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ABSTRACT 
The research literature often treats STEM subjects as a homogeneous group 
despite considerable differences in gender composition. This article examines 
gender differences in students’ academic self-concepts across STEM fields with 
different shares of female students, and how students’ academic self-concepts 
affect their graduation likelihood. This paper argues that gender disparities in 
STEM students’ academic self-concepts favour male students and systematically 
relate to gender composition in the respective subject. Using student-cohort 
data from the German National Educational Panel Study (NEPS), I performed 
regression analyses to predict students’ academic self-concepts and their 
likelihood of graduating. The study revealed that female students exhibit weaker 
academic self-concepts only in fields with either low (< 30%) or high (> 50%) 
female representation, with the latter presenting the larger gender gap. 
Moreover, students’ academic self-concepts relate to their graduation likelihood 
in STEM fields with low female presentation. The research underscores the 
necessity of distinguishing between STEM fields when examining gender 
disparities in academic self-concepts, challenging the prevalent view of treating 
STEM as a uniform group. 
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Investigating Students’ Academic Self-Concepts and 
Persistence in STEM: How Do Gender Differences Relate   

to Female Representation? 
 

 
INTRODUCTION 
There is an urgent need for specialists in the fields of science, technology, 
engineering, and mathematics (STEM). Yet, the number of higher education 
graduates in these fields is comparatively low (OECD, 2022). Consequently, 
improving the recruitment, retention, and training of STEM professionals remains a 
political priority and an area of concern. Of particular interest is the persistent 
underrepresentation of women in STEM at different stages of education. The fewer 
number of women enrolling in and completing STEM degrees (e.g., Buchmann, 
2009; Isphording & Qendrai, 2019; Key & Sass, 2019), resulting in their continued 
minority status in STEM occupations (e.g., Lažetić, 2020), highlights this issue. 
International comparative data underscores this gender gap. Less than 40% of 
STEM graduates are female, with Germany showing a concerning 30% average 
(World Bank, 2018). 
 
Research examining women’s participation in STEM education has provided a 
variety of explanations for the ongoing gender segregation. Related studies 
highlight factors shaping educational and career choices, including the influence of 
gender-stereotypical perceptions, individual aptitude promotion, and the culture of 
STEM fields (e.g., Nosek et al., 2002; Thébaud & Charles, 2018). The (actual or 
perceived) culture of STEM fields and deeply held beliefs about the “natural” 
dispositions of men and women correspondingly influence aspirations to work in 
STEM fields (Thébaud & Charles, 2018). Moreover, women perceive their abilities as 
poorer and often underestimate themselves in STEM, even if they perform just as 
well as men (e.g., Nagy et al., 2010). This more critical self-assessment of their 
abilities is a key factor in women’s underrepresentation in STEM at different stages 
of education (OECD, 2015). Yet, even those women who pursue STEM studies in 
the face of these barriers often show weaker academic self-concepts, meaning they 
often perceive their academic abilities on a lower level than men do (e.g., 
Ackerman et al., 2013; Moschner & Dickhäuser, 2018; Sikora & Pokropek, 2012; 
Turnbull et al., 2020; van Soom & Donche, 2014).  
 
But does this hold true across all STEM fields? Studies seldom consider exactly 
which subjects “STEM” includes and often neglect diversity within this category. For 
example, although women are underrepresented in STEM overall, they were the 
majority among pharmacy, architecture, and biology first-year students in 2021–
2022 in Germany (German Federal Statistical Office, 2022). However, those fields 
register only a small proportion of all students (see Figure 1). Keeping this variation 
in mind, analysing gender differences using STEM as an aggregate category may 
oversimplify the perception (Cheryan et al., 2017). Therefore, the present study 
assumes that STEM fields differ in their gender composition and aims to uncover 
variations across fields whose proportions of female students differ. The primary 
objective is to examine gender differences in academic self-concepts and their 
relation to graduation rates within STEM in light of different gender distributions. By 
recognising the heterogeneity within the STEM category, this study sheds light on 
variations across fields and their implications for gender disparities in STEM 
education and workforce participation. 
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Figure 1  
Enrolment rates in STEM higher education in winter term 2021–2022 
 

Note. Female share in %. Source: German Federal Statistical Office (2022); own illustration. 
 
The persisting gender gap in STEM 
Numerous publications highlight women’s underrepresentation in STEM in higher 
education (e.g., Buchmann, 2009; Eccles & Wang, 2015; Shapiro & Sax, 2011). A 
meta-analysis by Cheryan et al. (2017) indicates that such factors as (negative) 
stereotypes, perceived bias, insufficient early experiences, peer support, math 
ability, and gender gaps in self-efficacy contribute to this underrepresentation. 
Additionally, structural barriers, such as formal discrimination, absence of role 
models, and institutional forces also pose challenges (Cheryan et al., 2017; Kanny 
et al., 2014). Although these factors affect female representation, they do not 
necessarily contribute to gender disparities within the STEM domain. Research 
shows that female STEM students have weaker academic self-concepts than male 
STEM students – hence, they perceive their own STEM abilities as worse than male 
students perceive theirs (e.g., Ackerman et al., 2013; Moschner & Dickhäuser, 
2018; Sikora & Pokropek, 2012; Turnbull et al., 2020; van Soom & Donche, 2014). 
Most gender disparity research in STEM focuses on specific subjects or 
encompasses all related fields. Fewer studies compare STEM fields to one another 
or consider variation within one STEM domain (e.g., Cohoon, 2002; Deemer et al., 
2014; Leslie et al., 2015; Su & Rounds, 2015). Fields that men particularly 
dominate, such as engineering, physics, and computer science receive increased 
attention (e.g., Cheryan et al., 2015; Förtsch & Schmid, 2018; Luttenberger et al., 
2019). Certain studies indicate that female students in these male-dominated 
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courses are more confident of their academic abilities than in other STEM fields 
(Förtsch & Schmid, 2018; Luttenberger et al., 2019). However, reliable case 
numbers and comparisons of male and female students across all STEM subjects 
are lacking. 
 
Women’s underrepresentation in STEM is attributable not only to recruitment 
barriers, but also to challenges in maintaining their persistence in these fields. 
STEM fields register higher numbers of student dropouts than other fields, with 
women being at particular risk (e.g., Isphording & Qendrai, 2019; Key & Sass, 
2019). Research on STEM student dropout in Germany leans on Tinto’s (1975, 
1987) student integration model, suggesting academic and social integration are 
key to graduation (e.g., Klein, 2019; Meyer & Strauß, 2019; Müller & Klein, 2022). 
Yet, individual psychological resources also influence the likelihood of dropping out 
in certain fields. Compared to non-STEM students, the tendency among STEM 
students to drop out is more strongly associated with academic self-concept (e.g., 
Fellenberg & Hannover, 2006). A study by Meyer and Strauß (2019) on student 
dropout in gender-atypical fields found that in male-dominated subjects, women’s 
higher dropout risk seems to come from a more negative self-perception. Severiens 
and ten Dam (2012) compared students in male- and female-dominated majors, 
without focusing on STEM, and observed that male students’ lower-level perception 
of their own skills does not contribute to their leaving fields with a high proportion 
of women. However, they also found that their perceived ability affects female 
students in all subjects less, and other noncognitive traits, such as diligence, 
ambition, and motivation affect them more (e.g., Severiens & ten Dam, 2012).  
 
Though not aiming to fully explain student persistence, the present study 
contributes to the existing literature by investigating the role of male and female 
STEM students’ academic self-concepts and considering variance across STEM 
fields. 
 
Theoretical framework 
The academic self-concept represents individuals’ subjective perceptions of their 
own abilities in academic contexts (Shavelson et al., 1976). It can be further 
differentiated into subareas that relate to specific domains, i.e., mathematics, 
English, or science (Shavelson et al., 1976). Research suggests that domain-
specific self-concepts may then be further separated into different components such 
as competence and affect (Arens et al., 2011). According to the internal/external 
frame-of-reference model (Marsh, 1986), academic achievements in one domain 
strongly influence the domain-specific academic self-concept. To assess their own 
academic abilities, individuals process information they receive from significant 
others through social comparisons (external frame) as well as dimensional and 
temporal comparisons (internal frame) (Marsh, 1986; Wolff et al., 2018). Various 
empirical studies have found evidence that the academic self-concept influences 
one’s learning behaviour and individual skill development (e.g., Dulay, 2017; Guay 
et al., 2003) impacting education-related decision-making processes (e.g., 
Dickhäuser et al., 2005; Henderson et al., 2017). Accordingly, individuals’ academic 
self-concepts play a formative role in their educational and employment 
trajectories. In higher education research, the academic self-concept is a suitable 
predictor for successful completion of studies, retention in the chosen subject, 
higher motivation, and better academic performance (e.g., Fellenberg & Hannover, 
2006; van Soom & Donche, 2014). 
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Empirical evidence suggests a reciprocal relationship between individuals’ academic 
performance and their academic self-concepts (e.g., Guay et al., 2003; Marsh, 
1986). However, observed disparities between girls’ and boys’ academic self-
concepts often align with prevalent gender stereotypes rather than actual 
performance differences (e.g., Eccles et al., 1989; Eccles et al. 1993; Möller & 
Trautwein, 2015; Schilling et al., 2006). Girls typically express a weaker self-
concept in mathematics and demonstrate self-criticism in male-associated fields 
such as science (OECD, 2015; Schilling et al., 2006). Boys often display a weaker 
verbal academic self-concept (Schilling et al., 2006; Skaalvik & Skaalvik, 2004). 
Societal experiences, particularly among school-aged students, largely shape these 
tendencies. Gender-related stereotypes that teachers and parents frequently hold 
regarding innate abilities in various fields are often internalised and play a key role 
in shaping the socialisation of both girls and boys (e.g., Marsh, 1986; Schilling et 
al., 2006; Tiedemann, 2000; Wolter et al., 2011; Wolter & Hannover, 2016). This 
internalisation corrupts individuals’ perceptions of themselves and their abilities, 
irrespective of their actual abilities. In addition, students who perceive their abilities 
in STEM subjects to be inadequate may be discouraged from pursuing further 
studies in these areas, regardless of their actual potential (e.g., Ellis et al., 2016).  
 
Kanter’s (1977) tokenism theory provides a crucial framework for understanding 
the dynamics of gender representation in STEM fields. This theory distinguishes 
between “tokens”, members of underrepresented groups, and “dominants”, the 
majority group members. In gender-skewed environments such as male-dominated 
STEM fields, women face specific challenges due to their minority status. These 
challenges include (1) increased visibility due to limited numbers, (2) being defined 
in contrast to the dominant group, and (3) being subject to stereotyping. 
Consequently, despite their visibility due to their distinctiveness from the dominant 
male group, women are often not recognised for their individual traits. Instead, 
they are predominantly identified by stereotypical characteristics (Kanter, 1977). 
These stereotypes, which often depict women as less competent than men in STEM 
fields, can adversely affect women’s academic self-concepts (e.g., Ertl et al., 2017; 
Marsh, 1986; Schilling et al., 2006; Wolter & Hannover, 2016). Kanter further 
proposes that in more gender-balanced environments, the minority group can 
create alliances and influence cultural norms, potentially reducing these dynamics 
(Main, 2018). Therefore, the challenges of being a female student in STEM might 
be less prevalent in those fields with higher proportions of female students.  
 
Moreover, the cues hypothesis posits that situational cues such as features of an 
academic setting or underrepresentation can trigger a social identity threat in 
potentially targeted individuals (Murphy et al., 2007). A social identity threat is a 
type of psychological stress that individuals experience when they perceive 
potential negative treatment or devaluation in a setting due to a social identity that 
they hold (Murphy et al., 2007). This threat often occurs in environments where the 
individual’s identity is underrepresented or negatively stereotyped, creating 
discomfort and potentially influencing behaviour and performance (Murphy et al., 
2007). When female students are strongly underrepresented in a STEM field of 
study, they may perceive situational cues that reinforce their minority status, 
thereby inciting a social identity threat. Such an environment could amplify female 
students’ feelings of not belonging or being out of place, increasing the likelihood of 
self-doubt and undermining their confidence in their academic abilities (Inzlicht & 
Good, 2006). This can lead to decreased engagement, lower academic 
performance, and potentially a decision to leave the field altogether. 
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The present study 
Two main research questions guide this study: (1) To what extent do gender 
differences in academic self-concepts vary across STEM fields with different 
proportions of women? (2) How do academic self-concepts of male and female 
STEM students relate to their degree completion, and how do STEM fields vary in 
that regard? 
 
Consistent with earlier research, female STEM students are expected to have lower-
level academic self-concepts than their male fellows (e.g., Ackerman et al., 2013; 
Moschner & Dickhäuser, 2018; Sikora & Pokropek, 2012; Turnbull et al., 2020; van 
Soom & Donche, 2014). However, the tokenism theory (Kanter, 1977) and the cues 
hypothesis (Murphy et al., 2007) suggest that these differences may be more 
pronounced in male-dominated STEM fields. Here, female students are more likely 
to face the described challenges of visibility, contrast, and stereotyping (Kanter, 
1977), and to encounter situational cues that underscore their minority status 
(Murphy et al., 2007). These dynamics should negatively impact their academic 
self-concepts, as experiences within the social environment influence them. 
Consequently, in STEM fields with higher female proportions, the gender differences 
should be less pronounced (Kanter, 1977; Main, 2018; Robnett, 2016). An 
opposing assumption would be that women in extremely male-dominated STEM 
fields may be less affected, having already overcome previous obstacles (Ertl et al., 
2017; Luttenberger et al., 2019), potentially resulting in less pronounced academic 
self-concept differences in these fields.  
 
In line with previous findings, having a strong STEM-related academic self-concept 
should favour degree completion in all STEM fields for both men and women (Ellis 
et al., 2016). However, this effect is assumed to be less pronounced for female 
than for male students (e.g., Denissen et al., 2007; Severiens & ten Dam, 2012). 
This difference is partly attributable to the effects of stereotype threat, which 
suggests that women in STEM often face and must counteract negative stereotypes 
about their abilities (Ertl et al., 2017). While dealing with these stereotypes can 
induce stress and negatively impact female students’ persistence, it can also lead to 
the development of coping mechanisms and resilience (Wilkins-Yel et al., 2019). 
Consequently, female students might not solely depend on their academic self-
concepts as a predictor of success. Instead, other factors might influence them 
more, such as intrinsic motivation, social integration, or peer support, which can 
play crucial roles in their academic achievements and persistence in STEM fields 
(e.g., Luttenberger et al., 2019; Meyer & Strauß, 2019; Robnett, 2016). 
 
METHODS  
Participants and procedure 
This study uses data from the fifth starting cohort of the German National 
Educational Panel Study (NEPS Network, 2022). Participants in this starting cohort 
were first-year students from Germany’s public or state-approved higher education 
institutions in the winter term of 2010–2011. The longitudinal NEPS study asks 
respondents annually about their educational paths using computer-assisted 
telephone interviews and additional online surveys every one to two years. 
Currently, data from 18 panel waves up to 2021 is available. 
 
The analyses of the present study restricted the sample to students aiming at a 
bachelor’s degree or first state examination and enrolled in a STEM field of study (n 
= 3,600). They excluded student teachers (n = 933) who considerably differ from 
other STEM students in their study-choice motives and occupational opportunities 
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(Neugebauer, 2013), which influence their likelihood of graduating (Heublein et al., 
2017; Isleib et al., 2019). Furthermore, students in teacher education are more 
frequently female (Neugebauer, 2013). Hence, they are a pre-selected group in 
terms of the variables of interest in this study. 
 
The listwise deletion approach was used to manage missing data. This method 
ensures that the analyses include only cases with complete information on all 
variables of interest. This reduces the risk of bias or distortion that missing data 
could cause and provides the most efficient use of available data (Allison, 2009). 
After excluding the respective cases (n = 318), 2,349 STEM students, 34% of 
whom were female, were analysed. Sample characteristics appear in Appendix 
Table A1. 
 
Measures 
Respondents provided their demographic information in the first panel wave during 
winter term 2010–2011. They self-reported their gender, which was categorised 
into a binary variable, 0 for male and 1 for female students.  
 
Students openly reported their field of study upon enrolment in the first panel 
wave. The NEPS coded this data based on the Federal Statistical Office’s 
classification (destatis) for the winter term 2010–2011 (German Federal Statistical 
Office, 2011). I assessed gender distribution by merging the NEPS data with 
administrative data on the male-female student ratio in various STEM fields. STEM 
fields were categorized by high (HPF, > 50%, n = 433, 72% women), moderate 
(MPF, 30%-50%, n = 300, 44% women), or low (LPF, < 30%, n = 1,616, 22% 
women) proportions of female students. Following Buchmann et al. (2002), I used 
a 30% threshold to distinguish typically male and more integrated fields. However, 
due to the skewed gender distribution in STEM, the threshold for high female 
proportions was set at 50%. Appendix Table A2 provides the included STEM fields, 
their categories, and the female student share according to official statistics.  
 
The second panel wave, conducted as an online survey in winter 2011, measured 
academic self-concept. The measurement utilised a shortened instrument that 
Dickhäuser et al. (2006) developed. This instrument featured four items with a 
seven-point response scale. Two items captured students’ perceptions of their 
talents and skills (“I think my talent for studying is” and “My study-related skills 
are” low = 1 to high = 7). The other two items captured students’ assessments of 
their learning behaviours and task management skills (“Learning new things during 
my studies is” and “Tasks within the scope of my studies fall to me” difficult = 1 to 
easy = 7). In the present study, I combined these items into one factor 
representing students’ academic self-concepts (α = 0.83).  
 
The binary variable denoting STEM degree completion assigns 0 to study dropouts 
(n = 425, 31% women) and 1 to graduates (n = 1,606, 34% women). Graduates 
were students who reported they obtained their degree in STEM. In the analysis 
sample, 81% of the female students and 78% of the male students graduated. 
Study dropouts were students who, at the end of their STEM studies, reported 
having no degree. Based on the winter 2010–2011 cohort, the average bachelor’s 
degree takes 7–8 semesters and the first state examination 11–12 semesters 
(Autor:innengruppe Bildungsberichterstattung, 2020, Tab. F4-3web). I classified 
students not graduating within these timelines and then leaving the panel (n = 
106) as dropouts. It was not possible to determine for 318 respondents whether 
they graduated or dropped out because they exited the panel during their initial 8 
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(12) semesters; hence, I coded these cases as missing. Switchers within STEM 
subjects who graduated (n = 96) were still considered successful. The present 
study strictly defined dropout as STEM study termination. 
 
To control for achievement bias, students’ final school grades were included in the 
analyses, reported by respondents retrospectively in the first panel wave. Final 
school grades influence students’ perceptions of their abilities (Ellis et al., 2016) 
and have been empirically shown to predict academic success (Trapmann et al., 
2007). In Germany, grades range from 1 (excellent) to 6 (insufficient). However, I 
inverted the grades to intuitively interpret the coefficients. Hence, higher values of 
the inverted variable meant better grades. Additionally, in the models predicting 
degree completion, I controlled for subject changes, which risk increased dropout 
rates (Wolter et al., 2014). Subject changes were dummy coded to indicate if 
students have switched their subject before their academic self-concept 
measurement. Age, migration background, and parents’ educational level served as 
demographic control variables in all models because they relate to the variables of 
interest in the present study (e.g., Heublein, 2014; Heublein et al., 2017). Age was 
included as a continuous variable in years. Migration background was dummy coded 
with 0 for non-migrants and 1 for migrants of the first, second, or third generation. 
Parents’ educational level was dummy coded to indicate an academic background 
when at least one parent had obtained an academic degree. 
 
Data analyses  
I performed all empirical analyses using the Stata 17 software (StataCorp., 2021). 
The first part of the analyses used linear regression models to investigate STEM 
students’ academic self-concepts. The models were built stepwise. The first model 
only included students’ gender and demographic covariates (i.e., age, migration 
background, academic background). The second model additionally considered 
students’ final school grades to control for differences in achievement. To assess 
variation across STEM fields, the last model also included the share of female 
students as a categorical variable and its interaction with gender. Non-collinearity 
and homoscedasticity tests confirmed validity of the models (Chen et al., 2003). 
 
The second part used logistic regression models to analyse STEM students’ 
likelihood of graduating. I estimated separate regression models for male and 
female students to capture gender-specific effects of academic self-concept. 
Therefore, the models only included academic self-concept and the covariates (i.e., 
final school grade, subject change, age, migration background, academic 
background) in a first step. In a second step, they considered the categorical 
variable for female student share. To statistically examine variation across STEM 
fields and between male and female students, a fully engaged model was calculated 
in which gender was included as a variable. This model introduced a threefold 
interaction encompassing gender, academic self-concept, and female student 
share. As robustness checks for predicting STEM degree completion, I calculated 
multinomial logit models in which uncertain cases were not coded as missing, but 
as a third outcome, “panel dropout”, providing comparable results. 
 
I assessed the academic self-concept structure through confirmatory factor 
analysis, revealing a two-factor model of academic self-concept to be statistically 
preferable (RMSEA = 0.030; CFI = 0.999; SRMR = 0.004) to a single-factor model 
(RMSEA = 0.168; CFI = 0.962; SRMR = 0.036) in the analytical sample (Chen, 
2007). The two factors were “talent”, signifying students’ perceptions of their 
talents and skills (α = 0.79), and “effort”, depicting students’ evaluations of their 
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learning behaviours and task-management skills (α = 0.73). Appendices B and C 
detail the results of robustness analyses based on this model. 
 
RESULTS 
Gender differences in STEM students’ academic self-concepts  
Table 1 presents the results of the linear regression models. Model 1, which only 
included gender and the demographic covariates, revealed no significant gender 
difference in STEM students’ academic self-concepts. However, when I included 
students’ prior academic achievement, a significant gender effect occurred, with 
female students reporting lower-level perceptions of their academic abilities than 
male students (Model 2). As expected, the final school grade was positively related 
to students’ academic self-concepts. Model 3 assessed variation across the STEM 
fields by including the interaction between gender and the share of female students 
in the field of study. The gender effect persisted, as did the effect of students’ final 
school grades. Students in HPF-STEM fields showed significantly higher-level 
perceptions of their academic abilities than did students in LPF-STEM fields. Figure 
2 displays the corresponding linear prediction of students’ academic self-concepts 
by gender. Overlapping confidence intervals suggested no significant difference 
between male and female students in MPF-STEM fields. Although the difference was 
statistically significant in LPF-STEM fields, it was minimally distinct. The most 
pronounced gender gap appeared in HPF-STEM fields. The interaction effect of 
gender and female share revealed that the difference in gender disparities between 
LPF- and HPF-STEM fields was statistically significant (Table 1, Model 3). 
 
Results of the robustness analyses investigating two factors for students’ academic 
self-concepts suggested that female students perceived their study-related talents 
as significantly lower than male students in all STEM fields (see Appendix Table B1 
and Figure B1). The significant interaction between gender and female share was 
only evident for the factor “effort” (see Appendix Table B2) and indicated significant 
gender disparities only in HPF-STEM fields (see Appendix Figure B2). 
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Table 1  
Gender differences in STEM students’ academic self-concepts  
 Model 1 Model 2 Model 3 

 B SE B SE B SE 

Gender (ref. male) -0.062   0.039 -0.104 ** 0.039 -0.143  ** 0.053 

Final school grade    0.312 *** 0.030 0.318 *** 0.030 

Female share  

LPF 

MPF 

HPF 

     

(ref.) 

0.097 

0.418  

 

 

 

*** 

 

 

0.073 

0.083 

Gender*female share 

Female*LPF 

Female*MPF 

Female*HPF 

     

(ref.) 

-0.038 

-0.231 

 

 

 

* 

 

 

0.114 

0.107 

Age -0.032 *** 0.007 -0.019 *** 0.007 -0.017 * 0.007 

Migration background -0.155 *** 0.045 -0.113 ** 0.044 -0.105 * 0.044 

Academic background 0.107 ** 0.038 0.069  0.037 0.064  0.037 

Constant 5.470 *** 0.152 3.724 *** 0.223 3.616 *** 0.223 

Adjusted R² 0.019  *** 0.062 *** 0.074 *** 

N 2,349 2,349 2,349 

Note. LPF = low proportion of female students, MPF = moderate proportion of female students, 
HPF = high proportion of female students. B = unstandardised coefficients, SE = standard errors. 
Results of linear regression analysis. ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05. 
 
 
Figure 2  
Gender differences in STEM students’ academic self-concepts  

 
Note. LPF = low proportion of female students, MPF = moderate proportion of female students, HPF = 
high proportion of female students; Source: NEPS SC5. Linear prediction with 95% confidence 
intervals. Results of linear regression analysis with interaction terms. This model controls for students’ 
final school grades, age, migration background, and academic background. 
 



International Journal of Gender, Science and Technology, Vol.16, No.1 
 

11 
 

Degree completion in STEM 
The second part of the analyses addressed the relationship between STEM students’ 
academic self-concepts and their graduation likelihood. Table 2 shows the results of 
two logistic regression models, each calculated separately for male and female 
STEM students. Models 4 and 5 show that students’ academic self-concepts were 
significantly positively related to their probability of graduating. The effect was 
slightly smaller among female students. Model 5 indicated that being enrolled in an 
MPF- or HPF-STEM field compared to an LPF-STEM field was not significantly 
associated with a higher graduation likelihood. The fully engaged model including a 
threefold interaction between gender, academic self-concept, and female student 
ratio critically examined variations between male and female students and across 
STEM disciplines. Figure 3 graphically illustrates the results of this model, depicting 
the associated conditional average marginal effects. Appendix D displays the 
respective odds ratios of the interacted model. Academic self-concepts significantly 
influenced the graduation probability for both male and female students exclusively 
in LPF-STEM fields, and there was a slightly more substantial effect among female 
students. Yet, the interaction effect was statistically not significant (Model D1). 
 
Results of the robustness analyses showed that for female students only their 
perceptions of their talents were related to their graduation likelihood; for male 
students, both factors had significant effects (see Appendix Table C1). The 
interacted model provided robust results only for students’ perceptions of their 
talents and skills (see Appendix Figure C1), but not for their assessments of their 
task-management skills (see Appendix Figure C2). 
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Table 2  
Male and female students’ likelihood of graduating in STEM  
 Model 4 Model 5 

 Men Women Men Women 

 AME SE AME SE AME SE AME SE 

Academic self-

concept  

0.081 *** 0.011 0.076 *** 0.016 0.082 *** 0.011 0.073 *** 0.016 

Final school 

grade  

0.138 *** 0.018 0.157 *** 0.023 0.136 *** 0.018 0.162 *** 0.023 

Subject changes -0.096 * 0.043 -0.116 * 0.047 -0.095 * 0.043 -0.116 * 0.046 

Female share  

LPF 

MPF 

HPF 

   

(ref.) 

0.018 

-0.022 

  

 

0.036 

0.040 

 

(ref.) 

-0.046 

0.045 

  

 

0.044 

0.030 

Age -0.001  0.004 0.003  0.005 -0.001  0.004 0.003  0.005 

Migration 

background 

-0.028  0.030 -0.088 * 0.036 -0.029  0.026 -0.077 * 0.035 

Academic 

background 

0.001  0.022 -0.004  0.028 0.001  0.022 -0.005  0.028 

Pseudo R² 0.105 *** 0.152 *** 0.105 *** 0.159  *** 

N 1,348 683 1,348 683 

Note. LPF = low proportion of female students, MPF = moderate proportion of female students, 
HPF = high proportion of female students. AME = Average marginal effects, SE = Standard 
errors. Results of logistic regression analysis. ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05. 
 
 
Figure 3 
Average marginal effects of students’ academic self-concepts on their likelihood of 
graduating in STEM 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                                                                
 
Note. LPF = low proportion of female students, MPF = moderate proportion of female students, HPF = 
high proportion of female students; Source: NEPS SC5. Average marginal effects derived from a 
threefold interaction model, with 95% confidence intervals. This model controls for students’ final 
school grades, field changes, age, migration background and academic background. 
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DISCUSSION 
The complex issues of women’s underrepresentation in STEM occupies both policy 
and research. Overall, female students constitute less than one third of STEM first-
year students and graduates in Germany (World Bank, 2018). However, the 
different STEM fields vary considerably in their respective female share (German 
Federal Statistical Office, 2022). This paper investigated how the numerical 
representation of women in a STEM field of study relates to gender differences in 
students’ academic self-concepts and how students’ academic self-concepts relate 
to their likelihood of graduating in STEM.  
 
The empirical analyses revealed that female students reported significantly weaker 
academic self-concepts than male students only in STEM fields with either low or 
high proportions of female students. Against the assumptions based on the 
tokenism theory (Kanter, 1977) and the cues hypothesis (Murphy et al., 2007), the 
gender difference in students’ academic self-concepts is most evident in STEM fields 
with high proportions of women. In fields with low female representation, female 
students’ academic self-concepts were almost on par with those of male students. 
This may result from selection processes prior to higher education. Females with a 
strong STEM-related academic self-concept are more likely to pursue and maintain 
a career in a STEM field with low female representation in the first place because 
their strong academic self-concepts helped them navigate numerous challenges 
such as stereotypes and lack of peer or family support at earlier stages (e.g., Wang 
et al., 2015). Conversely, one could argue that in fields with a higher female share, 
there might be fewer barriers or stereotypes discouraging women from entering 
(Robnett, 2016). As a result, the population in these fields may be more diverse in 
terms of the strength of their academic self-concepts leading to more pronounced 
gender differences. Yet, the data of the present study does not support this 
assumption, as standard deviations of academic self-concepts in LPF- and HPF-
STEM fields were quite similar. The analyses suggested that students in HPF-STEM 
fields generally had higher academic self-concepts than those in LPF-STEM fields. 
This could link to the distinct disciplinary cultures of the subjects that belong to 
these fields. Rapid course paces, intensive workloads, and competitive grading 
environments, for example, characterise LPF-STEM fields such as engineering 
(Riley, 2017). Such a culture may prompt students to reevaluate and moderate 
their perceptions of their abilities. Why this disparity is more marked among male 
students compared to female students remains unclear. The results of the present 
study suggested that in these LPF-STEM fields, having higher-level perceptions of 
academic abilities was associated with a higher graduation likelihood, with no 
significant differences between male and female students. Hence, high-level 
perceptions of abilities contribute to students persisting in these fields, irrespective 
of their gender. 
 
Limitations and strengths 
This study has some limitations. First, it relied on administrative data to assess 
gender composition in STEM fields, potentially overlooking institution-specific 
variations or the impact of institutional culture or resources (Meyer & Strauß, 
2019). Future research could benefit from university-level data analysis. It is also 
crucial to consider that multiple factors, such as collective beliefs (Leslie et al., 
2015), math-intensiveness, gender-specific interests (Diekman et al., 2017), and 
male culture (Cheryan et al., 2017) influence female participation in STEM. These 
aspects can also serve as potential criteria for distinguishing different STEM fields. 
However, differentiating fields based on the proportion of female students provides 
a starting point for understanding gender dynamics in the different STEM fields. 
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Furthermore, the data did not capture gender stereotypes in the respective fields. 
It is a stretch to infer from the theory of tokenism (Kanter, 1977) and the cues 
hypothesis (Murphy et al., 2007) that minority representation relates to 
stereotyping. Research including data on stereotypes, such as that by Ertl and 
colleagues (2017), could further enhance our understanding. Another limitation was 
the inability to include early dropouts due to the timing of data collection despite 
their prevalence (Heublein, 2014). Furthermore, I could not consider academic 
achievement in higher education, which potentially impacts both students’ study-
related academic self-concepts and degree completion. However, I used previous 
academic achievement as a control, as it also predicts academic success in higher 
education (e.g., Trapmann et al., 2007). The study also utilised a shortened 
instrument to measure academic self-concepts. Replicating this study with a more 
comprehensive measure of different components of the academic self-concept is 
recommended (Arens et al., 2011). The robustness analyses of the present study 
suggested a potential distinction between talent and effort-related aspects of 
academic self-concept. However, lacking theoretical backing, the respective results 
should be interpreted cautiously. Nevertheless, they highlight the evolving nature 
of academic self-concepts (e.g., Guay et al., 2003; Nagy et al., 2010), which should 
be considered when analysing young adults such as students. Finally, the difference 
between the initial sample and the analysed sample is quite large, mainly due to 
the exclusion of teacher education students. I based this decision on selection 
issues. However, especially considering the current debate about not only skills 
shortages but also teacher shortages in Germany, the group of teacher education 
students demands extensive attention (Franz & Paetsch, 2023). Nonetheless, a 
substantial number of cases were analysed, which can be considered a strength of 
the present study. 
 
Conclusion and implications 
Approaching STEM fields as differentiated groups rather than an aggregate has 
yielded new insights, particularly regarding students’ perceptions of their academic 
abilities in STEM fields with high female representation compared to those with low 
female representation. The study’s findings support the conclusion that fostering a 
robust STEM-related academic self-concept early on is crucial, as we know from 
previous research that the academic self-concept forms already in childhood and 
stabilises over time (e.g., Nagy et al., 2010). The present study also highlighted its 
role for persistence in higher education for both female and male students. 
Regarding STEM degree completion, such factors as individual resilience, 
institutional support, and pedagogical strategies may have a greater influence on 
degree completion than gender representation (see Cheryan et al., 2017). Yet, 
variation across STEM fields should always be considered. 
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APPENDIX 
 
Appendix A 
 
Table A1 
Demographic characteristics of the sample analysed 
  Total Female Male 

Academic self-
concept 

Ø (SD) 4.78 (0.91) 4.75 (0.87) 4.79 (0.92) 

Final school grade Ø (SD) 4.78 (0.63) 4.89 (0.68) 4.73 (0.64) 

Age in years Ø (SD) 21.79 (2.89) 21.30 (2.48) 22.05 (3.01) 

Migration 
background 

N 516 181 335 

Academic 
background 

N 1085 390 695 

 N 2,349 802 1,547 

Note. SD = Standard deviation. Academic background indicates that at least one parent has an 
academic degree. 
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Table A2 
Gender distribution in the different STEM fields of study in the analysis sample 

Female 
share STEM field of study Total Female Male 

Low proportion of female students: 1,616 357 1,259 

8.78% Electrical engineering and information technology 164 17 147 

11.04%  Traffic engineering, nautical engineering 64 18 46 

14.49% Mining, metallurgy 1 0 1 

17.72% Engineering in general 162 31 131 

17.81% Mechanical engineering, process engineering 511 117 394 

18.13% Computer science 342 72 270 

18.56% Physics, astronomy 128 28 100 

19.19% Industrial engineering with engineering focus 123 27 96 

26.98% Civil engineering 121 47 74 

Moderate proportion of female students: 300 133 167 

30.32% Surveying and mapping 10 5 5 

40.40% Earth sciences (without geography) 37 17 20 

42.15% Mathematics 122 48 74 

44.96% Chemistry 131 63 68 

High proportion of female students: 433 312 121 

50.21% Spatial planning 18 10 8 

50.66% Geography 83 47 36 

53.79% Mathematics, natural sciences in general 10 4 6 

61.84% Architecture, interior design 58 44 14 

63.37% Biology 195 144 51 

73.82% Pharmacy 69 63 6 

Total 2,349 802 1,547 

Note. Female share according to the official statistics in winter term 2010–2011 in Germany in %. 
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Appendix B 
 
Table B1  
Gender differences in STEM students’ subjective perceptions of their study-
related talents and skills (“talent”)  
 
 Model B1 Model B2 Model B3 

 B SE B SE B SE 

Gender (ref. male) -0.183  *** 0.042 -0.230 *** 0.041 -0.314  *** 0.056 

Final school grade    0.349 *** 0.032 0.350 *** 0.032 

Female share  

LPF 

MPF 

HPF 

     

(ref.) 

0.047 

0.290 

 

 

 

*** 

 

 

0.078 

0.089 

Gender*female share 

Female*LPF 

Female*MPF 

Female*HPF 

     

(ref.) 

0.126 

-0.073 

 

 

 

 

 

 

0.122 

0.115 

Age -0.028 *** 0.007 -0.014  0.007 -0.012  0.007 

Migration background -0.141 ** 0.048 -0.094 * 0.047 -0.089  0.047 

Academic background 0.132 *** 0.040 0.089 * 0.039 0.085 * 0.039 

Constant 5.622 *** 0.162 3.667 *** 0.237 3.613 *** 0.238 

Adjusted R² 0.020  *** 0.069 *** 0.075 *** 

N 2,349 2,349 2,349 

Note. LPF = low proportion of female students, MPF = moderate proportion of female students, HPF = 
high proportion of female students. B = unstandardised coefficients, SE = standard error. Results of 
linear regression analysis. ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05. 
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Figure B1  
Gender differences in STEM students’ subjective perceptions of their study-related 
talents and skills (“talent”) 

 
Note. LPF = low proportion of female students, MPF = moderate proportion of female students, HPF = 
high proportion of female students; Source: NEPS SC5. Linear prediction with 95% confidence 
intervals. Results of linear regression analysis with interaction terms. This model controls for students’ 
final school grades, age, migration background and academic background 
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Table B2  
Gender differences in STEM students’ subjective assessments of their learning 
behaviours and task-management skills (“effort”)  
 Model B4 Model B5 Model B6 

 B SE B SE B SE 

Gender (ref. male) -0.059  0.045 0.022  0.045 0.030   0.060 

Final school grade    0.275 *** 0.034 0.285 *** 0.034 

Female share  

LPF 

MPF 

HPF 

     

(ref.) 

0.147 

0.545 

 

 

 

*** 

 

 

0.083 

0.096 

Gender*female share 

Female*LPF 

Female*MPF 

Female*HPF 

     

(ref.) 

-0.204 

-0.390 

 

 

 

** 

 

 

0.131 

0.123 

Age -0.036 *** 0.008 -0.025 *** 0.008 -0.022 ** 0.008 

Migration background -0.167 *** 0.051 -0.130 ** 0.051 -0.118 * 0.050 

Academic background 0.082  0.043 0.049  0.043 0.043  0.042 

Constant 5.322 *** 0.173 3.788 *** 0.256 3.628 *** 0.256 

Adjusted R² 0.017  *** 0.042 *** 0.057 *** 

N 2,348 2,349 2,349 

Note. LPF = low proportion of female students, MPF = moderate proportion of female students, 
HPF = high proportion of female students. B = unstandardised coefficients, SE = standard error. 
Results of linear regression analysis. n=1 case provided no answer on this factor. ***p ≤ 0.001; 
**p ≤ 0.01; *p ≤ 0.05. 
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Figure B2  
Gender differences in STEM students’ subjective assessments of their learning 
behaviours and task-management skills (“effort”) 

 
Note. LPF = low proportion of female students, MPF = moderate proportion of female students, HPF = 
high proportion of female students; Source: NEPS SC5. Linear prediction with 95% confidence 
intervals. Results of linear regression analysis with interaction terms. This model controls for students’ 
final school grades, age, migration background and academic background. 
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Appendix C 
 
Table C1  
Male and female students’ likelihood of graduating in STEM  
 Model C1 Model C2 

 Men Women Men Women 

 AME SE AME SE AME SE AME SE 

Talent 0.042  ** 0.014 0.070  *** 0.018 0.043  ** 0.014 0.069  *** 0.018 

Effort 0.039  ** 0.013 0.003  0.019 0.039  *** 0.013 0.001  0.019 

Final school 

grade  

0.138 *** 0.018 0.153 *** 0.023 0.136  *** 0.018 0.158  *** 0.023 

Subject changes -0.096 * 0.043 -0.121 ** 0.046 -0.095 * 0.043 -0.122 ** 0.046 

Female share  

LPF 

MPF 

HPF 

   

(ref.) 

0.018 

-0.022 

  

 

0.036 

0.040 

 

(ref.) 

-0.052 

0.042 

  

 

0.044 

0.030 

Age -0.001  0.004 0.002  0.005 -0.001  0.004 0.002  0.005 

Migration 

background 

-0.024  0.026 -0.084 ** 0.036 -0.029  0.026 -0.073 * 0.035 

Academic 

background 

0.001  0.022 -0.009  0.028 0.001  0.022 -0.011  0.028 

Pseudo R² 0.105 *** 0.155 *** 0.105 *** 0.164  *** 

N 1,348 682 1,348 682 

Note. “Talent” represents students’ perceptions of their study-related talents and skills. “Effort” 
represents students’ assessments of their learning behaviours and task-management skills. LPF 
= low proportion of female students, MPF = moderate proportion of female students, HPF = high 
proportion of female students. AME = Average marginal effects, SE = Standard errors. Results of 
logistic regression analysis. n = 1 case provided no answer on the factor effort. ***p ≤ 0.001; 
**p ≤ 0.01; *p ≤ 0.05. 
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Figure C1  
Average Marginal Effects of students’ subjective perceptions their study-related 
talents and skills (“talent”) on their likelihood of graduating in STEM 

 
Note. LPF = low proportion of female students, MPF = moderate proportion of female students, HPF = 
high proportion of female students; Source: NEPS SC5. Average marginal effects derived from a 
threefold interaction model, with 95% confidence intervals. This model controls for students’ final 
school grades, field changes, age, migration background and academic background. 
 
 
Figure C2  
Average Marginal Effects of students’ subjective assessments of their learning 
behaviours and task-management skills (“effort”) on their likelihood of graduating 
in STEM 

 
Note. LPF = low proportion of female students, MPF = moderate proportion of female students, HPF = 
high proportion of female students; Source: NEPS SC5. Average marginal effects derived from a 
threefold interaction model, with 95% confidence intervals. This model controls for students’ final 
school grades, field changes, age, migration background and academic background. 
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Appendix D 
 
Table D1 
Students’ likelihood of graduating in STEM 
 Model D1 

 OR SE 

Gender (ref. male) 0.220  0.203 

Academic self-concept 

 

1.811 *** 0.158 

Final school grade  2.793 *** 0.294 

Subject changes 0.491 ** 0.110 

Female share  

LPF 

MPF 

HPF 

 

(ref.) 

3.026 

4.484 

  

 

4.565 

10.665 

Gender*ASC 1.400  0.293 

ASC*female share 

ASC*LPF 

ASC*MPF 

ASC*HPF 

 

(ref.) 

0.783 

0.650 

  

 

0.221 

0.185 

Gender*female share 

Female*LPF 

Female*MPF 

Female*HPF 

 

(ref.) 

4.263 

4.438 

  

 

8.917 

8.636 

ASC*gender*female share 

ASC*female*LPF 

ASC*female*MPF 

ASC*female*HPF 

 

(ref.) 

0.658 

0.768 

  

 

0.296 

0.309 

Age 1.003  0.020 

Migration background 0.758 * 0.102 

Academic background 0.991  0.120 

Pseudo R² 0.125 *** 

N 2,031 

Note. LPF = low proportion of female students, MPF = moderate proportion of female students, 
HPF = high proportion of female students. ASC = academic self-concept. OR = Odds ratios. SE = 
Standard error. Results of logistic regression analysis. ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05. 
 
 
 
 
 


