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Fig. 2. DBRestRho and SQLRho example programs, and how a HTTP path request (REST endpoint) and SQL statement are created.

Fig. 3. Example of DBRestRho and SQLRho to create an operation and link it to a specific template to render the result in the browser.

For its part, Fig. 2 shows the program DBRestRho “rho.json™ (on
the left), denoted by PrgDBRest. In that part of the figure, we can
see the “Databases” attribute with a list of the database the JSON-
DSL code is using, in this case, the “sample.mariadb.json™. We can
also observe how the program defines the functionalities (Insert,
Update, Delete), that can be applied to those “Databases”. Looking the
“Update” definition, we can see the HTTP method it uses (“put”), the
path templated that specifies the REST endpoint, the SQL template
statement to perform, as well as other default values and parameters.

Fig. 2 also shows SQLRho program (on the right, and connected to
the database SampleRestRho), denoted by PrgSQL. This code contains
database specific information, like the database name, the tables
information (with the attributes they has, the operations that can be
performed on each one, etc.). Using the information contained in the
specific SQLRho code, the DBRestRho templates fills the endpoint and
SQL templates (at the bottom of the figure). With this two DSLs, the

! https://www.devrho.com/restrho/rho.json

? https://www.devrho.com/restrho/sample.mariadb.json

students work in an example that isolates REST-API definition from
the database definition, but must link all together.

In addition, in PrgSQL the register table is user. Also, the figure
shows how the HTTP Path request is generated, as well as the SQL
sentence of the Update operation (for table “person”). For the Path,
RestRho dynamically creates the PUT request as follows: (i) the Host
and Port where ServerRestRho is deployed, the URL Path taken from
the PrgSQL program name, concatenated with the name of the table
person, the Resource primary key of table person, e.i., the record id=30,
and the Query String fields defined in the table: NAME, SURNAME,
AGE and SEX. We can also see the SQL statement, the table name
(“person”), the values of each field (those that come in the Query
String), and the primary key (“id” field).

For its part, Fig. 3 details a custom SelectPillTemplate operation in
the program PrgSQL for the “person” table, which is the way to specify
an HTML template to visualize information provided by the REST.
Particularly, Fig. 3(a) details the specification of SelectBasicAction
definition in the program PrgDBRest using DBRestRho JSON-DSL
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Fig. 4. Example of how a Handlebar template is finally rendered in the browser.

in the way explained in the previous paragraph. However, this code
shows the Handlebars templates that will be used to render and
display the information in the browser. In particular, the code shows
two templates, namely: “user.table” and “persol.pill” (at the top of Fig.
3(a). As an example, the “person.pill” defines that, to render the table
“person”, the template “pills.html” must be used (at the top of Fig. 3(b)).
The “pilLhtml” template is based on the Bootstrap framework v.5.3%,
and what we see in the code is how it goes through all the records and
for each one, it creates a coloured Pill according to the age range, and
an icon if male or female. The result when executed by RhoEngine and
rendered in the browser is displayed in Fig. 3(c).

The running example of Sample RestRho is shown in Fig. 4 and
available at http://www.devrho.com/restrho/sam ple.html. That figure
shows an example of the CRUD administration of the “person” table,
the list of people in Pills, and the graph of percentages of men and
women. Also included in the example is Login, the “person” table
where the list of users is shown, and the ’employee’ table that shows
the “employees” in the form of Cards.

C. Assignment Description

Table I offers an in-depth description of the tasks assigned to
participants. These assignments are meticulously formulated based
on the Employees Sample Database from MariaDB, which is freely
accessible and serves as a solid practical basis for the experimental
tasks. The goal of these tasks is to design and effectively implement
a RESTful API server using the previously described JSON-DSL. Each
of these tasks is assigned a unique identification code and is described
with clarity and brevity in the “Tasks” column of the table.

To ensure a balanced evaluation across different skill levels and task
types, the tasks were divided into categories, such as configuration,
operations, and usage, representing a range of complexities from simple
setup tasks to advanced operations requiring template creation and
data visualization. Table I includes a “Task Complexity” column, which
quantifies the relative difficulty of each task based on its design and

* https://getbootstrap.com/

expected effort. These complexity values were normalized to ensure
their sum equals 1, offering a clear view of the progression in difficulty.

The tasks are systematically arranged under relevant main activities,
which provides further insights into the specific purposes or applications
of each task within the experimental setup. This arrangement ensures
a logical flow from foundational tasks to more advanced challenges,
facilitating both learning and assessment. Additionally, the tasks
were intentionally designed with increasing complexity to evaluate
participants’ performance at different levels of expertise.

By including a quantifiable measure of task complexity and
aligning tasks with specific types and activities, we aimed to balance
the experimental design and ensure fair evaluation of both students
and LMs. Each task falls into specific types, such as configuration,
operations, and usage, offering a clear classification that underscores
the functional nature and requirements of the tasks. This structured
presentation not only enhances the comprehension of the tasks’ goals
and methodologies but also assists in evaluating their impact and
relevance to the overall experimental goals.

D. Selecting the Students

The subjects involved in this case study were students enrolled
in a Software Project Management course during their final year of
the Computer Engineering program. This specific course was chosen
because it aligns with the experiment’s requirements: according to
the curriculum, these students had already mastered essential skills in
database management, web application development, and RESTful API
design. Thus, no additional initial assessments were necessary. The
relatively homogeneous skill set of these 39 students, while not large
enough for broad generalization, is appropriate for an exploratory
case study aiming to derive preliminary insights.

To ensure the ethics of the research, all participants provided their
written informed consent, voluntarily agreeing to participate in the
study. In total, 39 students participated, all of whom were voluntarily
selected from the aforementioned course, ensuring a representative
sample of students with the requisite background. These students had
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TABLE I. COMPREHENSIVE SUMMARY AND CATEGORIZATION OF TASKS IN THE RESTRHO EXPERIMENTAL FRAMEWORK

Task Main
ID | Task Task T
asks Complexity (*) asic lype Activity
. . TT1. Configure the SQLRho program
1A | Setting up a file to launch an SQLRho program. 0.0750 with the employees database
Query the current number of employees in each department,sorted
1B1 . 0.0450
alphabetically by department name.
1B2 | List all managers who have worked in a department in chronological order. 0.0450
1B3 II;;S:n Zhe current managers of each department, sorted by last name and first 0.0450
TT2. Operations on table ‘departments’
1B4 | List the current employees in a department, including their current age. 0.0450
Query the current number of men and women in each department, sorted
1B5 . . 0.0450 MA1
by the number of employees in descending order. .
h ini i d laries y d SQLRho
1B6 Query the current minimum, maximum, and average salaries y epartment, 0.0600 program
sorted by average in ascending order.
1C1 | Query the current number of men and women in the company. 0.0600
1C2 | Query the titles that an employee has held in chronological order. 0.0300
h h 1 h ked in chronological . ,
103 %:iee?t e departments where an employee has worked in chronological 0.0450 TT3. Operations on table ‘employees
Query the current number of men and women in the Company within the
1C4 . 0.0450
following age brackets [0-17, 18-40, 40-65, 65+].
1C5 | Query an employee’s salary history in chronological order. 0.0450
Create an HTML template for managing CRUD operations on he
2A |« » 0.0600
departments” table.
9B Create an HTML template for managing CRUD operations on he table of 0.0444
employees who are department managers. ’
2C Use SelectManagerspepto (T4)” with its fields to create a emplate for cards 0.0889 MA2
of current managers in each department. :
TT4. Usage of Handlebars templates Company
2D Use “SelectEmployeesListDepto (T5)” with its fields to créate template for 0.0889 Website
pills of current employees in a department. ’
9E Create a diagram to display the current number of men and women in the 0.0889
company. ’
Create a diagram to display the current number of employees in each
2F 0.0444
department.
(*) The values in the Task Complexity column are normalized such that their sum equals 1.

an average age of 23.5 years, with age variations ranging from 22 to

29 years and a standard deviation of 1.8 years, noting that 90% of the
participants were male.

Their technical skills were consistent with the expected outcomes of
their training. They had developed skills in programming in multiple

programming languages, which allowed them to effectively address

complex software problems. Additionally, they possessed practical
knowledge in the design and management of databases, an essential

competence for the efficient handling of large volumes of data. They

also had experience in web application development, which included
both front-end and back-end, preparing them to face the challenges of

creating comprehensive web solutions.

E. Rubric Metrics

To

ensure rigorous assessment of both LMs and student

performance, specific metrics and criteria were applied to evaluate .
task success. The metrics used include:

-03-

1.

Correctness: The extent to which the solutions meet the task
requirements. For SQLRho tasks, this involved syntactically correct
SQL queries that returned the expected results. For DBRestRho
tasks, this required correctly implemented RESTful endpoints that
adhered to the specified API schema.

. Completeness: Whether all components of the task were addressed

(e.g., handling all fields in a database table or completing all CRUD
operations).

. Execution Success: The ability of the solution to run without

errors (e.g., SQL queries executing successfully or APIs passing
validation checks).

Error Analysis: The number and type of errors (e.g., syntactic
errors in SQL queries or missing endpoints in API configurations).
Additionally, the criteria for determining task success were as follows:

For SQLRho tasks: Success was defined as writing queries that
retrieved accurate and complete data as specified in the task
description. Queries were tested against a predefined dataset to
ensure validity.
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Fig. 5. Mind map with some of the most well-known LLMs and SLMs that students and teachers can use for programming assignments. On the left hand, the
general purpose LLMs; on the right hand, those LLMs fine-tuned for programmingspecific purposes; at the bottom, some general purpose SLMs.

« For DBRestRho tasks: Success was defined as implementing
endpoints that followed the JSON-DSL requirements and passed a

series of automated integration tests.

Human evaluation was conducted using a standardized rubric that
included predefined solutions for all tasks. Evaluators compared the
solutions provided by participants against these expected answers to
assess correctness, completeness, and adherence to task requirements.
This rubric ensured consistency and objectivity in evaluating both
LMs and students.

These metrics and criteria provided a comprehensive framework
to compare the performance of LMs and students across all tasks,
ensuring fairness and reproducibility.

F. Outline of Language Models

Before conducting the case study, it is necessary to decide which
LMs to use among all available. To better follow this section, Fig. 5
summarizes some of the LMs programmers can use to assist their
work. In the figure, we can see three big clusters: general purpose,
fine-tuned for coding, and those that can be integrated as plugins or
are an IDE themselves.

In the first instance, we can find generalist LMs. These LMs are
designed to understand and generate human-like text across a wide
range of topics. Among them, the most widely used and well-known is
ChatGPT [55] and those based on it, like Microsoft Copilot [56] (also
known as Bing Chat). For its part, Perplexity [57] supposes another
good approach conceived as a chat-like search engine. Although
it works with several LLMs, Perplexity has a LM called Sonar [58].
Llama [59], the LM developed by Meta, Claude [60] and Mistral [61],
are other great examples of generalist LLMs.

In addition to the LLMs, it is worth noting the good results obtained
from the SLMs, like Phi3 [62] and Orca2 [63] developed by Microsoft,
or Gemma [64] developed by Google and based on Gemini [65].

Specifically for programming, Phind [8] offers tailored support for
coding tasks. Phind has a web interface, but it is also available as a

plugin for popular Integrated Development Environments (IDEs) like
Visual Studio Code, enhancing developers’ workflow. Code Llama
[9], a variant based on Llama, focuses on assisting programmers with
code-related queries and tasks. Deepmind AlphaCode [10], Code-
Bert [11], and Tabnine [12] are other specialized LLMs tailored for
programming contexts.

Furthermore, we can find more IDE plugins designed to improve
programmers’ capabilities using LM. Thus, for instance, Cursor is an
IDE that uses LM to enhance code navigation and code-editing [13].
Similarly, Copilot [14] is a well-known plugin built on top of Codex
[15], a GPT LLM fine-tuned on GitHub code repositories, that provides
intelligent code suggestions and completions. CodeWhisperer[16],
which is the approach developed by Amazon, Code4Me [17] and
FauxPilot [18], are other examples of plugins aiming to improve
coding workflows and boost productivity.

To enable interfacing with the different LMs, standard tools
are emerging to interact with them and to allow using them in the
research and development processes. Among these tools, we can
highlight Ollama*, LM-Studio® or Jan®, three front-ends to search, load,
and interact with LMs in an easy to use way.

For our case study, we selected a set of seven different LMs
aiming to cover a broad spectrum of capabilities. Among them,
we included three GPT-based LLMs, three nonGPT-based LLMs,
one programming-focused LLMs, and one SLM. This selection
allowed us to analyze the performance across general-purpose and
programming-specific LMs, as well as LLMs and SLMs approaches,
ensuring that the chosen LMs were relevant to the experiment’s
objectives and diverse enough to provide meaningful insights into
their capabilities and limitations. The details on the chosen LMs will
be provided in Subsection III.H.

* https://ollama.com
° https://Imstudio.ai/
¢ https://jan.ai/
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G. Evaluation Issues for LMs

To ensure a fair and comprehensive evaluation of the LMs, the next

issues were addressed:

Uniform Task Assignment: All LMs were presented with the
same set of tasks outlined in Table I, ensuring consistency with
the assignments given to students. These tasks included both
basic (e.g., SQLRho configuration) and advanced operations (e.g.,
template-based queries).

Prompt Engineering: Each LM received structured prompts
created with a standard template that included metadata, task
descriptions, and expected behaviors. This approach was designed
to simulate a consistent and controlled interaction framework for
all LMs.

Diverse Model Capabilities: The selected LMs included both
general-purpose and programming-specific LMs. Each LM was
evaluated under its optimal configuration (e.g, GPT-4 with
temperature 0.1 and enabled browsing).

Output Validation: LM outputs were collected and evaluated using
a standardized rubric (see subsection IILE), ensuring uniformity in
how task success was assessed across all scenarios.

H. LMs Selection and Setting-Up

For our exploratory analysis, we selected a set of LMs covering a

wide range of possible configurations, from LLMs and SLMs, generative
LMs based and not based on GPT, and generalist and specially trained
for programming tasks. The LMs set selected were:

GPT-4, GPT-40’, and Microsoft Copilot pro® as three GPT-
based LLMs. For these LMs, the temperature parameter was set to
0.1, and both, the internet browsing and code interpreter functions
were enabled. Microsoft Copilot Pro, which lacks a code interpreter
function, was configured with only the internet browsing function
activated and operated in GPT-Balanced mode.

Perplexity’ as front-end for the Sonar LLM. For this LM, we used
the default configuration.

LLama3 version with 7 billions of tokens and Q4 K M
quantification' loaded in LM-Studio.

Phi3 asaSLM, with 3 billion of tokens and Q4_K_M quantification"
loaded in LM-Studio.

Phind as a code-specific LLM, for which we selected the instant
version through the available Visual Studio Code plugin'.

After the LMs selection, Prompt engineering was applied to the

LMs, so we asked the them to solve the same assignment presented to
the students (see Table I). Specifically, they were required to provide
an explanation of RestRho and its JSON-DSL, DBRestRho and
SQLRho, with the same examples used to train the students (one of
these examples is detailed in Subsection IIL.B.2). It is worth noting that
DBRestRho has the capability to generate structured information (see
the “Prompts” tag in Appendix A). Accordingly, the prompts include
the metadata and persistent prompts (subsection IIL.LH.1), as well as the
knowledge corpus (subsections IIL.H.2, IIL.H.3 and II1.H.4). The prompt
outline was as follows:

7 https://chatgpt.com

¢ https://copilot.microsoft.com/

° https://perplexity.ai

1 https://huggingface.co/lmstudio-community/Meta-Llama-3-8B-Instruct-GGUF

" https://huggingface.co/microsoft/Phi-3-mini-4k-instruct-gguf

2 https://marketplace.visualstudio.com/items?itemName=phind.phind

RestRho APIRESTful

# Description

{Description prompts goes here}

# Instruction

{Restrictions prompts goes here}{Clarifications prompts goes here}
{Purposes prompts goes}

{Guidelines prompts goes here}
{Personalization prompts goes here}

# The RestRho Languages

{The description of the languages goes here}

## Sample DBRestRho
An example of DBRestRho (program JSON) is shown between the "~
© characters:

“*" {The whole text with the DBRestRho program goes here} "~

## Sample SQLRho

An example of SQLRho (program JSON) is shown between the """ characters:
“*" {The whole text with the SQLRho program goes here} "

# Database named **sample**

## Template Definition
A Handlebars 'template' is a kind of HTML skeleton that includes

© placeholders and logic blocks, allowing specific data and logic to be
© directly injected into the web page. The following Handlebars
© templates are defined:
1. Template: **user.table**
“*" {The whole text with the template goes here} "
2. Template: **person.table**
“*° {The whole text with the template goes here} "~
3. Template: **person.edit**
* {The whole text with the template goes here} "
4. Template: **person.pills**
* {The whole text with the template goes here} ~°°
5. Template: **person.piesex**
* {The whole text with the template goes here} "~
6. Template: **employee.cards**
“*" {The whole text with the template goes here} "

## Table Definition
In the **sample** database, the tables are defined with SQL statements:
{The SQL statements go here}

After applying the same prompt to each LM, we prompted them for
each assignment task in the same order as posed to the students. This
process ended up with the creation of the file we called “prompt.txt”!
which serves as a structured input to ensure the LMs could interpret
and address the tasks correctly.

The methodology behind the construction of this prompt is
thoroughly explained in the subsequent subsections, which will detail
the text with the metadata used to contextualize the tasks, the domain-
specific knowledge included to enhance the LMs’ understanding, and
the structured database-related information provided for accuracy.
Later, with this prompt in place, the selected LMs were instructed to
perform the same tasks previously presented to the students.

1. Metadata and Persistent Prompts

In addition to specific knowledge, it is necessary to provide
additional documentation that is key for guiding, contextualizing and
optimizing the use of the LM: description, specific purpose, restrictions,
guidelines, clarifications, personalization, and conversation starters.
This information is also commonly referred to as Corpus Metadata.

3 https://www.devrho.com/restrho/prompt.txt
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Therefore, the first step is to provide a general description, which
we defined as follows:

RestRho includes JSON-DSLs DBRestRho and SQLRho to deploy a RESTful API

S server, supporting HTTP methods like GET, POST, PUT, DELETE. It
© transforms JSON and uses Handlebars to separate logic from design in

© web content.

Restrictions define the LM’s limitations, such as prohibited topics,
technical limitations, or content guidelines. In our case:

The model must focus on technical accuracy and clarity, ensuring that its

& guidance is directly applicable to the SQLRho and DBRestRho languages.
© It should avoid giving advice on unrelated technologies or straying
S off topic. It must also avoid executing or suggesting any harmful
S  code.

Clarifications can include possible assumptions that the LM can make
if the information is missing and the expected behaviour of the LM in
specific situations, such as explaining the technical solution or when to
ask the user for more details. In our case, the clarifications were:

The model should lean towards providing a response based on the expected

©  behavior of SQLRho and DBRestRho, filling in missing details with
&  assumptions that are standard practice for SQLRho and DBRestRho
& implementations.

3. DB Sample Knowledge Corpus

The DB Sample knowledge corpus provides a structured set of texts
to train LMs. Its purpose is to facilitate learning how to program in
SQLRho. The first part of the corpus involves setting up the available
tables by defining CREATE TABLE statements. The second part
establishes the rules for defining an operation on a table. Finally, for
each table, a list of operations is set up, including, for each operation,
the equivalence between an SQL statement and an SQLRho statement
(in JSON-format).

The DBRestRho includes the creation of Prompts based on the
information from a database, its tables, operations, and templates, to
construct structured SQLRho program text. A prompt is built using a
Handlebar template.

To dynamically build the RestRho knowledge corpus, in the
program PrgDBRest the “Sample” entry is set to Prompts, which uses
the “sample.han”"* template. To illustrate this template, the following
segment allows you to write the list of operations for a table:

### Table '{{this.Name}}"
For the table **{{this.Name}}** there is the following list of JSON

© operations:
{{#each this.Operations}}
{{this.Index}}. Name: '{{this.Name}}"'
- Sentence SQL: {{{this.SQL}}}
- Sentence SQLRho: {{{this.Body}}}
{{/each}}

Another key aspect is to clearly indicate the LM’s purpose:

The result for the operation in Fig. 3 is shown below:

The model is designed to be a software engineer with expertise in using

S the RestRho specification and its JSON-DSL (domain-specific language
© with JSON grammar): DBRestRho and SQLRho. Its main function is to help
S users understand, and troubleshoot issues related
© RestRho,

© tailored to this technology, especially in generating JSON code.

implement,

providing information, code examples, and explanations

To also establish guidelines that the LM must follow when
interacting with users, the following guidelines have been defined:

When interacting with users, the model should ask clarifying questions to

S understand the specific context or problem the user is facing with
& SQLRho and DBRestRho. It should
S comprehensive responses that are immediately useful for the user's

aim to provide concise yet

© inquiry.

Regarding personalization, it refers to interaction preferences that
can include adjusting the level of formality, the technical complexity
of the responses, or the communication style. For our corpus, the
following has been defined:

The model should maintain a professional tone, akin to a highly

& knowledgeable software engineer, but also be approachable and willing
S to explain complex concepts in simpler terms when needed.

2. RestRho Knowledge Corpus

The RestRho knowledge corpus included the following: a
description of RestRho, and a summary of its JSON-DSLs: SQLRho
and DBRestRho. Next, the programs PrgDBRest (code DBRestRho) and
PrgSQL (code SQLRho) are added, defined and explained in Section

F2RRY)

IIL.B.2. Each program is delimited by the triple quotation mark .

Name: 'SelectPillTemplate’
- Sentence SQL: SELECT NAME,SURNAME,AGE,SEX FROM person ORDER BY
©  SURNAME asc
- Sentence SQLRho: {"Definition": "SelectAction", "Action": "pills",
& "Clauses":{"Fields": "NAME,SURNAME,AGE,SEX", "OrderBy": "SURNAME
S asc"}, "Transform":{"Type": "Map", "Field": "Rows"}, "Template":

S "person.pills", "Table": "person"}

4. DB Employees Knowledge Corpus

To initiate the LLMs evaluation assignment, it is necessary
to establish the DB Employees knowledge corpus. This involves
providing the LM with information about the available tables in the DB
Employees (departments, employees, salaries, titles, dept_manager, and
dept_emp), that is, the same database definition given to the students.

To create this corpus, the program PrgDBRest sets the “Employees”
entry in Prompts, where the “employees.han™ template was used.
Initially, the available tables were configured by defining CREATE
TABLE statements. Subsequently, metadata and persistent prompts
were added to commence the evaluation of the LLMs.

IV. RESuULTS

To measure the LMs performance in our case study, we used Human
Evaluation to rate it based on their knowledge to verify if the solution
that LMs and student provides are relevant (see Section ILD).

Thus, to assess the performance of participants and LMs in the
case study, we relied on both quantitative and qualitative measures.
Using a standardized rubric (described in Section IILE), human
evaluators assessed task success based on correctness, completeness,

' https://www.devrho.com/restrho/sample.han

' https://www.devrho.com/restrho/employees.han
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TABLE II. GRADEs OBTAINED FOR EACH STUDENT AND LMs

1B4 1B5 1B6 1C1 1C2 1C3 1C4 1C5 2A 2B 2C 2D Avg. SD

P1 0.67 | 050 | 0.50 | 0.50 | 0.67 0.33 0.40 | 033
P2 0.33 | 0.50 | 0.50 | 050 | 033 0.33 0.31 | 0.27
P3 0.67 | 050 | 0.50 | 0.50 | 0.67 | 0.67 | 033 ' 0.60 | 0.70 | 0.60 | 0.30 |
P4 0.25 | 0.25 | 050 | 033 0.40
P5 0.25 | 050 | 0.50 | 0.67
P6
P7 | 050 | 0.60 | 0.70 | 0.50 | 0.40 | 0.40 |
P8
P9
P10 | 0.67 | 0.67 | 050 | 0.50 | 050 | 0.67 | 0.67 | 033 | 0.50 | 0.60 | 0.60 | 0.60 | 0.58
P11
P12 | 067 | 033 | 033 | 033 | 0.50 | 0.25 | 0.50 | 033 | 033 | 033 | 025 | 0.60 | 0.70 | 0.40 | 0.40 | 0.60 |
P13
P14 0.67 0.50
P15 0.50 0.34
P16 0.50 | 0.60 | 0.70 | 0.30 |
P17
P18
P19
P20
P21
P22
P23
P24
P25
P26
P27 0.40
P28 0.48 | 027
P29 0.62 | 0.23
P30 0.70 | 0.24
P31 0.63 | 0.27
P32 0.50 0.50 0.65 | 0.26
P33 0.25 0.60 0.35 | 0.20
P34 0.26
P35 0.25 0.70 | 0.40 0.29
P36 0.40 | 0.40 0.28
P37 | 0.60 | 0.70 | 0.40 | 030 | 0.60 0.23
P38 037 | 031
P39 0.58 | 0.24
ChatGPT-4 0.67
ChatGPT-do
Perplexity 0.33 0.67 0.71 | 0.22

Copilot 025 |

Phind

Llama3

Phi-3

and adherence to task requirements. This ensured consistency and
objectivity in the evaluation process. Furthermore, the alignment of
results with the research questions was verified by analyzing trends and
insights presented in Table II and Table IIL. This approach demonstrated
the feasibility and limitations of using LMs alongside DSLs for complex
assignments, offering valuable insights for future work.

Consequently, Table II presents the grades normalized in per cent
per one (from 0 to 1) obtained by the participants of the experiment.
The table shows two different groups, namely: students (P1 to P39)
and the selected LMs (both LLMs and SLM). The results are organised
in columns corresponding to the 18 tasks (see Table I) that the

participants performed. In addition, columns are included showing
the average task success (Avg.), and the standard deviation (SD). For
its part, Table III provides the average and standard deviation for each
task, presenting the results for all participants combined (students and
LMs), as well as separately for students only and for LMs only.

The overall performance results revealed clear trends. The 39
students achieved an average task success rate of 0.6% (SD: 0.14%) across
all tasks, demonstrating consistent performance in the initial tasks (e.g.,
1A and 1C1). Conversely, LMs presented a broader range of variability,
with an average success rate of 0.52% (SD: 0.28%). Notably, students
excelled in SQLRho-related tasks (1A-1C5), while LMs performed
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TABLE III. AVERAGE AND STANDARD DEVIATION FOR THE GRADES IN EAcH TAsk

1A 1B1 1B2 1B3 1B4 1B5 1B6 1C1 1C2 1C3 1C4 1C5 2A 2B 2C 2D 2E 2F Avg. SD

Avg Total 0.63 | 0.59 | 0.59 | 0.53 | 0.47 | 0.48 | 0.64 | 0.65 | 0.57 | 0.43 | 0.59 | 0.74 | 0.82 | 0.72 | 0.61 | 0.55 | 0.44 | 0.62 | 0.15

SD Total 0.35 | 0.34 | 0.31 | 0.32 | 0.25 | 0.23 | 0.31 | 0.30 | 0.30 | 0.35 | 0.28 | 0.32 | 0.32 | 0.33 | 0.35 | 0.35 | 0.39 | 0.30 | 0.07
Avg. Students 0.68 | 0.66 | 0.67 | 0.60 | 0.51 | 0.53 | 0.72 | 0.72 | 0.62 | 0.47 | 0.62 | 0.64 | 0.59 | 0.48 | 0.37 | 0.53 | 0.42 | 0.60 | 0.14
SD Students 0.32 | 0.30 | 0.26 | 0.30 | 0.21 | 0.19 | 0.25 | 0.24 | 0.27 | 0.35 | 0.23 | 0.34 | 0.32 | 0.32 | 0.33 | 0.34 | 0.38 | 0.28 | 0.08
Avg. LM 0.43 | 0.29 | 0.24 | 0.24 | 0.29 | 0.29 | 0.29 | 0.33 | 0.38 | 0.29 | 0.50 0.77 | 0.63 | 0.52 | 0.28
SDLM 0.46 | 0.40 | 0.32 | 0.32 | 0.37 | 0.34 | 0.39 | 0.43 | 0.40 | 0.36 | 0.48 035 | 0.41 | 0.30 | 0.15

better in Handlebars-related tasks (2A-2F), particularly with GPT-4o0
achieving results comparable to the highest-performing students.

Grades for the students reflect considerable variability in their
performance concerning specific task completion. Tasks 1A, 1C1,
and 1C2 emerged with notably high average success. The low
standard deviation in task 1A indicates significant consistency in
success achievement among the majority of participants, except for
participant P22. This suggests a solid understanding and robust skills
in the initial configuration of SQLRho and query operations within
the ‘employees’ table.

Conversely, tasks 2D, 2F, and 2C revealed lower success rates in
execution. The high standard deviations, particularly due to extremely
low scores from over 10 participants, point to significant challenges for
most individuals in handling Handlebars templates (TT4), associated
with operations within the ’departments’ and ’employees’ tables.
These tasks may require a more detailed approach and additional
support in future iterations of the experiment.

On the other hand, LMs showed a distinct behaviour. Moreover, it is
remarkable the difference in performance among GPT-based LLMs and
the others, being GPT-40 the one that best performs, obtaining similar
grades to those we can see for the best of the students. It is surprising
to see how Copilot, which after all is a front-end to ChatGPT platform
for Microsoft’s Office suite, has achieved such different results.

For their part, Llama3 together with Phind and Phi-3, have obtained
very poor performance for the first tasks. Maybe, the case of Phind is
the most remarkable of all, since it is specially trained for programming
tasks. However, as will be discussed later, far from making use of the
designed DSLs, this LM used main-stream GPPLs and DSLs such
as SQL, which may be comprehensible given its training process.
The grades of Phi-3 are also interesting, as although it is a SLM, it
performed similarly to the previous ones.

Analysing the grades obtained by LMs generally, they presented
significantly lower success rates for the initial tasks (1A to 1C5),
with some LMs obtaining extremely low results. This indicates
that LMs struggled in the first tasks of the experiment, involving
basic configurations and operations of SQLRho and queries in the
‘departments’ and ‘employees’ tables. However, in tasks 2A to 2F,
they showed notable improvement in their results, with high average
success rates in most tasks and lower standard deviations, reflecting
better consistency in their performance due to the training of the
LLMs in programming tasks.

To show some examples of answers, Appendix presents the responses
of the LMs to question 1B1. These responses reveal an error pattern
among the lower-performing LMs (grade 0): they generate an element
containing a complete query using standard SQL rather than employing
the required JSON structure. The reason for these meagre results is that
they failed to use the basic JSON structure of an SQLRho operation and
rapidly tended to reply with an SQL query. Another feasible cause is
that they did not differentiate between the grammar of DBRestRho
and SQLRho; in the former, there is an *SQL’ tag in the definition for

managing the template of an SQL instruction, while in a SQLRho
operation on a table, there is a JSON structure for the SQL clauses.

Despite working with the same data, GPT-40 demonstrated a
superior ability to correctly interpret SQLRho grammar and query
operations, demonstrating a greater aptitude for distinguishing DSLs
from mainstream GPPLs and DSLs such as SQL. This suggests a better
capacity for generalization and processing of complex structures such
as JSON. In contrast, the other LMs appeared to prioritize the handling
of standard SQL, which limited their adaptability to the DSLs. The use
of a common training corpus underscores the intrinsic characteristics
of each LM as key determinants of observed performance variations.

The comparative analysis between students and LMs reveals key
differences. Students showed greater consistency and success in the
initial tasks of the experiment, while LMs presented more variable
performance, significantly improving in the later tasks. Tasks 2D, 2F,
and 2C were challenging for students and LMs, although LMs achieved
better results on average in tasks 2A to 2F. In terms of grades and
evaluations, students tended to obtain higher and more consistent
grades in the initial tasks, while LMs improved their grades in the
later tasks.

Finally, as a consequence of analysing the result, at this stage, we
can answer the research questions set out in Section L.

RQ1.Is it possible to use current LMs together with DSLs for
assignments that involve the design and implementation
of RESTful APIs? The answer to this research question is
affirmative. The main requirement is a good definition of the DSL
and a proper prompting process to provide the LM with metadata,
persistent prompting and a solid knowledge corpus. This step is
vital for a good performance of the LM.

RQ2. How do LMs perform against real students for
assignments on designing and implementing RESTful APIs
using DSLs? For this research question, the answer is that both
LLMs and SLMs can achieve excellent results depending on the
task and the prompt provided. Some LMs outperform others, and
this performance must be evaluated for each specific problem.

V. DiscussioN

The related works section of this article has evidenced the
growing importance of integrating LMs and DSLs into Computer
Science education. This integration not only facilitates the learning
of fundamental concepts but also allows students to experiment with
technologies that are transforming the industry. With an engineering
process in the use and customization of LM for specific applications,
LMs can provide instant and personalized student feedback, adapting
to their knowledge levels and learning styles.

Based on the results we obtained with our case of study, at this
stage it is possible to point out some issues that should be addressed
in future experimentation and use cases. First, as previously stated,
the combination of DSLs with LMs implies engineering the metadata,
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persistent prompts, and knowledge corpus so that the latter can use
the DSLs with guarantees. Moreover, this adds complexity, since not
only the DSL itself must be validated, but also the completeness, clarity
and disambiguation of the information provided through prompts to
the LMs to allow them for optimal performance. That means opening
up a whole new interesting research line, that is, the design of tests to
validate prompts to maximise the performance of the LM.

Likewise, another important issue that should be taken into
account in the engineering process when applying and using LMs (not
only in education but in any domain), is to identify and define the
best metrics that allow the validation of different LMs as well as to
explore multiple outputs according to the hyperparameterization each
LM provides. The methodology applied in this case study to compare
the performance of LMs on specific JSON-DSL tasks in a reduced
learning context, against the solutions provided by the 39 students, has
facilitated the identification of areas where LMs need improvement
(for instance the SQLRest operations in our case study) and where
they already excel (like the use of HTML template creation in our case
study). This reveals that LM better performs on tasks where they can
use the knowledge they were trained for, but not on tasks where new
knowledge is necessary (like new JSON-DSLs designed in our case
study). Therefore, better-prompting LMs to handle complex SQLRho
operations is crucial in developing RestRho-based solutions.

While the sample size of 39 students provided valuable insights
into the comparative performance of LMs and human participants,
it represents a limitation in terms of generalizability. As this study
is exploratory in nature, future work should aim to validate findings
with larger and more diverse participant groups to strengthen the
robustness of the conclusions. Expanding the sample would also allow
for a more granular analysis of factors such as prior programming
experience, familiarity with DSLs, and demographic variability.

This study acknowledges potential biases inherent in its design.
The student participants, all in their final year of a Computer
Engineering program, represent a relatively homogeneous
group, which may not reflect the broader diversity of learners in
Computer Science. Similarly, the selected LMs were among the most
prominent general-purpose and programming-specific at the time
of the study, potentially excluding emerging LMs or alternative
paradigms. Additionally, the standardized rubric used for evaluation,
while ensuring consistency, may have limited the recognition of
unconventional but valid approaches in task completion.

VI. ConcLUsION AND FUTURE WORKS

Since Computer Science students use GPPLs and DSLs to solve
problems, we need to first to determine how well LMs perform
compared to students. To investigate this, we conducted a case study
on the design and implementation of RESTful APIs by undergraduate
Computer Science students.

In this article, we have detailed a case study with Computer Science
undergraduates, designing, implementing and deploying two DSLs
and some specific task assignments. Up to 39 students and 5 different
LMs completed the assignment, and instructors graded both sets
of solutions so that the LMs scores were compared to those of the
students to measure the LMs performance.

Implementing evaluation criteria uniformly was essential to obtain
more accurate and useful comparisons between different LLM and their
possible applications. This allowed for a better understanding of each
LM’s capabilities and limitations, thus facilitating the identification
of areas for improvement and making informed decisions about the
use of these LMs in specific contexts. Adopting these uniform criteria
can lead to developing standards for LLM evaluation, allowing clear

expectations and goals for future LM development.

The results highlight that well-defined DSLs and an effective
prompting process are essential for LMs to perform well. This involves
providing the LM with metadata, consistent prompts, and a robust
knowledge base. With the right prompts, both LLMs and SLMs can
achieve excellent results, depending on the task. In the presented
case study, LMs must be rigorously prompted to handle complex
operations. While some LMs can manage the tasks with relative
accuracy, others struggle to generate correct and coherent results. This
is evidenced by the high variability in scores. Among the tested LMs,
it is worth mentioning that GPT-based LMs performed these tasks
almost perfectly.

Although the findings provide valuable insights, the relatively small
sample size limits the generalizability of the results. Expanding the
participant pool in future studies, incorporating students from diverse
backgrounds and skill levels, will enable more robust statistical analyses
and uncover potential nuances in LMs performance. Additionally,
addressing potential biases introduced by the specific selection of
LMs and configurations will be crucial. Broader experimentation
with various LMs, including those optimized for different purposes,
will ensure that results are representative and applicable to diverse
scenarios.

Given that our research questions delimited the prompt context,
in future works, this must be better studied and improved. LMs need
to be provided and customized with a greater number of examples
that include more complex and detailed operations while using the
defined DSLs. Additionally, these examples must be provided in a
systematically way to cover a wide range of scenarios and variations in
queries and database structures, ensuring that models can generalize
their learning in different contexts and provide solutions to specific
programming problems.

In this same concern, the automatic generation of prompts by the
tools is an interesting strategy for building a robust and effective
corpus for LMs. These autogenerated prompts can help and guide
the LMs in understanding and executing specific tasks, significantly
improving their ability to handle complex operations (in the case
study presented in this article, to create specific Handlebars templates
for database information). A well-structured corpus ensures that
LMs can learn from clear and well-defined examples, reducing
ambiguity and improving the accuracy of generated responses. This
autogeneration, in the future, allows for continuous improvement
of the training corpus. As new needs are identified or areas of
difficulty are discovered, prompts can be modified, expanded, or
added to address these aspects, enriching the corpus and improving
LM performance.

Another future work regards on analyzing how to make each
LM better perform for each specific tasks. The uniform evaluation
carried out in our case study may have penalized some LMs
against others, due to each LM follows different approaches and
goals. Therefore, we are willing to design specific prompts and
hyperparameter exploration for each LM to find the best performance
for each one.

As a challenge at a technical level, we want to explore developing
and evaluating the performance of LMs in creating templates that use
specific frameworks based on Material Design principles. This effort
would include implementing and testing complex design tasks that
require frameworks such as Material Design for Bootstrap, Material-
UL, Angular Material, and Semantic UL Thus, it is necessary to
improve the prompting of LMs in managing and creating templates.
Additionally, specific prompts must be included to automatically
generate these templates and integrate them as outputs in the
RestRho system.
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APPENDIX A. DBRESTRHO GRAMMAR

RuOCODE 1. GRAMMAR STRUCTURE DBRESTRHO

This appendix briefly shows the DBRestRho and its associated
classes as shown in the CodeRho 1.

This JSON-DSL has been defined to specify what SQLRho
definitions the RESTful API can use, the templates for the HTTP
requests (endpoints) and related SQL statement to manage the data.
Also, to easy the labour of prompting LMs, the JSON-DSL allows
provide a prompt template.

Consequently, a DBRestRho program has five attributes:

« Name: name of the Server/Program.

+ Description: brief description of the definitions.

« Databases: array of SQLRho programs, where each SQLRhoCodel
follows the format:

- “alias.connector.json”,
- alias is the program alias, and
- textitconnector is either “mariadb” or “mysql”

+ Definitions: map of HTTP requests, each linked to a SQL
statement, a transformation result, and an associated Handlebars
template. Each definition (definitionI') includes:

- Method (HTTP request method “get”, “post”, “put” or “delete”),

- Parameters (list of parameters for the HT TP request and SQL
statement, i.e.: {“params”: [*key”]}),

- Default (default options for a SQLRho program, i.e.:{“Fields”:
)

- Path (URL structure of the HTTP request with Handlebars).

{ "Name": "name",
"Description": "description",
"Databases": ["SQLRhoCodel", "...", "SQLRhoCodeI", "...",

¢ "SQLRhoCodeN"],
"Definitions": {
" "
"definitionI": {
"Method": "method",
"Parameters": {"params": ["paraml",
"Default": {"optioni": "x", ".. . "},
"Path": "templatePath",
"SQL": "templateSLQ"

, "paramM"]},

},
W
},
"Prompts": {
" "
LN
n "n.
promptI": {
"Method": "method", "Action": "action",
"Database": {
"Name": "sample",
"Templates": "x*",
"Tables": {
oDt s e
" "
Loy,
"tableJ": ["...", "operationJ", L I
" "
¥
},

"Template": "templateFile (*.han)",
"File": "outputFile (*.txt)"
},

Each Path (templatePath) defined as:

o /{db}}/{{table}}/{{action}}: where {{db}} is the database name,
{{table}} is the table name, and {{action}} is action defined in

AprPENDIX B. SQLRHO GRAMMAR

a SQLRho table.

o /{{db}}/{{table}}/resource: a fixed resource. For example,
resource=/all.

o /{db}}/{{table}}/params: the list of parameters defined in
Params. For example, params=/:key.

- SQL (SQL template in Handlebars). Each SQL template
(templateSLQ) in Handlebars with predefined tags: Fields,
Distinct, Join, InnerJoin, LeftJoin, RightJoin, FullJoin, Where,
GroupBy, Having, OrderBy, Limit, are added to attributes. For
example:

This appendix provides a brief description for the SQLRho

grammar and associated classes are established, RhoCode 2 shows a
summary explanation of a SQLRho program.

SQLRho is the JSON-DSL designed to configure DB connections

(particularly MariaDB or MySQL) and define the set of operations for the
database tables necessary to manage the requests defined in DBRestRho.

In SQLRho we can specify basic operations at record level (Insert,

Update, Delete, and Select) and at table level (Where and SelectAll); as
well as custom operations to support configuration, transformation
and the application of output templates to render the results in the

templateSql = “UPDATE {{Table}} SET web browser.

{{{Fields}}} WHERE {{key}}=key".

+ Prompts: map for creating Prompts from a database, based
on Handlebar template. This is really useful for creating the
corresponding part of the prompt for the LMs. Each prompt
(promptl ) includes:

- Method (HTTP request method “get”, “post”, “put” or “delete”),
- Action (action of the petition),

- Database (reference to a database and information available
about tables and operations, where “*” applies all available
operations and [..”operationY’, ...] specifies a particular list),

- Template (Handlebars template that allows specifying the
content of promptl with the information available from the
database), and,

- File (output to a text file when the template is applied to the
database information).
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Consequenlty, SQLRho has eight attributes:
Name: part of the Path defined for the HTTP request
Description: a brief description of the program
Connector: the database type, as mariadb or mysql
EnableToken: enables token use for HTTP requests, true or false

Pool: defines the standard connection pool to a MariaDB or
MySQL database

Registry: defines the database record table

Templates: defines Handlebars templates for transforming table
operation results. Each template includes the name, directory, and
filename

Tables: sets the tables targeted by HTTP request. For each table
(tablel), four attributes are defined:

- Encrypt (list of fields to be encrypted using AES-256 in CBC
mode), Decrypt (list of fields to be decrypted on the server
using AES-256 in CBC mode),
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- Uses (list of basic operations enabled for the table: Insert,
Update, Delete, Select, Where, SelectAll), and

- Operations (list of custom operations including configuration,
parameters, transformations, and templates). Each operation
(operationl ) includes:

o Name (name of the definition specified in the DBRestRho
program);

o Action: action of the petition.

o Parameters: list of parameters to be used in the request.

o Clauses: list of elements to build the SQL statement: Fields,
Distinct, Join, InnerJoin, Leftfoin, RightJoin, FullJoin,
Where, GroupBy, Having, OrderBy, Limit.

o Transform: where Type is the type mandatory of
transformation, Map is return a map with the result,
Group is group the result by a field, or Position it returns
an object from the array.

o Template: refers to a name nameTemplatel the list of
Templates available.

RuHOCODE 2. GRAMMAR STRUCTURE SQLRHO

{
"Name": "name",
"Description": "description",
"Connector": "connector",
"EnableToken": "true | false",
"Pool": { "host":"..", "user":"..", "password":"..", "database":"..",
& "connectionLimit": "<int>" },
"Registry": { "Table":"..", "User":"..", "Password":".",
& "ValidityMinutes": "<int>" },
"Templates": {0, "nameTemplateI": {"Dir":"dirI",
& "File":"nameFileI"}, "..." },
"Tables": {
"tableI": {
"Encrypt": ["field1", "...", "fieldk", "..."],
"Decrypt": ["fieldl", "...", "fieldJ", "..."],
"Uses": ["usel", "...", "useI", "...", "useN"],
"Operations": {
nom,
"operationI": {
"Name": "name operation",
"Action": "action",
"Parameters": { "query": ["parami", "...", "paramJ"] },
"Clauses": { "Fields": "..", "Where": "..", "OrderBy": ".", "..."
3,
"Transform": { "Type": "type", "Map": "...", "Group": "..." },
"Template": "nameTemplateI"
}
¥
},
}
¥

APPENDIX C. LMs RESULTS FOR Task 1B1 From TABLE I

This appendix presents the fragment of the results from the LMs for
question 1B1 from Table I:

1B1. Query the current number of employees in each department, sorted

& alphabetically by department name.

Fragments C1 and C2 display the responses of ChatGPT-4 and
ChatGPT-40, respectively, to question 1B1. Both LMs correctly
structured and resolved the query as required in SQLRho.

FrRAGMENT C1. CHATGPT-4. GRADE: 1.00

"Operations": {
"SelectEmployeesNumbers": {

"Definition": "SelectAction",

"Action": "employeeNumbers",

"Clauses": {
"Fields": "D.dept_name, COUNT(E.emp_no) AS num_employees",
"InnerJoin": {"dept_emp X": "D.dept_no=X.dept_no", "employees

& E": "X.emp_no=E.emp_no"},

"GroupBy": "D.dept_name",
"OrderBy": "D.dept_name ASC"

FrRAGMENT C2. CHATGPT-40. GRADE: 1.00

[:] "Operations": {
"SelectEmployeesNumbers": {

"Definition": "SelectAction",

"Action": "employeeNumbers",

"Clauses": {
"Fields": "D.dept_name, COUNT(E.emp_no) AS num_employees",
"InnerJoin": {"dept_emp X": "D.dept_no=X.dept_no", "employees

& E": "X.emp_no=E.emp_no"},

"GroupBy": "D.dept_name",
"OrderBy": "D.dept_name ASC"

},

L]

Fragment C3 presents Perplexity’s response to question 1B1. While
it did not construct the complete solution, the structure proposed by

»

the LM is correct; however, it included an additional field, “Table’

FRAGMENT C3. PERPLEXITY. GRADE: 0.67

ofierd id Bgtuales
bos £ npubrd flel fieparitaidntyl 8 forma

"Definition": "SelectAction",
"Action": "employeesNumbers",
"Clauses": {
"Fields": "D.dept_name, COUNT(E.emp_no) AS employee_count",
"GroupBy": "D.dept_name",
"OrderBy": "D.dept_name ASC"
1,
"Table": "departaments"
}
L]

Fragment C4 presents Copilot’s response to question 1B1. It did not
construct the complete solution, only added the action, and created
two tags, “type” and “select,” which do not belong to the SQLRho
grammar.

FRAGMENT C4. Cop1LOT. GRADE: 0.33

"Operations": {
"SelectEmployeesNumbers": {

"action": "employeesNumbers",
"type": "select",
"query": "SELECT dept_name, COUNT(*) as employee_count FROM

& departaments INNER JOIN dept_emp ON departaments.dept_no =
& dept_emp.dept_no GROUP BY dept_name ORDER BY dept_name ASC"
1,

Fragments C5, C6, and C7 present the responses of Phind, Llama3,
and Phi-3, respectively, to question 1B1. These LMs did not understand

-101-



International Journal of Interactive Multimedia and Artificial Intelligence, Vol. 9, No6

the structure of the SQLRho grammar and provided a response based
on their knowledge of SQL.

FrRAGMENT C5. PHIND. GRADE: 0.00

"Operations": {
"SelectEmployeesNumbers": "SELECT D.dept_name, COUNT(E.emp_no) AS
& employees_count FROM departaments D INNER JOIN dept_emp X ON
& D.dept_no = X.dept_no INNER JOIN employees E ON X.emp_no =
& E.emp_no WHERE X.to_date = '9999-01-01' GROUP BY D.dept_name
< ORDER BY D.dept_name ASC",

FRAGMENT C6. LLAMA3. GRADE: 0.00

"Operations": [
{
"Name": "SelectEmployeesNumbers",
"SQL": "SELECT D.dept_name, COUNT(E.emp_no) AS num_employees FROM
&> departaments D INNER JOIN dept_emp X ON D.dept_no = X.dept_no
& INNER JOIN employees E ON X.emp_no = E.emp_no GROUP BY
o D.dept_name ORDER BY D.dept_name ASC",

"Type": "SELECT"
FRAGMENT C7. PHI-3. GRADE: 0.00
"Operations": [
{
"B {
"Description": "Consulta del nimero de employees actuales de cada
& departament ordenados por dept_name de forma ascendente.",
"SQL": "SELECT D.dept_no, CDUNT(E‘emp_no) AS employee_count FROM
¢« departaments D INNER JOIN dept_emp X ON D.dept_no = X.dept_no
& GROUP BY D.dept_no ORDER BY D.dept_name ASC;"
}
1,
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