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Abstract 

Background There are different teaching methods and learning content in the academic field of mathematics 
between school and university. Many students fail in their studies when the proportion of mathematics is high. 
Additionally, dropout rates, due to mathematical performance, are high. However, there are different strategies used 
to improve mathematical skills. Based on the process model of self-regulated learning, an analysis of the association 
between motivational aspects in the pre-action phase as well as seven special cognitive learning strategies for math-
ematics in the action phase was conducted. The variables were compared with student performance. The study drew 
on data from 548 retrospective interviews of cooperative students, using a cross-sectional research design.

Results The analysis via structural equation modeling shows a direct association between motivational aspects, 
such as academic self-concept and curiosity, and the seven learning strategies in mathematics. Furthermore, there is 
a direct effect of academic self-concept on performance. However, the learning strategy of practicing was the only 
variable with associations to performance. Additionally, the indirect effect of curiosity on performance via practicing is 
analyzed.

Conclusion It can be seen, that curiosity on its own is not enough to ensure a good level of performance in math-
ematics. The findings suggest student learning strategies focusing on harnessing their curiosity and on practicing. 
A high academic self-concept is also relevant to the performance level achieved. Lecturers should create a learning 
environment to support such student behavior.

Introduction
Mathematics is a central element in many study pro-
grams at university, such as engineering or econom-
ics (Faulkner et  al., 2019; Green et  al., 2009; Neumann 
et  al., 2021). This is a challenge, especially for first-year 
students. There is an unresolved discussion on the asso-
ciation between academic performance in mathematics 
and high dropout rates, with regard to cognitive factors, 
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motivation, self-beliefs, personality traits, and self-regu-
lated learning (Pepin et  al., 2021; Theobald, 2021). As a 
consequence, the search for guidelines for academic suc-
cess, as often debated by educational researchers and 
politicians over the last few decades, must be analyzed in 
more depth (Dent & Koenka, 2016).

This article addresses the research question of how 
motivation and learning strategies are associated with 
academic performance. The study focused on the moti-
vational aspects of curiosity (Kashdan et  al., 2020) and 
academic self-concept (Kadir & Yeung, 2016), as well as 
seven specific learning strategies, specific to mathemat-
ics in higher education (Liebendörfer et  al., 2021). The 
direct and indirect effects on academic performance 
in mathematics from motivation were analyzed, using 
mathematics-specific learning strategies. Self-regulated 
learning and the situated expectancy-value theory was 
used to develop the theoretical framework (Boekaerts, 
1999; Eccles & Wigfield, 2020).

Existing empirical research in STEM (science, tech-
nology, engineering and mathematics) education indi-
cates associations between mathematic achievement and 
motivation (Taylor et  al., 2014; Van Soom & Donche, 
2014; Wang et al., 2022) as well as between mathematic 
achievement and learning strategies (Jackson, 2018; Pinx-
ten et al., 2019). Berger and Karabenick (2011) show in a 
longitudinal study, that motivation affects learning strat-
egies and not vice versa. Related research on cooperative 
education students show that, in general, the learning 
strategy “repeating” is most significant in the academic 
major of economics (Wild, 2000). In addition, Derr 
(2018) was able to demonstrate that cognitive variables 
have the greatest influence on the mathematical achieve-
ment of cooperative education students.

In this study, research gaps were analyzed that are 
embedded in the following backgrounds and are hardly 
discussed. Environmental changes are dramatic, e.g. 
knowledge is growing exponentially, technology is devel-
oping rapidly and the availability of information is rising. 
Therefore, new procedures for using data are necessary, 
as well as new techniques to make learning more effi-
cient (Dignath et  al., 2008). At the same time, it is rec-
ognized that previous research on learning strategies and 
curiosity lacks depth and must be more domain-specific 
(Liebendörfer et  al., 2021; Pekrun, 2019). Research-
ers postulated that primarily learning processes should 
be analyzed, e.g. in the context of motivation research 
(Schiefele et  al., 2018; Xu et  al., 2021). Self-regulated 
learning is becoming more important as a contributor to 
academic achievement, in advanced education systems, 
because (1) it is developed during adolescence and (2) 
it must be improved, in order to face the environmen-
tal changes mentioned above, for solving complex tasks 

(Dent & Koenka, 2016). A special focus on cooperative 
education students is necessary, as their numbers are 
increasing in Germany (Federal Institute for Vocational 
Education and Training, 2021).

Theoretical framework and empirical results
The research focused on the concept of self-regulated 
learning (Boekaerts, 1999). There is evidence to suggest 
that self-regulated learning is a central ability, contribut-
ing to lifelong learning (Dent & Koenka, 2016; Theobald, 
2021). Many researchers agree that motivation, as well as 
learning strategies, are central aspects in developing self-
regulated learning skills (Credé & Phillips, 2011; Jansen 
et al., 2019).

Process model of self‑regulated learning
Self-regulation models can be used to describe the learn-
ing behavior of students. According to Pintrich (2000), 
self-regulated learning is seen as an “active, construc-
tive process whereby students set goals for their learning 
and then attempt to monitor, regulate, and control their 
cognition, motivation, and behavior, guided and con-
strained by their goals and the contextual features of their 
environment” (p. 453). Schmitz (2001) and Zimmerman 
(2000) propose a process model based on three phases: 
(1) pre-action phase, (2) action phase and (3) post-action 
phase. Figure  1 presents a visualized overview of this 
model. The assumption is that each phase influences the 
following phase.

The starting point in the pre-action phase is the exam-
ination of a task in a specific situation (Schmitz, 2001). 
For example, students have to consider if a task is so easy 
that it can be solved with automated routines. In such 
situations, self-regulation is not necessary. If the diffi-
culty of the task increases, students have to check their 
resources. In this situation, students will start setting 
goals and develop a method for solving the task (Schmitz 
& Perels, 2011). Affect and motivation are further factors. 
The study drew on the motivation framework of situated 
expectancy-value theory by Eccles and Wigfield (2020). 
Self-efficacy beliefs also play an important role (Schmitz 
& Perels, 2011). Specific variables influence the action 
phase (Schmitz, 2001).

The situated expectancy-value theory of learning and 
achievement motivation suggests that student motiva-
tion can be characterized by students’ expectancy of 
success and by four different components of task values 
that predict namely “task” and “activity choice”, “perfor-
mance”, and “engagement” in the chosen activities (Eccles 
& Wigfield, 2020). Student expectancy of success can be 
defined as their “[…] beliefs about how well they will do 
on upcoming tasks” (Wigfield & Eccles, 2000, p. 70). The 
four task values encompass (1) enjoying a task (intrinsic 
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value), that (2) the task is important for one’s self (attain-
ment value), and that (3) consequences of doing the task 
are useful for other goals (utility value) (Eccles & Wig-
field, 2020). Cost (4), entails all negative consequences 
of tasks, such as effort, emotional/psychological cost, or 
opportunity cost (Eccles & Wigfield, 2020; Flake et  al., 
2015).

The action phase describes the actual work on a par-
ticular task. A person can expect a successful learning 
outcome, if they use the learning time efficiently and 
employ volitional learning strategies (Schmitz, 2001). 
According to Corno (1994), volition is seen “as the ten-
dency to maintain focus and effort toward goals despite 
potential distractions” (p. 229). In the general discussion 
about learning strategies (see McKeachie et  al., 1990; 
Perels et al., 2005; Vrugt & Oort, 2008), there exist three 
accepted forms of learning strategies: cognitive, metacog-
nitive and resource-management strategies. The research 
underpinning this article focused on cognitive strategies.

The post-action phase comprises of self-reflection and 
self-reaction. In the beginning, the learning outcome is 
evaluated. More specifically, self-reflection is self-judge-
ment by comparing one’s behavior with the achieved 
results. Positive or negative effects are possible outcomes 
of self-reflection. In case of behavior modification, con-
sequences will be applied to the next learning episode, 
e.g. changing learning goals or adjusting strategies. These 
changes are called self-reaction (Schmitz & Perels, 2011).

Research regarding self-regulated learning can be 
classified in two research fields. On the one hand, asso-
ciations between self-regulated learning and academic 
performance, and on the other hand, the relationship 
between supporting elements and self-regulated learning 
(Otto et al., 2015). The focus of this research is on asso-
ciations between self-regulated learning and academic 
performance. Meta-analyses and a review of existing 
articles show associations between self-regulated learn-
ing (based on individual learning strategies and motiva-
tional beliefs) and academic achievement. However, the 
effects are small, vary, are based on cross-sectional stud-
ies, and the variables used are measured in a very general 
way (Broadbent & Poon, 2015; Dent & Koenka, 2016; Li 
et al., 2018; Otto et al., 2015; Schneider & Preckel, 2017). 
Further meta-analyses show that training to support 
self-regulated learning also has an impact on academic 
performance (Jansen et  al., 2019; Theobald, 2021). It is 
postulated, that domain-specific views should form part 
of the research on self-regulated learning (Otto et  al., 
2015).

Relevance of academic self‑concept and curiosity 
for learning strategies on academic performance
Student motivation to learn and achieve are central com-
ponents for academic success (Richardson et  al., 2012; 
Schneider & Preckel, 2017). Referring to the expectancy-
value theory, by Eccles and Wigfield (2020), student 

Fig. 1 Self-regulation model (adapted from Schmitz & Perels, 2011, p. 258)
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academic self-concept is understood as an expecta-
tion that is the “mental representations of one’s abili-
ties in academic domains” (Brunner et al., 2010, p. 964). 
Additionally, curiosity as an intrinsic value is seen from 
an epistemic view as “seeking information, knowledge 
acquisition, learning, and thinking” in terms of its impor-
tance in the workplace (Mussel et al., 2012, p. 109).

It is assumed that academic self-concept remains sta-
ble over a relatively long period, but the latest research 
discusses the view of a trait and state perspective, due to 
fluctuations in the short-term state perspective, e.g. from 
one academic situation to another (Hausen et al., 2022). 
Therefore, a trait perspective was used in this research. 
Researchers argue that curiosity should be seen from a 
domain perspective, because without a domain-specific 
conceptualization of curiosity, it is difficult to differenti-
ate between interest and curiosity (Peterson & Cohen, 
2019). In addition, it is assumed that curiosity can also be 
seen as a trait or state phenomenon (Pekrun, 2019; Wag-
staff et  al., 2021). The research used a domain-specific 
perspective trait for curiosity, in terms of solving new 
problems, developing strategies, or fostering innovations 
in the workplace (Mussel et al., 2012).

Empirical research underlines the reciprocal rela-
tion between academic self-concept and performance 
in education (Marsh & Martin, 2011; Niepel et al., 2014; 
Wu et  al., 2021). According to Steinmayr et. al. (2019), 
self-concept is “the most important motivational predic-
tor of students’ grades above and beyond differences in 
their intelligence and prior grades, even when all pre-
dictors were assessed domain-specifically” (Steinmayr 
et al., 2019, p. 9), a view supported by the meta-analysis 
conducted by Richardson et. al. (2012). Further empiri-
cal research highlights the relationship between curios-
ity and performance (Hardy et al., 2017; Reio & Wiswell, 
2000; von Stumm et  al., 2011; Wavo, 2004). Some 
research sheds light on the association between motiva-
tion and learning strategies (Berger & Karabenick, 2011; 
Kulakow, 2020), but the theoretical constructs are meas-
ured in a general way and the domain-specific focus on 
mathematics is not deep enough.

Reciprocal effect between learning strategies 
and academic performance
It is argued, that the procedure of acquiring, organizing 
or transforming information to succeed in an education 
program is defined as a learning strategy (Alexander 
et  al., 1998; Neroni et  al., 2019). There are various tax-
onomies and classifications regarding learning strategies 
(Hattie & Donoghue, 2016; McCombs, 2017). A widely-
used learning strategy differentiation is classified, as fol-
lows: (1) cognitive strategies, (2) metacognitive strategies, 
and (3) resource management strategies (Barak et  al., 

2016; Broadbent, 2017; Credé & Phillips, 2011; Duncan & 
McKeachie, 2005), which refers to the instrument Moti-
vated Strategies for Learning Questionnaire (MSLQ) by 
Pintrich et. al. (1991). Neroni et. al. (2019) conclude that 
cognitive strategies are directly applicable to a certain 
task or course, like rehearsal or the organization around 
solving a problem. Thoughts of students about their own 
thinking, like planning, monitoring their own under-
standing, and modifying one’s own mental processes are 
metacognitive strategies. Resource management strate-
gies investigate the pattern of non-cognitive strategies, 
e.g. effort regulation, organizing time and place to study, 
searching for help from the lecturer or peers, and coop-
eration with other persons.

Empirical research indicates an association between 
learning strategies and performance. A meta-analysis 
for performance in higher education by Schneider and 
Preckel (2017) shows small to medium-large effects for 
several cognitive and metacognitive strategies, as well 
as medium-large effects for resource management strat-
egies. However, these effects do not consider specific 
domains or study forms. Research in teacher educa-
tion identifies the effect of cognitive learning strategies, 
metacognitive learning strategies and resource manage-
ment strategies to pre-service teachers’ performance in 
professional education (Derilo, 2019). There are indica-
tions that metacognitive learning strategies and resource 
management strategies have a positive effect and the use 
of cognitive strategies have a negative effect on exam 
scores (Vrugt & Oort, 2008), regarding first-year psychol-
ogy students in the course “Introduction to Psychology”. 
Research on undergraduate medical students shows an 
effect on the cognitive strategies of elaboration as well as 
from the resource management of time/study environ-
ment and effort regulation on academic performance 
(Cheema et  al., 2018). A longitudinal study on distance 
learning in the Netherlands describes a positive effect 
from the management of time and effort, as well as the 
use of a complex cognitive strategy on academic perfor-
mance (Neroni et al., 2019).

Learning strategies in mathematics in higher education
Looking at mathematics and learning strategies in 
higher education, there are two main topics in focus. 
Firstly, teaching aspects are based on the learning con-
tent, like proofs and the deductive structure of the cur-
riculum, where prior knowledge has an important role. 
Secondly, the approach to learning the course content 
(Liebendörfer et al., 2021). Following the arguments of 
Liebendörfer et. al. (2021), cognitive learning strate-
gies are critically important in mathematics, however, 
existing measurement instruments for learning strate-
gies, like MSLQ (Pintrich et al., 1991) or LIST (Berger 
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& Karabenick, 2011; Wild & Schiefele, 1994), are lim-
ited. The reason for this limitation is the general point 
of view and the missing detailed focus on mathematics.

Liebendörfer et. al. (2021) underline, referring to the 
meta-analysis by Dent and Koenka (2016) that the rela-
tionship between metacognitive learning strategies and 
performance in mathematics can be compared to other 
subject domains, but differs regarding cognitive learn-
ing strategies and performance. Further analyses show 
that there is no correlation between non-domain spe-
cific cognitive learning strategies and performance in 
mathematics (e.g. Cho & Heron, 2015; Dent & Koenka, 
2016; Griese, 2017). While there is a positive correla-
tion between domain-specific learning strategies and 
performance in mathematics, and between elabora-
tion and performance as well, there is a negative cor-
relation between performance in mathematics and 
rehearsal (Kolter et  al., 2018). However, Liebendörfer 
et. al. (2022) present results in mathematics, that sug-
gest practicing, as a cognitive learning strategy, pre-
dicts performance. Alternatively, Schiefele et. al. (2003) 
show for students in different academic fields that 
effort is the only aspect in learning behavior that plays 
an important role, besides university entrance qualifi-
cation grades, for explaining effects on performance 
in higher education. Nonetheless, cognitive learning 
strategies in mathematics are very important for the 
analysis of successful learning, because they can use 
domain-specific content and environment. Cognitive 
learning strategies can also be linked to existing results, 
such as positive correlations between mathematics per-
formance and elaboration as well as negative correla-
tions between mathematics performance and repetition 
(Liebendörfer et al., 2021).

The present study
The purpose of this study is to research the influencing 
factors in mathematics-related studies in higher edu-
cation, related to motivation, more specifically, aca-
demic self-concept and curiosity, based on the situated 
expectancy-value theory by Eccles and Wigfield (2020), 
and cognitive learning strategies on academic perfor-
mance. The study analyzed what motivational factors, 
as well as cognitive learning strategies are relevant to 
increasing academic performance. A further aim is to 
model a process in self-regulated learning, based on the 
approach of Schmitz (2001). The authors test the follow-
ing hypotheses.

Hypothesis 1 Higher motivation, specifically academic 
self-concept and curiosity, is associated with academic 
performance.

Hypothesis 2 Higher motivation, specifically academic 
self-concept and curiosity, is associated with the use of 
cognitive learning strategies.

Hypothesis 3 The extensive use of cognitive learning 
strategies is associated with academic performance.

Hypothesis 4 Higher motivation, specifically academic 
self-concept and curiosity is associated with academic 
performance via cognitive learning strategies.

The university entrance qualification grade is used as 
a control variable in the analysis. Current research sup-
ports this approach, because previous performance, such 
as high school Grade Point Average (GPA), has a signifi-
cant effect on performance in higher education (Rich-
ardson et al., 2012; Schneider & Preckel, 2017). Figure 2 
presents a visualized overview of the four hypotheses.

Method
Participants and design
The data is derived from a complementary follow-up 
study originating from the panel study entitled “Study 
Process—Crossroads, Determinants of Success and Barri-
ers while Studying at the DHBW” (Deuer & Meyer, 2020) 
with a cross-sectional design and convenience sampling 
in April 2022, by the heads of the research groups. The 
study was conducted in accordance with the Declaration 
of Helsinki. It was approved by the Baden-Wuerttemberg 
Cooperative State University (8th July 2015) and the 
local heads of the research groups for ethical standards. 
Before the participants responded, informed consent 
was obtained, and the anonymity of responses ensured. 
Students are enrolled at the Baden-Wuerttemberg Coop-
erative State University Ravensburg (DHBW). The data 
was collected with a paper-and-pen questionnaire dur-
ing lectures by the heads of the respective departments. 
Survey participants were asked retrospectively about 
their motivation (16 items), learning strategies (24 items), 
and subsequent performance (two items). Furthermore, 
there exist items in the questionnaire concerning another 
project on “Pro-environmental behavior” (46 items) and 
demographic variables (22 items). The survey took par-
ticipants about 15 min to respond to the 110 questions.

The N = 548 cooperative students in the sample had an 
average age of M = 21.22 years (SD = 2.01) comprising of 
427 male (78.8%), 112 female (20.7%) and three diverse 
(0.6%) students. 44 per cent have at least one parent with 
a university degree. The faculty distribution shows that 
150 participants belong to the faculty of business admin-
istration (27.4%; study field: Industrial Management and 
Business Informatics) and 398 are engineering students 
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(72.6%; study field: Electrical Engineering, Mechanical 
Engineering and Embedded Systems).

Depending on the type of educational program, coop-
erative students rotate every 3 or 6 months between aca-
demic learning, based on the theoretical framework of 
their university, and practical experience in their compa-
nies. The students are recruited by their companies and 
have an employment contract with their company. Due 
to the intensive nature of the degree programs, includ-
ing a high proportion of practice, the 3-year bachelor 
programs attract 210 credits according to the European 
Credit Transfer System (Wild & Neef, 2019).

Measures
McDonald’s omega was used to estimate the reliability in 
the sample (McDonald, 1999). A value of ω ≥ 0.70 is con-
sidered as acceptable (Viladrich et  al., 2017). The scales 
for motivation and cognitive learning strategies use items 
with a 5-point Likert scale, ranging from 1 (strongly disa-
gree) to 5 (strongly agree).

Motivation
Motivation was measured, in terms of academic self-
concept and curiosity. We used an adjusted instrument 
by Dickhäuser et. al. (2002), measuring “academic self-
concept” with three items and a good level reliability 
(ω = 0.87; sample item: Learning something new is easier 
for me than other students). “Curiosity” is measured by 
an adjusted instrument from Mussel et. al. (2012) with 
five items and a good level of reliability (ω = 0.71; sample 

item: I am inquisitive). This scale was judged as adequate 
for measuring the curiosity of cooperative students in 
the working context, because of their rotation between 
university and working in their companies every 3 or 
6 months. Furthermore, the students could explore their 
specific domain of work, address deficits and satisfy their 
need for cognition.

Cognitive learning strategies
Seven shortened scales from the measurement instru-
ment “LimSt—A questionnaire for learning strategies 
in mathematics related studies” by Liebendörfer et. al. 
(2021) are used to measure cognitive learning strategies 
for exam preparation in previous mathematics modules. 
The scales show a good level of reliability. Rehearsal was 
measured with “repeating” (ω = 0.77; sample item: So 
that I don’t forget important content, I go over it again 
and again) and “practicing” (ω = 0.78; sample item: I go 
through calculation paths again and again to get a rou-
tine). Elaboration is measured by “building connections” 
(ω = 0.78; sample item: I try to relate new terms and 
concepts to terms and concepts I already know), “using 
examples” (ω = 0.72; sample item: I test statements using 
examples), and “connecting to practice” (ω = 0.74; sam-
ple item: With new content, I think about what it means 
in the real world). For measuring organization, we used 
the scales “using proof” (ω = 0.83; sample item: For 
proofs, I try to follow the logical argument step by step) 
and “simplifying” (ω = 0.72; sample item: In order to be 
able to remember content in a better way, I reduce it to 

Fig. 2 Hypothesized model
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its essentials). Every scale is measured with two items, 
except the scale “using examples”, which is measured with 
three items.

Academic performance
Academic performance is measured by the “grade” 
attained in the previous mathematics module. This grade, 
as well as the university entrance qualification grade, 
were reported by participants. In the German univer-
sity system and also in the study presented in this paper, 
grades range between the highest score of 1 (equiva-
lent to a grade A in Great Britain and the United States) 
and the lowest score of 5 (equivalent to a grade E and F 
in Great Britain or F in the United States). In the Ger-
man education system, “university entrance qualification 
grades” range between the highest score of 1 and the low-
est score of 4 (equivalent to a grade D in Great Britain 
and the United States). In the analysis, measurements 
were recoded, with higher scores indicating a better 
performance.

Finally, an analysis was conducted of measurement 
invariance for motivation and cognitive learning strate-
gies, in order to assess the (psychometric) equivalence 
of constructs across groups for performance by median-
split—and to check that a construct has the same mean-
ing in those groups—by following four steps outlined by 
Putnick and Bornstein (2016):

(1) configural, equivalence of model form; (2) metric 
(weak factorial), equivalence of factor loadings; (3) sca-
lar (strong factorial), equivalence of item intercepts or 
thresholds; and finally (4) residual (strict or invariant 
uniqueness), equivalence of items’ residuals or unique 
variances (p. 2).

To examine if differences in model fit were significant, 
the cut-off values for model fit suggested by Chen (2007) 
were used and interpreting a decline of Comparative 
Fit Index (CFI) ≥ 0.010 and Root Mean Square Error of 
Approximation (RMSEA) ≥ 0.015 or Standardized Root 
Mean Square Residual (SRMR) ≥ 0.010 as an indication 
of non-invariance (for metric invariance: SRMR ≥ 0.030). 
The results confirmed strict measurement invariance for 
participants with low performance, compared with par-
ticipants with high performance, because the model fits 

of CFI, RMSEA and SRMR in Table  1 have no higher 
deviation between configural invariance, metric invari-
ance, scalar invariance and strict invariance than 0.005 
(see last three columns in Table 1).

Data analyses and missing values
This study used SPSS (Version 28) to explore the data 
presented in the section, preliminary analysis. Pear-
son’s r, a product-moment correlation coefficient that is 
most frequently used in linear associations between two 
variables, ranges between + 1 (both variables increase 
together) and − 1 (one variable increases while the other 
variable decreases) (Tabachnick & Fidell, 2013). It is seen 
as small from 0.10 to 0.29, as medium between 0.30 to 
0.49, and as large ≥ 0.50 according to Cohen (1988). 
Although these interpretations are highly disputed (e. 
g. Gignac & Szodorai, 2016), they are still considered a 
standard approach (Field, 2018). Skewness and Kurtosis 
values falling outside the range of − 1 to + 1 are seen as 
problematic, like normal distribution (Hair et al., 2014). 
In the data analysis, the p-value is seen as statistically sig-
nificant, if it is less or equal than 0.05 (two-tailed).

Structural Equation Modelling (SEM; Ullman, 2013) 
and the package “lavaan” by Rosseel (2012) in the soft-
ware R was employed for testing the hypotheses. The 
criteria by Hu and Bentler (1999) with RMSEA ≤ 0.06, 
CFI ≥ 0.95, TLI ≥ 0.95 and SRMR ≤ 0.08 are judged as 
a good model fit. For testing Hypotheses 1 to 3, direct 
effects are used. The results of this analysis were stand-
ardized coefficients. Drawing on the methods of Hayes 
(2018), the mediator effect (Hypothesis 4) was tested, 
by estimating bootstrapped conditional indirect effects 
(using 5000 replications). For this analysis, non-stand-
ardized effects were used. The zero hypothesis of a non-
indirect effect is rejected in this approach, when the 
confidence interval does not integrate the value zero.

The sample of 548 participants has missing values, with 
a range for the variables between 0.4 and 7.04% (M = 1.25; 
SD = 1.40). For 492 participants (90% of the sample) no 
missing values exist. The missing data was replaced, 
using a multiple imputation by chained equations of the 
R package “mice” with 20 imputations (van Buuren & 
Groothuis-Oudshoorn, 2011).

Table 1 Results of measurement invariance testing between motivation, learning strategies and the persons in group low and high 
performance separated by median split (N = 548)

df χ2 χ2/df CFI TLI RMSEA SRMR Δ CFI Δ RMSEA Δ SRMR

Configural invariance 432 642.83 1.49 0.949 0.934 0.042 0.046

Metric invariance 447 666.80 1.49 0.946 0.934 0.042 0.048 0.003 0.000 0.002

Scalar invariance 462 695.15 1.51 0.943 0.932 0.043 0.050 0.003 0.002 0.002

Strict invariance 486 714.91 1.47 0.944 0.937 0.041 0.050 0.001 0.005 0.000
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Results
Preliminary analysis
Table 2 presents the descriptive information and correla-
tions (r) of the variables in the research. It is noticeable 
that there is a left-skewed distribution for all variables. 
The kurtosis of learning strategy “building connections” 
is 1.12  and the kurtosis of “curiosity” is 1.19, which is 
seen as slightly problematic, in order to maintain the nor-
mal distribution assumption.

The correlations between the learning strategies 
“repeating” and “practicing” are large (r = 0.59). Medium 
correlations exist between “curiosity” and “building con-
nections” (r = 0.39) as well as between “curiosity” and 
“connecting to practice” (r = 0.31). Furthermore, the 
learning strategies “using examples” and “connecting to 
practice” (r = 0.33) as well as “using examples” and “using 
proofs” (r = 0.30) have medium correlations, too. “Uni-
versity entrance qualification grades” and “performance” 
are correlated (r = 0.35), as was expected from the meta-
analysis by Richardson et. al. (2012).

Results on the hypotheses
For analyzing the hypotheses, the researchers used 
the Structural Equation Modelling technique. Indices 
of the estimation show an adequate fit (χ2 = 466.977; 
df = 255; χ2/df = 1.831; p ≤ 0.001; CFI = 0.951; TLI = 0.938; 
RMSEA = 0.039; SRMR = 0.046). The results indicate 
that the theoretical model represents the research data 
in a reasonable way (see Fig.  3) and only TLI = 0.938 is 
below the cutoff criteria by Hu and Bentler (1999). How-
ever, Hair et. al. (2014, p. 582) discuss situations when a 
cutoff criteria is not met and summarize that “no single 

“magic” value always distinguishes good models from 
bad models”.

The results in Fig.  3 show that a positive relationship 
exists between “academic self-concept” and “perfor-
mance” (β = 0.38; p ≤ 0.001) (Hypothesis 1). According to 
Hypothesis 2, academic self-concept is negatively asso-
ciated with the cognitive learning strategies “connect-
ing to practice” (β = − 0.13; p = 0.016) and “simplifying” 
(β = − 0.13; p = 0.021). Furthermore, “curiosity” is posi-
tively associated with the cognitive learning strategies 
“repeating” (β = 0.34; p ≤ 0.001), “practicing” (β = 0.32; 
p ≤ 0.001), “building connections” (β = 0.54; p ≤ 0.001), 
“using examples” (β = 0.34; p ≤ 0.001), “connecting to 
practice” (β = 0.44; p ≤ 0.001) and “using proofs” (β = 0.38; 
p ≤ 0.001). In line with Hypothesis 3, the cognitive learn-
ing strategy of “practicing” is positively related to “per-
formance” (β = 0.21; p = 0.014). An indirect effect is the 
transfer of “curiosity” to “performance” via “practicing” 
(β = 0.07; p = 0.014) (Hypothesis 4).

Further analysis of the 95%-confidence intervals for 
the indirect effects confirmed the mediation (Hypoth-
esis 4). Practicing mediates the effect of curiosity on per-
formance (b = 0.13, 95% CI = [0.001; 0.257]). The study 
reported non-standardized parameters on this point. 
This result means that “curiosity” leads only to better 
“performance” when persons “practice”. Curiosity on its 
own is not enough to attain a good performance.

Discussion
Previous work has indicated that learning strategies in 
STEM have an impact on achievement (Pinxten et  al., 
2019). However, the learning strategies that have been 
assessed are only general in nature and the results can-
not be applied to domain-specific learning strategies 

Table 2 Descriptive statistics and bivariate correlations (N = 548)

Scales ranging from 1 (= strongly disagree) to 5 (= strongly agree). UEQG ranging from 2 (= lowest performance) to 5 (= best performance). Performance ranging from 
1 (= lowest performance) to 5 (= best performance). Correlation (r) is shown below the diagonal

UEQG University entrance qualification grades

M SD Skew Kurtosis 1 2 3 4 5 6 7 8 9 10 11

1. Academic self-concept 2.86 0.90 − 0.09 − 0.17 –

2. Curiosity 3.91 0.58 − 0.69 1.19 0.20 –

3. Repeating 3.59 0.95 − 0.28 − 0.60 − 0.01 0.23 –

4. Practicing 3.55 0.97 − 0.33 − 0.44 0.02 0.22 0.59 –

5. Building connections 4.01 0.74 − 0.80 1.12 0.03 0.39 0.12 0.07 –

6. Using examples 3.70 0.76 − 0.37 − 0.05 − 0.01 0.23 0.19 0.19 0.19 –

7. Connecting to practice 3.68 0.88 − 0.46 − 0.25 − 0.02 0.31 0.08 0.09 0.21 0.33 –

8. Using proofs 3.38 1.02 − 0.33 − 0.47 0.11 0.29 0.14 0.13 0.17 0.30 0.24 –

9. Simplifying 3.97 0.84 − 0.83 0.47 − 0.09 0.04 0.24 0.20 0.18 0.24 0.16 − 0.01 –

10. UEQG 4.01 0.54 − 0.38 − 0.06 0.22 0.11 − 0.01 0.06 0.13 − 0.07 0.03 0.09 − 0.02 –

11. Performance 3.70 0.89 − 0.81 0.28 0.20 0.13 0.03 0.12 0.08 − 0.04 0.04 0.07 − 0.01 0.35 –
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for mathematics. Furthermore, motivational variables 
explain performance, with self-concept being a good pre-
dictor and intrinsic components seen as less important 
(Steinmayr et al., 2019). Research about topics in STEM 
in the area of cooperative higher education is rare.

The findings expand on existing research, by using 
domain-specific measurement instruments for learning 
strategies in mathematics, such as LimSt by Liebendör-
fer et. al. (2021). On the other hand, there are numer-
ous overlaps with the current state of research. While 
academic self-concept influences performance, curi-
osity does not (Hypothesis 1). The latter fits to the 
lesser importance of intrinsic components regarding 
performance, as referred to above, but it is not in line 
with empirical research, which highlights the relation-
ship between curiosity and performance (Hardy et  al., 
2017; Reio & Wiswell, 2000; von Stumm et  al., 2011; 
Wavo, 2004). The results related to academic self-con-
cept confirms the findings of the study, outlined in this 
paper (Marsh & Martin, 2011; Niepel et  al., 2014; Wu 
et al., 2021) and shows that these findings are also valid 
for mathematics. Furthermore, there is a correlation 
between motivational aspects and learning strategies, 

which confirms Hypothesis 2. Remarkable are the various 
relations between curiosity and different learning strate-
gies in mathematics. The narrow connection between 
curiosity and the learning strategies “building connec-
tions” and “connecting to practice” shows that curiosity, 
which is defined as the acquisition, combining and con-
necting of knowledge, is reflected in the empirical results.

The learning strategy “practicing” affects performance, 
which is also reported in Liebendörfer et. al. (2022) and 
confirms Hypothesis 3. Nevertheless only the learning 
strategy “practicing” is associated with academic perfor-
mance. A possible explanation in the context of math-
ematics is that practicing is the most important strategy 
for achieving good results, as opposed to other learning 
strategies, such as “using examples” or “connecting to 
practice” that are more likely to be used in other study 
areas, e.g. economics. On the one hand, regarding the 
strength of the association between the learning strat-
egy “practicing” and the resulting performance, the study 
is aligned with results of the meta-analysis conducted 
by Schneider and Preckel (2017), which shows small 
to medium-large effects for cognitive learning theories 
regarding performance. On the other hand, a generalized 

Fig. 3 Model for the direct and indirect effect of motivation on grades through learning strategies (N = 548). Solid lines are direct effects that are 
significant at the significance level of p ≤ 0.05. The indirect effects at the significance level of p ≤ 0.05 are presented with dashed lines. Coefficients 
are standardized beta weights. UEQG University entrance qualification grades
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opinion that cognitive learning strategies are critically 
important in mathematics (Liebendörfer et  al., 2021) 
cannot be made as only one learning strategy is linked 
to academic performance. The author’s research dem-
onstrates the indirect effect of curiosity on performance 
via the learning strategy “practicing”, which is in line with 
Hypothesis 4.

The results of this paper strengthen existing theories. 
The assumptions forming the basis of the process model 
of self-regulated learning by Schmitz (2001) and Zim-
merman (2000), were correlated with the research out-
lined in this paper. The pre-action phase (phase 1) and 
the action phase (phase 2) were aligned with the aspects 
of motivation and learning strategies, linked to Hypothe-
sis 2. The aspects of learning strategies and performance, 
linked to Hypothesis 3, were also aligned to the action 
phase. Based on the empirical results, several theoreti-
cal assumptions can be confirmed (Fig.  1). In addition, 
the confirmed indirect effect of Hypothesis 4 of moti-
vation on performance via learning strategies is of par-
ticular importance, as this is an important assumption in 
the process model. The post-action phase (phase 3) and 
the subsequent feedback to the pre-action phase (phase 
1) are not considered in the present research, although 
it would be interesting to find out whether changes or 
adjustments result from possible reflections in the course 
of a further process.

The situated expectancy-value theory (Eccles & Wig-
field, 2020) is an important part in the research. Several 
of the associated theoretical assumptions could be vali-
dated by the empirical results. This is seen through the 
confirmation of the direct effect of motivation on perfor-
mance, expressed by academic self-concept (Hypothesis 
1). One explanation could be that curiosity is only one 
of four different components of the task values, whereas 
academic self-concept is a factor on its own. Addition-
ally, the assumptions of the situated expectancy-value 
theory could be successfully demonstrated in the context 
of the process model of self-regulated learning. This is 
shown by the fact that the intrinsic value of curiosity has 
an indirect effect on performance via learning strategies 
(Hypothesis 4).

There are several practical implications that can be 
derived from the research. Meta-analyses show the 
effect of training on self-regulated learning on univer-
sity students’ academic performance, by training them 
to improve various (meta-) cognitive and resource man-
agement strategies (Theobald, 2021). Another possibility 
would be to expand the preparatory courses that dis-
pose students for mathematics at universities and whose 
effects has been demonstrated (Bahr, 2008; Bettinger & 
Long, 2009; Wood, 2001). A third way to keep the student 
motivation at a high level, throughout the entirety of their 

study programs is through self-assessment, which can be 
deployed before the study program starts, e.g. to clarify 
the expectations of the students (Ćukušić et  al., 2014). 
The quality of instruction is linked to the level of motiva-
tion to achieve and self-regulated learning (Hernesniemi 
et al., 2020; Sogunro, 2017). Consequently, efforts should 
be made to improve the instruction quality of lecturers, 
in order to enhance the teaching and learning environ-
ment. Advanced training, concentrating in particular on 
teaching and methodology, could be one of the answers. 
Additionally, work shadowing during lectures, with an 
integrated debriefing, should be considered in order 
to strengthen the quality of lecturing. For students, the 
results showed the importance of practicing. To support 
the ability to practice, it would be helpful to offer special 
courses to students at the university. The simple message 
is: curiosity is not enough—you have to practice!

The strengths of this study are the measurement of 
domain-specific cognitive learning strategies in math-
ematics. The results shed light into the association 
between motivation and cognitive learning strategies 
and academic performance. Furthermore, the research 
was conducted on the growing student population of 
cooperative students in Germany, which nearly doubled 
to 108,000 students in the last decade (Federal Institute 
for Vocational Education and Training, 2021). The good 
model fit with the data indicates that the theory used is 
suitable. The results in this research are much in line with 
former research.

There are limitations to the research conducted. Unfor-
tunately, performance data could not be obtained from 
the university administration. Therefore, measurement 
errors, due to social bias, cannot be avoided. The gen-
eralization of the research to all students is problem-
atic, because cooperative students are recruited by their 
companies, which could lead to a possible selection bias 
(Kupfer, 2013; Wild & Neef, 2019). The level of measure-
ment could be improved, as most reliability was ω < 0.80. 
Furthermore, the research was based on a cross sectional 
design and longitudinal research is needed to develop a 
more exact modelling process. Additionally, the method 
of convenience sampling is discussed in the research. A 
criticism of this sampling method is that the results are 
difficult to generalize (Andrade, 2021). Mahboobi et. al. 
(2014) emphasize the existence of some missing values 
using this method. In the exploring phase, and when lit-
tle is known about a population, convenience sampling is 
done (Chawla & Sodhi, 2011). However, replication of the 
results from convenience sampling is a huge challenge 
(Warner, 2013).

Based on the framework of situated expectancy-value 
theory, it must be emphasized that attainment value, util-
ity value and costs (Eccles & Wigfield, 2020) should be 
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integrated into the research. However, the low variance 
in terms of performance of nearly 24% in the structural 
equal model indicates that there are further variables that 
have an influence on performance, e.g. personality, which 
needs to be investigated (Richardson et  al., 2012; Sch-
neider & Preckel, 2017). Overall, performance seems to 
be affected by different factors and this study is only one 
small step to develop a better understanding of academic 
performance.

The multivariate analysis using the structural equation 
model shows a deeper analysis of learning strategies in 
mathematics, where to date mostly general learning strat-
egies were analyzed. In addition, the research contrib-
utes to the analysis of construct curiosity, which is rarely 
explored. The integration of the framework from situated 
expectancy-value theory in the concept of self-regulated 
learning is a further highlight of this research. Further-
more, research was conducted on an increasingly large 
population, cooperative students, and tests theories in 
this population for robustness.

Conclusion
The work emanating from the study advances research 
on the role of motivational aspects, as well as domain-
specific cognitive learning strategies on performance, in 
mathematics-related study programs. The results suggest 
that academic self-concept, as well as curiosity via the 
learning strategy of practicing, is associated with per-
formance. Empirical results support the framework of 
the process model of self-regulated learning by Schmitz 
(2001) and Zimmerman (2000) as well as the situated 
expectancy-value theory by Eccles and Wigfield (2020). 
Further research is needed to explore other factors, such 
as costs, instead of the intrinsic value of curiosity (Flake 
et al., 2015), which is likely to explain the process of per-
formance in more detail.
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