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Abstract

Data science has become an essential subject in higher education. Learning data science is a complex process
for students. It requires integrating and applying statistical and computational principles. Adopting teaching
strategies and tools that may support them is a current and relevant challenge. In our research, we designed and
developed an adaptive tool providing adaptive formative feedback to students in data science courses. The tool
uses artificial intelligence technologies to tailor the exercises and the returned feedback to students. The paper
summarizes five years of research. We started with “good-old-style” Al technologies (i.e., static code analysis,
embeddings, classifiers, regressors) and are now experimenting with LLMs to support feedback generation. We
collected students’ learning outcomes, engagement, and comments over the years. We exploited the comments to
revise and improve the tool to fulfill the students’ needs. With this methodology, we measured increased learning
outcomes and high engagement (with an interesting exception when using LLM feedback). The paper ends by
discussing the findings and summarizing the lessons learned.
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1. Introduction

Data science has become a significant field within higher education in recent years. Mastering the
subject poses complex challenges for students because it demands the assimilation, integration, and
application of statistical and computational principles (e.g., data collection, data analysis, inference,
algorithms, machine learning) [1]. In addition, the literature shows that students who attend data
science courses have varying preparation, culture, and scholastic backgrounds [2]. Deploying effective
teaching strategies and tools to aid data science students is, therefore, a relevant and ongoing challenge.
At the University of L’Aquila, in the Department of Life, Health and Environmental Sciences, several
degrees contain a course about the fundamentals of data science. These courses are attended by students
and professionals in the health sector (e.g., diagnostic technicians) who need to learn how to organize
datasets, apply descriptive and inferential statistics, and create predictive models. These students have
the varying scholastic backgrounds reported in the literature, e.g., from young, motivated students
with a good knowledge of mathematics and computer science, to old professionals only seeking an
additional qualification for career advancement. Moreover, our classes are large, with a total number of
students of around 200 people (which will probably double within a couple of years). Therefore, we
started a research project aiming to design and develop a system able to provide effective, automated,
and elaborated feedback to students when studying the course topics. This paper summarizes five years
of research in this context, in terms of both the methodologies (formative assessment, scaffolding,
feedback), technologies (automated adaptive feedback built on Al and Generative Al research), and
achieved results (engagement, effectiveness) in teaching and learning data science.
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2. Theoretical Framework

We grounded our research into a theoretical framework based on (i) formative assessment, (ii) scaffolding,
and (iii) elaborated feedback. Formative assessment was initially introduced as a technique to provide
feedback essential for analyzing learning developments [3]. It transitioned from merely being an
“Interim” evaluation tool for educators and learners to an ongoing process offering insights into student
understanding, helping to adapt teaching approaches [4, 5]. Formative assessment is closely linked to
scaffolding [6, 7, 8, 9], both aiming to guide learners from their current knowledge to the skills they can
develop next, i.e., in the zone of proximal development [10]. Yet, while formative assessment adjusts
teaching based on insights into the learner’s comprehension, scaffolding offers support through hints
and motivation. Feedback is a crucial point for both formative assessment and scaffolding [11], in
particular, to support the building of new knowledge based on the existing understanding of the subject
throughout the whole learning process. Three different types of feedback exist:

+ KR : Knowledge of Results : it returns if the solution is right or wrong;

« KCR : Knowledge of Correct Result : if the solution is wrong, returns the correct solution;

« EF : Elaborated Feedback : if the solution is wrong, provides clues and hints useful to solve the
exercise.

The meta-analysis discussed in [12] highlights that using computer-based formative assessment
systems results in an average effect size of 0.28 on learning outcomes. The meta-analysis from Doo
et al. [13] reports different effect sizes (depending on the specific type of scaffolding) ranging from
0.13 to 0.38. A recent meta-analysis [14] indicates that EF has a greater effect size (0.49) compared to
KR (0.05) or KCR (0.32) on the learning outcomes, and that the effect size is adversely influenced by
delayed feedback.

3. Applicative Scenario

During formative assessment, students can solve exercises that are helpful to better understand the
course and to be prepared for the final exam. A sample exercise follows.

Consider dataset sbp. The dataset contains data on ten patients. For each patient, it includes
the gender (variable gender), and the systolic blood pressure before (variable before) and
after (variable after) taking an antihypertensive drug. Verify whether the difference in
pressure after taking the drug between males and females is statistically significant, and
comment on the test result. Submit as a solution a text that contains the list of R commands
with the respective output and the comments given on the results.

To solve the exercise correctly, a student must first identify the study design (it is a two-independent-
samples design), then check the normality of the data (the samples are made up of only five patients
each, so a normality test is mandatory), accordingly choose between a parametric or non-parametric
test, and finally interpret the test result. A solution must be given in R, and must include all commands,
the respective outputs, and the comments required for interpreting the results. A real solution provided
by a student (incomplete, because it does not include the test for normality) is the following:

> t.test(sbp$after[sbp$gender=="m"], sbp$after[sbp$gender=="f"])
Welch Two Sample t-test

data: sbp$after[sbp$gender == "m"] and sbp$after[sbp$gender == "f"]
t = 2.4771, df = 7.0303, p-value = 0.04224
alternative hypothesis: true difference in means is not equal to O
95 percent confidence interval:

1.544818 65.255182



sample estimates:
mean of x mean of y
190.8 157.4

> # Given that the p-value is less than 0.05, I consider the difference
in pressure statistically significant and therefore generalizable to the
population.

A student submitting this solution will receive both schematic and detailed feedback, as follows.
The system performs a static code analysis of the R commands and solutions (see §4.1), classifies the
comments as right or wrong (see §4.1), calculates the distance of the solution with the correct one
provided by the professor (see §4.1), and then produces a schematic feedback (see §4.2). The final result
is shown on the left of Figure 1. In addition, the schematic feedback is exploited in a prompt that queries
an LLM (see 4.4), in order to produce the detailed feedback shown on the right of Figure 1.

Al FEEDBACK ?

SCHEMATIC ANALYSIS ?
The error is that you did not verify the normality of the data before the Student t test. It is
important to ensure that the data meets the conditions necessary for the chosen test; in the case of
the t-test, one of these conditions is that the data is approximately distributed normally.
Command:
> t.test(sbpsafter[sbpsgender=="m"], sbp$after[sbp$gender=="f"]) (Tz;l:g:zdf:;rarlee?\y, you should first perform the Shapiro-Wilk data normality test for each group

p-value = 0.04224

Correct. shapiro.test(sbp$after[sbp$gender=="m"])
shapiro.test(sbp$after[sbp$gender=="f"])

Comment

Because the p-value is less than 0.05, | consider the difference in pressure statistically

y These commands assume that the data is normally distributed in the two groups. If the p-value is
significant and therefore generalizable to the population.

greater than 0.05, we do not reject the hypothesis of normality.
The interpretation of the analysis seems correct.
If normality is violated, non-parametric methods should be considered, such as the Wilcoxon-Mann-

. Whitney test, to compare the two groups:
Missing Commands:

> shapiro.test

> shapiro.test wilcox.test(sbp$after[sbpsgender=="m"], sbp$after[sbp$gender=="f"])
This test does not take the normality of data and can provide a more reliable analysis in the
Estimated vote 113.72 presence of non-normal distributions.

Figure 1: Schematic analysis (on the left) and detailed feedback (on the right)

Starting from the received feedback, the student can change the submitted solution, request a different
exercise, or quit the platform. It is worth remarking that the exercise selected by the rDSA system, and
how the schematic feedback is generated, depend on several adaptation criteria (see 4.3).

4. The Research

In the last five years, we pursued the following objectives. First, to develop a system that can analyse
students’ solutions and return an estimate of the final grade. Then, to improve the returned feedback in
terms of elaborated feedback. Hence, introduce adaptation in selecting the exercises and in the feedback
structure. Finally, to exploit LLMs to further improve the returned feedback.

4.1. AY 2020/21 - Develop a system that analyses students’ solutions and returns an
estimate of the final grade

The automated assessment of student programming assignments was first attempted in the sixties [15]
and evolved during the years [16]. The automated analysis of open-ended answers has a long tradition
in education [17], too. However, at the time of this research, no systems were available to analyze code
for the R language, and no specific tools existed to classify sentences written in Italian that explain
the result of a normality or hypothesis test. Therefore, we developed [18] a static code analysis tool
for R (i.e., a tool that checks the commands and the respective output for errors without executing
them) and a toolchain that uses FastText embeddings, hand-crafted features and a binary classifier for
the comments (initially based on SVM [18], and then on MLP [19]). Moreover, to estimate the final
grade, we introduced a “distance” that measures the similarity between the correct solution given by



the professor and a solution given by the student [18]. The main results we achieved are summarized in
[18, 19]. In short: (i) we measured a good correlation between the manual grades and the estimated
grades (R? = 0.81); (ii) we achieved an accuracy of 93% in classifying the comments as right or wrong;
(iii) we observed a good user experience (5.3/7) and high engagement (4.3/5) of the students with the
tool; (iv) students that did not use the system achieved an average grade of 21.7/30, significantly lower
than the others (24.9/30). As a summative assessment tool, it helped us to accelerate the correction
process and reduce the mistakes, too.

4.2. AY 2021/22 - Improve the returned feedback

We improved the feedback [20] by introducing explanations on the possible reasons for the mistakes,
which required: (i) introducing correct, wrong, and partially wrong commands; (ii) revising the distance
definition; (iii) revising both the static code analyzer and the feedback generation system. This feedback
is shown on the left of Figure 1. The main results we achieved are discussed in [20]. Students rated the
general usefulness of the system with 4.2/5, the clarity of the suggestions for the completely wrong
commands with 3.5/5, and the clarity of the suggestions for the partially wrong commands with 3.0/5.
The students’ engagement remained high (4.2/5). Moreover, students who used the improved feedback
achieved an average grade of 27.7/30, whereas students who did not use the feedback achieved an
average grade of 22.7/30. Note that students of the previous year, who used the initial feedback,
achieved an average grade of 24.9/30.

4.3. AY 2022/23 - Introduce adaptation

As is known, adaptive learning systems personalize educational experiences by using data-driven
techniques to tailor content, feedback, and pacing to individual learners. Research shows they improve
engagement and outcomes, especially through technologies like intelligent tutoring systems, machine
learning, and real-time learner modeling [21]. Accordingly, we introduced in the rDSA system an
adaptation algorithm based on the analysis of the students’ performances, using the Rasch model [22].
The main results we achieved are: good engagement (4.0/5), and average grades (27.6/30) similar to
the previous year. Given these results, we improved the adaptation algorithm based on an ensemble
regressor that can suggest to a student an exercise, which, if solved correctly, has the highest chances to
improve his/her learning outcomes [23]. The novel adaptation algorithm halved the error in estimating
the learning outcomes (from a MAPE of 39% with the Rasch model to 20% with the ensemble regressor).

4.4. AY 2023/24 and AY 2024/25 - Exploit LLMs to further improve the returned
feedback

We introduced an LLM-based feedback. We tested different types of feedback, prompts, and models [24],
until defining the detailed feedback (shown on the right of Figure 1). The main results we achieved are a
reduced focused attention (3.5/5 compared with 3.8 /5 measured in the previous year). This indicates an
increased cognitive load, which may be caused by the broader and more diverse information conveyed
by the detailed feedback with respect to the schematic feedback. The average grades improved to
28.2/30, and students who exercised more (i.e., > 90 exercises during formative assessment) achieved
better grades than the others (29.9/30 vs 27.6/30). Very recently [25], we carried out a study using
LLMs GPT-40 and LLaMA 3.3-7B to grade student responses and generate constructive feedback based
on student-submitted answers and corresponding reference solutions. We adopted a prompt engineering
approach, iteratively refining prompts to optimize both the classification of short answers and the quality
of feedback provided. The LLMs showed strong performance, comparable with that achieved with the
ad-hoc toolchain (see 4.1), with GPT-40 achieving an accuracy of 93% and LLaMA 3.3-7B following
closely at 92%. To assess the quality of the generated feedback, three domain experts evaluated the
responses. The feedback was judged adequate in 76.7% of cases, with substantial inter-rater agreement
as indicated by a Fleiss’ Kappa score of 0.807.



5. Conclusions

Grounding our research in technology-enhanced learning (TEL) in a sound theoretical framework has
shown its effectiveness. The results we achieved are manifold. We introduced a metric to measure the
distance between solutions made up of commands (and their output) and comments. We developed
a static code analyzer for R, an adaptive engine to select the “best” exercise for every student, two
types of adaptive feedback (one based on “traditional” Al another based on LLMs), tailored to data
science for health professionals. Moreover, we improved the students’ learning outcomes and achieved
good engagement levels, therefore, adding further pieces of evidence about the pivotal importance of
feedback during formative assessment to improve students’ learning outcomes. At the same time, we
highlighted possible drawbacks of EF generated by LLMs (i.e., cognitive load).

Even if the results focus on data science courses, the methodological choices (i.e., the theoretical
framework, how to calculate the distance) are independent of the specific domain. In addition, the
implemented tools have corresponding solutions for different languages/domains. For instance, many
static code analysis tools exist for other programming languages (e.g., Cppcheck for C, Pylint for Python).
Moreover, as already explored in §4.4, one can use LLMs instead of an ad-hoc toolchain for analyzing
comments.

As future work, we are already working on using RAG/CAG to improve the quality of the returned
feedback, whose preliminary results appear very promising. As a long-term implementation, we defined
a plan to implement a module in the rDSA system for the semi-automatic generation of exercises with
a structure, content, expected difficulty, and correct solution defined by the professor.

Declaration on Generative Al

During the preparation of this work, the authors used Grammarly for grammar and spelling checks.
After using this tool, the authors reviewed and edited the content as needed and take full responsibility
for the publication’s content.
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