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Abstract. This study investigates the long-term effects of analog and digital men-
toring formats on undergraduate mathematics exam performance. Based on a da-
taset of 489 students across six semesters, the results confirm that prior domain
knowledge is the strongest predictor of exam success in first-year mathematics
courses, while structured learning formats and mentoring exert a moderate, indi-
rect influence. The study’s novelty lies in its systematic analysis of how digital
mentoring practices are sustained beyond the project phase, with particular atten-
tion to their support intensity. The findings underline the need for sustainable,
adaptive support concepts in mathematics education.
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1 Introduction

The digital transformation of higher education has accelerated markedly over the past
decade, driven by the proliferation of online tools and the growing demand for flexible,
scalable instructional formats. The COVID-19 pandemic further intensified this shift,
compelling institutions to rapidly adopt digital teaching methods and revealing both the
potential and the limitations of e-learning within traditional academic structures. In
mathematics education, where abstract reasoning and procedural fluency are central,
digital environments offer unique opportunities for individualized practice, automated
feedback, and scalable assessment formats [1, 2].

However, the transition to digital formats has also introduced new challenges. Vol-
untary participation in face-to-face tutorials has declined, and student engagement with
optional support formats remains uneven [3]. Research suggests that academic success
is more closely linked to active engagement than to mere attendance, underscoring the
need for instructional models that foster sustained participation [4]. Blended learning -
combining digital and analog elements - has emerged as a promising approach to ad-
dress these challenges, particularly in STEM disciplines [5].
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Against this backdrop, the EQuFIT project at DHBW Mannheim, funded by the
Stiftung Innovation in der Hochschullehre (September 2022 - February 2024), imple-
mented a blended learning framework in first-year mathematics courses within the
computer science program. The initiative aimed to standardize instruction and enhance
student support through increased practice opportunities, individualized feedback
mechanisms, and reduced tutorial group sizes [6, 7]. Key components included submis-
sion tasks that were corrected by teaching staff, STACK-based online quizzes with
adaptive feedback, and differentiated tutorial formats.

While the initial implementation offered intensive support, this level of mentoring
proved unsustainable beyond the project phase. As a result, tutorial structures were
scaled back, and only core elements such as submission tasks and online quizzes were
retained. The present study investigates the pedagogical impact of this transition, fo-
cusing on how changes in mentoring intensity and task engagement influenced student
performance. Specifically, we examine the following hypotheses:

(H1) Reduced support activities lead to lower exam performance.
(H2) Participation in training sessions and submission tasks improves exam per-
formance.

2 Evolving Tutorial Structures in Higher Mathematics
Education

The EduFIT program was launched in the winter semester of 2022/23 and developed
through a structured, multi-phase pilot aimed at enhancing mathematics instruction
through digital support and individualized mentoring. Central to the concept was the
integration of STACK-based formative assessments and the reduction of tutorial group
sizes to half their usual capacity to enable more targeted support and increased student
engagement. STACK (System for Teaching and Assessment using a Computer algebra
Kernel), developed by Chris Sangwin [8], allows automated evaluation of mathematical
responses based on mathematical properties and provides adaptive feedback tailored to
common misconceptions. Its ability to randomize parameters enables scalable, reusable
online exercises that support flexible and repeated practice.

Across two cohorts, each comprising six classes with 20 - 30 students, the instruc-
tional model was continuously refined in response to student feedback and performance
data. Initially, weekly digital lecture-based assessments informed tutorial group alloca-
tion, while online quizzes and handwritten submission tasks offered structured oppor-
tunities for practice (see Fig. 1). Over time, the frequency and format of these compo-
nents were adjusted to balance workload, autonomy, and instructional sustainability.
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Fig. 1. An overview of the semester schedule.

Following the pilot phase, the EAuFIT framework was integrated into regular teaching
operations beginning in the summer semester of 2024. Upon the termination of project
funding and the departure of key staff members, tutorial offerings were consolidated
into a single group per class, reverting to the organizational structure that was in place
prior to the project. Nevertheless, core elements such as online trainings and submission
tasks were retained, albeit with reduced grading weight and increased flexibility. Par-
ticipation in digital training became voluntary, and the complexity of proof-based as-
signments was moderated to reflect the shift toward greater student autonomy and the
evolving use of Al tools in student workflows (see Fig. 2).

This streamlined version of the EAuFIT model has remained in use since its institu-
tional adoption and continues to inform mathematics instruction at DHBW Mannheim
as of the summer semester 2025.

Cohort 2022 Cohort 2023 Cohort 2024
$ ¥ ¥

- Weekly lecture tests - Weekly OT and - Weekly OT and
(LT), online trainings submission tasks submission tasks
(OT) and submission - Switch from two - One tutorial
tasks tutorials to one in the - Bonus points

- Two tutorials per summer
class (according to - Bonus points
LT results)

- Bonus points
Fig. 2. An overview of the project phases.

3 Data Collection and Analytical Scope

During the project period and subsequent semesters until summer of 2025, comprehen-
sive data was collected from three cohorts comprising a total of 489 computer science
students. While exam results and results for submission tasks were available for all
cohorts, participation in online trainings was only recorded for cohorts 2022 and 2023.
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To ensure analytical consistency and comparability across participants, only results
from the initial written examinations were included in the dataset. Students who com-
pleted the exam in a single semester were included solely in the analysis for that re-
spective semester and excluded from analyses pertaining to the other semester. 18 stu-
dents who did not participate in any form of examination were omitted to preserve the
integrity of the comparative framework.

Supplementing this data, the analysis also incorporated results from a mathematics
baseline test administered during the first week of the students’ first semester. This
instrument forms part of DHBW Mannheim’s longstanding digital mathematics prepa-
ration program, which has been in use since 2011 to assess incoming students’ prior
knowledge in mathematics through a pre-post test design [9, 10, 11].

3.1 Standardization of Examination Data

The comparability of exam results is not always straightforward. On the one hand, the
presence of actual differences in the participants' abilities gives rise to varying average
scores. On the other hand, task difficulty may differ, particularly because both the sub-
ject matter and the tasks themselves may be perceived differently by students and in-
structors. As illustrated in Table 1, average exam scores varied considerably across se-
mesters and cohorts, despite deliberate efforts to ensure consistency in competency ex-
pectations and assessment rigor.

To mitigate these discrepancies in the joint analysis, examination scores were stand-
ardized within each cohort using a z-score transformation prior to pooling. Accord-
ingly, the interpretation of the results is based on standard deviations rather than abso-
lute scores, with a z-score of 0.3 indicating that the corresponding result was 0.3 stand-
ard deviations above the exam mean.

Table 1. Descriptive statistics of exam results by cohort.

Cohort Sem. N Mean  SD Min Max

2022 1 157 59.67 1849 1286  98.57
2 121 6090 19.80 10.00 9571

2023 1 162 57.26 19.90 8.33 100.00
2. 142 4477 1995 250 98.33

2024 1 148 43.68 1850  3.33 85.83
2

124  44.81 19.27 417 88.33

3.2  Statistical Analyses

All statistical analyses were conducted using IBM SPSS Statistics (version 29.0).
Group differences in prior knowledge and exam results were examined using analysis
of variance (ANOVA) on the raw data. To assess the influence of assessment activities
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and support intensity on exam performance, multiple regression analyses were con-
ducted. To remove exam- and topic-related biases, exam data were z-standardized (see
section above) and subsequently pooled for joint analyses.

The regression analyses composed of two models. The baseline model included pre-
test scores and the assessment variables (submission task scores and training participa-
tion, both expressed as percentages) as predictors. The extended model added support
intensity as a predictor. Support intensity was dummy-coded (0 = low support, 1 =high
support, i.e., semesters benefitting from the additional EduFIT project capacities). To
test for potential moderating effects, interaction terms between support intensity and
both assessment variables were computed. All predictors were mean-centered before
constructing the interaction terms to reduce nonessential multicollinearity.

Due to missing data on training participation in the 2024 cohort, separate regression
models were estimated to maximize the available sample size. Models M.1 and M.2
included the training variable and excluded the 2024 cohort, whereas Models M.3 and
M.4 omitted the training variable but incorporated the full dataset.

Since participation numbers in the pre-test and the exams varied across cohorts and
semesters, the sample sizes (&) also differed depending on the specific variables under
investigation. The exact N for each model is reported in the corresponding results ta-
bles. Effect sizes are reported as standardized regression coefficients (f) for predictor
variables, adjusted R? for overall model fit, and #? for ANOV As. Statistical significance
was evaluated at o = .05.

All regression analyses were conducted in long format, treating each exam as an
independent data point. This approach is appropriate since the influence of students’
prior knowledge on first- and second-semester exam performance has been shown to
be comparable [12], and it increases the effective sample size for the analyses.

4 Results

4.1  Assessing Prior Knowledge

Internal records of the annual mathematics pre-test indicate a gradual but continuous
decline in prior knowledge over the past decade. To ensure comparability of prerequi-
sites, an ANOVA was first conducted with pre-test scores as the dependent variable
and cohort as the factor. Running the Shapiro-Wilk test (a = .05) showed that exam
results were normally distributed only for the cohort 2024, but not for cohorts 2022 and
2023. Given that previous simulation studies have demonstrated the robustness of
ANOVA against violations of normality [13, 14] the analysis was carried out as
planned. However, Levene’s test indicated significant differences in variance across
cohorts (p = .013), suggesting heterogeneity of variances. Taking this into account, the
ANOVA indicated that there were no significant differences in prior knowledge be-
tween the cohorts (Welch’s F(2, 288.82) = 0.24, p = .79). Hence it could be assumed
that prior knowledge of students of the three cohorts was comparable.
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4.2  Impact of Support on Exam Performance

Given that support intensity varied across semesters but not cohorts, an ANOVA was
conducted with exam performance as the dependent variable and semester count as the
factor. The Shapiro-Wilk test (o = .05) indicated that exam results were normally dis-
tributed for all exams, except for those of the second semesters of cohorts 2022 and
2023. Due to the same rationale as in the previous section the ANOV A was nevertheless
conducted.

By Levene’s test homogeneity of variances could be assessed (p = .872). The
ANOVA revealed a significant difference in exam performance across semesters,
F(5, 848)=24.91, p<.001, n?=.128. Tukey post-hoc analysis identified two homoge-
neous groups. The first group, with higher mean exam scores, included both semesters
of cohort 2022 and the first semester of cohort 2023, while the second group, with lower
mean scores, comprised the second semester of cohort 2023 and both semesters of
2024. This grouping is also apparent in Fig. 3 and aligns with the changes in support
intensity, with semesters receiving higher support corresponding to the group with
higher mean exam scores, and semesters with lower support corresponding to the group
with lower mean scores.

1000

[J1. semester
[2. semester

80,0

60,0

40,0
20,0
[¢]

2022 2023 2024

ore in %

exam s

Fig. 3. Boxplot of exam results by cohort and semester

4.3  Regression Analyses

To examine the impact of support intensity and student engagement - specifically, par-
ticipation in training sessions and performance on submission tasks - on academic per-
formance, multiple linear regression analyses were conducted with standardized exam
scores as the dependent variable. Consistent with prior research identifying subject-
specific prior knowledge as a strong predictor of early academic success [10], all mod-
els included prior knowledge as a covariate.
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Model 1 further incorporated the exercise-specific variables, which have previously
been shown to affect exam outcomes [12], while Model 2 extended the analysis by
adding support intensity as well as its interaction with the exercise-specific variables to
test for a potential moderation effect.

Due to missing data on training participation for the 2024 cohort, separate regression
models were estimated to maximize the available sample size. Models M.1 and M.2
included training participation as a predictor and therefore excluded the 2024 cohort.
In contrast, Models M.3 and M.4 omitted the training variable but incorporated the full
dataset, including the 2024 cohort. The corresponding regression results and coeffi-
cients are presented in Table 2 and Table 3, respectively.

Table 2. Regression results for M.1 and M.2

M.1 M.2

B (SE) B B (SE) B
Prior Knowledge 026 (.002)  527F*F 026 (.002)  .528%**
Submission 011(.002)  .210%** 013 (.002)  .251%**
Training .005(.002)  -l16% 013 (.004)  .292%**
Support Intensity 155 (.372) .067
Support x Submission -.006 (.005)  -.193
Support x Training -.010 (.004)  -.396*
Adj. R? 39 40
N 558 558

Note. M.1 and M.2 exclude the 2024 cohort due to missing training participation data.
Submission = performance on submission tasks; Training = participation in training ses-
sions. Standardized exam scores served as the dependent variable.

B: regression coefficient; SE: standard error; f: standardized regression coefficient.
*¥** p<.001; ¥* p<.01; * p<.05

Model M.1 yielded a significant overall result, F(3, 554) = 120.46, p <.001, explaining
39% of the variance in exam scores. All three predictors were statistically significant.
Prior knowledge demonstrated a strong effect on exam performance (f =.527), whereas
performance on submission tasks (f =.210) and participation in online training sessions
(B = .116) showed effects of medium to small magnitude.

The introduction of support and interaction variables in Model M.2 resulted in only
a minor improvement in model fit, reflected in an increase in adjusted R? of .01. The
model nevertheless remained statistically significant, F(6, 551) = 62.107, p <.001. As
expected in moderation models, the interaction terms and the support variable showed
high multicollinearity (VIF > 20). Although all predictors were mean-centered prior to
creating interactions to reduce nonessential multicollinearity, the coefficients of this
model should be interpreted cautiously.
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Table 3. Regression results for M.3 and M.4

M.3 M.4
B (SE) B B (SE) B

Prior Knowledge .025 (.001) 505%** 025 (.001) 505
Submission .016 (.002) 208xx* 016 (.002) 292%4%
Support Intensity .039 (.263) .019
Support x Submission .001 (.003) .055
Adj. R? 37 37
N 792 792

Note. M.3 and M.4 include the 2024 cohort but omit training data. Submission = perfor-
mance on submission tasks. Standardized exam scores served as the dependent variable.
B: regression coefficient; SE: standard error; f: standardized regression coefficient
*EE p <,001; ** p<.01; * p<.05

The effects observed in the models including training data (M.1 and M.2) were largely
mirrored by the models that incorporated the 2024 cohort but omitted the training var-
iables (M.3 and M.4). Model M.3 was statistically significant, F(2, 789) = 236.89,
p <.001, and explained 37% of the total variance in exam performance. This slight
reduction in explained variance was expected, as training participation had shown a
significant contribution in model M.1. Consistent with the previous models, prior
knowledge emerged as the strongest predictor (f = .505), while submission tasks
demonstrated a medium effect (f = .298). The addition of support and interaction vari-
ables in Model M.4 again introduced high multicollinearity (VIF > 20). However, this
issue was less consequential here, as the corresponding coefficients were not statisti-
cally significant.

Taken together, these findings suggest that exam performance is primarily driven by
prior knowledge and sustained engagement with submission tasks, whereas the influ-
ence of support intensity appears less consistent.

5 Discussion

This study investigated the influence of mentoring intensity and task engagement
on students’ exam performance across three pilot phases of the EduFIT project and
three subsequent consolidation semesters conducted under standard university condi-
tions. All examined cohorts entered their studies with comparable levels of prior math-
ematical knowledge, as confirmed by a well-established baseline test.

Our findings provide empirical support for hypothesis (H1): Reduced mentoring
during the consolidation phase was associated with a measurable decline in examina-
tion performance. While confounding factors - such as variations in teaching staff, per-
ceived exam difficulty, and scheduling - cannot be ruled out, it is noteworthy that per-
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formance patterns consistently reflected the level of mentoring provided across other-
wise comparable cohorts. Although regression analyses in Tables 2 and 3 did not reveal
a clear direct or moderating effect of support level on standardized examination scores,
likely due to multicollinearity, we argue that mentoring intensity indirectly influences
learning outcomes by shaping students’ engagement with formative assessments, tuto-
rials and lectures.

This relationship can be better understood through Self-Determination Theory
[15], which posits that increased mentoring enhances perceived competence and relat-
edness, thereby supporting sustained engagement. Additionally, the findings align with
Cognitive Load Theory [16]: Personalized support and smaller group settings reduce
extraneous cognitive load and promote deeper learning. More direct contact with in-
structors increases accountability and resource awareness, fostering commitment and
enabling more individualized feedback - factors known to enhance academic outcomes.
Our results thus extend existing models by demonstrating that the long-term effective-
ness of mentoring depends on its integration into adaptive and formative support struc-
tures.

Regarding hypothesis (H2), regression analyses further showed that participation
in training sessions and performance on submission tasks were positively associated
with examination outcomes. However, these effects were modest compared to the pre-
dictive strength of prior domain knowledge - a pattern consistent with previous studies
[10,17, 18].

Participation in optional support formats may be subject to selection effects and
influenced by motivational and affective factors not directly captured in this study [19,
20]. It is plausible that students with higher intrinsic motivation were more likely to
engage in training activities, while others were primarily incentivized by the bonus
point system. This incentive, designed to encourage consistent participation, may have
helped mitigate selection effects and broaden engagement.

Nevertheless, the opportunity to earn bonus points may have increased the temp-
tation to copy solutions, either from peers or Al tools. Lecturers observed that similar
or identical solutions frequently appeared in coursework submissions. In mathematics,
a subject often outside students’ primary focus, some may resort to copying to secure
bonus points and pass exams more easily. In the 2023 cohort, tasks emphasizing argu-
mentation and proof were introduced to limit Al-assisted copying; however, this in-
creased cognitive demand may have inadvertently led to more superficial copying.
These results highlight the need for assessment formats that balance authenticity, diffi-
culty and resistance to automation - an increasingly important concern with the integra-
tion of generative Al in education.

To further examine these issues, the 2024 teaching evaluation included questions
on Al use and task completion. With a response rate of almost 40%, results showed that
while approximately 18% of respondents admitted to sometimes or frequently copying
from their peers, only 9% reported directly copying from Al tools. However, over 80%
reported using Al at least sometimes for support or clarification. This suggests that most
students engage constructively with Al, though misuse remains prevalent.
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Despite these limitations, our study underscores the value of structured analog and
digital support for mathematical understanding. Importantly, we demonstrate that dig-
ital mentoring practices can be sustained and adapted beyond the project phase - a novel
contribution compared to earlier work, which rarely examines long-term sustainability.
Future research should focus on identifying scalable mentoring strategies, refining task
design to maintain engagement within resource constraints, and incorporating validated
measures of motivation and affect.

Practical Implications: For educators, our findings indicate that mentoring - espe-
cially when combining analog and digital components - should be institutionalized as
an ongoing feature of mathematics education, not treated as a temporary project. In-
structors are advised to establish regular online feedback, foster peer interactions in
digital spaces, and tailor support intensity to individual student needs. Careful task de-
sign is essential to ensure authenticity and limit the potential for unreflective copying,
especially given the increasing prevalence of Al tools.

In summary, this study contributes to the understanding of how sustainable, adap-
tive mentoring can be integrated into mathematics education and points to the need for
continued research on effective, scalable support mechanisms.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
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which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
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source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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