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Abstract

Large Language Models (LLMs) have been
studied intensively in the context of education,
yielding heterogeneous results. Nowadays,
these models are also deployed in formal educa-
tion institutes. While specialized models exist,
using prompt-moderated LLMs is widespread.
In this study, we therefore investigate the effec-
tiveness of prompt-moderated LLMs for math
tutoring at a tertiary-level. We conduct a three-
phase study with students (N=49) first receiving
a review of the topics, then solving exercises,
and finally writing an exam. During the exer-
cises, they are presented with different types of
assistance. We analyze the effect of LLM usage
on the students’ performance, their engagement
with the LLM, and their conversation strategies.
Our results show that the prompt-moderation
had a negative influence when compared to an
unmoderated LLM. However, when the assis-
tance was removed again, both LLM groups
performed better than the control group, con-
tradicting concerns about shallow learning. We
publish the annotated conversations as a dataset
to foster future research. !

1 Introduction

The publication of ChatGPT (OpenAl, 2022) and
the following developments around other LLMs
have allowed easy, informal access to Language
Models even without technical knowledge.

The combination of the large amount of training
data, model size, and instruction-following ability
has led to LLMs becoming not only a subject of
research but also a tool used by the broader popu-
lation due to its ease of use and perceived useful-
ness and novelty (Wolf and Maier, 2024). How-
ever, many members of the general public equate
LLMs to Artificial Intelligence and can lack an
understanding of the limitations of these models.
Problems such as hallucinations and bias can be

1https://github.com/sebastian—steindl/GMADE_
Data

[
8 Can a strictly monotonically increasing sequence be ‘
| limited upwards

E'} That's an interesting question! Let's go through it step
by step.
1. Definition of strictly monotonically increasing: [...]

8< " how to calculate the sequence limit
\

. There are various methods for determining the limit
@ value of a sequence [...] If you have a specific
sequence in mind, we could go through this process
together! What is the specific sequence for which you
want to find the limit?

84 irIim_{x->\inf}\frac{n"{2}(n+sin(n))}{4*n"{3}+2n+1}*

E'} To calculate the limit ( \lim_{n \to \infty} \frac{n*{2}(n +
\sin(n)){4n"{3} + 2n + 1} ), let's go through the steps.

Figure 1: Beginning of an example dialogue from the
GMADE dataset (translated from German). Omissions
made for readability. The user was interacting with the
tutoring version of the LLM.

obfuscated by the very strong Natural Language
Understanding and Natural Language Generation
capabilities of current state-of-the-art models. This
can lead to a naive, unreflected usage of LLMs for
knowledge tasks (Krupp et al., 2024).

In this work, we extend previous research into
the effectiveness of LLMs in education by provid-
ing empirical results for teaching math in formal,
tertiary education. To facilitate real-world, large-
scale adoption of LLMs in educational institutions,
we deem two factors as necessary: ease-of-use and
low cost. We therefore use a realistic technical
setup to perform our experiment on students’ per-
formance with and without LLM assistance. The
students use the LLM GPT-40-mini to solve chal-
lenging math assignments of different formats, in-
corporating the topics sequences, continuity, and
differential calculus (DC). We test an out-of-the-
box, unmoderated LLM and its prompt-moderated
version. Prompt-moderation in this case means
that the model was prompted to not give away the
solution directly, but to act as a tutor performing
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scaffolding.

We provide the resulting conversations as the
German Math Assistant Dataset for LLMs in Edu-
cation (GMADE), which, to the best of our knowl-
edge, is the first of its kind. An exemplary excerpt
of such a conversation can be found in Fig. 1. Our
main contributions are, firstly, the investigation into
the effect of LLMs, prompt-moderated and unmod-
erated, in formal tertiary education. We thereby
uncover shortcomings of their tutoring competence.
Secondly, we perform an in-depth analysis of the
students’ test performance. Lastly, we publish
GMADE to enable future work into understand-
ing and hopefully improving LLMs in education,
especially regarding math tutoring.

Our results show the prompt-moderation to be
ineffective and thus align with Krupp et al. (2023)
while contradicting results by Bastani et al. (2024).
This indicates that future work needs to be done
on LLM-tutors making use of scaffolding to be
efficient in educational settings.

2 Background and Related Work

Learning Theories and LL.Ms. The concept of
tutoring or scaffolding, where an expert helps a less-
skilled student to arrive at the solution to a problem,
is long-established (Wood et al., 1976; Anghileri,
2006). Moreover, generative Al integrates well
with certain learning theories such as self-efficacy
and self-determination but might also introduce
challenges such as cognitive overload and reduced
social contact with peers (Wu, 2023). Another risk
is students becoming overly dependent on LLMs
(Wang et al., 2024). Thus, the prospect arises that
an adept combination of tutoring LLMs and classic
teaching can benefit education (Kumar et al., 2023;
Ishida et al., 2024).

LLMs in Education. LLMs have become
prominent in education, with research focusing
on assisting the student, the teacher, and adaptive
learning (Wang et al., 2024). Student assistance
can come in the form of Question Solving (QS), Er-
ror Correction and Confusion Helper (Wang et al.,
2024). The problem-solving capabilities of LLMs
for knowledge tasks have become evident by multi-
ple benchmarks (White et al., 2024). Even though
these capacities stem only from sampling from a
learned distribution, they have proven effective for
many non-trivial problems.

Combined with their widespread accessibility, it
is obvious that students will use such tools exten-

sively for their assignments, especially for QS.

Previous studies showed that unmoderated use
of LLMs can impede the students’ learning (Bas-
tani et al., 2024; Krupp et al., 2024). As reported by
Krupp et al. (2024), students mostly chose the con-
venient way of copy & pasting a question directly
into the chatbot instead of trying to come up with an
adequate prompt. This indicates limited reflection
and cognitive attention. Bastani et al. (2024) found
that during the assisted usage, both the normal and
tutor LLM groups showed improved performance
over the control group, with the students using a
tutor LLM achieving the best scores. However,
during an unassisted exam, the cohort using an un-
moderated LLM showed worse performance than
the group without any assistance, while the tutor
cohort was on par with them. They conclude that
unmoderated LLLM assistance can impede effective
learning. Albeit, in the study conducted by Krupp
et al. (2023), the scaffolding LLM was the worst
approach, and students tried to evade the scaffold-
ing.

In this study, we further investigate the impact
of LLM tutoring in a mathematical QS scenario
under exam conditions, comparing unmoderated
LLM and tutoring LLM use as well as no LLM
support.

Pedagogical Alignment of LLMs. To improve
the usefulness of LLMs in educational settings,
previous work has focused on pedagogical align-
ment of LLMs. Tack and Piech (2022) propose to
measure a model’s educational abilities by evalu-
ating if its responses resemble those of a human
teacher, show understanding of the student, and
are helpful to the student. Similarly, Maurya et al.
(2025) define eight evaluation dimensions across
which the pedagogical abilities of an LLM can be
measured and publish a benchmark towards this.
Lastly, Sonkar et al. (2024) constructed a prefer-
ence dataset designed for pedagogical alignment to
fine-tune open-weight LLMs.

The focus of our work is not on improving the
pedagogical alignment of LLMs but instead on
measuring the effect of prompt-moderation as align-
ment and LLM-assistance in general on student
performance. We measure this effect in a realistic
setting by comparing the students’ performance
with and without LLM-assistance in an exam situa-
tion.

Datasets for Mathematical Question Solving.
To measure mathematical QS, multiple datasets
have been proposed. English benchmarks for
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measuring problem-solving capabilities include
GSMSK (Cobbe et al., 2021) or MATH (Hendrycks
et al., 2021). Moreover, research has turned to-
wards synthetic datasets to tackle the lack of train-
ing data. Macina et al. (2023b) synthesize a math-
ematical QS dataset by using LLLMs to simulate
students while using human teachers. Chevalier
et al. (2024) simulate both students and tutors to
source dialogues about a given document. To the
best of our knowledge, GMADE is unique in that
it provides real, German mathematical QS conver-
sations between students and the LLM assistants.

3 Experimental Design

Our experiment aims to measure the effectiveness
of LLM assistance for math tutoring. The setup of
our study is analogous to Bastani et al. (2024), who
found that prompt-moderation improved the tutor-
ing. We conducted the experiment with voluntary
participants from the first semester mathematics
for engineers and computer scientists courses. To
reduce selection bias, the study was conducted dur-
ing the last lecture of the semester and also served
as a preparation for the exam. This resulted in
N=49 participants, which equals roughly 70% of
the eligible students.

The experiment was divided into three phases:
review, exercise, and exam phase — each lasting
40 minutes with a break of 20 minutes in between.
In the review phase, the lecturer presented topics
that were relevant to the following phases to all
participants. Since these subjects had already been
discussed during the normal lecture period, this
served as a review for the participants and aligned
their prior knowledge. In the exercise and exam
phases, the students were presented with a number
of mathematical questions. The assignments were
printed on paper, and the students were required
to answer on paper. This avoids the naive copy &
paste behavior that Krupp et al. (2024) observed.

3.1 Cohorts

Starting with the exercise phase, the participants
were divided into three groups with separate rooms:
a reference cohort using coursework material only
(referred to as NON in the following), one using
the unmoderated LLM (GPT), and one with the
prompt-moderated LLM which should act as a tu-
tor (TUT). Following Bastani et al. (2024), the tutor
LLM only differs in its system prompt. While ap-
proaches exist that specifically fine-tune models

for tutoring (Team et al., 2024; Ross et al., 2025),
the case of only prompt-moderated LLMs is very
relevant. First, this approach is easily accessible
and allows to always use the latest models. More-
over, in an informal setting, i.e., when doing their
coursework on their own, students are likely to
rely on standard “general purpose” LLMs and not
specific tutor models. Lastly, we can see LLM as-
sistants that are, if at all, only prompt-moderated,
being actively deployed in formal educational in-
stitutions (AlLeap, 2025; OneTutor, 2025; fobizz,
2025; CSUN, 2025; Kabir, 2025; CNA, 2024).

The participants were randomly assigned to the
groups. This mitigates differences in individual
proficiency levels and, together with the review
phase, allows for comparability between the co-
horts. The NON cohort did not have any LLM
assistance. They were allowed to use the material
from their coursework during the exercise phase
only. The present supervisor did not actively teach
them or work out the assignments with the group,
as this would have falsified any results of their per-
formance in the exercise. The NON group thus
mimics a standard exam-preparation scenario from
the pre-LLM-era.

The second group, GPT, was given access to
the LLM? chosen as the assistant. We utilized
this model due to its accessibility via an API,
widespread usage, and its low cost. These two
factors are essential if LLMs were to be used in for-
mal education as teaching support. The last group,
TUT, had access to the same model as GPT, but
with a different system prompt. In this prompt, it
was specified that the model should not provide the
solution to the mathematical questions but rather
act as a tutor and guide the user to arrive at the so-
lution himself. In contrast to Bastani et al. (2024),
we did not incorporate any problem-specific guid-
ance steps or problem solutions into our system
prompt, making it more flexible and reducing the
time required to set up the tutoring system for dif-
ferent tasks. The system prompts for both groups
are shown in full in Appendix B. Fig. 2 shows a
comparison between a conversation with the un-
moderated and the moderated LLM.

The LLM assisted groups were given a short
introduction on how to use the chatbot and tips on
how to input mathematical symbols. However, no
mathematical questions were answered during the
exercise. All groups were supervised during the

2gpt-40-mini-2024-07-18
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Tutor LLM

/8 / Can a strictly monotonically increasing sequence be ‘\
| limited upwards )

q That's an interesting question! Let's go through it step
@ by step.
1. Definition of strictly monotonically increasing: [...]
Now ask yourself the question: What would it mean if a
sequence is both strictly monotonically increasing and
upper bounded? [...]
Think about all these points and then answer what you
would think about such a sequence.

New Assignment

8 ‘ how to calculate the sequence limit ‘

Student answer to assignment: Did not answer X

Unmoderated LLM

Is there a sequence that is strictly monotonically \
“7) increasing, limited upwards and convergent with limit
‘; value 1?

%)

Yes, there is such a sequence. A classic example of a
strictly monotonically increasing, upwardly bounded and
convergent sequence is the sequence (a_n=1 -
\frac{1}{n} ) for ( n \in \mathbb{N} ).

Thus (a_n =1 - \frac{1}n} ) is an example of such a
sequence

New Sub-Task, same Assignment

_/Is there a sequence that is neither monotonically
é \‘increasing nor monotonically decreasing, bounded or

(divergent? j
) 1
Student answer to assignment: @, =1 — —

n

Figure 2: Comparison of a dialogue with the Tutor LLM (left) and the unmoderated LLM (right).

exercise and the exam to ensure adherence to the
experimental design. During the exam, no group
was allowed any assistance.

3.2 Mathematical questions

We focused on mathematical topics from the first
semester that are typically challenging for students,
since (i) the first semester content is the basis for
many engineering and science study programs, (ii)
mathematical questions allow for an objective eval-
uation of performance, and (iii) it has a high failure
rate, stressing the motivation for innovative teach-
ing.

The assignments for the exercise were designed
in such a way that the students were not expected
to be able to complete all assignments within the
given time. This allows us to measure if LLM
assistance increases the amount of worked-on tasks,
which, in combination with the total score, can
indicate an effect on time efficiency.

The students were given six tasks for both the ex-
ercise and the exam. The topics included sequences
and limits, continuity, and DC. The types of as-
signments ranged from True/False statements, fac-
tual questions, calculation tasks, and argumentative
questions to comprehension questions. The struc-
ture and content of the questions were designed
to be analogous between exercise and exam. All
questions are given in Appendix F and G.

We ensured that the utilized LLM can solve all
assignments.

4 Method

In the following section, we describe the methods
and interventions used in our experiment, including
the setup of the two LLM-based tutoring systems

and the reference group. We also outline the proce-
dures for data collection and evaluation.

4.1 LLM as a Tutor

Effective LLM-based tutors are desirable from an
educational point of view, as it is widely recognized
that tutoring can significantly impact learning out-
comes (Vail et al., 2016). They would allow more
personalized learning without insurmountable hu-
man effort. Bastani et al. (2024) found that an LLM
prompted to act as a tutor led to more effective stu-
dent learning compared to the unmoderated LLM.
However, their prompt includes the correct solu-
tion and detailed instructions on how to guide the
students towards it. We deem this as not feasible
for large-scale (real-world) scenarios because it re-
quires human supervision in the form of creating
the prompts for each task. Ideally, an LLM should
be able to act as a tutor just by specifying this role
in the prompt. We therefore use minimal prompt
moderation that only adds the instruction of behav-
ing like a tutor. The prompts can be found in the
Appendix B.

4.2 Grading and Evaluation

Both the exercise and the exam were graded based
on a uniform assessment standard by trained lectur-
ers from the field of mathematics to determine the
scores/marks. We define two metrics to measure
student performance: the score and completion.
The score simply measures the points a student
achieved in a (sub-)task based on comparison with
the correct solution of the assignment. The comple-
tion metric measures the level to which a student
worked on an assignment. For this, we only con-
sider whether a student had attempted to answer
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Assignment GPT (N=17) TUT (N=15)
A1l (Sequences) 0.824+0.25 0.5740.42
A2 (Limits) 0.76 +0.31 0.50+0.34
A3 (T/F various) 0.76 £0.26  0.40 £0.34
A4 (Continuity)  0.62+0.33  0.20£0.32
A5 (T/F DC) 0.594+0.32 0.43+0.33
A6 (DC) 0474041 0.274+0.32
Total 4.034+0.96 2.304+1.01

Table 1: Student engagement with the chatbot. Given
as mean = standard deviation. Total calculated over all
students in cohort.

a question, regardless of its correctness. This al-
lows us to analyze differences in the amount of
processed assignments and if there are types of
questions or topics where students favor using the
LLM assistant. To this end, we classify each stu-
dent response to an assignment into one of three
categories: 0 — no subtask was worked on, 0.5 —
at least one subtask was worked on, and 1 — all
subtasks were worked on.

By subtask we denote the different stand-alone
parts of a question, e.g. 4.1 is the first subtask of
assignment 4. The results of this measurement are
shown as the completion score in Section 6.

5 Analysis of LLM Assistant Usage

To better understand the strengths and weaknesses
of prompt-moderated LLM tutoring, we perform an
in-depth analysis focusing on the user engagement
and investigate this with regard to the question’s
topic and type. Moreover, we study the frustration
among the users and conversation strategies em-
ployed by the participants. Since the students only
had LLM assistance during the exercise phase, all
assignment numbers in the following reference the
tasks from this phase (cf. Appendix F).

5.1 Student Engagement with the LLM

The statistics on the number of messages (cf. Ta-
ble 4) show that the students in the TUT group sent
roughly 10 messages less on average compared to
GPT. To better understand the reasons for this, we
analyzed the students’ engagement with the bot by
investigating for which questions they tried to get
help from the LLM. Similar to the evaluation of
the amount of completed questions, we manually
classify each assignment to 0 — user did not try to
get help from the LLM, 0.5 — user referred to the
LLM once or for only one subtask, and 1 — student

asked about at least two subtasks or had follow-up
questions.

The results in Table 1 clearly show that the stu-
dents from the GPT group had a higher engagement
than the TUT group for all assignments. For both
groups, we can see a downward trend in engage-
ment with later assignments. This can be explained
by most students going through the tasks linearly
and getting low on time, and for the TUT group,
the increased frustration.

Moreover, from the utterances themselves, we
can see clear signs of students from the TUT group
getting frustrated with not getting responses that
solve the assignment. Hence, we saw attempts of
trying to evade the moderation. However, they did
not use jailbreaking techniques but instead tried in-
tuitive approaches of saying, for example: “Please
just answer my question” or “Just tell me if it’s true
or false!”.

5.2 Usage by Topic and Question Type

To investigate the effect of the question on the us-
age, the assignments were designed to comprise
multiple topics, question types, and lengths.

Both groups used the LLM for short open-ended
questions (A1) and calculation of limits (A2). For
the True/False (T/F) questions on continuity and
limits, the usage from TUT is heavily reduced. We
assume that this is because the questions are quick
to answer and the students realized by this point
that the LLM does not give direct T/F answers.

It’s striking that the TUT cohort has very low
engagement with A4, which is a continuity ques-
tion with a long formula. It was most likely not the
topic (continuity) but the long formula that reduced
engagement. For DC, we don’t see an effect from
the topic either.

However, the length of the assignment seems to
affect the usage, evidenced by the low engagement
for A4, especially for TUT.

In summary, our results suggest that the students
LLM usage is mostly not affected by the topic but
rather by the question’s type and length.

5.3 Frustration

During the qualitative analysis, we found some user
inputs that suggested frustration with the chatbot.
To analyze this, we manually annotate each mes-
sage with this regard. If a message indicates that
the user was unhappy with the previous response
(note that this does not include simple follow-up
questions) and / or is trying to evade moderation,

11314



~

. TUT
GPT

Frustration Messages
N w B w ()}

Jary

T 2 3 4 5

Assignment Number

o

6

Figure 3: Visualization of the amount of messages sig-
naling frustration per assignment.

Type GPT (N=17) TUT (N=15)
other 4.43 % 0.59 %
chit-chat 6.64 % 2.35 %
direct 66.05 % 68.24 %
abstract 13.28 % 17.06 %
malicious 2.58 % 0 %
follow-up 7.01 % 11.76 %

Table 2: Fraction of each user input type (strategy) for
both LLM assisted cohorts in percent.

we label the message as signaling frustration. We
only consider messages that are also in relation to
the assignments.

While in the GPT conversations, only 2.58%
of the messages signal frustration, this is true for
11.76% in the TUT group. The frustration per as-
signment is shown in Fig. 3. It is striking that TUT
saw the highest frustration for A1 and A3. A1 has
very short questions, and A3 is additionally a T/F
type. This suggests that students expected a clear
answer, especially for these seemingly easy ques-
tions. In both groups, roughly half of the students
showed at least one sign of frustration. However,
in the GPT cohort, each student has at most one
message signaling frustration, while for TUT the
maximum is six and the minimum is two. This
highlights that the scaffolding does not always lead
to frustration. Instead, it suggests differences in in-
dividual perception. We saw no clear link between
frustration level and score.

5.4 Conversation Strategies

The qualitative analysis of the conversations al-
lowed us to identify certain strategies employed
by the students. The simple strategy of (mostly)

copying a task description does appear in our data.
However, in contrast to Krupp et al. (2024), it is
not a common approach. This is most likely due
to the assignments being printed out, making copy
& pasting impossible, and students instead mostly
opted to shorten questions. This paraphrasing al-
ready incites cognitive work. A frequent type of
interaction in both groups is the student asking
for mathematical knowledge abstracted from the
specific task. These inquiries include, e.g., “How
do I test a function for continuity?” and ‘“Please
tell me everything about differentiability”. On the
other hand, attempts to employ the LLM to directly
solve the task or parts of it are frequent in both
cohorts as well. A striking example is that multiple
students ask if the function z” is continuous. More-
over, there were multiple questions for the value
of €%, which is an intermediate result of one task,
exhibiting the attempt to use the LLM as a calcu-
lator. Based on these observations, we manually
classify all utterances into chit-chat, direct, abstract,
follow-up, malicious, and other. The taxonomy is
explained in the Appendix C.

The statistics of the different message types are
depicted in Table 2. We can see that both groups
behaved comparably, with input trying to directly
answer an assignment making up roughly two out
of three messages. Albeit the statistics show that
the TUT group had more follow-up messages, this
is not wholly comparable, since they include mes-
sages trying to escape the moderation.

Lastly, one student tested a malicious attack by
trying to convince the bot to execute sudo rm -fr
/*. This example shows that students may try to
circumvent safety guards or try to cause other ma-
licious behavior, stressing the importance of safety
mechanisms when employing LLM-based tutors in
real-world scenarios.

6 Analysis of Student Performance and
Engagement

In the following, we will discuss the effect of
(prompt-moderated) LLM tutoring on student per-
formance in our study. First, we consider the stu-
dent performance and engagement with the chatbot
as a whole, then on an assignment-level, and lastly,
we give special consideration to transfer tasks.
We measure the student performance with re-
gard to their point score as well as the number
of tasks completed. The results in Table 3 show
that during the exercise phase, the NON and TUT
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NON (N=17) GPT (N=17) TUT (N=15)
Score exercise 39.7+15.1 46.3+129 36.8+18.0
Score exam 243+£15.6 3824172 29.5+21.9
Compl. exercise 81.4+12.0 86.3+11.4 75.0+18.6
Compl. exam 73.5+£16.5 8.3+173 69.4+314

Table 3: Student performance in percent as mean = stan-
dard deviation. Score denotes the points they received
during grading, and Completion (Compl.) the extent
to which they worked on the assignments. Both are
shown as percentage of the maximum. A visualization
is given in Fig. 4 in Appendix E and the results for each
individual assignment can be found in Table 5.

groups perform similarly, while the GPT cohort
achieved a higher score on average. Moreover, both
cohorts that had LLM assistance during the exer-
cise achieved a higher mean score on the unassisted
exam than the group without any LLLM assistance.
The difference in score between the exercise and
exam was highest for the NON group, while the
drop-off for the assisted groups was milder and
comparable between them. The difference between
exercise and exam and the group comparison GPT
vs. NON is statistically significant. More details
are provided in Appendix D.

Lastly, the TUT group had the lowest mean com-
pletion rate of all cohorts, while the GPT group
worked on the most tasks on average. This can be
explained by the TUT group having longer conver-
sations, and due to this process taking longer to get
to the solution.

6.1 Assignment-Level Evaluation

The assignment-level evaluation in Table 5 in Ap-
pendix A allows for insights with regard to the
type of assignment. First, it is evident that LLM-
assisted cohorts performed remarkably better on
the first assignment during both phases. This task
(cf. Appendix F) is fully formulated in natural lan-
guage, resulting in a low entry barrier for LLM
assistance. On the other hand, assignment A4 has
the most complex math formula within the exer-
cise. Here, GPT achieved the best results, while
TUT was remarkably worse than NON. However,
TUT has a much lower engagement for A4 than
GPT (0.2 vs. 0.62). The long formula might have
been discouraging the students from even trying
to enter it, especially if they got frustrated by the
scaffolding from previous questions.

During the exercise, the NON group achieved
higher scores than both LLM groups for questions
A2 and A6, which require calculations. Addition-

ally, for A5, which, like A5, treats DC, the assisted
groups are only slightly better than NON. These
results suggest that it the assistant was less helpful
for tasks that require explicit calculation or that
treat DC.

The third assignment during the exercise con-
sisted of True/False questions on various topics.
This is the only task that all students tried to answer
completely. The LLM assisted cohorts achieved a
higher score on average and had high engagement
with the assistant. A visualization of the comple-
tion can be found in Fig. 5 in Appendix E.

In summary, these results show varied effects of
the LLM assistance based on the question type and
topic. In combination with the engagement anal-
ysis, we conclude that the students used the LLM
even for tasks where it proved not beneficial. But
at the same time there are also assignments where
the assistance greatly improved their performance.

Next, we investigate how these results translate
to the exam phase, where no assistance was given
to any group. Here, we observe that the GPT group
achieved higher average scores than NON on every
assignment and higher than TUT for every assign-
ment but AS. In total, both LLM assisted groups
achieved a higher average score on the exam than
NON. This indicates that LLM assistance, even
when not optimal, can still have a beneficial ef-
fect on learning compared to no assistance, and
contradicting concerns regarding shallow learning.

6.2 Performance on Transfer Tasks

It is a natural assumption that LLLM assistance
might be used as a crutch, provoking shallow learn-
ing, as cautioned by Bastani et al. (2024). We
argue that this would be most evident for trans-
fer tasks, where one needs to apply previously ac-
quired knowledge to new situations. Therefore, the
performance on transfer tasks with and without the
assistance is of special interest and will be analyzed
below.

The assignments Al, A3, and A5 from the ex-
ercise and Al, A4, and A6 from the exam phase
were designed as transfer tasks. From the perfor-
mance on these (cf. Table 5), we can see that during
the exercise, the LLM-assisted groups perform re-
markably better than NON for A1l and, while still
better, less so for A3 and especially A5. These
assignments have different question types. Al is
an open-ended task, while A3 consists of T/F ques-
tions (50% chance to be correct randomly) and A5
is T/F plus an explanation.
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Metric GPT (N=17) TUT (N=15)
# Messages™ 31.9+11.6 22.7£9.5
# Messages total 542 340
Message Length user* 59.6 £ 46.5 55.7 £ 45.3
Message Length LLM*  877.6 £ 722.57 1370.5 £ 638
Time delay user™ (s) 157 £ 39 222 + 104

Table 4: GMADE dataset statistics. The message length
is given in number of characters. The time delay be-
tween two user messages in seconds. *: mean =+ stan-
dard deviation.

For the exam phase, the previously assisted par-
ticipants clearly outperform the NON group for Al,
and A6, but not for A4. Al here is similar to the
exercise, and A6 asks the student to provide a rea-
son why certain statements about DC are wrong.
The information the LLM has provided during the
exercise has likely helped the students to answer
this assignment.

Thus, our results indicate that the assumption
that students with LLM assistance would perform
worse on transfer tasks when unassisted, due to
using the LLM as a crutch, is not confirmed.

7 The German Math Assistant Dataset
for Education

We publish the annotated conversations between
the students and the LLM assistants as GMADE
to foster future research into tutoring LLMs. It
includes 32 multi-turn German conversations be-
tween students and GPT-40-mini that occurred over
the span of 40 minutes, accumulating in roughly
900 messages. The students interact with the LLM
to solve a series of mathematical questions.

To the best of our knowledge, GMADE is the
first dataset of its kind and could be useful for
studies that currently rely on fully synthetic data
(e.g., Macina et al., 2023a; Chevalier et al., 2024).

Each user message is annotated as either chit-
chat, direct, abstract, malicious, follow-up, or other.
Additionally, the annotation includes a binary field
marking if the message suggests frustration and a
mapping to the assignment number (if applicable).
Lastly, we provide the timestamps at which the
message was sent, allowing for analysis of process-
ing time.

The statistics of our dataset are presented in Ta-
ble 4. This reveals that the participants in the GPT
cohort sent, on average, 10 messages more than
their tutored counterparts. Additionally, we can
see that while the user messages are of compara-
ble length, the tutor LLM responses are roughly

50% longer. Consequently, the mean time delay
between two user messages is about one minute
longer in the TUT cohort than in the GPT group.
This can be explained by the longer response need-
ing more time to read and comprehend. Given that
the exercise was timed, this also limits the number
of messages the participants are able to send.
GMADE shows that the unmoderated LLM did
not only answer the user’s question but also, un-
solicitedly, provided additional information such
as definitions, examples, and conclusions. This
can be attributed to the LLM being trained as a
helpful assistant and humans preferring the more
detailed responses during Reinforcement Learning
from Human Feedback (Christiano et al., 2017).

8 Conclusion

This study investigates the impact of pretrained
LLMs as learning assistants in a challenging math-
ematical QS scenario. The questions are on the
level of tertiary education, span multiple topics,
and test different competencies. We compare the
effect of students being provided with an unmod-
erated LLM, a prompt-moderated LLM, and no
assistance in a three-phase experiment.

Our results indicate that both during the assisted
exercise phase and the unassisted exam, the cohort
using the unmoderated LLM achieved the high-
est score on average. Moreover, on average, they
also had the largest proportion of tasks worked on
during both phases.

While the tutoring group had a lower mean score
in the exercise than NON, their average score in the
exam was higher, even though they had worked on
fewer assignments.

One possible reason why the TUT group per-
formed worse in total than GPT is information
overload caused by the long responses and frustra-
tion stemming from the tutor refusing to answer
the question directly, which was similarly observed
by Krupp et al. (2023).

The investigation into the student engagement
with the assistants shows that the usage is not gov-
erned by LLM helpfulness or topic, but by question
length and how easy it is to enter it into the chat.
However, when considering the actual effect the
engagement had on the QS, we see that this varies
by question type and topic.

A more detailed analysis of the conversations
reveals that the students utilizing the tutor LLM
got frustrated with its evasive responses and tried
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to extract a direct answer. Additionally, they re-
ceived longer responses, which increased the time
between two user messages and probably led to
them working on fewer assignments than the other
two groups during the exercise.

This indicates that LLM assistance, even when
not optimal, can still have a beneficial effect on
learning compared to no assistance, and refutes
concerns regarding shallow learning.

To conclude, the LLM assistance had a posi-
tive effect on the students performance, even when
unassisted. This suggests that concerns of shal-
low learning might be exaggerated and stresses the
need for further studies into LLM tutors. However,
prompt-moderation with the intention of having the
LLM act as a tutor, could actually be harmful to
the learning effect.

Given our results, we believe future work can
focus on how prompt-moderation can become ben-
eficial, how to best enhance traditional lectures
with LLM assistance and the role of the subject or
domain in this context.

9 Limitations

While our study reveals interesting notions about
the efficiency of LLM assistance on math learn-
ing, it also has some limitations that we needed
to accept to make it feasible. First, the focus of
our study was not to investigate how the students
perceive the chatbot, since their general technol-
ogy acceptance and perception of ease-of-use are
well-established (Yilmaz et al., 2023; Chan et al.,
2024; Strzelecki, 2024; Shahzad et al., 2024), and
it has been shown that students are mostly posi-
tive towards computer-based learning, especially
when used as a supplement to traditional lectures
(Dewhurst et al., 2000). Instead, we limited our
investigation to the actual effect on students’ per-
formance.

Importantly, our results should not be interpreted
as a comparison between LLM tutoring and human
tutoring but instead between LLM tutoring and no
tutoring.

While we stayed close to the study design de-
scribed by Bastani et al. (2024), one important dif-
ference is the system prompt. We do not include
any problem-specific guidance steps or solutions,
which requires considerably less time to set up and
is, in our opinion, a more realistic setting. This,
however, probably also impacts the behavior of the
tutoring LLM and thus the reception (and maybe

performance) by the students.

Due to the elaborate setting, the collection of
dialogues is expensive, leading to GMADE having
a limited number of dialogues. Moreover, GMADE
does not include human tutoring utterances and can
thus not be directly used for the training of LLM
tutors.

Since the students with unmoderated LLM ac-
cess were able to work on more problems, as evi-
denced by the higher completion score, they could
have a slightly higher task familiarity, which might
lead to improved performance when unassisted.
While this effect cannot be avoided, we still deem
the comparison as fair, as such would be an advan-
tage of the assistance they received.

Our study imposes a strict time limit on the stu-
dents preparation, i.e., the exercise phase, for the
exam phase. This is required to have comparable
results and a realistic time frame for the study. We
argue that students also experience time pressure
when preparing for real exams, due to the workload
of preparing for multiple exams in a short period
of time. Nevertheless, it is possible that the results
would be different if students were given as much
time as they liked to prepare with their designated
assistance for an unassisted exam.

Another limitation arises from the fact that the
Tutor LLM did not perfectly follow its instruction
to refrain from giving away solutions. When a stu-
dent, e.g., asked for “a divergent limited sequence”,
the response included an example that was a correct
solution to the first task. In at least one case, the
Tutor LLM also gave away the full (and correct)
solution to a task.

10 Ethical considerations

All participants in our study were volunteers that
agreed to donate their data for research. All par-
ticipants were informed about how their data was
going to be used and actively agreed to it before
taking part in the study. Their performance did
not influence their semester’s grade, which was
determined by an additional, standard exam.

The GMADE dataset was carefully reviewed to
not contain any personal information before pub-
lication. Through the usage of the API, it was
ensured that the generated input will not be used to
train future LLMs, acting as an additional security
mechanism in case a participant entered personal
data.

We used a website wrapper around the ChatGPT
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API as the user interface for the groups GPT and
TUT. This allows us to easily collect the conversa-
tions and ensures GDPR compliance. The usage
of the GPT-40-mini via the API is convincing due
to its ease-of-use and low price-point. For approx-
imately 900 messages (both user and assistant),
the cost was only 0.21 euros. This could allow
educational institutions such as high schools and
universities to offer Al tutors to their students.
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A Results per assignment

The results per assignment are shown in Tab. 5.

B Full System Prompts
B.1 System Prompt for GPT

You are a friendly and concise assistant. Provide
clear and direct answers. Always answer in the lan-
guage you have been addressed in. If your response
includes math, use Latex notation.

B.2 System Prompt for TUT

You are an educational tutor who helps the user im-
prove his understanding of mathematical concepts.
Provide detailed and helpful answers to the user’s
queries. As a tutor, you are not allowed to answer
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NON (N=17) GPT (N=17) TUT (N=15)

Assig-  Score Completion  Score Completion  Score Completion
nment

Al 23.5+359 73.5+£359 7794352 100.0+£0 70.0+£254 83.3£244
A2 45.1+27.3 88.2£28.1 40.2+23.6 97.1+12.1 40.0£31.4 83.3+36.2
A3 52.9+£248 10000 67.6+262 100.0£0 70.0£23.5 100.0=+0
A4 5224248 91.2+£19.6 61.44+240 91.2£19.6 26.3+38.5 60.0+43.1
A5 15.7£23.9 5594166 17.6£20.8 76.5+31.2 20.6+£283 66.7=+x30.9
A6 37.6 £23.1 794+£30.9 3414324 529+£45.0 29.3+289 56.7£45.8
Al 11.8+£21.9 64.7+34.3 41.2+404 91.24+264 36.7+£44.2 73.3+41.7
A2 31.8+30.0 88.2+21.9 4594298 91.2+19.6 26.7+383 76.7+£37.2
A3 23.5£43.7 8244393 471+£49.1 1000£0 23.3+41.7 60.0=£50.7
A4 42.6 £27.0 88.2+£21.9 42.6+25.0 85.3+£294 4751288 7T73.3+£41.7
A5 11.0£10.3 70.6+309 151+£14.2 64.7+294 14.2+184 66.7+40.8
A6 16.24+26.4 47.1+374 50.0£339 7944309 30.0£29.0 66.7=+30.9

Table 5: Student performance per assignment in percent as mean =+ standard deviation. Grey background denotes

exercise phase.

the user’s mathematical question directly. Instead,
you should guide him towards finding the solution
himself in incremental steps. Always answer in
the language you have been addressed in. If your
response includes math, use Latex notation.

C Taxonomy of User Messages

The taxonomy that was used to classify the user
messages is shown in Tab. 6.

D Statistical Significance

We evaluate if there are statistically significant dif-
ferences between the groups for both the score and
the completion. The Shapiro-Wilk test (Shapiro
and Wilk, 1965) showed that the performance
scores follow a normal distribution (p = 0.37, p =
0.14, p = 0.38 for NON, GPT, and TUT, respec-
tively). Moreover, the homogeneity of variances
could be established with the Levene test (Levene,
1960) (p = 0.61 and p = 0.42 for exercise and
exam, respectively). Given this, we performed a
two-way ANOVA (Fisher, 1919) test. This revealed
that there is a significant (p < 0.01) difference
between the scores during the exercise and exam,
and that type of assistance had an influence on the
scores (p = 0.03). However, there was no signif-
icant (p = 0.57) interaction between the level of
assistance and the difference in score between the
exercise and exam phase (cf. Table 3). We further
evaluate the statistical significance of the difference
in score between the groups with the Tukey’s HSD
test (Tukey, 1949). The only group comparison
that had significant differences was NON vs. GPT

(p = 0.046, CI = [0.162,20.38]). For NON vs.
TUT (p = 0.96, CI = [—9.30,11.58]) and GPT
vs. TUT (p = 0.099, CI = [-19.58,1.31]) no
statistical significant difference was observed.

The completion rate is not normally distributed.
We thus use the Kruskal-Wallis-Test (Kruskal and
Wallis, 1952), which revealed that there is no sig-
nificant (p = 0.16. p = 0.08 for exercise and exam,
respectively) difference in completion between the
cohorts.

E Visualizations

Figures 5 and 4 visualize the performance and com-
pletion percentage.

M Phase

N Exercise
Exam

"= u

NON GPT TUT
Cohort

Percentage score
& o ©
8 3 3

N
S}

Figure 4: Boxplot of the performance as measured by
the percentage score.

11321



Name Explanation

other Messages that don’t fit any other category.

chit-chat  Messages not related to the assignments, but fitting a chit-chat conversation, where the
chatbot is supposed to keep the conversation going. Includes for example salutations.

direct The user attempted to directly solve an assignment with his message. Includes for
examples directly entering an assignment or trying to use the chatbot as a calculator.

abstract The user attempted to get more indirect, abstract knowledge from the chatbot, ex-
pecting the response to help him solve an assignment. Includes for example asking
for the rules of differentiation.

malicious The user entered malicious input, that should be deflected by the Bot. Only one
instance of this was found.

follow-up The user message is a follow-up to his previous input. Could be a question, but also
a clarification. Includes for example the user asking “and concretely?” or providing
the domain of definition.

Table 6: Taxonomy used to classify the user messages.

=
o
S}

3. If the right-hand and left-hand limits of a func-
tion agree at a point xg, then f is continuous
at xg.

@
S
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4. The function g : Rt — R with g(z) = 2% is

Percentage Completion
s
s

continuous.
20 Phase
S _ - A4: Continuity of Functions We consider the
Cohort function f : [-1,00) — R with

Figure 5: Boxplot of the completion percentage.

F Assignments for the exercise f) {623; —x—2, zel-1,3],
X)) = 2 6

A1: Sequences Provide, if possible, a sequence for s z > 3.

each case that satisfies the given properties. If no
such sequence exists, briefly justify your answer.
Find a sequence that:

1. Check whether the function is continuous at
[—1,00). In particular, examine the point

g = 3.
1. is strictly monotonically increasing, bounded
above, and convergent with the limit 1. 2. Does f have a zero in the interval [—1, 3]?
2. is neither monotonically increasing nor mono- Jus.tlfy. your answer without explicitly calcu-
tonically decreasing, bounded, and divergent. lating it. .
Use the estimate 2 < e < 3 and no (!) calcu-
A2: Sequence Limits Calculate the following (pos- lator.
sibly improper) sequence limits
| lig ™(ntsin(n) AS: Differential Calculus Decide whether the fol-
" oo Andt2ntl lowing statements are true or false. Give a short
2. lim v2n — Vn¥1 justification or counterexample for each.
n—o0
A3: True or False? 1. The sum f+ g of a non-differentiable function

f and a differentiable function g can result in

1. If a function is differentiable at x(, then it is a differentiable function.

also continuous at that point.

2. If an inverse function f : R — R is differen-
) ) tiable, then the inverse function f~! : R — R
lim f(z) = f JHEO z | holds. is also differentiable.

Tr—x0
11322

2. If f : R — R is continuous at xg, then



3. If xg € [a,b] is a (local) minimum of a func-
tion f : [a,b] — R, then f is differentiable in
i) and f/(ﬂfo) =0.

A6: Differential Calculus The continuous func-

tion f : [0,1] — R is given as follows:

Valnx forxz >0,
flz) =
0 for x = 0.

1. Using a suitable difference quotient, show that
f at x = 0 has no right-hand side derivative.

2. Determine the derivative f' of f for x €
(0,1).

G Assignments for the exam

Al: Sequences If possible, specify a sequence that
has the properties mentioned. If no such sequence
exists, give a brief explanation. We are looking for
a sequence that

1. is strictly monotonically decreasing, bounded
and divergent.

2. is recursively defined, bounded and divergent.

A2: Sequence Limits
Calculate the following (possibly improper) se-
quence limits

1. lim e ™((—=1)" +3)

n—00
2. lim {/5+3-2"
n—00

A3: Continuity

Investigate whether the following function is
continuous: f : [-1,1] = R with

1
_ ) e 122 forx e (—1,1)

fe) = { 0 forzx = —1.
A4: Continuity Answer the following questions
and give reasons for your answer.

1. Can the sum of two discontinuous functions
result in a continuous function?

2. Can the sum of two continuous functions re-
sult in a discontinuous function?

3. Is the function f : R — R with f(z) =
2588 continuous?

AS5: Differential Calculus A function g : [0, 1] —
R is given as follows:

Vzln(l —z) forz >0,
g(x) =
0 forz = 0.

1. Using a suitable difference quotient, justify
that g has a right-hand derivative at z = 0 and
calculate it.

2. Specify the derivative of g.

3. Show that g has no critical points for z €
(0,1).

A6: Myths about Differential Calculus Give a
suitable example to explain why the following state-
ments are all false:

1. The concatenation of a non-differentiable
function and a differentiable function cannot
result in a differentiable function.

2. If f : R — R is differentiable and strictly
monotonically increasing, then f'(z) > 0
must hold for all z € R.

3. If for a function f the limit values
limy_yq,— f'(x) and lim,, -+ /() exist and
coincide, then f is differentiable at the point
Q.
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