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Databases are a key topic in many technical university degrees. As databases have a strong practical nature,
students are expected to solve many exercises before mastering the different aspects involved: querying and
modifying the database, writing procedural code (functions and procedures), and defining triggers, among
others. In this scenario, it is very important to have a substantial number of exercises available but also a
timely feedback to detect and fix mistakes. Therefore, automatic judges that execute students’ solutions and
generate immediate feedback are valuable tools to include in the teaching practice.

In this article, we assess the real impact of using an online automatic judge for free practice in a database
course over four academic years. For this purpose, we have contrasted the marks obtained in one academic
year, without the automatic judge, against the three following years in which the automatic judge was used.
The results show that final marks are statistically higher during the years when students make use of the
automatic judge, thus showing an overall positive impact on database learning. Similarly, the results show
that the more students use the automatic judge, the higher their final marks are. Besides these two insights,
we have also studied if the impact of the automatic judge is the same in groups of high-profile students,
concluding that this tool is less effective when improving learning in top-performing, highly self-motivated
students in a database course.
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1 Introduction
Databases form a foundational aspect of numerous technical disciplines and serve as the backbone
of modern information systems. Mastery of database concepts and skills is essential for students
pursuing careers in fields such as computer science (see, e.g., the computer science curricula [19]),
software engineering, and information technology. Among the various types of databases, relational
databases have been the most widely utilized over the past decades. These databases are primarily
managed and queried using the Structured Query Language (SQL), a standardized language
designed for interacting with relational data. While its syntax may initially appear similar to
natural language, mastering SQL requires addressing its inherent complexities [52] and overcoming
common misconceptions, which can be categorized into four distinct groups [27]: misconceptions
arising from prior course knowledge, stemming from incomplete or inaccurate mental models,
generalization, as well as language-based ones. SQL education has been extensively researched,
as demonstrated by the mapping study conducted by Taipalus and Seppänen [54]. A key aspect
emphasized in their findings is the importance of practical work in enhancing learning outcomes
[21, 34]. Therefore, the acquisition of database skills involves solving a considerable number of
exercises to reinforce theoretical knowledge and foster practical competence, which appear in
higher levels of Bloom’s taxonomy [2, 5]. However, providing timely and comprehensive feedback
on student solutions presents a significant challenge for educators, particularly as class sizes grow
and resource constraints become more pronounced. To address this challenge, automatic judges
have proven to be effective tools for improving the learning of practical programming skills in
general [35, 37] and database manipulation in particular (e.g., [31, 42, 43]). These platforms enable
students to submit their solutions to database exercises, which are then automatically evaluated and
provided with immediate feedback. By leveraging the capabilities of automatic judges, educators
can augment the learning experience by offering students timely guidance and assessment, thereby
facilitating the iterative process of skill development.

This article presents an online automatic judge for database learning, LearnSQL, and investigates
the impact of its integration into the pedagogical framework of a database course over four academic
years. Specifically, we empirically evaluate the efficacy of employing this automatic judge for free
practice exercises and its influence on student learning outcomes.Through a comparative analysis of
student performance across academic years, we aim to determine the extent to which the adoption
of an automatic judge correlates with improvements in final marks. In addition, we explore how the
frequency of student engagement with the automatic judge correlates with their overall academic
achievement. Furthermore, this study examines whether the impact of the automatic judge remains
consistent across groups of high-performing students. Ultimately, our findings aim to inform
educators and curriculum designers about the potential benefits and considerations associated with
integrating automated assessment mechanisms into database education.

To conduct our research on the impact of LearnSQL on database learning, we have collected
evidence to answer the following three research questions (RQ):

—RQ1: Does providing an automatic judge for practicing database problems improve final marks
in the ordinary exam? Our main goal is to identify statistically relevant evidence supporting
a positive impact of the availability an automatic judge for free practice in the students’
learning outcomes, as obtained in the final ordinary exam, which is one of the most objective
ways to measure the knowledge of the subject of each individual student. For that, we
statistically compare the marks in the final ordinary exams before and after the automatic
judge was introduced in the database class, whereas the remaining instructional aspects
remain unchanged. This RQ assumes a binary distinction (students who had the automatic
judge available vs. those who did not) without considering the intensity or frequency of its
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use. RQ1 aims to provide evidence on the suitability of incorporating automatic judges into
database classes.

—RQ2: Do students who use the automatic judge more achieve higher marks in the ordinary exam?
Once the automatic judge is available, the second RQ focuses on whether using the automatic
judge more intensively will lead to better learning outcomes. Although such a correlation
may not imply a direct causality, it would provide more evidence about the positive impact
of including an automatic judge for free practice in database classes. This RQ complements
RQ1 by providing insight into whether increased engagement with the automatic judge is
associated with better outcomes, i.e., how the automatic judge should be used for optimal
results.

—RQ3: Is the impact of the automatic judge dependent on students’ profiles? Research has iden-
tified distinct student profiles in Computer Science, particularly regarding motivation and
strategic self-regulation [45], while other studies have distinguished between effective and
ineffective students when using automatic judges in introductory programming courses [36].
Therefore, we also want to study the possible differences in the impact of the automatic judge
in two groups with a highly different profile: single-degree students on Computer Science
Engineering and double-degree students on Computer Science Engineering/Mathematics.
Double-degree students are, in general, very self-motivated toward learning and obtain higher
marks compared to single-degree students; so having additional learning tools may be less
useful for them.

This article is an extension of the version [26] appeared on the SEKE 2022 international conference.
The previous article presented a preliminary evaluation of the LearnSQL online automatic judge
considering only the academic year 2021–2022 in the single degree, focusing only on the correlation
between automatic judge usage and finalmarks. In the present article, we have significantly extended
the evaluation of the automatic judge by expanding the number of academic years considered
(2019–2020, 2021–2022, 2022–2023, and 2023–2024) and including students from the double degree
on Computer Science Engineering/Mathematics. In addition to extending the study population, we
have formulated more precise RQs to obtain higher-quality and more generalizable conclusions,
applied more robust statistical analyses, conducted a detailed comparison with other automatic
judges for database learning, and included an in-depth discussion addressing potential threats to
validity and the practical implications identified throughout the development and evaluation of the
automatic judge.

The rest of the article is organized as follows: Section 2 introduces LearnSQL, the automatic judge
for database learning; while Section 3 presents the research design for its evaluation. Section 4
analyzes the impact of the automatic judge on students’ performance across all studied scenarios
and includes a qualitative examination of its usage. Section 5 presents some insights about the
automatic judge extracted from a survey based on student questionnaires. In Section 6, we discuss
the conclusions drawn from statistical evidence and student feedback, reflect on potential threats
to validity, and outline practical implications that may be useful for educators and tool developers.
Finally, Section 7 presents a detailed comparison between the automatic judge LearnSQL and other
similar tools for database learning, and Section 8 concludes and presents some topics of future work.

2 The LearnSQL Automatic Judge
LearnSQL is an online automatic judge designed to practice database exercises through a user-
friendly web interface. It is available as open source software1 under the MIT license, enabling

1The source code of LearnSQL is available at https://github.com/emartinm/lsql.
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Fig. 1. Problem statement in LearnSQL (SQL query).

Fig. 2. LearnSQL feedback: missing rows (left) and DES additional hints (right).

instructors to deploy and customize it to suit their teaching needs. With LearnSQL, students can
access collections of database problems, view problem statements, and submit their solutions
directly through a text input area or uploading a text file. Figure 1 shows the statement of a problem
as seen by the students: first a description of the task to solve (in this case, writing a query) followed
by a sample database and the expected results of the query for that database. Students access the
automatic judge using their usernames and passwords, allowing them to consult the history of all
their attempts, see which problems they have solved, and explore other gamification features, such
as their achievements and rankings.

A standout feature of LearnSQL is its role as an automatic judge tailored for educational pur-
poses. When students submit their solutions, the system provides detailed feedback on any errors
encountered. This feedback covers a wide range of issues, including syntax errors, schema dis-
crepancies, and differences in expected results, as shown in the left part of Figure 2. By offering
comprehensive feedback, LearnSQL aids students in understanding and rectifying their mistakes,
thereby enhancing their learning experience.

LearnSQL supports different types of problems suitable for introductory database courses. The
most usual kind of problem involves writing SQL queries that meet a particular requirement.
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LearnSQL also supports data manipulation language (DML) problems, where the goal is to
insert, delete, or update rows in the tables to modify a database instance. Regarding the procedural
languages used in databases, LearnSQL also provides problems to define functions, procedures, and
triggers. Finally, LearnSQL supports problems devoted to discriminate SQL queries. In this kind of
problems, given two similar but different SQL queries, students are expected to provide a set of rows
for the involved tables such that the queries produce different results. These problems challenge
students to discern between similar but non-equivalent queries, promoting critical thinking and
problem-solving skills. In total, LearnSQL contains around 200 database problems, where the vast
majority (86%) are related to SQL queries.

To assess the correctness of student submissions, LearnSQL executes the provided code in a
database management system (DBMS) and compares the results against expected outcomes
generated by the instructor’s solution. This validation process can involve multiple test cases
to improve accuracy. To enhance the applicability and flexibility of the automatic judge, all the
communication with the DBMS is encapsulated in the SQL execution component. Currently, we
have implemented this SQL execution component for Oracle databases,2 but similar components
could be easily developed for other relational systems such as PostgreSQL, MySQL, or Microsoft
SQL Server.

In addition to execution-based evaluation, LearnSQL employs static analysis of student code
using the datalog educational system (DES) [49]. DES provides more informative messages for
syntax errors and, most importantly, it performs advanced analyses to identify semantic errors
[50], such as unnecessary joins, inconsistent or tautological conditions, or unnecessary subqueries,
empowering students to not only correct but also refine and simplify their SQL code. For example,
Figure 2 (right) shows that the condition used by the student will always return all rows despite
the actual values found in the column No_Members, therefore indicating a tautological condition.

Furthermore, LearnSQL is designed to support multiple languages. It currently supports Spanish
and English, but any other language can be easily integrated by means of string translation files.
By enabling gamification elements such as achievements, podiums, and rankings, instructors can
motivate students to engage with the platform actively. Achievements are earned by completing sets
of problems or specific problem types and are displayed as badges in a global ranking, encouraging
healthy competition among students. As discussed in Section 7, all these features differentiate our
tool from currently available alternatives.

3 Research Design
In this section, we present the context of the course in which we have applied the automatic judge,
explaining the participants involved in the evaluation, as well as the data acquisition procedure
and the statistical tools applied.

3.1 Context of the Course
We have used LearnSQL in an introductory course on databases, which is part of the degree
programs offered by the Faculty of Computer Science at the Complutense University of Madrid, a
research- and teaching-focused, publicly funded university located in Madrid, Spain. The Bachelor’s
degree on computer science and engineering (CSE) (in the following) covers 4 years, being the
database course taught in the first half of the second year (third semester). The double Bachelor’s
degree on computer science and engineering/mathematics (CSE/M) (in the following) covers
5 years, and the database course is taught in the first half of the third year (fifth semester). Teaching
in both degrees is conducted entirely in person.

2Tested with the systems Oracle XE 11.2, Oracle XE 18.0, Oracle XE 21.3, and Oracle Free 23.6.
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The syllabus of the introductory course on databases covers the standard contents [18, 46]:
relational model, entity-relationship model, SQL queries, procedural SQL (functions, procedures,
and triggers), and transactions. The teaching schedule in the introductory course on databases
consists of a total of 50 hours organized in either 30 sessions of 100 minutes each with an additional
break of 10 minutes, or 15 sessions of 100 minutes (with break) and 30 sessions of 50 minutes
(without break), depending on the degree. Approximately 50% of the sessions are lectures, while the
remaining 50% consist of practical sessions in which students solve exercises that involve performing
SQL queries and defining functions, procedures, and triggers in the database. Considering all the
degrees in the faculty, there were 6 different groups in this course with 30–80 students in each
group.

Regarding the evaluation, 70% of the course grade was obtained in a final written exam. This
exam, with a total score of 10 points, was composed of 3 parts. The first part is devoted to the design
of databases for a total of 3.5 points. The second part is the main component of the exam, with
exercises on SQL queries and procedural SQL up to a total of six points. This is the part of the exam
we will focus on when assessing the impact of LearnSQL on students’ learning (see Section 4).
Finally, there is a part about transactions with a value of 0.5 points. The final exam is exactly the
same in all the groups of the course, for both single and double degrees.

3.2 Academic Years and Participants
For evaluating the learning improvement, we used the LearnSQL automatic judge in the academic
years 2021–2022, 2022–2023, and 2023–2024, considering the year 2019–2020 as the baseline aca-
demic year in which no automatic judge was used. Although we have also gathered data from
the academic year 2020–2021, we have consciously left it out from our research because of the
special circumstances in which it took place. Due to the COVID-19 pandemic, the classes during the
academic year 2020–2021 followed a hybrid modality with theoretical classes delivered remotely
via video call and practical classes conducted in-person in the faculty laboratories. This change of
modality in the academic year 2020–2021, combined with the serious impact the pandemic had on
the mood and mental health of university students [12, 25, 57], strongly casts doubt on any statistical
comparison involving that academic year. Note that the database course of the year 2019–2020 was
not affected by the COVID-19 pandemic because it took place from September 2019 to January
2020, so it ended a few months before the large numbers of infections and lockdowns started. The
academic year 2021–2022 returned to fully in-person teaching with some safety measures, but the
pandemic was fading out, and the classes took place in an environment of relative normality.

For the evaluation of LearnSQL, we have considered two of the six groups of the introductory
course on databases: one group from the single-degree CSE and the only group of the double-
degree CSE/M. These groups were the only ones that have had the same instructors in the span
2019–2024 and have incorporated the automatic judge in their teaching. While the student cohorts
naturally varied across academic years, the syllabus, content delivery methods, and evaluation
criteria remained unchanged. As such, the introduction of the LearnSQL automatic judge represents
the only major pedagogical change implemented in these groups between 2019–2020 and the
academic years 2021–2022, 2022–2023, and 2023–2024. We introduced the automatic judge to the
students in the first weeks of the course, and we encouraged them to use it to solve the exercises of
the practical classes. However, the use of LearnSQL was completely voluntary for the students: the
assignments in the practical classes were free practice exercises that were not assessed and did
not have any impact on the final mark of the course. In other words, all students could freely use
LearnSQL as a tool to practice SQL if they considered it was useful for them.

Table 1 shows the distribution of students among the groups that were evaluated, including
the proportion of women students. In the single-degree CSE we have 191 students in total, with
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Table 1. Distribution of Students among Academic Years, Including the Proportion of Women
Students

Degree 2019–2020 2021–2022 2022–2023 2023–2024 Total
Women All Women All Women All Women All Women All

CSE 13 (19.7%) 66 5 (12.2%) 41 8 (17.8%) 45 5 (12.8%) 39 31 (16.2%) 191
CSE/M 9 (33.3%) 27 4 (16.7%) 24 6 (26.1%) 23 5 (17.9%) 28 24 (23.5%) 102
Total 22 (23.7%) 93 9 (13.8%) 65 14 (20.6%) 68 10 (14.9%) 67 55 (18.8%) 293

Table 2. Student Performance across All Subjects in the Second Year (CSE) and Third Year
(CSE/M)

Degree Metric 2019–2020 2021–2022 2022–2023 2023–2024

CSE Avg. mark 6.14 5.91 6.02 5.60
Performance rate (%) 63.06 52.26 63.56 57.11

CSE/M Avg. mark 7.70 7.52 7.48 7.27
Performance rate (%) 92.18 93.69 86.14 86.70

31 women students (16.2%). In the double-degree CSE/M we have 102 students, with 24 women
students (23.5%). Considering both degrees, we have a population of 293 students, with an overall
18.8% of women students. Therefore, we observe that women students are a clear minority, as usual
in STEM careers [4, 48].

In Table 2, we present the students’ performance in all the subjects of the same year as provided
by the institutional intelligence center of the university. We show the two main performance
metrics for both degrees. The average mark (value from 0 to 10) combines the final mark for all
the students in the group considered in the evaluation, taking into account all the subjects in the
same academic year, whereas the performance rate shows the number of academic credits passed
(measured as European Credit Transfer and Accumulation System) among all the academic credits
enrolled in every academic year. In the CSE curriculum, there are no elective courses in the second
year, and a high percentage of students in the CSE group (over 70% in most academic years) take the
database course for the first time. This suggests that CSE students are enrolled in a large number
of second-year courses from the program in addition to the database course under study. This
homogeneity is even more evident in the CSE/M group, where the percentage of students taking
the database course for the first time is much higher (over 96%), and the program does not offer
elective courses until the fifth year, so we can ensure that most of the students in the CSE/M group
are also enrolled in all courses corresponding to the third year of the CSE/M program. To place
these data in the context of the corresponding degree programs, Table 3 shows the figures for the
years immediately preceding and following the one in which the databases course is taught in each
program. That is, the data for the first and third years in the case of CSE, and for the second and
fourth years in the case of CSE/M. The table also includes the overall performance rates of each
degree program for every academic year between 2018–2019 and 2023–2024.

The information shown in Tables 2 and 3 serves two important purposes. First, to assess the
comparability of student cohorts across academic years, we examined their overall academic per-
formance in all subjects during the second year (CSE) and third year (CSE/M). As shown in Table 2,
both the average marks and performance rates (i.e., the percentage of passed courses) remain
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Table 3. Student Performance Rates (%) in the Degree Years Preceding and Following the Databases
Course

Degree Year 2018–2019 2019–2020 2020–2021 2021–2022 2022–2023 2023–2024

CSE
First year 72.14 77.60 71.91 74.02 82.52 74.77
Third year 73.47 76.04 71.67 71.09 76.35 78.79
Overall (4 years) 71.51 75.35 72.24 74.01 77.37 76.64

CSE/M
Second year 90.54 90.12 86.59 86.39 85.20 90.40
Fourth year 95.73 99.35 94.02 93.10 92.57 92.94
Overall (5 years) 90.41 93.14 90.84 90.69 89.22 89.97

Table 4. Summary of Automatic Judge Usage and Exam Statistics by Year

relatively stable over the four academic years analyzed. In CSE, the average mark ranges from
5.60 to 6.14, while the performance rate varies between 52.26% and 63.56%. Similarly, in CSE/M,
the average marks fluctuate slightly between 7.27 and 7.70, and the performance rate consistently
exceeds 86%, reaching up to 93.69%. Besides the year in which the databases course is taught, in
Table 3 we show the absence of substantial increases in student’s performance along the academic
years, with the exception of first-year students in year 2022–2023. These observations suggest
that the academic level of students has remained relatively consistent across cohorts, supporting
the validity of our comparative analysis. Second, Table 2 highlights a consistent performance gap
between the two degree programs. Students in the double-degree program (CSE/M) achieve average
marks approximately 1.5 points higher than those in the single-degree program (CSE). Moreover,
their performance rate indicates that they successfully complete nearly all the credits they enroll
in, whereas CSE students pass between 52% and 64% of their enrolled credits, depending on the
academic year. Another aspect where profile differences between the two groups of participants
can be perceived is on the performance of their students in the database course. Table 4 in the
next section displays some relevant performance indicators. For example, all the students from the
double-degree CSE/M attend and pass the exam, whereas in the single-degree CSE several students
drop the course and the percentage of students passing the exam ranges from 58.62% to 94.74%,
depending on the academic year. Similarly, the average exam score is about 2.5 points (out of 10)
higher in the double degree than in the single degree, and the mean score for the SQL exercises is
also 2.5 points (out of 6) higher in the double degree. With an average exam mark close to 9 points
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out of 10 and average SQL marks above 5 points out of 6, we can conclude that students from the
double-degree CSE/M are top-performing students in the subject of databases.

3.3 Data Acquisition
In order to analyze the effect of the usage of the automatic judge LearnSQL in the student perfor-
mance, we have collected data from three main sources:

—Grade Books: one for each group and academic year, they include the marks of every exercise
of the final exam for each student registered in the course. In the analyses, we have considered
the sum of the marks of the SQL exercises in the exam (6 points out of 10) and the final mark
of the exam. Students that have not attended the exam have been omitted in the analyses.

—Submission Logs from the Automatic Judge: for each submission, they include an identifier of
the student, an identifier of the problem, a timestamp, and the simplified verdict obtained
from the automatic judge, among accepted, wrong answer, run error, and validation error.3 This
information is only available from the academic year 2021–2022 onward, since the automatic
judge was not used until then. We have derived some descriptive statistics aggregated by
student including the number of submissions, the number of problems that have been tried
and solved, the mean number of attempts until a problem is solved or abandoned, and the
mean time delay between the first and last attempts on a problem. Other global statistics have
been obtained such as the number of submissions done during class hours.

—Questionnaires: to gain a better understanding of students’ personal impressions of the auto-
matic judge, at the conclusion of the 2021–2022, 2022–2023, and 2023–2024 academic years,
questionnaires were distributed to students enrolled in the database course. Participation
was entirely voluntary, and all responses were fully anonymous. The questionnaires included
numerical rating questions addressing various aspects of the automatic judge, as well as
open-ended questions that provided students with the opportunity to highlight both the tool’s
strengths and the areas for potential improvement.

All the data gathered for this analysis, both the grade books and submissions logs from the
automatic judge, have been completely anonymized and the dataset is available at [3], along with
the Python scripts used for automatizing the analyses.

For the data acquisition phase, we have followed the guidelines included in the “Code of Conduct”
and the “Basic Guide to Data Protection in Research” of our institution. Questionnaires were
completely anonymous by design, and regarding grade books and submission logs, they have been
irreversibly anonymized to remove any trace of personal information. Moreover, at the beginning
of each course, students were informed that the automatic judge was under evaluation and their
usage and marks could be used, and we did not receive any requests to opt out of the study. On
the other hand, all students are bound by the “Coexistence Guarantee System” of our institution,
which explicitly forbids any form of academic dishonesty and outlines various levels of penalties
for disciplinary offenses. In this context, and considering the in-person and supervised nature
of the final exam, we believe that the data in grade books directly reflects the student’s abilities.
Regarding submission logs, the automatic judge was provided as a supplementary learning tool, its
use was completely free, and submissions were not subject to grading. Therefore, we also consider
submission logs reflect legitimate student interactions and the collected data is not affected by
any kind of academic fraud (e.g., copying third-party solutions or using an AI system to solve the
problems), as cheating on automatic judge submissions would not yield any benefit to the students.

3A submission receives this verdict when it does not fulfil the problem requirements, for example, containing too many or
too few SQL statements.
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3.4 Statistical Tools
For assessing the statistical significance of the findings, we rely on standard statistical instruments
like correlations, hypothesis tests, and confidence intervals. First, we have used the Shapiro–Wilk
test to evaluate whether the mark of the SQL exercises and the final mark of the exam are sampled
from a normal distribution, and the results suggest rejecting normality (the null hypothesis) with a
p-value of 5.69 · 10−4 in CSE (4.2 · 10−11 in CSE/M) for the marks of the SQL exercises and 3.86 · 10−6
in CSE (2.33 · 10−3 in CSE/M) for the marks in the final exam. Graphical confirmation of this fact
can be obtained by observing the distribution of the marks, along the . axis, in Figure 9. In order
for the Shapiro–Wilk test not to reject the normality of the distribution, a significant amount of the
sample (60%) needs to be discarded. Therefore, we have decided to limit ourselves to nonparametric
methods. In particular, instead of Pearson’s correlation and Student/Welch’s C-test, we have used
Spearman’s and Kendall’s g correlation coefficients and Mann-Whitney U test. The p-values needed
to evaluate the Spearman’s correlation significance are calculated using permutation testing when
the subsamples considered are small. Confidence intervals for mark improvement after the adoption
of the automatic judge are calculated using Bayesian methods with Jeffreys’ distribution as prior,
since we do not have a more specific assumption about the student grades. The computed intervals
are very similar to those that would have been built from the Welch’s C-test in case we had assumed
normality. As a complementary measure to characterize the effect size, we calculate Cohen’s 3
coefficients [11], that is, the difference between means divided by a weighted combination of the
standard deviations. Given that the data in which it is applied is not normally distributed, the
classification of the effect into small, medium, and large should be taken with additional reserves.

Since the two groups included in this study have quite different participation and performance re-
sults, as shown evident in the summary statistics referred before, we have analyzed them separately.
More specifically, the statistic technique used depends on each RQ:

—Confidence intervals are obtained for the difference of mean marks between the academic
years when the automatic judge was used and those in which it was not. Hypothesis testing
is also used to argue whether these improvements are statistically significant.

—Correlations are computed between the number of problems a student has tried as independent
variable, and the mark obtained in the SQL exercises of the exam as dependent variable.

As mentioned in Section 3.3, students who did not attend the exam have not been considered
in our analyses. Moreover, we discarded three outliers in the CSE/M group (1 in the academic
year 2019–2020 and two in the academic year 2022–2023) with respect to the exam marks, namely
those whose marks were more than three standard deviations away from the mean (3f rule). No
student has been removed from the CSE group under the same criterion. Outliers regarding the
number of tried or solved problems were retained, as the analysis relies exclusively on order-based
nonparametric methods. These methods are more robust against outliers, since the magnitude of
the samples are immaterial to them except for their relative order.

4 Results
In this section, we first discuss how the automatic judge was used according to its activity logs.
Combining this information with the marks of the SQL exercises of the final exam, we analyze
whether there is quantitative evidence to support that the automatic judge has had a positive effect
on the students’ performance and learning process.

4.1 Usage of the Automatic Judge
While the net population consists of 293 students registered in the courses described in Section 3.1
along the four academic years, 102 of them from the double-degree group, we have limited our
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Fig. 3. Histogram: distribution of problems tried per student and academic year. Each bar between two
consecutive marks 0 and 1 of the G-axis represents the ratio of CSE (upward) or CSE/M (downward) students
who tried between 0 (included) and 1 (excluded) problems in one academic year.

analysis to the 255 who attended the final exam, since we need their marks for our analysis. As
mentioned before, we have also discarded three students in the CSE/M group as outliers, because
their SQL exercise marks were more than 3 standard deviations away from the mean mark. Two of
them can be clearly identified in Figure 9, while the other one belongs to the 2019–2020 academic
year. Among those who did not attend the exam since 2020, only 9 of 30 have practiced with
LearnSQL, solving 19.78 problems in mean. The students who attended the final exam have tried an
unequal quantity of exercises among the 200 available in the online automatic judge, as shown in
Figure 3. Most students have tried to solve around 30 exercises (` = 30.98, f = 24.83, median= 25),
while only 17 students (5 of them in the CSE/M group) have not used LearnSQL at all in the three
academic years analyzed. The students in the double-degree CSE/M have tried fewer problems
(` = 21.05, f = 13.88, and median = 21 vs. ` = 38.62, f = 28.51, and median = 38 in the single-
degree CSE). Moreover, the students have effectively solved the majority of problems they have
tried, as illustrated in Figure 4. We observe that just a few problems were left unsolved (most of the
students abandoned between 0 and 2 problems), with an average of 5.87 (f = 7.43) attempts before
giving up. Several students retry the problems some days later with an average of 41.74 hours
(f = 224.03) between the first and last unsuccessful attempts. The delay between the first attempt
and the first correct submission is around 10 hours (` = 10.05, f = 95.99) in the whole population
of students, although it decreases to 1.55 hours (f = 13.71) in the double-degree CSE/M. In this
same degree, the problem abandon rate is smaller with a mean of 0.9 abandoned problems instead
of 1.66 for the single-degree CSE, while the numbers of attempts before solving (` = 1.59, f = 3.36)
and abandoning (` = 5.68, f = 5.73) a problem are only slightly lower. The number of attempts
for a student to solve a given problem is usually low (` = 1.82, f = 4.52), with the first try being
enough in 55.03% of the cases, and the second attempt in 18.25%. However, everyone has failed
some problem and obtained feedback from the automatic judge.

The percentages of problems solved on the first and second attempt are higher than those
reported in similar studies on SQL exercises [8, 28, 39]. This difference can be attributed to the
distinctive features of the automatic judge used. First, LearnSQL provides students not only with
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Fig. 4. Histogram: distribution of problems tried but not solved per student and academic year. Each bar over
a mark 0 in the G-axis represents the ratio of CSE (upward) or CSE/M (downward) students who abandoned
0 problems in the corresponding academic year.

the schema of the tables but also with the values stored in the rows and the expected results (see
Figure 1). Furthermore, LearnSQL includes a feature allowing students to download an SQL script
to create and populate the database associated with the problem. This enables students to practice
locally on their own database instances, submitting their solutions to the automatic judge only
when they feel confident, thereby minimizing simple syntactic and semantic errors. Additionally,
LearnSQL offers a set of approximately 200 problems, including a substantial number of easy and
very easy problems. This is in contrast to the 13 problems analyzed in [8] and the 6 problems used
in [28], some of which address advanced SQL concepts such as self-joins, NOT EXISTS clauses,
and correlated subqueries. Finally, as previously noted, we rule out the possibility of academic
dishonesty (e.g., using AI tools or copying third-party solutions) because LearnSQL was exclusively
used for voluntary practice; submissions were not graded and did not impact students’ final marks.
The majority of the interactions (70.19%) with the online automatic judge have concentrated during
the first to second month of the lessons, two months before the exam. This time window coincides
with the time when SQL queries and procedural SQL are taught in class. However, shortly before the
final exam in January, the number of submissions has slightly increased (15.15%). The submission
concentration is more pronounced in the double-degree CSE/M, as shown in Figure 6, with a 99%
of the submissions in 3 weeks. This concentration in the double-degree CSE/M is explained by
the fact that students were assigned laboratory practices using LearnSQL in late October to early
November. Additionally, throughout the rest of the course, they used other systems that were not
employed by students in the single-degree CSE. It is also interesting to consider the information
in Figure 5, which indicates that the automatic judge has been used extensively. Although some
students have not used the automatic judge at all, those that have used it have submitted many
times, and some of them sent more than 500 submissions (and all of them have passed and obtained
good results in the exam).

In order to analyze which kind of problems is the most difficult for students, we have categorized
our problems into DataQuery Language (DQL) (for data retrieving queries, i.e., SELECT), DML,
for data modification queries, such as INSERT), and Embedded Procedural Language (EPL)
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Fig. 5. Histogram: distribution of solutions submitted per student and academic year. Each bar between two
consecutive marks 0 and 1 of the G-axis represents the ratio of CSE (upward) or CSE/M (downward) students
who submit between 0 (included) and 1 (excluded) solutions in one academic year.

(a general-purpose programming language embedded in the DBMS, e.g., PL/SQL in Oracle for
triggers, functions, and procedures). In turn, DQL problems have been classified using tags inferred
from the SQL query capabilities employed in both the instructors’ solutions and the students’
submissions. These tags include: inner joins, outer joins, nested subqueries, grouping (using GROUP
BY), aggregation functions (e.g., SUM, MAX), group filtering (via HAVING), management of NULL values,
result sorting (using ORDER BY), row existence (with EXISTS), and set operations (such as UNION,
INTERSECT, etc.). For the whole repertory of problems and some selected categories, Figure 7 shows
the proportion of judge verdicts (accepted answers, syntactic errors, and semantic errors), the
success rate defined as

|{(B, ?) | student B solved problem ?}|
|{(B, ?) | student B tried problem ?}| ,

and the mean number of submissions required to solve those problems. Exercises involving triggers
stand out as they require more submissions to be solved (four tries in mean), while problems in-
volving the EXISTS operator are those which are abandoned the most. All other subtypes (including
all possible combinations of the aforementioned tags) exhibit figures similar to those of the whole
repertory of problems. Moreover, we have also studied whether the performance of the students
varies along the semester. Figure 6 shows the number of aggregated attempts (i.e., sequences of
submissions of a student to the same problem with less than 10 days between them), their success
rate as defined above, and the mean number of submissions required on them to solve the problem
for each week of the semester and for both groups. While the outliers in the number of submissions
and success rates can be explained by the small amount of attempts in those weeks, it is worth
noticing that, in the CSE group, one of the lowest success rates and the greatest number of tries
occur in the two weeks before the exam. This can be explained by the following factors: (i) The most
frequently attempted problems during that period involve triggers, which appear to be the most
challenging, as mentioned earlier, (ii) 85% of the attempts correspond to the first time the student
tried that problem, even though the problems had been available throughout the course—indicating
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Fig. 6. Number of attempts of some problem by some student, success rate (proportion of successful attempts),
and mean number of submissions in successful attempts per course week and by group. The scale for the
number of attempts is on the left axis, the scale for the submissions is on the right, and the success rate is a
proportion between 0 and 1 (which is attained in both graphs). Values are means among all years considered.

Fig. 7. Distribution of judge verdicts (syntactic error, semantic error, or accepted), success rate (hatched bar),
and number of submissions until a problem is first solved (box plot) by category of problems. The scale for
the bar plots in on the left, while the scale for the box plot is on the right. Except the first two columns, all
others combine CSE and CSE/M data.

that students were not reviewing them for the exam, and (iii) The most active users during that
period are among the least active users throughout the course.

4.2 Performance before and after the Introduction of the Automatic Judge
Even though the usage of automatic judge and the performance of the students have been het-
erogeneous during the three academic years, as shown in Table 4, we have compared the marks
obtained in the only year without automatic judge (2019–2020) with those of the rest of the years
using the Mann-Whitney U test. Our null and alternative hypotheses can be stated as follows:
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Table 5. Statistical Analyses by Academic Year

Mann-Whitney U test, Bayesian confidence intervals for the difference of marks, and Cohen’s 3 effect size with
respect to the academic year 2019–2020; and Spearman’s correlation coefficients (d) with corresponding
p-values (calculated by permutation testing) for the amount of practice.

(�0) The marks of the SQL exercises of the academic year 2019–2020 coincide with the marks on
the rest of the years.

(Ha) The marks of the SQL exercises of 2019–2020 are lower than the marks of the rest of the years.

For the single-degree CSE, the tests rejects (�0) in favor of (Ha) with a p-value of 3.31 · 10−7
(* = 1433). On the contrary, for the double-degree CSE/M, the test yields a p-value 0.596 (* = 979)
that does not allow us to reject the null hypothesis. In order to quantify the potential improvement
after the introduction of the automatic judge, we have also calculated a confidence interval for
the difference of mean marks using Bayesian methods with a Jeffrey’s prior. With a significance
level of 0.95, the confidence interval is covered by [0.55, 1.74] for the single-degree CSE, and by
[−0.29, 0.46] for the double-degree CSE/M. Moreover, the Cohen’s 3 effect sizes are 0.94 and 0.17,
respectively, which could be interpreted as a large and a small effect. Comparisons by academic
year are shown in Table 5, where the Mann-Whitney row tests the null hypothesis “the marks of
the SQL exercises of the academic year 2019–2020 coincide with those marks on the academic year
. ” for each academic year . , and the Confidence interval rows indicate the lower and upper bounds
of the confidence interval for the difference of means between the year 2019–2020 and . calculated
as explained before.

4.3 Performance with Respect to the Amount of Practice
In order to further evaluate the effect on learning of LearnSQL, we compare the usage profile of the
students with the marks they have obtained in the SQL-related exercises of the final exam. Table 5
shows the Spearman’s correlation coefficient between these metrics for each academic course and
group. The lower row indicates the p-values (values lower than the significance level of 0.05 have a
green tick, while p-values greater than 0.05 have a red cross) computed by permutation testing for
the null hypothesis that the correlation is zero and the alternative hypothesis that it is positive.
Every p-value falls below the significance level of 0.05, so the existence of a direct correlation
between the magnitudes can be accepted, although the correlation coefficients are usually modest.
Combining all years by degrees, we obtain Spearman’s and Kendall’s g correlations of respectively
0.482 (p = 3.72 · 10−7) and 0.351 (p = 3.37 · 10−7) for the single-degree CSE, and 0.389 (p = 3.3 · 10−4)
and 0.272 (p = 4.33 ·10−4) for the double-degree CSE/M. Since problems are rarely abandoned before
solving them, similar results are obtained if solved (instead of tried) problems are considered: the
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Fig. 8. Box plot of the SQL exercises’ marks by number of tried problems, aggregated by quintiles.

Spearman’s and Kendall’s g correlations become 0.486 (p = 3.01 · 10−7) and 0.352 (p = 3.45 · 10−7)
for the single-degree CSE, and 0.401 (p = 2.18 · 10−4) and 0.279 (p = 2.94 · 10−4) for CSE/M. Thus,
there is a statistically significant monotonic relationship between problems tried/solved and SQL
exercise marks in the single-degree CSE, which is weaker in the double-degree CSE/M.

Figure 8 gives a more intuitive insight by showing the distribution of those marks aggregated
into five equally numerous subsets by increasing number of tried problems. Its monotonicity
suggests statistical evidence that students using the automatic judge to a greater extent improve
their performance in the SQL exercises of the exam. Moreover, considering the quantiles of order 8
on the number of tried problems, we compare the marks of the students who have tried more than
this number of problems against those who have tried less with the Mann-Whitney U test. In all
cases, we obtain a p-value under the confidence level of 0.05 (the maximum is p = 7.67 · 10−3 for
CSE, and 0.0167 for CSE/M), which can be interpreted as quantitative evidence for the conclusions
that have been drawn from the box plot. Notice that the students who have not used the judge at all
(12 for CSE and 5 for CSE/M, plus a discarded low-mark outlier in the latter group) are included in
the lowest quintile of each group. Their mean mark is shortly below the mean of the whole group,
although there is a student in each group that obtained more than 9 points out of 10 in the exam or
5.9 points out of 6 in the SQL exercises.

4.4 Impact of the Automatic Judge on Women Students
Women’s underrepresentation in STEM careers is a well-known issue [4, 48], and the distribution
of students shown in Table 1 confirms this underrepresentation in both CSE and CSE/M groups.
Some studies focusing on Computer Science suggest that women students show differences in their
learning styles [24] and their performance and satisfaction [29]. However, prior studies [16, 17]
have found no significant gender differences in the use of automatic judges and their improvements
for database learning. In light of these findings, we have examined whether the conclusions drawn
for RQ1 and RQ2 hold when considering only the subset of women students.

We first observe that there are no significant differences between women students and the whole
class in the SQL exercises marks (the mean is only 0.12 points out of 6 above for women in the
whole population) and any other variable in the study. Regarding RQ1, the Mann-Whitney U test for
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Fig. 9. Marks for SQL exercises vs. tried problems (women students shown as filled blue circles).

the mark improvement between the academic year 2019–20 and the rest of the academic years gives
a p-value of 1.6 · 10−3 in CSE and of 0.589 in CSE/M, similarly to the whole population. The Cohen’s
3 measures are respectively 1.56 (large effect) and 0.2 (small effect). The confidence intervals are
[0.25, 3.41] and [−0.72, 0.93], respectively, which are too wide due to the reduced sample size of
women students. Regarding RQ2, Figure 9 shows the distribution of marks obtained by all students
in the SQL exercises of the exam, arranged by number of tried exercises in the automatic judge,
with women depicted as filled bluish circles. The hypothetical monotonic relation between the
automatic judge usage and the grades is less clear but still observable in the single-degree CSE, and
not clear at all for the double-degree CSE/M. This uncertainty is maintained by the quantitative
measures, with a Spearman’s correlation of 0.482 (p = 0.0493) and a Kendall’s g correlation of
0.312 (p = 0.082) for the single-degree CSE, which are respectively 0.411 (p = 0.0641) and 0.351
(p = 0.0456) for the double-degree CSE/M.

In summary, after repeating our analysis for RQ1 and RQ2 on the subset of women students,
we observe that the results are largely consistent with those obtained for the overall student
population, as reported in previous studies [16, 17]. Specifically, in the CSE degree, we identify a
positive improvement in final exam scores and a mild correlation between the frequency of judge
usage and performance in SQL exercises of the ordinary exam. However, in the CSE/M degree,
no significant improvement is detected. These findings should be interpreted with caution, as the
small sample size of female students considerably limits the reliability and generalizability of the
results. Further research with larger and more representative samples is necessary to derive robust
conclusions regarding the gender-specific impact of the LearnSQL automatic judge as a tool for
self-directed practice.

5 Students’ Perspectives: Insights from a Survey on LearnSQL
At the end of the academic years 2021–2022, 2022–2023, and 2023–2024, questionnaires were given
to students enrolled in the database course. Participation in the survey was voluntary and responses
were completely anonymous. This section focuses solely on responses from the CSE group selected
for this study because the students from the double-degree CSE/M did not submit any response
for these questionnaires. The questionnaires comprised numerical rating questions concerning
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Table 6. Survey on LearnSQL: Average Numeric Ratings by Academic Year

2021–2022 2022–2023 2023–2024
(5 responses) (16 responses) (9 responses)

Clarity of question statements 4.8 4.3 4.6
Browsing between different sections 4.8 4.0 4.6

Usability of SQL editor 4.8 4.6 4.6
Feedback given after each submission 4.0 3.9 4.0
Amount of exercises on SQL queries 4.8 4.5 4.7

Amount of exercises on PL/SQL 4.0 3.9 4.6
Learning curve of exercises 4.2 3.8 4.2

Overall assessment of LearnSQL 5.0 4.6 4.3

Ratings range from 1 (very negative) to 5 (very positive).

various aspects of LearnSQL, the overall system, and its efficacy in facilitating the acquisition of
subject-specific competencies. Additionally, open-ended questions allowed students to point out
both the positive aspects of the tool and areas for improvement.

Although the LearnSQL automatic judge interface allows for usage on both personal computers
and mobile devices, nearly all students reported using it solely on desktop or laptop computers.
Over 80% of the students who responded to the survey reported completing at least 20 exercises on
LearnSQL. When considering those who completed 30 exercises or more, the percentages were
60% (year 2021–2022), 75% (year 2022–2023), and 55% (year 2023–2024), respectively. Therefore, we
believe that the students who responded to the survey have used the automatic judge enough to
provide informed responses.

5.1 Responses to Numeric RatingQuestions
The first part of the questionnaire consists of a set of questions related to the functionality of
LearnSQL and its usability. Each of the questions could obtain a rating between 1 (very negative)
and 5 (very positive). The average ratings are shown in Table 6. Given that the amount of responses
received in years 2021–2022 and 2023–2024 is rather limited, we can only draw significant conclu-
sions from year 2022 to 2023. The most valued aspects of LearnSQL are the user-friendliness of
the SQL editor and the large number of available exercises about SQL queries. On the other hand,
among the aspects with a more modest but still very good rating, we can mention the feedback
provided by the system in response to students’ failed attempts. Overall, students value the learning
tool with very positive ratings (5 out of 5 in year 2021–2022, 4.6 in year 2022–2023, and 4.3 in year
2023–2024). In the 2021–2022 and 2022–2023 academic years, the overall evaluation was equal to
or higher than that of all the previous sections. One factor that may explain this is the halo effect,
whereby students may have had a generally positive impression of the automatic judge, influencing
their overall assessment more favorably than the sum of the individual characteristics, even if some
of these characteristics have weaknesses. This bias might also be due to students’ perception of the
importance of maintaining the tool as a support in subsequent courses. However, in these cases,
the deviation of the overall evaluation from the maximum rating obtained in the previous sections
is relatively minor, so we believe that it does not pose a significant threat to the validity of the
questionnaire.

The second part of the questionnaire (Table 7) focuses on the students’ perception of the usefulness
of LearnSQL in acquiring the course’s skills. Again, the rating ranges from 1 (not useful) to 5 (very
useful). In this sense, students consider that the tool is useful (4.5 in year 2022–2023) to achieve the
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Table 7. Survey on LearnSQL: Students’ Perception of Learning by Academic Year

2021–2022 2022–2023 2023–2024
To what extent has LearnSQL helped you to…? (5 responses) (16 responses) (9 responses)

Learn SQL queries 5.0 4.6 4.6
Learn DML sentences 3.2 4.1 3.8

Learn PL/SQL procedures and functions 3.2 4.0 4.2
Learn PL/SQL triggers 4.0 3.9 3.9

Acquire learning outcomes 5.0 4.5 4.1

Ratings range from 1 (very negative) to 5 (very positive).

Table 8. Some of the Students’ Responses to Open-EndedQuestions on LearnSQL

What positive aspects of LearnSQL would you highlight?
“The clarity of feedback when entering an incorrect query.”
“Easy to use and the feedback is very helpful.”
“The number of exercises [and] the progressive difficulty of those exercises.”
“I would emphasize the feedback, since it is very useful to know where you have made a mistake
in order to identify where you have made that mistake and not have to review the entire code.”

What negative aspects do you find in LearnSQL?
“In the basic exercises, errors should be made more explicit.”
“In my opinion there should be a section with answers or after a certain number of attempts
there should be the possibility of seeing the complete or partial answer as a clue.”

aims of the database course. The learning outcomes are notably stronger in the area of SQL queries
compared to other topics covered in the course (specifically, DML and EPL). This can be explained
by the fact that the vast majority of problems included in the automatic judge are related to SQL
queries, accounting for 86% of approximately 200 problems in total.

5.2 Responses to Open-EndedQuestions
The second part of the questionnaire contained optional open-ended questions about the positive
and negative aspects of LearnSQL. The first of these asked about the positive aspects of LearnSQL
and the features that students found useful. Over the three courses in which the survey was
conducted, 15 students (out of a total of 30 responses received) answered this question (in Table 8
we show some of them). Nine of the responses received explicitly mentioned the tool’s provision of
immediate feedback on submitted solutions. It is noteworthy that these students were also enrolled
in other programming courses that make use of automated judging systems (e.g., DOMjudge [20]),
which only provide information on whether the submitted solution is correct or not, without further
elaboration. Additionally, other aspects that received positive feedback include the user interface
of the automatic judge (mentioned in four responses) and the wide variety of exercises organized
by difficulty level (three responses).

Another optional question in the questionnaire involved the negative aspects of LearnSQL and
the features that should be changed or removed. Six students answered this question. Two of them
pointed out that the feedback messages are somewhat unclear, particularly in cases where the
student’s response deviates from the expected answer beyond simply yielding more or fewer rows
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than the latter. Another student suggested allowing access to solutions after a certain number of
attempts, along with the inclusion of hints to aid in problem-solving.

6 Discussion
In this section we will summarize the main insights obtained during the evaluation of the automatic
judge LearnSQL, giving answer to the RQs introduced previously and presenting also the detected
threats to validity as well as some practical implications for educators and other professionals.

6.1 Impact of the Automatic Judge in Database Learning
As a short summary, from the analyses performed in Sections 4 and 5, the main insight we draw is
that free practice with LearnSQL positively impacts database learning. This effect becomes more
noticeable as the amount of practice increases, but it is also observable with relatively little training.
Moreover, the availability of an automatic judge is highly appreciated by the students, who are
engaged by the problems and persist until they are solved, which increases their motivation toward
learning.

The first RQ (“RQ1: Does providing an automatic judge for practicing database problems improve
final marks in the ordinary exam?”) is the more direct question related to measure LearnSQL
effectiveness on improving database learning. The global* test, its p-values, and the confidence
intervals in Table 5 allow us to conclude that, for the single-degree CSE, there is statistical evidence
that the marks of the SQL exercises are higher in the academic years 2020–2021, 2021–2022,
and 2023–2024 (years in which the automatic judge was available) compared to the academic
year 2019–2020 (when the automatic judge was not available). Moreover, the confidence intervals
quantify this improvement in marks between 0.55 and 1.74 points out of 6. As the only difference
in the teaching methodology between the academic year 2019–2020 and the rest of years is the
availability of the automatic judge, this improvement of the marks is, with high probability, due to
the facilities provided by the automatic judge. For the double-degree CSE/M, the * test does not
provide enough evidence supporting an improvement on the marks due to the automatic judge.

The second RQ (“RQ2: Do students who use the automatic judge more achieve higher marks in the
ordinary exam?”) focuses on detecting a statistical relation between automatic judge usage and
improvement in marks. According to the data grouped in quintiles in Figure 8 and the Spearman’s
and Kendall’s correlation coefficients presented in Section 4, we can conclude that there is a
correlation between the number of problems tried and solved and the marks obtained in the SQL
exercises in the final exam for the single-degree CSE. Figure 8 shows a general but less acute
increasing trend on the marks in SQL exercises with respect to the number of tried problems in
the double-degree CSE/M, so the correlation coefficients found in this case are smaller but still
statistically significant. It is important to note that the relationships identified represent correlations,
and therefore we cannot categorically assert that increased usage of the automatic judge directly
causes the improvement in students’ marks, as discussed in Section 6.2.3. However, based on the
data and analysis presented, we can provide recommendations for students regarding the use of the
automatic judge. Specifically, to develop a solid understanding of SQL (as measured by performance
on the final exam) we recommend completing at least 45 problems in the single-degree CSE program
and 25 problems in the double-degree CSE/M program, ensuring coverage of the full course content
and a range of difficulty levels.

Finally, the third RQ (“RQ3: Is the impact of the automatic judge dependent on students’ profiles?”)
focuses on the possible differences on learning caused by the automatic judge discriminating on
the student profile. As previously detected in Section 4, the use of the automatic judge in the
single-degree CSE produces a statistically significant increment on the marks obtained in the SQL
exercises, but we cannot find similar evidences of this improvement in the double-degree CSE/M.
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This lack of evidence is not unexpected, as students enrolled in the double-degree CSE/M program
consistently demonstrate high performance, with mean scores on SQL exercises exceeding 5 out of
6 points in each academic year, as shown in Table 4. As a result, their margin for further measurable
improvement is limited. It is also worth noting that all students had access to the same set of SQL
problems, which covered a range of difficulties within the scope of the final exam. While this design
ensures fairness and alignment with the course objectives, it did not include a tailored set of highly
challenging problems specifically aimed at top-performing students such as those in the CSE/M
program. It is therefore possible that the automatic judge could have had a stronger impact on their
learning had they been exposed to more complex or open-ended problems. However, given that
the final exam was common to all students and focused on standard course content, any additional
learning gains at the high end of the performance spectrum may not have been captured in the
exam results. On the other hand, we did find statistically significant evidence that increased use of
the automatic judge is associated with improved student performance. This correlation appears
in both the single-degree CSE and the double-degree CSE/M, although the coefficients are milder
in the double-degree CSE/M. Our hypothesis is that having an automatic judge for free practice
is a factor of extrinsic motivation for those students with a low level of self-motivation toward
database learning. In the double-degree CSE/M, where the majority of the students are initially
very self-motivated toward learning, the impact on exam marks does not increase clearly with
automatic judge usage. However, in the single-degree CSE program, the automatic judge increases
engagement by offering a wide range of achievable short-term goals that are automatically and
instantly evaluated. This external help encourages students to focus on learning, ultimately leading
to higher grades. As an additional support for this hypothesis, we stress the great reception of the
automatic judge by the students (measured in the number of students that used it even though
it was not mandatory, the high number of problems tried and solved, and the positive opinions
gathered from students’ questionnaires) which positively supports its motivational value. Therefore,
for RQ3 we conclude that the impact on database learning is more pronounced on average students,
and that the integration of an automatic judge in this scenario improves both students’ motivation
and learning outcomes. Integrating an automatic judge is less effective when improving learning in
top-performing, highly self-motivated students in a database course, although the general good
reception of the automatic judge by students suggests that it is a positive addition to any database
course for providing free practice.

6.2 Threats to Validity
In this section, we briefly discuss those aspects of the analysis that might compromise the validity
of the findings.

6.2.1 Experimental Design. For evaluating the impact on learning outcomes of the automatic
judge LearnSQL we have not followed a purely randomized experimental design where the partic-
ipants are taken from a uniform population and assigned randomly to a control group (without
using the automatic judge) or an experimental group (where the automatic judge is available).
Although this experimental design is the safest to extract conclusions from learning interventions,
we have decided not to follow it because of some reasons. The main concern is purely practical: it is
not technically possible to avoid the use of the automatic judge by the students in the control group
once it is online and publicly available. Automatic judge access is controlled by usernames and
passwords, which are unique and personal, but as the students in the same group are acquaintances
from the previous year or even friends, they would easily share their passwords if they considered
the automatic judge is useful. This password sharing could not be detected, which would imply
a contamination on the data gathered from the automatic judge usage (mainly considering some
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students that have indeed used the automatic judge inside the control group, but also having
artificially inflated submissions and problems tried) that would invalidate any conclusion for our
RQs. Another concern about applying a purely experimental design is ethical: we believe that
having an automatic judge is positive for learning, or at least will not cause any harm, so explicitly
excluding some students from its usage was perceived as a questionable decision. Finally, another
concern of the experimental design is group sizes. In the single-degree CSE there are around 40
students per academic year, whereas in the double-degree CSE/M there are around 25 students.
If we are required to split them into to equal groups, the sizes will be so small that it would be
difficult to extract any statistically relevant evidence from them.

Considering the previous concerns, for evaluating the impact on learning outcomes of the
automatic judge LearnSQL we have followed a quasi-experimental design [44] in which the control
group were the students in the academic year 2019–2020 (where the automatic judge was not
available at all because it was not even under development) and the experimental group were the
students from the following academic years 2021–2022, 2022–2023, and 2023–2024 (all of them with
full access to the automatic judge, excluding from the experiment the academic year 2020–2021
affected by the COVID-19 pandemic). With this design we mitigate the previous concerns because
all the students have their own username to access the automatic judge, which is available to every
student in every group, and combining several academic years we can obtain a sufficiently big
population. However, in a quasi-experimental design like this one there are some threats to validity
that must be considered.

First, it may be the case that students from different academic years do not have a uniform initial
learning level. One possibility to validate this uniformity is performing level pre-tests to assess the
initial level of the students, but instead we have considered another piece of objective information:
we accessed the data gathered by the institutional intelligence center of the university to obtain
the students’ performance in all the subjects of the same academic year. As presented in Table 2
(Section 3.1), the average marks for the academic years 2021–2022, 2022–2023, and 2023–2024 are
comparable to those of the control group from 2019 to 2020 in both the CSE and CSE/M degree
programs, with a slight decline observed in the most recent years. Regarding performance rates,
the double-degree CSE/M shows similar values for 2019–2020 and 2021–2022, but a decrease of
approximately 7% is noted in 2022–2023 and 2023–2024. For the single-degree CSE, there is an
11% decline in 2021–2022 compared to 2019–2020, followed by a recovery in 2022–2023 and a
new decrease of about 6% in 2023–2024. These trends suggest that the improvements observed in
students’ performance in database courses cannot be attributed solely to an increase in their initial
knowledge levels. In fact, the data indicate a slight decline in general performance when compared
to the academic year 2019–2020.

Although we cannot ensure that every student involved in the study group is also enrolled in
all the courses of the second year (resp. third year) of CSE (resp. CSE/M), the low percentage of
repeating students in the Databases course suggests that those enrolled in this subject also take a
relatively high proportion of courses from the same year, since the curriculum does not yet include
elective courses in the year in which Databases is taught. Nevertheless, it is possible that some of
them have pending courses from the previous year or are already taking courses from the following
year. However, if we look at the evolution of the aggregated results for these years (Table 3),
we observe that in the first year of the CSE degree, the performance rate drops from 77.60% in
2019–2020 to 74.02% in 2021–2022. It then rises in 2022–2023 (82.52%), only to return to its previous
level in 2023–2024 (74.77%). In the third year of CSE, the performance rates range from 76% to 79%,
except for a decline to 71.09% in 2021–2022. As for CSE/M, the overall performance rates for the
second and fourth years in 2019–2020 are better, or very similar, to those in 2021–2022. Therefore,
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these rates do not support the possibility that the students had a higher initial level of knowledge
than those who took the databases course in 2019–2020.

Similarly, designing an experiment that involves different student cohorts across multiple aca-
demic years has an inherent bias, as instructors’ growing experience over time may affect their
teaching effectiveness and, consequently, students’ performance. This could potentially confound
the effects of the automatic judge on databases learning, as obtained by the Mann-Whitney U tests
for RQ1. However, we argue that the impact of this inherent bias is likely to be limited. By the
first year of the study (2019–2020), the involved instructors had gained substantial experience on
full-time university teaching. Specifically, the instructor of the CSE group had 6 years of experience
teaching data management subjects at both undergraduate and master’s levels, while the instructor
of the CSE/M group had 21 years of experience teaching database subjects, 7 of which were dedi-
cated to the same database course under analysis. Although the instructor’s development over the
years represents a potential bias when interpreting RQ1, their extensive prior experience provides
sufficient grounds to attribute a substantial part of the improvement in marks to the availability of
the automatic judge for voluntary practice.

6.2.2 Potential Confounding Effects of Large Language Model (LLM) Use on Study Validity.
The improvements observed in students’ performance could be influenced by external factors
coinciding with the introduction of the automatic judge. In particular, the emergence of powerful
LLMs such as ChatGPT, Gemini, Perplexity, Claude, Mistral, or Llama, which have demonstrated
strong potential as teaching and programming assistants for SQL [9, 10, 38]. It is important to
highlight that ChatGPT, the first widely available LLM, was launched on 30 November, 2022,4 while
other LLMs followed later. Given that our study spans the academic years 2019–2020, 2021–2022,
2022–2023, and 2023–2024, and that the database course runs from September to December (with
the final ordinary exam around January 10), LLMs could only have influenced data from 2023
to 2024 academic year and, to a lesser extent, the latter part of 2022–2023 (for early adopters of
ChatGPT). Although we cannot objectively measure the level of LLM usage during 2022–2023
and 2023–2024, if students relied heavily on LLMs as a database teaching assistant, we would
expect a decrease in submissions and the number of problems attempted, as students might shift
their interactions from the automatic judge to LLMs. Indeed, this trend is observable in the CSE
degree, where the 2023–2024 academic year shows approximately a 30% decrease in submissions
and a 50% reduction in attempted problems compared to 2022–2023, despite having a similar
number of enrolled students. However, this pattern is not evident in the CSE/M double degree.
Similarly, if LLMs were extensively used from academic year 2023–2024 and could justify a learning
improvement on database learning, we would expect a mean mark increase in year 2023–2024
compared to the previous year 2022–2023, which is not the case for the CSE degree, but it is observed
in the double-degree CSE/M. Regardless of the discrepancies in the evidence on LLM usage in the
2023–2024 academic year, we have repeated the analysis of RQ1 and RQ2 while excluding the data
from this period to control for potential interference. For the single-degree CSE, we observe that the
scores of the SQL exercises are significantly higher in the academic years 2020–2021 and 2022–2023
compared to 2019–2020 (* = 896, p-value = 1.09 · 10−7, with a confidence interval [0.85, 1.72]
for the mean difference). Additionally, we find a correlation between the number of problems
attempted in the automatic judge and the final exam scores (Spearman coefficient: 0.515, p-value =
4.07 · 10−6; Kendall coefficient: 0.381, p-value = 3.61 · 10−6). For the double-degree CSE/M, no
statistical evidence supports an improvement in the SQL exercise scores (* = 718, p-value =

0.827, confidence interval [−0.42, 0.339]). However, we do observe a correlation between the
number of problems attempted in the automatic judge and the SQL exercise scores in the final exam
4https://openai.com/index/chatgpt/ (accessed January 25, 2025).
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(Spearman coefficient: 0.443, p-value = 9.16 · 10−4; Kendall coefficient: 0.313, p-value = 1.20 · 10−3).
Similar results are obtained if the academic year 2022–2023 is also excluded, that is, if only the
academic year 2021–2022 is considered, as shown in Table 5. Thus, while the emergence of LLMs
may have influenced the most recent data, the consistent findings from academic years prior to
their introduction provide robust evidence for the impact of the automatic judge, independent of
LLM interference.

6.2.3 Self-Selection Bias. Regarding RQ2, we identified a statistically significant positive corre-
lation between the number of problems attempted and solved by students and their performance in
the SQL section of the ordinary exam, a trend observed consistently in both the CSE and CSE/M
degrees. However, it is important to emphasize that this relationship represents a correlation
and does not necessarily imply causation. Student characteristics related to self-motivation (e.g.,
intrinsic drive, self-regulation, and curiosity) or prior SQL knowledge may significantly influence
the observed correlation. Highly motivated or more experienced students are naturally predisposed
to engage more actively with the automatic judge, which could confound the relationship between
problem-solving and exam performance.

To better assess the potential impact of self-selection bias, additional data would be necessary,
such as metrics on student motivation (e.g., prior academic performance, class participation, and
attendance) or objectively measured prior experience with SQL. In the absence of such data, we
hypothesize that self-selection bias accounts for a portion of the observed correlation. However,
it is important to emphasize that this potential self-selection bias would not impact the findings
related to RQ1, as the evidence demonstrates an improvement in the performance of the entire
class, rather than its effects on specific students.

6.2.4 Sample Size. Considering the application context of the evaluation (database learning
focused on the programming languages SQL and PL/SQL), a net population of 293 students is
generally considered a sufficient sample size for a performance evaluation like the one presented in
this article. So are the aggregated sizes of the CSE and CSE/M groups, with 191 and 102 students,
respectively. However, the sizes of the yearly cohorts, between 39 and 66 students for the CSE group,
and between 23 and 28 students for CSE/M (see Table 1), pose some validity threats that need to be
discussed. On the one hand, RQ2 is not affected by the smaller amount of the single-year cohorts,
because the correlations that support it are calculated from the aggregated sample. Moreover, when
correlations are calculated year by year in Table 5, similar results are obtained. On the other hand,
RQ1 and RQ3 strongly rely on the reference groups of the academic year 2019–2020, with 66 and
27 students for the CSE and CSE/M group, respectively. While the size of the CSE cohort is widely
acceptable, that of the CSE/M group could have limited our possibilities to obtain statistically
significant results for RQ1 and RQ3.

Nevertheless, further research is needed on different databases groups and universities with
varied and larger samples in order to verify the results before making broader generalizations.

6.3 Implications for Practice
In this section, we discuss several practical implications based on the evidence gathered and the
lessons learned during the development and evaluation of the LearnSQL automatic judge.

6.3.1 Implications for Instructors.

—Instructors should introduce the automatic judge early in the course, ideally alongside the first
SQL sessions. Although usage was voluntary in our setting, students responded positively
and made extensive use of the tool when given early access (see Section 4.1 and Figure 6).
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—Automatic judges can serve as an effective supplementary tool without being part of the
formal assessment. Instructors can motivate students to use it by highlighting its value for
self-assessment and learning, rather than through mandatory assignments. Additionally,
automatic judges may be especially useful for students who benefit from structured and
guided practice, so instructors should consider targeting such tools to students with weaker
backgrounds or less developed self-regulation skills, offering them a scaffolded learning path.

—A broad set of problems of varying difficulty is essential to accommodate students with
different prior knowledge and motivation levels. Instructors should include both basic and
challenging problems, and ensure that easier problems are available early on to build confi-
dence. This variety not only reinforces conceptual understanding but also maintains student
motivation. Indeed, in our study, the richness of available problems was one of the most
positively rated aspects of the tool (see Table 6).

—Special attention should be given to the clarity and self-sufficiency of problem statements.
Since automatic judges typically operate in unsupervised settings, students must be able to
understand and engage with each problem independently. As recommended in the mapping
study on SQL education [54], effective problems should clearly present the database schema,
include the expected output, and articulate the data requirements with minimal ambiguity.
These design principles in problem statements help reduce students’ frustration, thereby
enhancing their autonomous learning.

—The use of LLMs, such as ChatGPT, can be an effective way to streamline the creation of
SQL problems for automatic judges. In our experience, LLMs can be effectively leveraged to
generate SQL queries targeting specific topics, provided that a manually designed, shared
database schema with sufficient complexity is prepared in advance. LLMs can also assist in
creating mock data to populate tables; however, this step often requires manual oversight. We
have found that LLMs may produce data with too few rows or unrealistic content, making it
more practical to generate data tailored to each individual problem rather than attempting to
create a universal dataset for all exercises.

—Reusing a shared database schema and authentic problem scenarios across multiple exercises
provides both pedagogical and cognitive benefits. On the one hand, schema consistency
reduces the cognitive load on students by allowing them to become familiar with table
structures and column semantics, enabling them to focus more effectively on formulating
correct SQL queries. On the other hand, working with realistic and coherent problem contexts
promotes integrated assessment tasks that better reflect real-world database usage, supporting
deeper learning and the transfer of skills to professional practice.

6.3.2 Implications for Tool Developers.

—Deployment procedures for automatic judges should be carefully designed and thoroughly
documented. In general, automatic judges can require setting up multiple components, in-
cluding a web server, a WSGI server, and different database systems. Reducing the technical
complexity of this process through containerization technologies like Docker Compose can
significantly facilitate adoption by instructors with limited technical expertise.

—Ensuring acceptable performance under peak load is essential for the practical usability of an
automatic judge. In our deployment, a modest server was able to handle over 800 submissions
per day without noticeable performance degradation. However, system performance is influ-
enced by variables such as the computational cost of the submitted queries and the number
of students working simultaneously, particularly during class hours when submission traffic
tends to concentrate.
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—Once installed, an automatic judge should be designed for low maintenance during regular
operation. In our experience, LearnSQL required very little upkeep after the initial setup,
which is a significant advantage for long-term sustainability. Tool developers should aim to
minimize routine maintenance tasks through robust defaults, logging, and automatic recovery
from common failures.

—User management functionality should support both batch operations and individual updates
to reduce administrative workload. Administrative tasks such as deleting users from previous
academic years or configuring new classes should be supported through efficient user inter-
faces. This type of feature helps reduce friction during course transitions and contribute to
broader adoption in diverse educational contexts.

—Tools should provide straightforwardmechanisms to export usage data, including submissions,
verdicts, timestamps, and access logs, in structured and easily analyzable formats. The ability
to filter this information by criteria such as student, problem, submission date, or activity
type is essential for instructors and researchers seeking to analyze learning patterns, monitor
engagement, or evaluate tool effectiveness.

6.3.3 Broader Impacts on Assessment Practices.

—The design of automatic judges naturally promotes the use of feedback as an integral part
of the assessment process. Rather than functioning purely as grading tools, these systems
provide students with guidance that helps them identify and correct misunderstandings. This
reinforces a formative perspective in which assessment is used to enhance learning, not just
to measure it.

—The ability to track student activity over time opens new possibilities for continuous and
process-based assessment. By analyzing submission logs and problem-solving trajectories,
instructors and researchers can gain insights into student progress and learning strategies.
This data can be used to inform personalized support or to identify at-risk students early in
the course.

—The structured nature of problems and associated test cases in automatic judges aligns well
with competency-based education models. Students can demonstrate mastery of specific
skills through successful completion of targeted exercises, allowing instructors to map prob-
lem completion to specific learning outcomes. This supports flexible and outcomes-driven
assessment strategies.

7 Related Work
This section reviews related work by first listing tools for database learning. Then, we summarize
the findings from the literature concerning the evaluation of these tools. Finally, we compare the
error coverage in the syntax and semantic analysis embodied in the automatic judge with known
categorizations of errors found in the literature, and summarize the strengths and weaknesses of
the LearnSQL automatic judge when compared to the rest of the tools.

7.1 Tools for Database Learning
Several tools have been proposed to improve database learning over the years. In this section, we
present a comparison between the most established tools.

Table 9 summarizes the features of these tools, where the first column presents the tool name,
the second one is the part of SQL which is supported (DQL, DML, and EPL). The third column
includes the list of DBMSs supported by each tool. Each cell in the column Open Source is checked
if the tool has been made available in such a way. The fifth column contains the kind of feedback
issued by each tool: from a basic one (Correct/Incorrect) to a rich one; in this column there are
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Table 9. Tool Comparison

SQL Open Asse-
Tool coverage DBMSs source Feedback Evaluation ssed
Active
SQL DQL Oracle 7

Rich feedback
(accuracy) Execution 3

Aplicación
BD DQL DML MySQL, Oracle,

SQL Server 7
Rich feedback

(hints)
Execution +
heuristics 3

AsseSQL DQL Oracle 7 Correct/Incorrect Execution 7

aSQLg DQL Oracle 7 Numerical Comparison
of queries 7

LearnSQL DQL DML
EPL Oracle 3 Rich feedback (DES) Execution 3

Query
Competition DQL PostgreSQL 7 Correct/Incorrect Execution 3

SQL-
ACME DQL DML

Oracle, SQL
Server,

PostgreSQL
7 Correct/Incorrect Execution 7

SQLator DQL SQL Server
2000 7 Correct/Incorrect Comparison

of queries 7

SQLify DQL Oracle 7 Numerical Comparison
of queries 7

SQLTester DQL Oracle 3 Correct/Incorrect Execution 3

SQL-
Tutor DQL Ingres 7

Rich feedback
(CBM-based) Execution 3

SQLZoo DQL
MySQL, SQL

Server
PostgreSQL

3 Correct/Incorrect Execution 7

also tools that provide a numerical feedback. The next column, Evaluation, indicates which method
is used to detect valid and invalid answers, where ‘Execution’ means than the outcome of the
query is compared to a given valid instance (set of rows), ‘Comparison of queries’ means that the
syntactical form of the queries are evaluated, and constraint-based student modelling (CBM)
[33] is the constraint-based method employed by SQL-Tutor to evaluate queries. Finally, the last
column checks tools whose effectiveness have been assessed in a field study by their own authors.
Included tools in this table are:

—Active SQL [42] is a web system (although an SQLPlus interface with limited features is
also available) for learning SQL queries. It computes a numerical value based in both syntax
and logical errors; the latter is obtained by comparing the computed table and the expected
one, and checking which rows/columns are correct. It also implements mechanisms for
checking plagiarism. The researchers detected a significant improvement in students’ learning
experience by implementing an interactive online environment for teaching SQL, with a focus
on automatic feedback and student behavior monitoring. Active SQL is no longer active,5 and
SQLZoo (last row in Table 9) is recommended now by the authors.

—Aplicación BD [16] is a web system that supports SQL and DML problems for several DBMSs,
provides extra feedback when a submission is not valid, and includes plagiarism checking.

5https://db.grussell.org/sql/.
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The authors verified that students using the tool obtained better results and with reduced
plagiarism.

—AsseSQL [41] is a web system mainly designed for evaluation. It checks the correctness, based
in the obtained results, of SELECT queries in a fixed time. Only students’ feedback has been
analyzed.

—aSQLg [23] provides a numerical mark for each submission (restricted to SQL query problems)
based on inspection of the student code to measure the equivalence to the expected solution,
coding style, efficiency, and so on. Its benefits were based on informal evaluations, mainly
from student questionnaires.

—LearnSQL is the automatic judge presented in this article.
—QueryCompetition [32] is a web system that allows students to practice SQL queries (only DQL)
in a competitive environment. Their goal is to obtain empirical evidence on how gamifying
elements, such as challenges, points, and leader boards, integrated into QueryCompetition,
affect student performance, motivation, and user experience. Metrics for student ranks include
query efficiency (as execution time), student response time, and correctness.

—SQL-ACME [47] is a web system that supports different DBMSs. Besides SQL query problems,
it includes a limited number of DML problems, but not EPL problems involving functions,
procedures, or triggers. The authors report an increase in the students’ motivation, and the
subjective analysis of instructors was positive.

—SQLator [43] is a learning workbench for SQL that contains a multimedia tutorial as well
as practice questions. It supports only SQL query problems, judged primarily by a set of
equivalence heuristics instead of execution; extra feedback from the instructors is available via
messages that can be sent directly from SQLator. It has aweb interface and plagiarism checking,
but its source code is not available. It was informally evaluated, showing an improvement in
students’ performance compared to other years when SQLator was not used, high student
engagement, and a decrease in plagiarism.

—SQLify [15] is a web system very similar to aSQLg: it computes a numerical score for SQL
query problems based on the similarities with the expected solution. Only informal evaluation
has been conducted.

—SQLTester [22] is a web system based on Active SQL. It executes the student’s solution and
compares the obtained and expected results, but it is restricted to SQL query problems.
Unlike the rest of the tools, it is open source software with an MIT license, although its
development seems to have stopped in 2018. It provides a deep evaluation based both on
student questionnaires and also statistical evidence that the students improved by using
SQLTester. Concretely, they found a correlation between the number of practice tests taken
by the students in the system and the final score, based on 79 students. It is worth noticing
that this system is focused on evaluation rather than in learning, and hence the exercises have
to be completed in a limited time.

—SQL-Tutor [31] is a system that personalizes the learning experience by choosing the questions
to show based on the student’s previous results. It supports only SQL query problems that
are judged by executing them in Ingres Database, although it can provide rich feedback with
messages obtained by CBM. SQL-Tutor has both a web and local interface, however, its code
is not publicly available. Its empirical evaluation showed that students who used the system
obtained better marks than those who did not. They also analyzed the effect of gamification
[51], confirming some positive effects.

—SQLZoo [13] was initially developed at Edinburgh Napier University as a tool for students
to learn SQL at their own pace by solving SQL exercises. It features instant feedback on the
success of the student’s attempts for several sample databases, and supports several SQL
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engines (MySQL, PostgreSQL, and SQL Server). Being a Wiki-based web tool, teachers can
edit and add practices and exercises, typically grouped by different difficulty levels.

7.2 Reported Assessments in the Literature
This section summarizes the various types of analyses (carried out by the tools’ authors) using the
tools presented in the previous section.

7.2.1 Objective Analysis. In Active SQL [42], the authors present the results of two consecutive
courses: the first without using their tool and the second using it. Their statistics measure the
number of students who worked at a regular pace through the material, concluding that there
appears to be a 20% improvement in the second course compared to the first in terms of the average
student target. They also highlight a slight negative impact on good students in the second course,
meaning fewer students worked hard enough to be considered as following a “good student” time
plan. In a follow-up article [14], they include a third course, where the student assessment, instead
of containing two questions with a difficulty level related to the tutorial just completed, contained
one question of that difficulty level and one question of the previous difficulty level. The effect of
this change is that marks increased (from 51% to 64%) and the number of questions attempted also
increased (from 4.6 to 5.8, out of a total of 8 questions).

Aplicación BD [16] poses four RQs in its analysis: Academic Performance and Code Copies, Gender
Analysis, Influence of Reviewing on Academic Performance and Copying, and Satisfaction with the
Learning Tool. Only two groups for an academic year were tested: the first one had to use the
learning tool, and the second one might use it for self-learning. The findings revealed better grading
(a difference from 0.41 to 1.89 in consecutive exams), less code copying (particularly for women,
with a reduction of 27% compared to men), and more satisfaction in the second group (3.51 vs. 2.81
in the first group). Additionally, students who copied less and invested more effort obtained better
results (with a maximum difference of marks in the last exam of 6.2 vs. 3.37). Moreover, students
who did more voluntary exercises but copied exercises from other students obtained worse results
than students who copied fewer exercises (4.71 vs. 6.2 in the last exam).

InQueryCompetition [32], the authors analyze one RQ:How do challenges, points, and leaderboards
impact student performance, motivation, and user experience in students using QC? They conducted
the analysis with two groups in a course: one using the tool with gamification (G) and another
without using it (N). The analysis reveals that the grades obtained by students in G were higher
than those in N, showing a better differential in performance for G (` = 4.31, median = 4) compared
to N (` = 1.70, median = 2).

SQLTester [22] presents an assessment of the impact of their tool on a single group (there is no
control group of students). First, it shows student engagement, indicating that students took an
average of 10 practice tests each, spending over 4 hours actively engaged in those tests. Second, it
demonstrates student performance, revealing that the more practice tests a student took, the higher
their marks on the final test. A rising plot of the number of tests vs. average marks is provided,
ranging from marks 4 to 8, and 1 to 20 tests.

In [30], the authors of SQL-Tutor include an analysis of the tool for a group of students divided
into those who chose to use the tool and those who did not. The score for the students who used
the system was 82.7, while the corresponding score for those who did not was 71.2 (an average
difference of 11.5 marks). They also present a couple of objective analyses of the learning curve,
considering the number of errors (constraint violations) per solution attempt. The first analysis
shows that the probability of violating a constraint decreased in a negatively accelerated fashion
with an increasing number of opportunities to acquire the knowledge embedded in that constraint.
In the second analysis, the proportion of subjects who violated no constraints increased smoothly
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and rapidly across occasions of applicability. In [51], the causal effects of gamification on learning
in SQL-Tutor are analyzed, with three RQs: RQ1: What are the effects of gamification on learning?,
RQ2: Do students with different levels of prior knowledge react differently to gamification? and RQ3:
What is the effect of gamification on student motivation? The experimental procedure considered
two groups: Experimental and Control (with and without using the tool). Results for RQ1 show
that, in the experimental group, time-on-task is positively correlated with learning outcomes, and
badges have an indirect effect on learning outcomes by influencing time-on-task. However, there is
no evidence to support that students receiving badges are more engaged with the tool by spending
more time-on-task. Regarding RQ2, results show that prior knowledge affects the time students
spend in the tools and that badges moderate this relationship. RQ3 is addressed through the analysis
of questionnaire data, as described in the following section.

7.2.2 Subjective Analysis. In addition to the objective analysis, several of these tools present
a subjective analysis based on questionnaires filled out by students (Active SQL [42], SQL-ACME
[47], SQLator [43], SQLify [15], and SQLZoo [13] do not include such a subjective analysis).

In Aplicación BD [16], the response to the satisfaction with the learning tool in general for the
two groups was 2.81 in the mean (0.82 standard deviation) and 3.51 (0.61) using a four-point Likert
scale.

AsseSQL [41], without providing data, claims that student feedback is still overwhelmingly
positive, viewing AsseSQL as a fair, consistent assessment approach.

aSQLg [23] only includes this subjective analysis and concludes that the improvement in student
learning through the tool’s immediate feedback (40%) and allowing for refined student responses is
confirmed by the questionnaire responses. However, the most negative aspect is that the tool does
not value the way of solving problems (30%).

QueryCompetition [32] surveys (i) motivation, where students in the G group felt more interested
(79.4% vs. 59.2%), more focused (64.7% vs. 49.0%), and more satisfied (52.9% vs. 44.9%) than the
students in the N group; (ii) better user experience, where 5 of 14 aspects of this sub-component
were better perceived in the G group than in the N group. As a negative effect, participants in the
G group felt more anxious (64.7% vs. 55.1%) and stressed (64.7% vs. 42.9%); and (iii) learning, both
for short- and long-term learning, were better perceived in the G group.

SQLTester [22] includes the results of an anonymous questionnaire consisting of eight statements
with a five-point Likert scale. Most students (from 73.5% to 97.1%) agree or strongly agree with
the statements, overall supporting the quantitative results that SQLTester motivated students to
practice SQL and practice longer than without the tool.

In SQL-Tutor [51], the authors use two surveys (1 and 2) to answer research question RQ3. Results
revealed a significant positive relation between badges and time-on-task, and that topic interest did
not directly motivate students to spend more time on SQL-Tutor, indicating needed interventions
to raise this motivation. Survey 3 was used to assess students’ self-testing behavior. The responses
of the experimental group indicated that students did not find badges very motivating, though 39%
of them wanted to see the badges.

7.3 Error Coverage
Several works, including [1, 6, 27, 55], have detailed categorizations of SQL errors, mostly focusing
on syntax and semantic errors. While a syntax error represents a compilation error, a semantic error
shows an unexpected use of SQL features which does not always produce the intended results [6]. In
[55], semantic errors are further classified: queries that are incorrect regardless of the data demand
(i.e., intended interpretation of the query as expressed in natural language) are said to expose a
semantic error, while queries that are incorrect for a particular data demand contain a logical error.
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In addition, they include complications in their categorization, that is, queries containing features
not required for a correct outcome (such as adding an unnecessary table to a join). While a judge
system based on test sets can correctly identify true negatives, it can also produce false positives
(e.g., when a student intentionally crafts a solution that matches the expected output without
genuinely solving the problem). These cases, known as deceptive errors, have been categorized into
several types [56]. To the best of our knowledge, no existing tool currently detects such errors,
thus representing a promising line for future work.

Next, the error coverage of the automatic judge LearnSQL is assessed in relation to the most
recent and comprehensive error classification [55]. We highlight what DES adds to informative
error messages with respect to a typical DBMS such as the host Oracle used in this automatic judge.

7.3.1 Syntax Errors. These errors are handled by any DBMS, but the degree of detail may vary
between them [53]. From a student’s point of view, a detailed error message providing as many
clues as possible is desirable. There are several syntax errors covered by LearnSQL by means of
the underlying DBMS host Oracle and the connected tool DES which are issued to the student via
error messages. While Oracle displays the error message, DES in addition displays the location of
the error in the query and provides in general a more detailed message. Syntax errors in [55] are
entitled as “SYN-i Description” and are discussed below:

—SYN-1 Ambiguous Database Object : DES displays which object is ambiguous and its class
(e.g., Error: Ambiguous column name “a” ), while Oracle does not6 (e.g., ORA-00918: column
ambiguously defined).

—SYN-2 Undefined Database Object : While Oracle simply returns the message “table or view does
not exist” without even indicating which object it refers to, DES does provide this information
and also follows a DWIM approach by looking for close matches and displaying them, such
as in the message “Error: Unknown table or view ‘tacas’. Info: Possible relations (respect case):
[tapas,taras].”

—SYN-3 Data TypeMismatch: Oracle simply displays “ORA-00902: invalid datatype,” whereas DES
issues a more detailed message, for example, Error: (SQL) Expected argument type number(A)
after: select sin(cast(a as string)).

—SYN-4 Illegal Aggregate Function Placement : While Oracle simply displays “ORA-00934: group
function is not allowed here” (where “here” refers to the whole query), DES adds context
information: “Error: This aggregate is not allowed in the WHERE clause: MIN(a).”

—SYN-5 Illegal or Insufficient Grouping: Oracle displays “ORA-00937: not a single-group group
function,” while DES indicates the source of the error, for example: Error: This statement has a
non-grouped attribute “t.a” in the SELECT clause.

—SYN-6 Common Syntax Error : This category includes errors such as “misspellings of SQL
keywords, missing semicolon, brackets or commas, projection in a wrong clause, incorrect
clause ordering and missing clauses” [55], where LearnSQL also provides in general more
details and context than Oracle alone.

7.3.2 Semantic Errors. To the best of our knowledge, no RDBMS supports reporting this kind of
errors. However, the sqllint7 analysis tool in [6] includes a limited number of their semantic error
categorizations (identified by natural numbers 1…39). Comparing with DES (as used by LearnSQL)
both systems deal with error numbers 1, 2, 3, 4, 5, 8, and 27; in addition to this, sqllint deals with

6These syntax error messages have been obtained from Oracle Database 19c, which are almost the same as in previous
versions.
7https://dbs.informatik.uni-halle.de/sqllint/.
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errors 34 and 39, while DES deals with errors 6, 7, 9, 11, 12, 13, 16, 17, 32, and 33. The automatic
judge issues warning messages to the student for this kind of errors. Those errors present in a query
which in addition leads to an unexpected data output are warned as non-valid. With respect to the
coverage of the SQL language itself, DES analyzes full subqueries, while sqllint only supports
EXISTS (no IN, > = ALL, …). sqllint neither supports aggregates, nor UNION, nor LIKE, and nor
IS [NOT] NULL. As types, it includes only strings and integers, and expressions are not allowed.
Finally, it does not support CHECK constraints in table definitions. [50] lists the supported semantic
errors in DES, and describes its constraint-solving-based approach to determine both inconsistent
and tautological conditions (errors 1 and 8, respectively). There, solvers for integers, floats and
strings are included, and domain cooperation between numeric constraints allows for refining the
analysis. With respect to [55], the following semantic errors are listed:

—SEM-1 Inconsistent Expression (an Expression Making the Result Table to Be Empty or to Contain
All Rows): Covered by errors 1 and 8.

—SEM-2 Inconsistent Join (a Join on Wrong Columns): Correctness check (no semantic warning).
—SEM-3 Missing Join: Covered by error 27.
—SEM-5 Redundant Column Output : Covered by error 4.
—SEM-4 Duplicate Rows: Correctness check. A semantic warning would be a straightforward
addition to DES.

7.3.3 Logical Errors. A logical error is caught in LearnSQL via the correctness check, that is,
whether the result of the submitted query does not match the expected answer for the data demand.
This does not ensure that any logical error is caught because a query returning the rows in the
expected answer for a given input database instance may return incorrect rows for another instance.
Further, one can explicitly build a correct answer with a union of FROM-less SELECT statements (i.e.,
extensionally instead of intensionally), which would be considered as cheating the system (but
not detected as such for now). For example, if the expected answer is simply a numeric value #
possibly resulting of an aggregation, the query SELECT N FROM dual; would be accepted by the
system. Though this tool is targeted to learning and it makes little sense for students to cheat, it
is clearly a subject for future work. Ref. [55] identifies 6 categories for logical errors from LOG-1
Operator error to LOG-6 Function error, including 30 errors (from 52 to 81).

7.3.4 Complications. A complication in a query does not affect its result, but it may affect
performance and obscures readability. Ref. [55] refers to this error classification in [6, Section 2].The
first error in this classification is the inconsistent condition (error 1) which would return an empty
row set. Thus, we understand this as a semantic error. DES in this case is able to detect inconsistent
conditions considering CHECK predicates in table definitions in selected cases. For example, consider
a table creation query with CHECK grade BETWEEN 0 AND 10, and later a condition grade > 10,
which the system detects as inconsistent and warns the user about. Other complications in this
category that would lead a semantic error are: 3: Constant output column, 4: Duplicate output
column, 8: Implied, tautological, or inconsistent subcondition, 9: Comparison with NULL, 10: NULL value
in IN/ANY/ALL subquery. Complications other than the former are: 2: Unnecessary DISTINCT, 5:
Unused tuple variable, 6: Unnecessary join, 7: Tuple variables are always identical, 11: Unnecessarily
general comparison operator, 12: LIKE without wildcards, 13: Unnecessarily complicated SELECT in
EXISTS-subquery, 14: IN/EXISTS condition can be replaced by comparison, and errors in aggregation
functions (15 to 17), in the GROUP BY clause (18 to 22), in the HAVING clause (23) and in the ORDER
BY clause (24). Coverage of these errors by DES was already reported in Section 7.3.2, which shows
room for improvement by developing additional warnings.
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7.4 Summary of Strengths and Weaknesses of LearnSQL
As shown in the table and described in Section 7.1, all the tools are available as web-based systems,
which is logical for studies in Computer Science. Moreover, together with the error coverage
described in Section 7.3, this allows for identifying the following strengths in the automatic judge
LearnSQL:

—It is open source. This is possibly the most important strength of LearnSQL because it gives
a number of important advantages: (i) it does not fully depend on an institution for being
maintained, largely extending its lifespan; (ii) the software is much more transparent and
flexible, allowing other users to add the features they require without depending on the
original developers; and (iii) adding up the previous item, it makes it possible to create a
community of developers that collaborate to fix and improve the tool.

—It supports more types of problems than most of the tools. In particular, DML is not supported
by most of the tools and it provides added value to LearnSQL, making it useful for more
advanced exercises. In addition, no other tool supports EPL, which allows for including
exercises based on procedures, functions, and triggers.

—Unlike other tools, it typically provides more detailed feedback on syntax errors than native
SQL engines, thereby assisting students in identifying and correcting their mistakes.

—It provides semantic feedback about syntactically correct queries geared toward providing
hints to better formulate a query, and ways to fix a suspicious one by indicating bad uses of
SQL (this includes warnings about semantic errors and complications). Moreover, given a
correct answer to an exercise, it can warn the student about unnecessary complex uses of
SQL (e.g., unneeded DISTINCT, extra tables…). No other tool provides such hints.

—Summarizing, it brings together different types of feedback and exercises in a single tool.
As shown in Section 7.2, using a learning tool that supports students in different ways is
confirmed to be useful in both objective and subjective analyses.

As a weakness, LearnSQL supports only one DBMS, Oracle, and should consider supporting
more engines as future work, making it more appropriate for other courses. However, the open
source nature of LearnSQL makes it possible for other institutions to adapt it to their necessities, as
explained before.

Summarizing, we consider the features already implemented (in particular, the support of DML
and EPL) and its versatility makes LearnSQL a very good option for use in the classroom. Moreover,
the results presented in the previous sections illustrate its positive impact on learning.

8 Conclusion and Future Work
In this article, we have evaluated the real impact on learning when using the online automatic
judge LearnSQL for free practice in a database course over four academic years. LearnSQL is an
online automatic judge for automatically assessing the correctness of database exercises, including
SQL queries, functions, procedures, triggers, and data manipulation, among others. LearnSQL has
been designed to provide verbose explanations to students in order to help them detect their errors
and fix them. For the evaluation we have considered students of the Faculty of Computer Science of
the Complutense University of Madrid in the academic year 2019–2020, when the automatic judge
was not used, and the academic years 2021–2022, 2022–2023, and 2023–2024, when the automatic
judge was available. Using the automatic judge has shown statistically significant improvements on
final marks when applied in a group of the single degree on CSE, which can be quantified in mean
between 0.55 and 1.74 points out of 6. Moreover, we have also detected a direct correlation between
the number of exercises tried in the automatic judge and the final mark, with an improvement
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of more than one point out of six between the 20% of students who have practiced the least and
the 40% who have practiced the most. We have not detected statistically significant positive or
negative effect on final marks when the automatic judge is applied in the double-degree program
on CSM/M, where students are top-performing and highly motivated. However, we have observed
a direct correlation between the number of exercises tried in the automatic judge and the final
mark for these students, although the effect is milder compared to that observed in single-degree
students. Additionally, the analysis of student questionnaires have shown a great acceptance of the
automatic judge, which is subjectively perceived as a very useful tool for database learning.

As future work, we plan to extend the automatic judge LearnSQL in three directions. First,
we want to support more DBMSs (e.g., PostgreSQL or MySQL), as done in other similar tools.
As the SQL executor engine is defined as an isolated component of the system, this task should
not imply deep changes in the codebase. Second, we also want to investigate how to improve
the feedback provided to the student and generate even further information. In this context, we
are interested on integrating LLM. This approach has been investigated in a previous work [40],
and our findings confirm that the hints generated by LLMs for SQL are highly informative, even
without extensive post-processing or refinement. However, caution must be exercised with such
LMMs, which are not based on formal methods, as they may produce inconsistent output. Finally,
we plan to integrate the automatic judge into Moodle, the learning platform used in our virtual
learning environment. Following an approach similar to that in [7], LearnSQL could be used to
validate student assignments and directly assign marks based on the feedback generated by the
automatic judge, thereby providing students with a unified interface for the entire subject. Once
the automatic judge is extended, we would like to replicate the evaluation to statistically validate if
the new enhancements have a positive improvement on learning outcomes.

Additionally, another line for future work would be to revisit the evaluation of the LearnSQL
automatic judge, with a focus on subjective learning outcomemeasures, such as students’ confidence
in SQL, their self-assessment of skills, and their ability to solve novel problems. To accomplish this,
the study design would need to incorporate specific questions into the questionnaires to assess
these subjective aspects, while also implementing incentive mechanisms to encourage meaningful
participation. By integrating these subjective measures with the objective assessment based on exam
performance, as considered in this study, we could achieve a more comprehensive understanding
of the automatic judge’s impact on learning outcomes.
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