Can Automated Feedback Turn Students
into Happy Prologians?

Ricardo Brancas Pedro Orvalho
INESC-ID / IST, Artificial Intelligence Research Institute,
Universidade de Lisboa, Consejo Superior de Investigaciones Cientificas,
Portugal Barcelona, Catalonia, Spain
Carolina Carreira Vasco Manquinho Ruben Martins
Carnegie Mellon University, INESC-ID / IST, Carnegie Mellon University,
Pittsburgh, USA Universidade de Lisboa, Pittsburgh, USA
INESC-ID / IST, Universidade de Lisboa, Portugal Portugal

Providing personalized feedback is essential for effective learning, but delivering it promptly can
be challenging in large-scale courses. In this work, we present PROHELP, an automated assess-
ment platform for Prolog built on top of the GITSEED framework, and we evaluate it through a
survey of 144 students from a 365-student undergraduate logic programming course. We assessed
the perceived usefulness of seven types of automated feedback, including automatic testing, pred-
icate scoring, syntax error highlighting, open choice point warnings, score rankings, solution type
validation, and unknown predicate name suggestions. Our results show that 74% of students agreed
the feedback helped increase their grade, and the system achieved a System Usability Scale score
of 78.5 (grade B+). Among the feedback types, automatic testing was ranked as the most useful,
followed by open choice point warnings and predicate scoring, with statistically significant differ-
ences. We found no significant effect of students’ interest level, engagement with optional exercises,
or use of large language models on their perception of feedback usefulness. We also explore student
preferences for future feedback features, finding a significant preference for showing the differences
between generated and expected test outputs.

1 Introduction

Giving timely and formative feedback to students is very important for the learning process [11} 28]
However, doing so in large courses is difficult [[19]] and essentially impossible in cases such as Massive
Open Online Courses (MOOCs). Over the years, many automated assessment frameworks have been
proposed to address this problem. Automated assessment tools such as MOOSHAK/ENKI [20] or GIT-
SEED [18]], among others [6, [10, 22| 26], allow faculty to automatically test students’ submissions and
provide them with varying levels of feedback.

Many newer automated assessment systems focus on (1) making it more usable for students by
targeting well-known interfaces such as GIT, and (2) making it easier to maintain and modify by faculty.
Such tools, like GITSEED, allow faculty to fully customize the feedback returned to users. This makes
it easy to leverage state-of-the-art software analysis and automated diagnosis tools, which in turn allow
students to find and repair their mistakes more quickly.

However, despite these advances, significant challenges remain in the context of logic programming.
Novice students usually find it hard to debug logic programs. This is mainly due to the lack of traditional
control and data flows they learn in imperative languages. In this work, we analyze these difficulties
and students’ behavior when learning Prolog. To accomplish this, we created PROHELP, an automated
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assessment platform for Prolog built on top of GITSEED. PROHELP includes feedback features ranging
from automated testing to typo-correction suggestions and validation of implementation techniques.

We designed and deployed a mixed-methods study with the students who interacted with PROHELP.
We used survey responses collected during a 9-week undergraduate course with 365 students. Overall,
we analyzed 144 survey responses.

The main contributions of this work are:

* Understanding which types of feedback implemented in PROHELP students find the most helpful;

* Gauging students’ interest in more complex types of automated feedback they would like to see in
the future.

Results show that the feedback provided to students was helpful and that the PROHELP automated
assessment system is user-friendly. Students also showed great interest in proposed improvements and
suggested some themselves.

This paper is organized as follows: in we present an overview of related work. Following
that, in[Section 3| we present the course in which this study was conducted, and in|Section 4] we describe
the automated assessment system and the types of feedback provided. Then, in[Section 5| we present the
methodology for our study, and in we present the analysis and results. Finally, in [Section 7]
we present a discussion on the obtained results and conclude the paper.

2 Related Work

Automated Assessment Tools (AATs). Automated assessment of programming assignments has a
long history of more than 60 years of research [19]. Most AATs assess programs by either comparing
them with a known-correct solution or by executing a series of tests and checking their results [11].
A large number of current AATs are based around Integrated Development Environment-like web-
interfaces with examples like CODEOCEAN [26], MOOSHAK/ENKI [14} 20] and WEB-CAT [6]]. Other
platforms, like PROGEDU [3], GitHub Classroonﬂ and GITSEED [18]] focus on Git, taking advantage
of Continuous Integration (CI) actions to assess students’ work as it is submitted to the repository. These
tools can be easier for students to use because they are often already familiar with the Git workflow.

Automated Feedback for Logic Programming. Many systems have been proposed for automated
feedback, debugging, and repair of logic programming languages [13, [16, 27, [1]. These tools face
different challenges compared with other programming paradigms due to the declarative nature of the
languages, lack of explicit control flow, and issues like non-determinism, non-monotonic reasoning, or
non-termination [[16]. INCOM [13] introduces a two-stage tutoring model in which students first engage
in task analysis, then implement Prolog predicates. This structured approach assists learners in bridging
the gap between problem specification and algorithm development. Meanwhile, PRAM [16] focuses
on the automatic assessment of Prolog programs by incorporating both static and dynamic metrics to
evaluate code style, complexity, and dynamic correctness, thereby reducing instructor workload and
facilitating the shift from procedural to declarative thinking. Complementing these educational tools,
PROFL [27]] applies fault localization techniques, particularly coverage-based and mutation-based ap-
proaches, to identify errors in Prolog programs effectively. Moreover, the FORMHE [1] system extends
automated feedback to Answer Set Programming by combining traditional fault localization methods

Ihttps://classroom.github.com/
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with modern strategies such as Large Language Model (LLM)-based fault localization and repair and
mutation-based program repair techniques.

One common element of earlier works on automated logic programming feedback is the use of struc-
tured, rule-based feedback, which can force students to solve problems in a certain way. Meanwhile,
more recent approaches follow a test-based fault localization method, which helps students identify prob-
lems in their programs rather than guiding them in a particular direction. However, these newer tools
lack comprehensive user studies to evaluate their performance. Our work addresses this research gap by
directly engaging with the target audience of the tool — the students — and prioritizing their needs.

3 Course Structure

We evaluated students’ behavior during a 9-week-long bachelor’s level logic programming course. Dur-
ing this course, students learned classic logic reasoning, as well as logic programming through Prolog.
Overall, students faced three different types of Prolog exercises during this course: a 5-part role-playing
exercise to familiarize students with the programming language, 22 optional recitation exercises, and one
graded and mandatory final project. The mandatory project was worth 50% of the final grade, while the
remaining 50% was from other theoretical assessments. Next, we describe the Prolog exercises in more
detail.

* Role-playing Exercise
— Optional, not graded, online only
— 5 puzzles over 5 days
— A series of simple logic puzzles where students help a detective catch a group of criminals
using logic programming;
* Recitation Exercises
— Optional, not graded, partially solved in-class using pen and paper
— 22 exercises
— 4 Prolog exercise sheets grouped into the topics of: lists, arithmetic, negation, and higher-
order functions;
* Project
— Mandatory, graded
— 5 weeks duration

— Worth 50% of the final course grade. The goal of this year’s project was to create a solver for
the logic puzzle star battle;

In we show the timeline of the different exercises solved by the students. During the
first weeks, the students learned logic fundamentals. Then, during week 3, the students started learning
Prolog, with the optional exercise sets being released during weeks 3, 4, and 5. Meanwhile, the project
statement was released at the beginning of week 4 with the deadline at the end of week 9.

4 PROHELP: Prolog Automated Assessment Platform

The submission and evaluation platform used in this course was PROHELP, an extension built on top of
the open-source automated assessment framework GITSEED [18]. GITSEED provides students with
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Figure 1: Course exercises timeline.
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Figure 2: Simplified overview of GITSEED’s operation scheme.

personalized feedback on programming assignments while they learn GIT fundamentals. Unlike tradi-
tional assessment platforms, GITSEED operates within GITLAB’s CI workflow, eliminating the need
for students to learn new interfaces. As shows, when students submit their work to GITLAB,
GITSEED automatically evaluates it using a predefined test suite and program analysis tools specified
by the faculty. The evaluation report is then pushed directly to the students’ git repositories, ensuring
immediate access to personalized feedback.

4.1 Automated Feedback

The minimum configuration of GITSEED simply runs a test suite on the student’s submission and re-
ports the results as feedback. However, as shown in GITSEED can be extended with custom
program-analysis tools to provide students with more personalized feedback. Building on GITSEED’s
standard automatic testing (a) and score rankings (e), we created PROHELP to implement five additional
types of feedback specific to the Prolog context. Below, we describe each of the 7 types of automated
feedback, along with an example for each one, shown in

a) Automatic testing: This is the basic feature consisting of running the test suite and reporting the
results. The faculty can decide to show the body of failing test cases or not.

b) Predicate scoring: For graded assignments, each predicate p that the students need to implement
gets assigned X points by the faculty. If a student passes the tests for p, then they get X points.

c) Syntax error highlighting: PROHELP highlights snippets of code with syntax errors, which
makes them easier to locate compared with the line and column coordinates provided by the Pro-
log interpreter.
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Scores
Test 1: Successful
Predicate  CurrentScore  Max Score Your code contains syntax errors
Test 2: Successful
predi/1 0.50 0.50
[...]
Test 3: Unsuccessful pred2/1 — 050 6
pred3/3 0.00 1.00 7 PCO.
. [...]
Test 4: Successful —_— 56 -
(a) Automatic testing (b) Predicate Scoring (c) Syntax error highlighting
Group ID Total ful L ful Number of Days Since
Score Tests Tests Submissions Project Kick-off
Test 30: Successful 0 studentldl 16 38 0 7 16
Warning: your program left open choice points. ! e - - L = L
(d) Open choice points (e) Score rankings

d)

g)

Your submission seems to generate a(n) recursive process when the expected was a(n) iterative process

Please check your solution.

(f) Solution type validation

Unknown predicate: maplistx/3
Maybe you meant one of the following predicates: maplist/3, maplist/2, maplist/4

(g) Unknown predicate name suggestions

Figure 3: Screenshots of the different types of student feedback available in PROHELP.

Open choice points warning: Prolog allows enumerating multiple answers for a given query.
However, students often forget this fact. This can result in the first answer being correct with
respect to the specification, but one of the following answers being incorrect. When a predicate
terminates with an open choice point (indicating there are more possible answers), we warn stu-
dents so they can verify whether this is intended behavior.

Score rankings: Each assignment has a global leaderboard that shows the scores and number
of passed tests for each student. This incentivizes some students to compete and solve the most
exercises as early as possible.

Solution type validation: Some of the assignments ask students to solve problems using specific
techniques (for example, using recursion). In these assignments, we use a heuristic to determine if
the student’s program is using the correct method or not. The heuristic inspects the call dependen-
cies of the main predicate: it is classified as functional if it relies on built-in higher-order predicates
(such as maplist or foldl), recursive if it depends on itself, and iterative if it delegates the work
to an auxiliary predicate of higher arity (typically carrying an accumulator).

Unknown predicate name suggestions: When a student uses a predicate that is undefined, PRO-
HELP suggests other predicates with similar names if they exist.
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4.2 Future Directions

One of the goals of this work is to gauge students’ opinions on the feedback features already implemented
and decide which ones to prioritize for future work. Planned features include several Al-based procedures
using formal methods targeted to the specific context of logic programming.

* Fault localization: Identifying what section of the program contains bugs could help students
narrow their focus. The granularity of the bug location could also be controlled by the faculty,
such as identifying a specific predicate or a specific set of lines.

* Bug fix suggestions: The bug identification can be taken one step further and also include a
description of the type of bug and/or a hint on how to fix it. One way to accomplish this is to use
automated program repair to find a bug fix, then combine the buggy and corrected programs to
generate a hint.

* Infinite loop identification: Prolog programs can suffer from infinite loops due to the depth-first
search algorithm used by default in many Prolog interpreters. Helping students identify which
sections of the program are responsible for the infinite loop behavior can be a helpful tool for stu-
dents.

* Test output differences: The test suites in PROHELP are composed of unit tests implemented
through plunit. Almost always, these tests consist of a series of predicate calls followed by an
assertion that compares a value with the expected response. It could be useful for students to
provide more information when these assertions fail, particularly showing the difference between
generated and expected values.

S Methodology

PROHELP was deployed in a BSc-level class on logic reasoning and programming with 365 students
at Universidade de Lisboa, Portugal, during the 2024 academic year. Students were given automated
feedback on 3 different types of Prolog assignments: a role-playing exercise, recitation exercises, and a
final project.

To understand the strengths and shortcomings of PROHELP, we performed a post-experience sur-
vey. The survey, which is replicated in had an estimated duration of 15 minutes and was
performed using EUSurve during the two weeks following the last programming assignment.

Of the 312 students who interacted with PROHELP during the course, we obtained 148 survey re-
sponses (47%), of which we dropped 4 due to failed attention checks [17]. Of the 144 valid responses,
28 respondents identified as female (19%), 111 as male (77%), 1 as other (<1%), and 4 preferred not
to disclose (3%). While we have no information on the gender distribution of students who took this
class, the official distribution of enrolled students in this BSc degree is 83% male and 17% female. This
provides some confidence that our sample is representative of the overall course population.

In this work, we plan to answer the following three research questions:

RQ1. How valuable did students find the feedback, and which aspects of it were the most useful?
RQ2. Does student interest, engagement or LLM-usage affect how helpful they found the feedback?

RQ3. What features do students believe would be most beneficial in the future?

Zhttps://ec.europa.eu/eusurvey
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5.1 Data Analysis

Part of our study focuses on analyzing 3- and 5-point Likert scales regarding the usefulness of different
aspects of the feedback received. For RQ1 and RQ3, we are interested in how a student’s different
answers compare to one another (the ratings for the different types of feedback). To accomplish this,
we use the Friedman rank sum test [[7] to check for any statistically significant differences between the
feedback types. In cases where there are such differences, we employ the post-hoc pairwise Durbin-
Conover test [4]] with the Holm correction method [9], in order to identify which pairs of feedback types
have statistically significant differences in usefulness.

In RQ2, we are interested in how different sub-groups of students rated the usefulness of PRO-
HELP (on a 5-point Likert scale). To accomplish this, we use different tests depending on the nature of
the independent variable. Students’ interest was measured on a scale from 1 to 5 (an ordinal variable)
and, as such, we use Spearman’s rank correlation [25] to compare it with the usefulness. Meanwhile,
students’ engagement and usage of LLMs were both measured through categorical variables. We use the
Kruskal-Wallis test 8] for engagement, since it has more than 2 categories, and the Mann-Whitney U
test [[15] for LLM usage, since it has only 2 categories. The significance level for all tests was set at 0.05.

The survey also included two open-ended questions about future feedback suggestions and general
opinions on the system. The answers were coded according to a unified code-book for Feedback and
Improvements. The code-book was created by the first author. The answers were coded independently
by the first and second authors, with any differences reconciled through a subsequent discussion.

5.2 Ethics and Privacy

All students had access to the same system and the same types of feedback. This ensured that no group
of students had any advantage over the rest. Participation in the survey was voluntary, unremunerated,
and all participants provided informed consent for data collection and processing before the survey.
Participants were recruited through a course announcement after the last assignment. No identifiable
personal data was collected. At Universidade de Lisboa, where the course was held and the survey was
conducted, studies with these characteristics do not need to be submitted to the Ethics Committee (as
confirmed by the Chair of the Ethics Committee). Co-authors from institutions other than Universidade
de Lisboa had access only to aggregate statistics, not to individual responses. We have completed the
European Commission’s ethics self-assessment checklists and comply with all the guidelines.

6 Results

This work aims to understand the advantages and limitations of the PROHELP system and explore what
types of feedback students would like to have in the future. The statistical analysis and plots presented in
this section were created using R version 4.4.2 [23]], statsExpressions [21]], ggstats [12] and ggsignif [5].

6.1 Usefulness and usability of the feedback (RQ1)

To gauge if PROHELP was useful to students, we asked them if they agreed with the statement “I think
the automated feedback helped increase my grade in this course” using a 5-point Likert scale. Figure 4]
shows that 74% of student responses agreed that the provided feedback was useful, while 11% disagreed
and 15% neither agreed nor disagreed. This indicates that PROHELP was helpful for students. We also
performed a usability analysis through the System Usability Scale (SUS) questionnaire [2]. The average
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[ Strongly disagree
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Figure 4: Agreement distribution for the statement “I think the automated feedback helped increase my
grade in this course.”.
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Figure 5: Usefulness rating of the different types of feedback. The median response for each type
is shown by the vertical line. The right side of the figure shows pairs of feedback types for which
the Durbin-Conover post-hoc test indicates statistically significant differences in ratings. For example,
there is a statistically significant difference between the responses for “Automatic testing” and “Score
rankings” with p = 1.23e-07.

SUS score among our respondents was 78.5 which corresponds to a B+ grade according to the curved
grading interpretation by Sauro and Lewis [24]. While there is room for improvement, the results show
that our system is fairly usable in its current state.

This study also aims to understand if any type of feedback stood out as particularly more useful than
the others. Hence, we asked the students to rank each of the 7 types of feedback in Section [ on a scale
from 1 (not useful) to 5 (very useful). Figure 5] presents the answer distribution to these questions. Most
students ranked all 7 types of feedback as useful, with all of the medians being > 4.

Since not all students interacted with all forms of feedback and the Friedman test requires a full
block design, we excluded students who did not answer all 7 questions, resulting in 94 samples. The
Friedman test allows us to reject the null hypothesis of there being no significant difference between the
different types of feedback ()52(6) = 58.66, p = 8.436 x 10~ Wenda = 0.10). As such, to discover
which types of feedback were significantly more useful, we used the post-hoc pairwise Durbin-Conover
test. The right side of Figure 5] shows the pairs of feedback types for which there is a significant differ-
ence in median ranks, along with the respective p-values. These statistically significant tests show that
“Automatic testing” was the most helpful type of feedback, being more useful than 4 other types, and
that “Open choice points warning” and “Predicate scoring” were more useful than 2 other types each.
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Figure 6: Answer distribution for the question “How interested are you in the topics of logic and logic
programming?”’. The median response is shown by the black vertical line.
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Figure 7: Effect of interest in the agreement distribution for the statement “I think the automated feedback

helped increase my grade in this course.”.

Meanwhile, the least helpful types of feedback were “Score rankings” and “Solution type validation”,
with each being less useful than 3 other types.

A1l. Most students consider that the provided feedback was helpful, and the system has a usability
score of B+. The most useful feedback were “Automatic testing”, “Open choice points warning”
and “Predicate scoring”, while the least useful were “Score ranking” and “Solution type validation”.

These conclusions are supported by statistically significant differences.

6.2 Impact of interest, engagement, and LLM use (RQ2)

Another goal of this study is to determine if students’ interest, engagement with optional exercises, and
having used LLMs (or not) had any effect on their perception of the usefulness of the feedback.

6.2.1 Interest

We asked students to rate their interest in logic and logic programming on a scale from 1 to 5. The
answers, summarized in Figure [6] show a fairly normal distribution, with most students having some
interest in the topics and a small number showing either no interest or a high level of interest.

To test our hypothesis that more interested students take better advantage of automated feedback,
we compared students’ interest with the level of agreement with the statement “I think the automated
feedback helped increase my grade in this course”. Figure [7] shows the agreement responses grouped
by interest level. A Spearman’s rank correlation analysis does not allow us to reject the null hypothesis,
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Solved Neither { 15% 13% 28% 72%
Solved Introductory 5% 10% 33% 86%
Solved Recitation { 12% . 8% 15% 35% 73%
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Figure 8: Effect of engagement in the agreement distribution for the statement “I think the automated

feedback helped increase my grade in this course.”.

LLM Tool ChatGPT Copilot Claude Gemini Blackbox Deepseek Perplexity ZZZ Code
Count 82 16 5 2 1 1 1 1

Table 1: Number of students that reported using each LLM tool.

which means there is no statistically significant relationship between students’ interest level and how
beneficial they found the feedback received (S = 4.26 x 10°, p = 0.08, p = 0.14).

6.2.2 Engagement

Students had the opportunity to use PROHELP with two types of optional exercises: a set of 5 introductory
exercises and a set of 22 recitation exercises. Considering the 144 respondents to our survey, 47 did not
solve any optional exercises, 50 solved at least one exercise from both optional sets, 21 solved only
exercises from the introductory set, and 26 solved only exercises from the recitation set. Our hypothesis
is that more engaged students (ones who solved optional exercises) would have taken better advantage
of PROHELP and thus found it more useful. Figure [ shows the relationship between the 4 engagement
groups and the agreement levels with the statement “I think the automated feedback helped increase my
grade in this course”. To test our hypothesis, we used a Kruskal-Wallis test, which shows no evidence of
there being a statistical difference between the four groups (¥2(3) = 2.19, p = 0.53, &> = 0.02).

T T
0% 50%

Neither agree

. Strongly disagree Disagree nor disagree Agree . Strongly agree
Figure 9: Effect of LLMs usage in the agreement distribution for the statement “I think the automated

feedback helped increase my grade in this course.”.
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Figure 10: Usefulness ratings for the different types of feedback not yet implemented in PROHELP. The
median response for each type of feedback is shown by the black vertical line. The right side of the
figure shows pairs of feedback types for which the Durbin-Conover post-hoc test indicates statistically
significant differences in ratings.

6.2.3 Usage of LLMs

Students were allowed to use Large Language Models (LLMs) during this course, as long as they dis-
closed that usage. Considering the 144 responses to our survey, 91 reported using LLMs when solving
assignments, while 53 reported that they did not use LLMs. shows the number of students
who reported using each LLM tool/platform, with the most popular ones being ChatGPT and Copi-
lot. Furthermore, 21 students reported using more than one LLM. We were interested in whether
using LLMs affects how students perceive the usefulness of PROHELP (for example, students who
used LLMs might have found PROHELP less useful because they already had personalized feedback
from the LLM). In Figure |9, we show the usefulness ratings for students who used and did not use
LLMs. According to the Mann-Whitney U test, there is no statistical difference between the two groups
(W =2261.50, p=0.51, r = —0.06).

A2. There is no evidence that interest level, having used the platform for optional exercises, or
having used LLMs, affects how helpful students found PROHELP overall.

6.3 Future directions (RQ3)

Our last goal is to better understand which features and improvements to the feedback students would
most like to see in the future, while also analyzing which aspects of the course students did not like. In the
survey, we asked students to rate the 4 types of (not yet implemented) feedback described in Section [4.2]
between Not Useful, Somewhat Useful and Useful. Figure [115] shows the students’ answers, where at
least 75% of students rated each of the proposed feedback types as Useful. These responses hint that
these are good goals to work towards.

To check if any type of feedback had a significant preference over another, we used a Friedman test,
which rejects the null hypothesis (x2(3) = 20.74, p = 1.19 x 10™*, Wxenganr = 0.05). Next, to check
which types of feedback students think will be more useful, we used the post-hoc pairwise Durbin-
Conover test. The right side of Figure[I0]shows the pairs of feedback types that showed statistical signif-
icance. Students rated “Showing the differences between generated and expected output” as significantly
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more useful than the other 3 types of feedback.

At the end of the survey, we asked students to suggest other types of feedback they would like to see
in the future and to provide general comments/criticisms. One common criticism among students was
that the unit tests were not specific enough, i.e., each test covered too much functionality. For example, P-
31 said: “The project tests were not exhaustive enough.”. This left students with little information when
tests failed and highlights the importance of faculty creating good unit tests that assess each functionality
in isolation. There were also other comments regarding the course organization and grading method,
which we have relayed to the faculty.

One interesting suggestion from some students concerns the qualitative component of the project
grade, which is manually assigned and encompasses characteristics such as code readability, organiza-
tion, and documentation. Students expressed a need for an estimate of this qualitative component in the
automated feedback, even if the final score remained hand-assigned by faculty.

A3. Although students found all proposed types of feedback useful, there is a significant prefer-
ence for the “Show the outputs and expected outputs” compared with the remaining feedback types.
Students would like an automated estimate for the qualitative component of their projects.

7 Discussion and Conclusion

This work analyzes students’ behaviors during a 9-week-long undergraduate class on logic programming.
Specifically, we study how they interacted with an automated assessment platform for Prolog code. This
platform, named PROHELP, included several types of automated feedback to help students find and fix
their bugs more easily. Our main contribution is the analysis of a student survey with 144 valid responses,
which gathers insights into students’ preferences and complaints regarding PROHELP.

Survey analysis indicates that users found the feedback received useful and the PROHELP interface
was user-friendly. For instance, P-101 said “I loved the assessment system. It was very efficient and
helpful. From what I have heard from previous years, it was a huge improvement”. The components of
PROHELP that students most appreciated include automatic testing, warnings about open choice points,
and scoring for each required predicate. Students also displayed great interest in the more advanced
types of feedback we proposed and suggested some themselves. These findings will be valuable for
future research, enabling educators and developers to focus on the most impactful types of feedback.

Results show no statistically significant relationship between students’ perception of feedback use-
fulness and their interest, engagement, or usage of LLMs. Even so, there is a small but not statistically
significant correlation (p = 0.08) between students’ interest and their usefulness rating, suggesting that
further research — with a larger sample or a different methodology — is warranted. The findings on LLM
usage are particularly intriguing, and we propose several possible explanations for it: (1) students under-
reported LLM-usage due to its negative connotation, (2) the feedback received in PROHELP is orthogonal
to the questions students usually ask LLMs, or (3) LLMs are not (yet) very useful for Prolog. Further
investigation is needed to determine which, if any, of these factors apply.

Overall, our findings demonstrate that automated feedback is a valuable resource for students learn-
ing Prolog, and that even simple feedback mechanisms, when well integrated into familiar workflows,
can have a meaningful impact on the learning experience. These insights can guide educators and tool
developers in prioritizing the types of feedback that students find most impactful, ultimately contributing
to more effective logic programming education.
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A Survey Protocol

The following survey was designed to collect anonymous feedback from undegraduate students enrolled
in the Logic Programming course regarding their experience with the automated feedback system pro-
vided via GitLab. The survey was estimated to take approximately 10 to 15 minutes. Several questions
were included to assess usability, usefulness, and pedagogical effectiveness of the feedback tools. Some
questions functioned as attention checks. The questions and answers presented here were translated from
Portuguese.

Section 1: Demographics and Background

* What gender do you identify with?

Female
Male
Prefer not to say

Prefer to self-describe

* What is your level of interest in the topics covered in the Programming Languages course?
(Logic, Prolog)
Rating scale from 1 (not interested) to 5 (very interested)

* During this course, did you experience difficulties using Git/GitLab? Select all that apply:

Merge conflicts
SSH key problems
Problems interacting with VS Code

I had no problems
Other

Section 2: Automated Feedback in Prolog
Students were reminded of the types of automated feedback they encountered on GitLab:

* Automatic test verification

* Predicate scoring

* Validation of solution types

* Dashboards with scores

* Syntax error highlighting

* Suggestions for incorrect predicate names

* Warnings about open choice points

Students were asked to rate their agreement with the following System Usability Survey Items using
a 5-point Likert scale (1 = Strongly Disagree, 5 = Strongly Agree):
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I think that I would like to use this system frequently.

I found the system unnecessarily complex.

I thought the system was easy to use.

I think that I would need the support of a technical person to be able to use this system.
I found the various functions in this system were well integrated.

I thought there was too much inconsistency in this system.

I would imagine that most people would learn to use this system very quickly.

I found the system very cumbersome to use.

I felt very confident using the system.

I needed to learn a lot of things before I could get going with this system.

Additionally, students rated the usefulness of each feedback component on a scale from 1 (Not useful
at all) to 5 (Very useful):

Suggestions for incorrect predicate names

Syntax error highlighting

Dashboards with scores

Select “Not useful at all” in this line [attention check]
Automatic test verification

Predicate scoring

Warning for open choice points

Solution type validation (iterative, recursive, functional)

Section 4: Role-playing Exercise

Did you solve the role-playing exercise?
- No
— I started but did not finish
- Yes
Why did you not solve/abandon/finish the exercises? (Open text response)
Did you use LLMs (e.g., ChatGPT, Copilot) to help solve the role-playing exercise?
- No
- Yes
Which LLM(s) did you use? (Open text response)

What did you think of the sequence of puzzles from the role-playing exercise on a 5-point
scale (1 = Not entertaining at all, 5 = Very entertaining)?
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Section 5: Recitation Exercises

* Did you solve the recitation exercises using Git/GitLab?
- No
— I started but did not finish
— Yes
* Why did you not solve/abandon/finish the exercises? (Open text response)
* Did you use LLMs (e.g., ChatGPT, Copilot) to help with the recitation exercises?
- No
- Yes
* Which LLM(s) did you use? (Open text response)

Section 6: Project

* Did you use LLMs (e.g., ChatGPT, Copilot) to help with the project?
- No
— Yes

* Which LLM(s) did you use? (Open text response)

Section 7: Final Reflections

* Please rate the following statements on a 5-point Likert scale (1 = Strongly Disagree, 5 =
Strongly Agree)

I believe the automated feedback I received on GitLab improved my grade in this course.

I believe the role-playing exercise improved my grade in this course.

Select “Strongly Agree” to demonstrate you are paying attention. [Attention check]

I believe the recitation exercises on GitLab improved my grade in this course.

* Please rate the potential utility of proposed features on a 3-point scale (Indifferent, Somewhat
Useful, Useful):
— Suggestions for corrections on incorrect submissions
— Showing program output for each test compared to expected output
— Automatic identification of bug locations
— Detection of infinite loops

* Please suggest any other features you would like to see. (Open text response)

* Please leave any other feedback you may have (positive or negative). (Open text response)
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