorff, M., Edelsbrunner, P. A., McMullen, J., Schneider, M., and Trezise, K.
(2018). Informative tools for characterizing individual differences in learning:
latent class, latent profile, and latent transition analysis. Learn. Individ. Diff. 66,
4-15. doi: 10.1016/j.lindif.2017.11.001

Hyde, J. S. (2005). The gender similarities hypothesis. Am. Psychol. 60, 581-592.
doi: 10.1037/0003-066X.60.6.581

Jansen, M., Schroeders, U., and Liidtke, O. (2014). Academic self-concept in
science: multidimensionality, relations to achievement measures, and gender
differences. Learn. Individ. Differ. 30, 11-21. doi: 10.1016/j.1indif.2013.12.003

Jansen, M., Schroeders, U., Liidtke, O., and Marsh, H. W. (2015). Contrast and
assimilation effects of dimensional comparisons in five subjects: an extension of
the I/E model. J. Educ. Psychol. 107, 1086-1101. doi: 10.1037/edu0000021

Jerusalem, M. (1984). Selbstbezogene Kognitionen in Schulischen Bezugsgruppen
[Self-referential Cognition in School Reference Groups]. Berlin: Freie Universitat.

Jonsson, J. O. (1999). Explaining sex differences in educational choice an empirical
assessment of a rational choice model. Eur. Sociol. Rev. 15, 391-404. doi: 10.
1093/oxfordjournals.esr.a018272

Kelly, D. L. (2003). “Developing the PIRLS background questionnaires,” in PIRLS
2001 Technical Report, eds M. O. Martin, I. V. S. Mullis, and A. M. Kennedy
(Chestnut Hill, MA: Boston College), 29-40.

Koller, O., Daniels, Z., Schnabel, K. U., and Baumert, J. (2000). Kurswahlen von
madchen und jungen im fach mathematik: zur rolle von fachspezifischem
selbstkonzept und interesse [math course selection by boys and girls: the
role of domain-specific self-concept and interest]. Zeitschrift fiir Pidagogische
Psychologie 14, 26-37. doi: 10.1024//1010-0652.14.1.26

Korhonen, J., Tapola, A., Linnanmiki, K., and Aunio, P. (2016). Gendered
pathways to educational aspirations: the role of academic self-concept, school
burnout, achievement and interest in mathematics and reading. Learn. Instr.
46, 21-33. doi: 10.1016/j.learninstruc.2016.08.006

Lazarides, R, Dietrich, J., and Taskinen, P. (2019). Stability and change in students’
motivational profiles in mathematics: the role of perceived teaching. Teach.
Teach. Educ. 79, 164-175. doi: 10.1016/j.tate.2018.12.016

Lazarides, R., Viljaranta, J., Aunola-Aro, K., Pesu, L., and Nurmi, J.-E. (2016). The
role of parental expectations and students’ motivational profiles for educational
aspirations. Learn. Individ. Differ. 51, 29-36. doi: 10.1016/jlindif.2016.
08.024

Lin, L., Lee, T., and Snyder, L. A. (2018). Math self-efficacy and STEM intentions:
a person-centered approach. Front. Psychol. 9:2033. doi: 10.3389/fpsyg.2018.
02033

Lindberg, S. M., Hyde, J. S., Petersen, J. L., and Linn, M. C. (2010). New trends
in gender and mathematics performance: a meta-analysis. Psychol. Bull. 136,
1123-1135. doi: 10.1037/a0021276

Linnenbrink-Garcia, L., Wormington, S. V., Snyder, K. E., Riggsbee, J., Perez, T.,
Ben-Eliyahu, A., et al. (2018). Multiple pathways to success: an examination of
integrative motivational profiles among upper elementary and college students.
J. Educ. Psychol. 110, 1026-1048. doi: 10.1037/edu0000245

Lorz, M., Schindler, S., and Walter, J. (2011). Gender Inequalities in higher
education. Extent, development and mechanisms of gender differences in
enrolment and field of study choice. Irish Educ. Stud. 30, 179-198. doi: 10.1080/
03323315.2011.569139

Lubke, G. H., and Muthén, B. (2005). Investigating population heterogeneity with
factor mixture models. Psychol. Methods 10, 21-39. doi: 10.1037/1082-989X.
10.1.21

Marsh, H. W. (1990). A multidimensional, hierarchical model of self-concept:
theoretical and empirical justification. Educ. Psychol. Rev. 2, 77-172. doi: 10.
1007/BF01322177

Marsh, H. W. (2007). Self-Concept Theory, Measurement and Research Into
Practice: The Role of self-Concept in Educational Psychology. Leicester: British
Psychological Society.

Marsh, H. W, Byrne, B. M., and Shavelson, R. J. (1988). A multifaceted academic
self-concept: its hierarchical structure and its relation to academic achievement.
J. Educ. Psychol. 80, 366-380. doi: 10.1037/0022-0663.80.3.366

Marsh, H. W., and Craven, R. G. (2006). Reciprocal effects of self-concept and
performance from a multidimensional perspective: beyond seductive pleasure
and unidimensional perspectives. Perspect. Psychol. Sci. 1, 133-163. doi: 10.
1111/j.1745-6916.2006.00010.x

Marsh, H. W, Liidtke, O., Trautwein, U., and Morin, A.J. S. (2009). Classical latent
profile analysis of academic self-concept dimensions: synergy of person- and
variable-centered approaches to theoretical models of self-concept. Struct. Equ.
Modeling 16, 191-225. doi: 10.1080/10705510902751010

Marsh, H. W, and Yeung, A. S. (1998). Longitudinal structural equation models of
academic self-concept and achievement: gender differences in the development
of math and English constructs. Am. Educ. Res. J. 35, 705-738. doi: 10.3102/
00028312035004705

Marsh, H. W., and Yeung, S. A. (1997). Coursework selection: relations to academic
self-concept and achievement. Am. Educ. Res. ]. 34, 691-720. doi: 10.3102/
00028312034004691

Mau, W. C,, and Bikos, L. H. (2000). Educational and vocational aspirations of
minority and female students: a longitudinal study. J. Couns. Dev. 78, 186-194.
doi: 10.1002/.1556-6676.2000.tb02577.x

Moller, J., Helm, F., Miiller-Kalthoff, H., Nagy, N., and Marsh, H. W. (2015).
Dimensional comparisons and their consequences for self-concept, motivation,
and emotion. Int. Encycl. Soc. Behav. Sci. 26, 430-436. doi: 10.1016/B978-0-08-
097086-8.26092-3

Moller, J., and Kéller, O. (2004). Die genese akademischer selbstkonzepte: effekte
dimensionaler und sozialer vergleiche [on the development of academic self-
concepts: the impact of social and dimensional comparisons]. Psychologische
Rundschau 55, 19-27. doi: 10.1026/0033-3042.55.1.19

Frontiers in Psychology | www.frontiersin.org

April 2019 | Volume 10 | Article 836


https://doi.org/10.1177/1948550611405218
https://doi.org/10.1177/1948550611405218
https://doi.org/10.1027/1614-2241.3.3.115
https://doi.org/10.1027/1614-2241.3.3.115
https://doi.org/10.1080/09500693.2011.608197
https://doi.org/10.1080/09500693.2011.608197
https://doi.org/10.1037/a0018053
https://doi.org/10.1177/1069072716658324
https://doi.org/10.1177/1069072716658324
https://doi.org/10.1007/s11121-007-0070-9
https://doi.org/10.1016/j.learninstruc.2016.12.007
https://doi.org/10.1037/a0039440
https://doi.org/10.1037/a0039440
https://doi.org/10.2378/peu2012.art03d
https://doi.org/10.1111/j.1529-1006.2007.00032.x
https://doi.org/10.1177/2332858416650624
https://doi.org/10.1016/j.appdev.2005.02.007
https://doi.org/10.1016/j.lindif.2017.11.001
https://doi.org/10.1037/0003-066X.60.6.581
https://doi.org/10.1016/j.lindif.2013.12.003
https://doi.org/10.1037/edu0000021
https://doi.org/10.1093/oxfordjournals.esr.a018272
https://doi.org/10.1093/oxfordjournals.esr.a018272
https://doi.org/10.1024//1010-0652.14.1.26
https://doi.org/10.1016/j.learninstruc.2016.08.006
https://doi.org/10.1016/j.tate.2018.12.016
https://doi.org/10.1016/j.lindif.2016.08.024
https://doi.org/10.1016/j.lindif.2016.08.024
https://doi.org/10.3389/fpsyg.2018.02033
https://doi.org/10.3389/fpsyg.2018.02033
https://doi.org/10.1037/a0021276
https://doi.org/10.1037/edu0000245
https://doi.org/10.1080/03323315.2011.569139
https://doi.org/10.1080/03323315.2011.569139
https://doi.org/10.1037/1082-989X.10.1.21
https://doi.org/10.1037/1082-989X.10.1.21
https://doi.org/10.1007/BF01322177
https://doi.org/10.1007/BF01322177
https://doi.org/10.1037/0022-0663.80.3.366
https://doi.org/10.1111/j.1745-6916.2006.00010.x
https://doi.org/10.1111/j.1745-6916.2006.00010.x
https://doi.org/10.1080/10705510902751010
https://doi.org/10.3102/00028312035004705
https://doi.org/10.3102/00028312035004705
https://doi.org/10.3102/00028312034004691
https://doi.org/10.3102/00028312034004691
https://doi.org/10.1002/j.1556-6676.2000.tb02577.x
https://doi.org/10.1016/B978-0-08-097086-8.26092-3
https://doi.org/10.1016/B978-0-08-097086-8.26092-3
https://doi.org/10.1026/0033-3042.55.1.19
https://www.frontiersin.org/journals/psychology/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/psychology#articles

SaB and Kampa

Self-Concept Profiles

Moller, J., and Marsh, H. W. (2013). Dimensional comparison theory. Psychol. Rev.
120, 544-560. doi: 10.1037/a0032459

Morin, A. J. S. (2016). “Person-centered research strategies in commitment
research,” in The Handbook of Employee Commitment, ed. J. P. Meyer
(Cheltenham: Edward Elgar), 490-508. doi: 10.4337/9781784711740.
00050

Morin, A. J. S., Boudrias, J.-S., Marsh, H. W., Madore, 1., and Desrumaux, P.
(2016a). Further reflections on disentangling shape and level effects in person-
centered analyses: an illustration exploring the dimensionality of psychological
health. Struct. Equ. Modeling 23, 438-454. doi: 10.1080/10705511.2015.111
6077

Morin, A. J. S, and Litalien, D. (2017). Webnote: Longitudinal Tests of
Profile Similarity and Latent Transition Analyses. Montreal, QC: Substantive
Methodological Synergy Research.

Morin, A. J. S., Meyer, J. P., Creusier, J., and Biétry, F. (2016b). Multiple-group
analysis of similarity in latent profile solutions. Organ. Res. Methods 19, 231-
254. doi: 10.1177/1094428115621148

Musu-Gillette, L. E., Wigfield, A., Harring, J. R., and Eccles, J. S. (2015). Trajectories
of change in students’ self-concepts of ability and values in math and college
major choice. Educ. Res. Eval. 21, 343-370. doi: 10.1080/13803611.2015.
1057161

Muthén, B. (2003). Statistical and substantive checking in growth mixture
modeling: comment on bauer and curran (2003). Psychol. Methods 8, 369-377.
doi: 10.1037/1082-989X.8.3.369

Muthén, L. K., and Muthén, B. O. (1998-2015). Mplus Users Guide. Seventh
Edition. Los Angeles, CA: Muthén & Muthén.

Nagengast, B., and Marsh, H. W. (2012). Big fish in little ponds aspire more:
mediation and cross-cultural generalizability of school-average ability effects on
self-concept and career aspirations in science. J. Educ. Psychol. 104, 1033-1053.
doi: 10.1037/a0027697

Nagin, D. S. (2005). Group-based Modeling of Development. Harvard: Harvard
University Press. doi: 10.4159/9780674041318

Nagy, G., Garrett, J., Trautwein, U., Cortina, K. S., Baumert, J., and Eccles, J.
(2008). “Gendered high school course selection as a precursor of gendered
careers: the mediating role of self-concept and intrinsic value,” in Gender
and Occupational Outcomes: Longitudinal Assessment of Individual, Social,
and Cultural Influences, eds H. Watt and J. Eccles (Washington: American
Psychological Association), 115-143.

Nagy, G., Trautwein, U., Baumert, J., Koller, O., and Garrett, J. (2006). Gender
and course selection in upper secondary education: effects of academic self-
concept and intrinsic value. Educ. Res. Eval. 12, 323-345. doi: 10.1080/
13803610600765687

National Science Foundation (2003). August 14. The science and engineering
workforce: Realizing America’s potential (NSB 03-69). Washington, DC: National
Science Foundation.

National Science Foundation (2015a). Revisiting the STEM Workforce: A
Companion to Science and Engineering Indicators 2014. (NSB-2015-10).
Arlington, VA: National Science Foundation.

National Science Foundation (2015b). Women, minorities, and persons with
disabilities in science and engineering: 2015 (Special Report NSF 15-311).
Arlington, VA: National Science Foundation, National Center for Science and
Engineering Statistics.

Nylund, K. L., Asparouhov, T., and Muthén, B. O. (2007). Deciding on the
number of classes in latent class analysis and growth mixture modeling: a
monte carlo simulation study. Struct. Equ. Modeling 14, 535-569. doi: 10.1080/
10705510701575396

Organisation for Economic Co-operation and Development [OECD] (2006).
Women in Scientific Careers: Unleashing the Potential. Paris: Organisation for
Economic Co-operation, and Development.

Organisation for Economic Co-operation and Development (2016). Data on
Education by Sex and Country. In Education at a Glance. Paris: Organisation
for Economic Co-operation, and Development.

Parker, P., Schoon, I., Tsai, Y., Nagy, G., Trautwein, U., and Eccles, J. (2012).
Achievement, agency, gender, and socioeconomic background as predictors

of postschool choices: a multicontext study. Dev. Psychol. 48, 1629-1642. doi:
10.1037/20029167

Perez-Felkner, L., Nix, S., and Thomas, K. (2017). Gendered pathways: how
mathematics ability beliefs shape secondary and postsecondary course and
degree field choices. Front. Psychol. 8:386. doi: 10.3389/fpsyg.2017.00386

Pinxten, M., de Fraine, B., van den Noortgate, W., van Damme, J., and
Anumendem, D. (2012). Educational choice in secondary school in Flanders:
the relative impact of occupational interests on option choice. Educ. Res. Eval.
18, 541-569. doi: 10.1080/13803611.2012.702991

Rity, H., Vinskd, J., Kasanen, K., and Kirkkainen, R. (2002). Parents’ explanations
of their childs performance in mathematics and reading: a replication
and extension of Yee and Eccles. Sex Roles 46, 121-128. doi: 10.1023/A:
1016573627828

Schilling, R. S., Sparfeldt, J., and Rost, D. (2006). Facetten schulischen
selbstkonzepts: welchen unterschied macht das geschlecht? [gender differences
in subject-specific academic self-concepts]. Zeitschrift fiir Pidagogische
Psychologie 20, 9-18. doi: 10.1024/1010-0652.20.12.9

Sikora, J., and Pokropek, A. (2012). Gender segregation of adolescent science
career plans in 50 countries. Sci. Educ. 96, 234-264. doi: 10.3102/000283121143
5229

Smyth, E., and Hannan, C. (2006). School effects and subject choice: the uptake of
scientific subjects in Ireland. Sch. Effect. Sch. Improv. 12, 303-327. doi: 10.1080/
09243450600616168

Spinath, B., Eckert, C., and Steinmayr, R. (2014). Gender differences in school
success: what are the roles of students’ intelligence, personality and motivation?
Educ. Res. 56, 230-243. doi: 10.1016/j.paid.2013.07.131

Tofighi, D., and Enders, C. K. (2008). “Identifying the correct number of classes
in growth mixture models,” in Advances in Latent Variable Mixture Models,
eds G. R. Hancock and K. M. Samuelsen (Charlotte, NC: Information Age
Publishing), 317-341.

Trusty, J. (2002). Effects of high school course-taking and other variables on choice
of science and mathematics college majors. J. Counsel. Dev. 80, 464-474. doi:
10.1002/j.1556-6678.2002.tb00213.x

Uerz, D., Dekkers, H., and Béguin, A. A. (2004). Mathematics and language skills
and the choice of science subjects in secondary education. Educ. Res. Eval. 10,
163-182. doi: 10.1076/edre.10.2.163.27908

Umarji, O., Mcpartlan, P., and Eccles, J. (2018). Patterns of math and english self-
concepts as motivation for college major selection. Contemp. Educ. Psychol. 53,
146-158. doi: 10.1016/j.cedpsych.2018.03.004

Wang, M. T., and Degol, J. (2013). Motivational pathways to STEM career
choices: using expectancy-value perspective to understand individual and
gender differences in STEM fields. Dev. Rev. 33, 304-340. doi: 10.1016/j.dr.2013.
08.001

Wang, M.-T., Eccles, J. S., and Kenny, S. (2013). Not lack of ability but more
choice: individual and gender differences in choice of careers in science,
technology, engineering, and mathematics. Psychol. Sci. 24, 770-775. doi: 10.
1177/0956797612458937

Watt, H. M. G. (2006). The role of motivation in gendered educational and
occupational trajectories related to maths. Educ. Res. Eval. 12, 305-322. doi:
10.1080/13803610600765562

Wilkins, J. L. M. (2004). Mathematics and science self-concept: an international
investigation. J. Exp. Educ. 72, 331-346. doi: 10.3200/JEXE.72.4.
331-346

Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Copyright © 2019 Safs and Kampa. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (CC BY). The use,
distribution or reproduction in other forums is permitted, provided the original
author(s) and the copyright owner(s) are credited and that the original publication
in this journal is cited, in accordance with accepted academic practice. No use,
distribution or reproduction is permitted which does not comply with these terms.

Frontiers in Psychology | www.frontiersin.org

April 2019 | Volume 10 | Article 836


https://doi.org/10.1037/a0032459
https://doi.org/10.4337/9781784711740.00050
https://doi.org/10.4337/9781784711740.00050
https://doi.org/10.1080/10705511.2015.1116077
https://doi.org/10.1080/10705511.2015.1116077
https://doi.org/10.1177/1094428115621148
https://doi.org/10.1080/13803611.2015.1057161
https://doi.org/10.1080/13803611.2015.1057161
https://doi.org/10.1037/1082-989X.8.3.369
https://doi.org/10.1037/a0027697
https://doi.org/10.4159/9780674041318
https://doi.org/10.1080/13803610600765687
https://doi.org/10.1080/13803610600765687
https://doi.org/10.1080/10705510701575396
https://doi.org/10.1080/10705510701575396
https://doi.org/10.1037/a0029167
https://doi.org/10.1037/a0029167
https://doi.org/10.3389/fpsyg.2017.00386
https://doi.org/10.1080/13803611.2012.702991
https://doi.org/10.1023/A:1016573627828
https://doi.org/10.1023/A:1016573627828
https://doi.org/10.1024/1010-0652.20.12.9
https://doi.org/10.3102/0002831211435229
https://doi.org/10.3102/0002831211435229
https://doi.org/10.1080/09243450600616168
https://doi.org/10.1080/09243450600616168
https://doi.org/10.1016/j.paid.2013.07.131
https://doi.org/10.1002/j.1556-6678.2002.tb00213.x
https://doi.org/10.1002/j.1556-6678.2002.tb00213.x
https://doi.org/10.1076/edre.10.2.163.27908
https://doi.org/10.1016/j.cedpsych.2018.03.004
https://doi.org/10.1016/j.dr.2013.08.001
https://doi.org/10.1016/j.dr.2013.08.001
https://doi.org/10.1177/0956797612458937
https://doi.org/10.1177/0956797612458937
https://doi.org/10.1080/13803610600765562
https://doi.org/10.1080/13803610600765562
https://doi.org/10.3200/JEXE.72.4.331-346
https://doi.org/10.3200/JEXE.72.4.331-346
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/psychology/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/psychology#articles

	Self-Concept Profiles in Lower Secondary Level – An Explanation for Gender Differences in Science Course Selection?
	Introduction
	Dimensional Comparisons and Structure of Self-Concept
	Domain-Specific Self-Concept and Academic Choices Toward Science
	Gender Differences in Self-Concept and Educational Choices
	The German Secondary School System
	The Present Study

	Materials and Methods
	Procedure and Sample
	Measures
	Domain-Specific Self-Concept
	Science Track Selection
	Science Aspirations
	Standardized Achievement Test
	School Grades and Gender

	Statistical Analyses

	Results
	Males' and Females'Self-Concept Profiles
	Analyses of Profile Similarities Between Males and Females
	Predictive Similarity

	Discussion
	Self-Concept Profiles of Males and Females
	Predictors
	Outcome
	Limitation and Future Directions

	Conclusion
	Ethics Statement
	Author Contributions
	Acknowledgments
	Supplementary Material
	References


