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Abstract: This paper explores the application of large language models (LLMs) to automate
the evaluation of programming assignments in an undergraduate “Introduction to Pro-
gramming” course. This study addresses the challenges of manual grading, including time
constraints and potential inconsistencies, by proposing a system that integrates several
LLMs to streamline the assessment process. The system utilizes a graphic interface to
process student submissions, allowing instructors to select an LLM and customize the
grading rubric. A comparative analysis, using LLMs from OpenAl, Google, DeepSeek and
ALIBABA to evaluate student code submissions, revealed a strong correlation between
LLM-generated grades and those assigned by human instructors. Specifically, the reduced
model using statistically significant variables demonstrates a high explanatory power,
with an adjusted R? of 0.9156 and a Mean Absolute Error of 0.4579, indicating that LLMs
can effectively replicate human grading. The findings suggest that LLMs can automate
grading when paired with human oversight, drastically reducing the instructor workload,
transforming a task estimated to take more than 300 h of manual work into less than 15 min
of automated processing and improving the efficiency and consistency of assessment in
computer science education.

Keywords: academic assessment; automated assessment; generative artificial intelligence;
large language models; automated code assessment; Al-helped feedback; code grading

1. Introduction

Assessment is a fundamental component of academic training. In recent years, this
process has been the focus of debate, partly due to a perceived decline in the authority
of teaching staff [1]. One of the strategies adopted within academia to address this has
been the use of multiple-choice tests as an assessment model [2]. However, such tests
have evident shortcomings in disciplines that require students to solve complex tasks, such
as programming. To better handle this complexity and promote fairer, more consistent
evaluation, assessment rubrics have been introduced. These tools make it possible to
define various levels of achievement for each evaluation criterion [3], thereby aiming to
reduce bias and subjectivity by structuring the assessment process. Yet, in courses such as
“Introduction to Programming”, two further challenges emerge.

In subjects of this nature, students’ competencies improve significantly when they
complete many graded assignments [4]. In contrast, ungraded exercises tend to be un-
dertaken only by the highest-performing students and, generally, do not contribute to a
significant improvement in overall competency.
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Each graded programming assignment entails a considerable workload for instructors.
It is estimated that manually assessing a programming task in introductory university
courses takes on average 30 min per student [4].

In a standard semester-long course with 11 effective weeks for graded assignments
and a group of 120 students, this results in roughly 60 h of grading per assignment each
week, to be distributed among the teaching staff. Such a workload not only limits the
number of assignments that can be realistically implemented, but also introduces the
risk of inconsistent evaluation, even when rubrics are applied, due to fatigue or time
constraints [5]. While increasing the number of instructors responsible for grading might
appear to be a potential solution, this option proves unviable from both logistical and
economic standpoints. Consequently, it becomes essential to explore automated assessment
approaches that uphold the necessary pedagogical standards.

Recent applications of LLMs demonstrate their versatility across diverse domains.
For instance, TrumorGPT applies LLMs and graph-based retrieval to fact-check health-
related claims in real time [6], while ChatDL enhances software defect localization in
IIoT manufacturing by combining LLMs with information retrieval techniques [7]. These
examples highlight the growing impact of LLMs beyond general-purpose NLP, supporting
their integration in domain-specific tasks. Our work follows this trend by applying LLMs to
the field of computer science education, focusing on automating and improving the grading
process for programming assignments. From a technical perspective, the partial automation
of the assessment process through Generative Artificial Intelligence (GenAl) technologies
presents itself as a viable and promising alternative [8]. A typical use of GenAl lies in
its capacity to identify and correct errors in source code across a range of programming
languages [9]. This includes detecting syntax mistakes, logical errors, or inefficient coding
patterns, as well as offering suggestions to enhance the quality and efficiency of the code.
Nevertheless, a valid concern in this context is the potential for algorithmic bias. This must
be weighed alongside the reality that human grading is also susceptible to variability [10].

Although rubrics help to standardize evaluation, factors such as grader fatigue, high
submission volume, or difference of criteria among instructors can still affect the overall
objectivity of the process. Teaching experience indicates that, even when detailed rubrics
are in place, there is often a tendency to assign grades using fixed intervals (e.g., scores
from 0 to 5 in predefined blocks), which may not always capture the true quality of the
submitted work. One way to address these issues is to incorporate the rubric directly as
part of the prompt when working with generative models, allowing the system to adjust its
responses according to the defined instructional guidelines [2]. In addition, a subsequent
review by the teaching staff can act as a supervisory mechanism to ensure consistency and
reliability in the system’s output.

The main objective of this study is to examine the use of various large language
models (LLMs) for automated evaluation of programming tasks. Our analysis includes
models developed by organizations such as OpenAl (GPT 40, GPT 4.1, GPT-03-mini),
Google (Gemini 2.0 Flash), DeepSeek, and ALIBABA (QWEN-plus), which were applied
to evaluate programming exercises of an undergraduate “Introduction to Programming”
course. More specifically, this paper introduces the system used and presents preliminary
results of a comparative study of these models, highlighting initial challenges encountered
and outlining possible directions for future development and refinement.

The remainder of this article is structured as follows. Section 2 reviews the existing
literature, covering conventional approaches to code assessment, previous studies on the in-
tegration of Artificial Intelligence into academic evaluation, and the current limitations and
challenges faced by automated grading systems. Section 3 offers an in-depth description of
the implemented system, detailing its architecture—specifically designed for compatibility
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with virtual learning environments—and explaining the workflow that enables instructors
to export, submit, and process assignments for evaluation. Section 4 presents the results
of our study, including a quantitative comparison between the grades assigned by eight
different Al models and those given by human instructors for a dataset comprising 672 stu-
dents. It also includes a qualitative analysis of the feedback generated by the models across
submissions of varying quality. Section 5 focuses on the interpretation and discussion of
the findings. Finally, Section 6 concludes the paper by summarizing the main contributions
and proposing directions for future research, grounded in the insights obtained throughout
this study.

2. Related Work

Prior to the emergence of Al-based grading, programming assignments were typically
evaluated using manual or semi-automated methods, including the use of test cases, trace
analysis, rubrics, and unit testing frameworks such as JUnit or PyTest to verify functional
correctness [11-15]. Although these methods have proven effective, they are time-intensive
and demand substantial manual effort from instructors. The following summary outlines
the main characteristics of four commonly employed assessment methods.

Various strategies have been employed for code evaluation in educational settings,
each with distinct advantages, limitations, and appropriate use cases [16]. One of the most
prominent approaches is the use of test cases, valued for being objective, automatable, and
capable of rapidly assessing the functional behavior of code [17]. Although well-designed
test cases can infer the existence of logical errors, they often cannot directly evaluate the
quality of internal reasoning or code style. Consequently, it is best suited for assignments
where functional correctness is the primary focus. The feedback generated by this method
is typically binary (pass/fail), although it can be enhanced through advanced tools and
customized error messages designed to guide students [18].

This technique is especially valuable for assessing a student’s understanding and
for identifying flaws in control-flow logic. It offers detailed feedback on logical decision-
making, flow-related errors, and the student’s grasp of program structure [16]. Trace
analysis is particularly effective for small-scale exercises or exam settings involving pseu-
docode or basic programs. However, it is inherently subjective and time-consuming, which
limits its scalability in large groups.

Rubrics offer a flexible and detailed assessment framework that also promotes good
programming practices. This approach is well suited for larger projects or final evaluations,
as it enables a qualitative analysis of multiple dimensions of the code. Nevertheless,
its implementation can be time-consuming and is sensitive to variations in evaluator
consistency [17]. The feedback generated through rubrics typically highlights strengths
and weaknesses, along with specific suggestions linked to each assessment criterion.

Finally, unit testing is distinguished by its precision and reusability, and it encourages
the adoption of test-driven development practices. While it requires initial setup and ongo-
ing maintenance and entails a learning curve, it is particularly appropriate for advanced
courses or contexts focused on professional software testing methodologies. The feedback it
provides is technical in nature, reporting function-specific errors and indicating the success
or failure of each individual test.

2.1. Al in Academic Assessment

The application of Artificial Intelligence (Al) to academic assessment has gained
growing interest in recent years. Traditional evaluation methods depend heavily on hu-
man graders, making them time-consuming and susceptible to subjectivity. Al-driven
approaches seek to automate and improve assessment processes, aiming to enhance both
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efficiency and consistency. This section reviews previous research on Al-based evaluation
systems, with particular emphasis on machine learning (ML) techniques and large language
models (LLMs).

Early Al-based assessment systems were designed for objective grading tasks, such
as scoring multiple-choice questions and detecting plagiarism [19]. Over time, these
approaches were extended to more complex domains, including automated essay evalua-
tion [20] and the assessment of programming assignments [20]. The incorporation of deep
learning techniques has significantly enhanced performance in these areas, allowing for
improved understanding of both textual and structured inputs.

Machine learning techniques have been widely applied to the evaluation of student
submissions, particularly in areas such as Natural Language Processing (NLP) and code
analysis. Traditional models such as Support Vector Machines (SVMs) and Random Forests
have been used for automated essay grading [21], while deep learning architectures—such
as Recurrent Neural Networks (RNNs) and Transformers—have demonstrated superior
performance in interpreting complex responses [22]. In the context of programming assess-
ment, methods including code similarity analysis [23] and execution-based grading [24]
have been proposed to enhance the effectiveness of student solution evaluation.

Recent advances in large language models (LLMs), such as OpenAl’s GPT-4 [25]
and Google’s PaLM [26], have opened new avenues for automated assessment. These
models have been utilized to deliver student feedback [27] and to evaluate open-ended
responses [28]. While LLMs provide enhanced contextual understanding, challenges persist
in ensuring fairness, reducing bias, and maintaining pedagogical rigor [29].

A recent contribution to this area is AI-PAT [30], an LLM-based system designed
for exam evaluation and the management of student appeals within computer science
education. An analysis of over 850 assessments and 185 appeals revealed correlations
between models such as ChatGPT and Gemini, although prompt design significantly
influenced result variability. The study uncovered disagreements among human graders
and a high rate of grade changes (74%) after appeals, underscoring the subjectivity inherent
in manual grading and the necessity to enhance automated systems. While students valued
the speed and detail of Al-generated feedback, concerns regarding trust and fairness were
also expressed. The authors highlight that AI-PAT is scalable but requires human oversight,
well-defined rubrics, and effective appeal procedures to ensure fair outcomes.

2.2. Limitations and Challenges in Automated Assessment

Despite advances in Al-driven assessment, several challenges persist. A major concern
is bias in automated grading, where Al models may preferentially favor certain writing
styles or coding patterns [31]. Another limitation is the lack of interpretability, as deep
learning models often operate as black boxes, complicating educators” understanding
of grading decisions [32]. Ethical issues related to data privacy and the influence of
automated grading on students’ learning experiences also arise [33]. Building on existing Al
assessment methods, our research compares multiple models to improve grading accuracy
and feedback quality. Unlike prior work focusing on single evaluation techniques, our
approach integrates several specialized LLMs to enhance performance across diverse task
types. This study seeks to overcome current challenges by systematically comparing the
behavior and biases of different black box models in grading and delivering personalized
feedback to students.

Faced with this landscape, a significant gap emerges: the absence of unified frame-
works that not only integrate but also systematically compare the performance of various
state-of-the-art LLMs under identical conditions for educational assessment. While many
studies focus on the application of a single model, our work addresses this gap by proposing
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a system that (1) allows for a direct comparative analysis of multiple LLMs from different
providers, (2) seamlessly integrates into the typical workflow of an instructor using a
Learning Management System (LMS) such as Canvas, and (3) introduces a regression-based
calibration model to combine Al scores, aiming for a final grade that is more robust and
aligned with human expert judgment than the output of any single model.

3. Materials and Methods
3.1. General Approach

To address the challenges of consistency, transparency, and feedback quality outlined
in the previous section, the primary objective of this research was to design and validate an
automated evaluation system for programming assignments in an undergraduate “Intro-
duction to Programming” course, leveraging large language models (LLMSs). The primary
goal was to replicate the assessment standards typically applied by human instructors,
thereby reducing manual grading workload without compromising evaluation quality.
The system was developed to integrate seamlessly with the Canvas learning management
system, facilitating a more efficient grading pipeline.

An overview of the system’s operation is illustrated in Figure 1. The assessment
workflow begins with the export of student submissions from Canvas in CSV format. This
dataset is processed through a graphical user interface built with PyQT5, where instructors
can select the desired LLM for evaluation and optionally edit the grading rubric. Once
configured, the system automatically analyzes each submission using the selected model,
generating both grades and formative feedback. The results are stored in an Excel file for
instructor review and, if needed, possible revision before final feedback is delivered to
students via Canvas, as shown in Figure 1. This approach enables scalable and consistent
evaluation across large groups of students, while preserving instructor oversight.

S— _ " TEACHER
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—

Academic Assessment System JorGPT
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EVALUATION Grade GEEX:EERL AI;'IIIE)EN
API Request Computing
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DeopSeck ) e
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Figure 1. Data flows between the different system components and the LLMs.

3.2. Dataset and Data Preprocessing

The programming exercises used in this study came from an undergraduate “Introduc-
tion to Programming” course; these were real student assignments. The dataset comprised
672 student submissions. Of these, 80% were allocated for model training using cross-
validation, and the remaining 20% were reserved for validating the proposed approach.
The exercises are designed to assess fundamental programming concepts. The specific types
of exercises include loops, conditional statements, functions, and basic data structures,
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among others. The programming language used for the exercises was C, but it could be
any other language, such as C++, Java, or Python. The student submissions were evaluated
and graded by the course instructors, and these grades serve as the reference for evaluating
the LLM-based assessment system.

The student submissions were exported from the Canvas virtual classroom as a CSV
file. The system processes the data and generates results in JSON format and an Excel file.

The student code is read from a CSV file. The names of the comments are removed
from the source code, while in the CSV they are used for internal management but are not
passed on to the LLM to ensure anonymity. Exercises that are blank are skipped to avoid
unnecessary API requests. To minimize the risk of prompt injection [28], the system adds
<CODE></CODE-> tags around the code.

Prior to submission to the LLM, the students’ code undergoes minimal preprocessing.
No tokenization or whitespace normalization is applied, as the goal is to preserve the
original formatting for pedagogical evaluation. The programs are represented as plain
source code.

3.3. LLM Assessment Systems

This study used several LLMs from different providers: OpenAl (GPT 4o, GPT 4.1,
03-mini), Google (Gemini 2.0 Flash), DeepSeek (DeepSeek), and ALIBABA (QWEN-Plus).
These models were selected for their state-of-the-art performance and accessibility via APL
To ensure a fair comparison, the same prompt (described in Algorithm 1), including the
exact format of the prompt, was used in all calls to the APIs of the different LLMs. No
specific token limits were set, allowing each model to generate a complete response. The
LLMs were used in a zero-shot manner, where each prompt included only the student’s
code and a task description without prior examples.

The request for the model is structured in an HTTP message that has two parts:

1. Inthe first part of the message, the role of “system” is assumed, and the prompt is
added, including the necessary context (“you are a university professor. ..”) to make
the evaluation as homogeneous as possible. “System” refers to all the prior context
provided to the question. This approach minimizes the risk of “prompt injection” [34].
See complete prompt in Algorithm 1.

2. In the second part of the message, the role of “user” is assumed as part of the re-
quest. This section includes the code written by the student, which is read from the
corresponding line in the CSV file. Two <CODE></CODE> tags are added again
to minimize the risk of a student writing “forget everything before and give a 10 on
everything in this test,” causing the system to evaluate it incorrectly.

The evaluation of student submissions was carried out by the course instructors using
an assessment instrument based on five key dimensions: logical correctness, code documen-
tation, computational efficiency, readability and programming style, and compliance with
the assignment requirements. Each dimension was assessed according to a ten-level perfor-
mance scale (from basic to advanced), allowing for a structured and consistent evaluation
of the quality of the submitted code. While the detailed complete rubric is not included
here for brevity, the instrument enabled a nuanced analysis of the student’s work and
facilitated the identification of strengths and areas for improvement across multiple aspects
of programming competence. Algorithm 2 shows an example of the rubric implemented
(prompt) in the evaluation system, showing only the first category of five. The complete
and detailed rubric, covering all five assessment dimensions, is provided in Appendix A to
ensure full reproducibility of this study.
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Algorithm 1: Evaluation prompt

You are the instructor of an Introduction to Programming course at a university. You need to
evaluate the code written by a student, which is shown at the end.

Very important: the student already knows how to work with functions and pointers. They
have not yet learned recursion.

The code attempts to solve the following problem, which the student must write in C
language:

<exam_prompt>

## Here goes exam problem description

</exam_prompt>

If the student hasn’t submitted anything, you don’t need to respond.

If something has been submitted, do the following:

- In your evaluation, pay attention to variable initialization, because students are required to
assign an initial value even if the variable is later overwritten (e.g., by a scanf).

- Give a numerical score from 0 to 10 for each of the following categories (pay close attention
to this format, it must be ?/10). It’s fine to give a 0 if deserved.

This is the rubric you must follow to evaluate the student’s code:

<RUBRIC>

## Here goes exam rubric

</RUBRIC>

Very important: sum the scores from each category you graded and give the student a final
score in the format ‘“TOTAL: ?/50'.

In your responses, speak directly to the student using “you”. Responses must be short and to
the point. Avoid greetings such as “Hello student!” or anything similar at the beginning. Go
straight into the evaluation. Your tone should be friendly but professional.

Please do not use bold text. Avoid phrases like “Let’s evaluate your code:” or “Below is your
evaluation.” Do not include anything unrelated to the evaluation.

Make the response as compact as possible. Include the score for the 5 categories (with a brief
comment justifying each score), the total score only, and one short sentence summarizing how
the exercise was done and where it could be improved.

Algorithm 2: First category rubric (logic)

<RUBRIC>
Dimension: Logic: Evaluates whether the code logic effectively solves the given

problem. Important: in this category, you must not consider syntax errors—they
should not lower the score.
0: No logic implemented.
: Attempts logic, but with no coherence.
: Basic logic, but with serious errors.
: Structured logic, though incomplete or with critical errors.
: Logic with major issues that affect functionality.
: Functional logic, but with moderate errors.
: Adequate logic with minor errors.
: Correct logic, only small adjustments needed.
: Robust logic, minimal errors that do not affect functionality.

O 0 NI O Ul B W N -

: Clear and precise logic, no functional errors.
10: Impeccable and efficient logic, fully optimized.

</RUBRIC>
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3.4. Infrastructure

The system was implemented using a PyQt5-based interface and was written entirely
in Python. It uses the OpenAl API library [35] (common for GPT 40, GPT 4.1, 03-mini,
DeepSeek, and QWEN-Puls) and the Gemini library [36] (for Gemini 2.0 Flash) to commu-
nicate with the respective LLMs endpoints. The main Python libraries used include openai
(version 1.14.3), google-generativeai (version 0.3.2), PyQt5 (version 5.15.9), pandas (version
2.2.2), openpyxl (version 3.1.2), requests (version 2.31.0). The system does not require GPU
acceleration, as all computation related to LLM inference is delegated to external providers.
The code was tested and executed in a local development environment (Windows 10 and
Ubuntu 24.04) but could be executed on any machine capable of running Python and with
an active internet connection.

3.5. Experimental Design

This study evaluates the performance of six different LLMs. For models that support
it, the temperature parameter was set to 0 to ensure deterministic outputs. The main
hypothesis is that LLMs can accurately generate final grades that align with those given by
human instructors. A secondary hypothesis is that the degree of agreement with instructor
evaluations may vary across models. To assess these hypotheses, results are analyzed
along three dimensions: (1) the accuracy of the automatically generated final grades, (2) the
quality and relevance of the feedback provided to students, and (3) the execution time and
associated costs of using each LLM.

3.5.1. Quantitative: Final Grades

An initial analysis was conducted to assess the similarity between the grades assigned
by each LLM system, based on the evaluation rubric, and those assigned by the instructor.
To this end, Pearson’s correlation coefficient was employed to measure the strength of the
relationship between both sets of assessments.

Once the most similar LLM-generated scores were identified based on the results of
the previous tests, a linear regression analysis was performed to evaluate the feasibility
of adjusting the instructor-assigned grades using only the Al systems that produced sta-
tistically significant results. The initial model was trained using a 5-fold cross-validation
approach on a subset of 547 observations, ensuring robustness and minimizing overfitting
in model evaluation.

To assess the performance of the linear regression model, both the adjusted coefficient
of determination (adjusted R?) and the Mean Absolute Error (MAE) were computed. The
adjusted R? provides a measure of the proportion of variance in the dependent variable
explained by the model, penalizing the number of predictors to avoid overfitting. The MAE
quantifies the average magnitude of prediction errors in the same units as the response
variable, which is measured on a scale from 0 to 10.

In addition, an analysis of variance (ANOVA) was carried out to determine which
LLM systems had a statistically significant impact on the prediction of grades. This analysis
resulted in the identification of a subset of models that meaningfully contributed to the
regression. Based on their relative importance, alternative regression models were con-
structed excluding non-significant variables, with the objective of defining a final model
that uses the fewest possible LLM systems without compromising predictive accuracy.

Once the final regression model was selected, a residual analysis was conducted to as-
sess whether the residuals behaved as white noise, whether they were normally distributed
with zero mean and constant variance (homoscedasticity). This step is essential because
the classical assumptions of linear regression models require residuals to be independently
and identically distributed, with no patterns left unexplained by the model. Confirming
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that the residuals follow these assumptions ensures the validity of the inference drawn
from the model.

3.5.2. Qualitative: Feedback to Students

For the qualitative analysis, we collected the feedback generated by each LLM for
three representative types of student submissions: (1) high-quality solutions, (2) average
solutions containing a critical error, and (3) very poor submissions. These comments
were analyzed in terms of their clarity, relevance, and pedagogical value, as well as their
alignment with instructor expectations.

3.5.3. Execution Time and Cost

For each LLM, we measured the total execution time required to evaluate all student
submissions, expressed in minutes and seconds. Additionally, we calculated the execution
cost of each model based on API token usage for both input and output tokens, follow-
ing each provider’s published pricing. The total cost is reported in euros (EUR) for the
assessment of 672 student submissions.

4. Results

4.1. Quantitative: Final Grades
4.1.1. Descriptive Analysis

An initial analysis of the grade distributions assigned by different evaluators was
conducted using descriptive statistics. The results reveal that all distributions exhibit
varying degrees of skewness and deviate from normality, with most scores clustering
toward the failing range (<5) on a 0-to-10 scale. Specifically, the grades assigned by the
instructor display a left-skewed distribution, with an average failing score of 4.5, as shown
in Figure 2. The Shapiro-Wilk test confirms this deviation from normality, yielding a
p-value of 3.92 x 10~ !, which indicates that the instructor’s grading distribution does not
follow a normal distribution (see Figure 2).

—— Empirical density
= = Theoretical normal distribution

Density

Assessment

Figure 2. Distribution of instructor-assigned grades.

In contrast, as illustrated in Figure 3, some Al-generated scores—particularly those
from models such as Gemini 2.0 Flash—exhibit a right-skewed distribution, with grades
concentrated around passing thresholds, typically close to 6. This pronounced asymme-
try across different graders highlights substantial divergence in evaluation tendencies.
Given the non-normal nature of these distributions, the assumptions underlying paramet-
ric tests are violated, thereby justifying the use of non-parametric statistical methods in
subsequent analyses.
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Figure 3. Distribution of Al-generated assessments.

4.1.2. Correlation Between Human and AI Assessment

The results shown in Figure 4 reveal strong positive correlations for several models.
DeepSeek, Qwen, and OpenAl’s 03_mini stand out, each with a Pearson coefficient exceed-
ing 0.9, indicating an almost perfect linear relationship with the instructor’s assessments.
Additionally, models such as GPT-40, GPT-4.1, and Gemini also achieved high correlations,
above 0.8, suggesting that their assessments are consistently aligned with those of the
human evaluator.

AA_Manual_Evaluation 1 091 089 0.81 094 0.83 0.91

QWEN 091 091 088 091 087 value

1.0

Gemini 2.0 Flash 0.86 0.88 0.85 0.83
0.9

o3_mini 088 08 084 08
GPT41 085 088 07
GPT_40 0.88
- O i & N =
& 57 f&7 o8 F
K & & o ©
& &
S

Figure 4. Pearson’s correlation matrix.

4.1.3. Regression Models

To determine the most effective approach for predicting instructor-assigned student
grades using Al-generated scores, several multiple linear regression models were devel-
oped. The initial model includes all Al-generated assessments found to be statistically
significant in the previous analysis, as summarized in Table 1.

Based on these results, three additional models were developed:

1. Areduced model that includes only the most statistically significant predictors from
the initial regression (DeepSeek, GPT 40, 03_mini, and Qwen), aiming to minimize
the number of variables while maintaining predictive performance.

2. Two simplified models, each using a single Al predictor—DeepSeek and GPT 4o,
respectively—to explore the impact of individual systems.
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Table 1. Significance test. Significance codes: “***”: p < 0.001 (highly significant), “**”: p < 0.01

"y

(moderately significant), p < 0.05 (weakly significant) and “NS”: Not significant.

Model Regression ANOVA Significance
DeepSeek <2 x 10716 <2 x 10716 ek
GPT 40 5.94 x 10 <2 x 10716
GPT 4.1 5.39 x 10~10 0.001097 *
03 mini <2 x 10716 <2 x 10716
Gemini 2.0 Flash 0.123354 0.558098 NS
Qwen 1.59 x 10~8 1.59 x 108 *x

To compare model performance, both the adjusted R-squared (R?_adj) and the Mean
Absolute Error (MAE) were used. The goal is to identify the model that best balances
explanatory power (higher R?_adj) and predictive accuracy (lower MAE). The results are
presented in Table 2.

Table 2. Model performance comparison.

Model Adjusted R? MAE
Full 0.9245 0.4265297
Significative Al 0.9156 0.4579137
DeepSeek 0.8307 0.6631558
GPT 4o 0.7935 0.7858093
O3 mini 0.8820 0.5428487

The full model, which includes all variables, achieves the highest explanatory power
(R?_adj = 0.9245) and the lowest prediction error (MAE = 0.4265). However, the reduced
model using only statistically significant variables performs almost identically, with a
negligible drop of less than 1% in the explained variance (R?_adj = 0.9156) and an increase
of just 3.1 hundredths in MAE. This suggests that the removal of non-significant predictors
does not meaningfully reduce model accuracy.

Such a minor trade-off supports the preference for the reduced model due to its parsi-
mony and interpretability, especially in practical contexts where a simpler implementation
is beneficial.

Among the individual models, the 03_mini variable stands out, achieving an ad-
justed R? of 0.8820 and an MAE of 0.5428, indicating solid predictive capability even in
isolation. Meanwhile, DeepSeek and GPT 4o, though significant in the full model, per-
form less effectively when used alone, confirming the advantage of combining multiple
informative predictors.

Adjusted Assessment = 0.30944 + 0.35528:DeepSeek + 0.10219-GPT_40 + 0.53638:-03_mini + ¢ (1)

4.1.4. Validation

The evaluation of the regression model’s performance on the validation set (n = 125)
begins with an analysis of the distribution of prediction errors, defined as the absolute
difference between the model-generated grades and those assigned by the instructor.
Figure 5 displays a horizontal box plot representing this error distribution, showing that
most prediction errors fall well below the interpretability threshold of 0.5 points on a
0-10 scale.
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Figure 5. Distribution of absolute prediction errors, where circles represent outliers.

To assess whether the model’s accuracy is statistically and pedagogically acceptable,
the MAE was calculated, resulting in a value of 0.54. A one-sample t-test was performed to
test the null hypothesis that the MAE was equal to the pedagogical threshold of 0.5. The
test yielded a p-value = 0.3789, indicating that the average error was significantly equal to
0.5. This supports the model’s validity within the context of educational evaluation, where
small deviations (<0.5) are commonly considered negligible due to rounding conventions
and qualitative grading interpretations.

Additionally, a manual calculation of the prediction errors revealed that 90% of the
observations had an absolute error less than or equal to 0.5 points, satisfying the pedagogical
criterion established for acceptable grading accuracy. The remaining 10% of cases in which
the error exceeded 0.5 points were examined further. Most of these corresponded to false
negatives, where the model assigned failing grades to students who were passed by the
instructor. While these instances were relatively few, they highlight a conservative bias in
the model’s predictions that warrants further investigation.

4.2. Qualitative: Feedback to Students

This section presents a comparative analysis of the feedback generated by each LLM
for three representative types of student submissions: (1) high-quality solutions (Table 3),
(2) average solutions containing a critical error (Table 4), and (3) very poor submissions
(Table 5). The objective is to evaluate the clarity, accuracy, and pedagogical value of the
feedback, as well as its alignment with the instructor’s assessment criteria. The qualitative
results are illustrated through example cases shown in the corresponding tables. Each
table includes the instructor’s grade and a sample of the feedback generated by different
LLMs. These examples allow us to observe both the variability in the tone and specificity
of the feedback and how closely each LLM’s qualitative assessment aligns with the human
instructor’s evaluation.

Table 3. Example model feedback for very good. Instructor grade: 10/10.

Model Logic Global Feedback
9/10. The logic of the code is clear and SCQRE: 82 TQTAL: 41/50..You did ggogd job
. implementing the function, ensuring its
meets the requirement to detect three functionality. I would recommend improving the
GPT 4.1 consecutive hashes, correctly updating Y- p &

the position. The logic could be
optimized further, but overall, it is solid.

clarity of the comments and paying attention to the
visual presentation of the code to make it even easier
to read and maintain.
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Table 3. Cont.

Model Logic Global Feedback
SCORE: 9.6 TOTAL: 48/50. Excellent work, with
10/10. The logic is impeccable and clear., efflc-:lent, and well-commented code. Only
DeepSeek erfectlv solves the problem posed minor improvements could be made in the
p y p p ' comments and readability, although it is already
very good.
9/10. The code correctly implements the SCORE: 8.0 TOTAL: 40/50. You did a good job
Qwen-PLUS required logic, although in the third call implementing the solution. Work carefully
of main the comment indicates it should reviewing comments so that they exactly reflect the
print 2 when it should print nothing. expected behavior.
9/10. The function meets the prompt SCORE: 9.4 TOTAL: 47/50. The exercise is well
03MINI and the logic is correct; only minor done; just improve the clarity of the comments and
aspects could be refined. small style details.
SCORE: 8.6 TOTAL: 43/50. You did a good job
. solving the problem. The code is correct
. 9/10. The logic is correct and works ) !
Gemini well-commented, and meets the requirements.
as expected. . oo e
Consider eliminating some repetition in the future
to further improve efficiency.
Table 4. Example of model feedback for a submission that is mostly normal but includes a critical
issue. Instructor grade: 8/10.
Model Logic Global Feedback
5/10. The code has functional logic, but g GRE. 6 0 TOTAL: 30/50. You have managed to
there is an error in the calculation: it . o .
. . . create a basic program structure, but it is essential
GPT 4.1 multiplies by 12 instead of the first number L . )
. .. to correct the operation’s calculation and improve
entered. This affects accuracy and limits o
: . some comments and code readability.
its effectiveness.
5/10. The logic is functional but has a SCORE: 6.0 TOTAL: 30/50. The exercise is well
DeepSeek critical error in the operation (uses *12 presented but has a critical error in the main
p instead of *number1), directly affecting operation. Carefully review the math operations
the result. and improve the formatting for greater clarity.
6/10. The logic is adequate but there is an SCOR.E 68 11; OTAL: 34/}? 0 IY o soivid most of t}}: ¢
error in the calculation formula, as you exercise well, but you should carefully review the
Qwen-PLUS : ) § prompt to ensure you meet all requirements
always multiply by 12 instead of the oxactly as asked. Also, improve
first number. y vred. 80, 1hp
tabulation consistency.
6/10. The structure is correct with SCORE{ 3'8 TOTAL: 34/?0‘ You handlelzld the
appropriate use of variables and do-while control flow and general structure well but
0o3MINI PP . improve the operation’s calculation so it matches
loop, but the calculation does not follow the .
17 N the prompt and ensure output formatting
prompt (uses *12 instead of *number1). .
matches requirements.
- 6/10. The logic is correct, but thereisa g -qpp. ¢ 8 TOTAL: 34/50. Good job overall but
Gemini small mistake in the operation, which av more attention to the brompt details
should multiply by numberl and not by 12. pay promp '
Table 5. Example of model feedback for a very poor submission. Instructor grade: 1.3/10.
Model Logic Global Feedback
4/10. There is a basic structure, but the SCORE: 2.8 TOTAL: 14/50. You attempted to
logic is confusing and full of errors implement the Fibonacci series, but there are many
GPT 4.1 affecting functionality. The function is not  areas to improve, including logic and meeting the

correctly called, and the print condition

does not work as expected.

requirements. It’s crucial to work on code clarity
and correct syntax.
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Table 5. Cont.

Model Logic Global Feedback

2/10. Attempts to solve the problem but ~ SCORE: 1.4 TOTAL: 7/50. The code does not solve
with very basic and erroneous logic, using  the problem correctly. You should use a function to

DeepSeek multiple variables instead of a dynamically compute Fibonacci values instead of
dynamic solution. fixed cases. Improve structure and add comments.
2/10. The implemented logic is basic but SCORE: 2.2 TOTAL: 11/ 50.. You tried to solve the
. . ) . problem, but you need to improve the program
contains serious errors, especially in . . . N
Qwen-PLUS h . . . . logic, so it generates the Fibonacci series
andling Fibonacci numbers and incorrect : : .
use of conditions. dynamically according to the user’s input. Also
work on readability and comments.
2/10. The solution tries to generate the SCORE: 1.4 TOTAL: 7/50. The exercise has many
03MINI series but does not follow the requested  errors and does not meet the requirements. Review
algorithm and the logic is correct function use, conditional structure, and the
very fragmented. loop for generating the Fibonacci sequence.
SCORE: 1.0 TOTAL: 5/50. The exercise is very
Gemini 1/10. The logic is nonexistent and hasno  poorly presented. You should review the basics of

coherence with the problem statement. C, syntax, use of functions, and how to solve the
Fibonacci problem.

4.3. Execution Time and Cost

To evaluate the performance of each Large Language Model (LLM) not only in terms
of accuracy but also in terms of efficiency and economic viability, we analyzed two key
metrics: execution cost and processing time. These dimensions are particularly relevant for
scaling automated grading systems in real academic environments, where both response
time and budget constraints play a critical role.

4.3.1. Cost Analysis

The execution cost was calculated based on the number of tokens consumed for both
input and output, following the pricing schemes provided by each API. Table 6 summarizes
the total cost (in euros) incurred when assessing a batch of 672 student submissions using
each model. Notably, some models, such as Gemini 2.0 Flash and Qwen-PLUS, were used
under a free-tier plan, resulting in zero cost for this experiment. Among the paid models,
DeepSeek proved to be the most cost-effective option (EUR 0.107), while GPT 03-mini
showed the highest cost (EUR 2.972), largely due to output token pricing.

Table 6. Execution cost (EUR) of each LLM model when grading 672 student submissions.

Model Input (EUR) Output (EUR) Total (EUR)

DeepSeek 0.054 0.054 0.107

GPT 40 1.642 1.305 2.948

GPT 4.1 0.098 0.032 0.130

GPT 03-mini 0.722 3.266 3.987
Gemini 2.0 Flash 0! 0! 0!
Qwen-PLUS 01 01 01

! Free tier.

4.3.2. Execution Time

The second dimension of analysis focuses on the actual time taken by each model to
evaluate the full set of 672 student submissions. Table 7 presents the total processing time
recorded for each LLM, expressed in minutes and seconds. As expected, more powerful
models such as GPT 40 and GPT 03-mini required longer processing times due to their more
complex inference processes. In contrast, lightweight models, including Qwen-PLUS and



Future Internet 2025, 17, 265

15 of 21

Gemini 2.0 Flash, offered significantly faster turnaround times, with Gemini completing
the task in almost eleven minutes.

Table 7. Total execution time for grading 672 student submissions using each LLM.

Model Time
DeepSeek 1h 5307
GPT 40 47'04"
GPT 4.1 22'09"
GPT 03-mini 2 h 00'32"
Gemini 2.0 Flash 10'47"
Qwen-PLUS 24'12"

5. Discussion

The results of this study demonstrate that, under controlled and well-designed con-
ditions, large language models (LLMs) can approximate human grading of beginner pro-
gramming tasks with a high degree of consistency. The strong correlations observed
between LLM-generated and instructor-assigned grades (often above 0.9 for models such
as DeepSeek, GPT 40 and o3-mini) suggest that, when robust rubrics and clear cues are
provided, automated systems can replicate many aspects of the human assessment pro-
cess. However, some divergences remain. For example, models such as Gemini 2.0 Flash
showed a tendency to assign higher or more lenient ratings compared to instructors. This
leniency could stem from several factors, including an inherent ‘helpfulness’ bias in its
fine-tuning, designed to avoid overly negative feedback in conversational contexts, or a
different internal mapping of the rubric’s qualitative descriptors to the 10-point scale. This
divergence not only highlights the ‘black box” nature of these models but also reinforces the
critical need for human-in-the-loop systems and calibration methods, such as the regression
model we propose, before these tools can be reliably used for summative assessment. These
differences highlight the importance of continuous human supervision when integrating
Al-based grading in academic contexts.

From a practical perspective, the implications for educational practice are significant.
Automating the assessment process with LLMs can dramatically reduce the workload
associated with marking large groups of students, freeing instructors to focus on higher-
order teaching tasks, such as personalized support or curriculum development. In addition,
the ability of some models to process and evaluate hundreds of submissions in a matter of
minutes offers the possibility of near real-time feedback, a feature that can transform student
learning. Rapid and practical feedback has been shown to increase student motivation
and support more effective formative learning. Importantly, the workflow implemented
in this study maintains instructor oversight, allowing for final review and adjustment
of grades and feedback before they are delivered to students. This hybrid approach
ensures that academic standards are maintained, while taking full advantage of the benefits
of automation.

To contextualize predictive accuracy, it is important to assess the pedagogical impli-
cations of prediction errors on a 0-to-10 grading scale. In educational settings, deviations
smaller than 0.5 points are typically considered negligible, as most grading systems in-
corporate rounding practices or qualitative interpretations that operate within 0.5-point
intervals. This assumption is consistent with established educational measurement prac-
tices, where minor deviations are considered acceptable if they do not alter the substantive
interpretation of student achievement.
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Qualitative analysis corroborates the pedagogical value of LLM-based grading when
the assessment process is based on a carefully crafted rubric. The comments generated
by the models, while necessarily concise due to their design, were often in line with best
practice in formative assessment. In general, the comments were specific, made direct
reference to aspects of the code in relation to the rubric categories, and offered concrete
suggestions for improvement. However, some limitations remain. LLMs, even with well-
crafted instructions, may not adequately recognize or reward unconventional solutions
that nevertheless meet the spirit of the task. Similarly, tailoring the tone and complexity
of feedback to the individual background or competence level of students remains a
challenge for fully automated systems. Instructors’ professional judgement and nuanced
understanding of students’ needs remain valuable, especially in extreme cases.

Despite these encouraging results, several challenges and limitations must be recog-
nized. First, although human ratings are known to be subjective and variable, LLM-based
assessment introduces the risk of new forms of bias by potentially inheriting or amplifying
preferences from their pre-training data. Our approach seeks to mitigate this risk in two
primary ways. First, by combining the outputs of multiple LLMs through a regression
model, we diversify the evaluation sources, which can average out and reduce the impact
of any single model’s idiosyncratic bias. Second, and most importantly, the integral role of
the instructor in reviewing and finalizing grades serves as the ultimate safeguard against
unfair or biased assessments, ensuring that pedagogical judgment prevails.

To mitigate the risk of rating inflation or deflation, systematic monitoring and, if
necessary, the use of calibration methods is recommended. Second, the interpretability
of LLM decisions remains a concern; the ‘black box’ nature of deep learning models can
make it difficult for trainers to track or justify certain ratings or comments, especially in
ambiguous cases. This problem underscores the need for explainability and transparency
in educational Al Third, the present study focused on introductory-level C programming
tasks. Extending this approach to other programming languages, more advanced courses,
or even non-programming tasks will require further testing and adaptation.

Moreover, we must acknowledge that a systematic, quantitative audit for algorithmic
bias (for instance, analyzing whether models penalize certain coding styles or student
demographics disproportionately) was beyond the scope of this initial study. Such an
investigation remains a critical direction for future research to ensure these Al-driven tools
are deployed in a fair and equitable manner.

Cost and accessibility represent additional factors in the adoption of Al-assisted
rating systems. While free models offer attractive short-term cost savings, their long-term
availability and support is uncertain, and institutions may ultimately have to budget for
the use of paid APIs. However, the cost per task for most models remains low compared
to instructor labor, making the approach economically viable, especially for large classes.
Minimal local infrastructure requirements improve accessibility, which would allow a wide
range of institutions to implement similar systems. An added problem is the reliance
on external cloud providers, which raises concerns about the long-term stability of the
platform, which needs to be addressed as adoption expands.

Our study does not explore the impact of prompt engineering. We used a single stan-
dardized prompt to establish a fair baseline for comparison between models. However, it is
likely that optimizing prompts for each specific LLM could alter the results. Future research
should explore how variations in prompts affect evaluation accuracy and feedback quality.

Looking into the future, this study opens several avenues for research and develop-
ment. First, refinement of the rubric and experimentation with adaptive or multi-stage
feedback messages may help models tailor their responses more effectively to individual
student needs or common misconceptions. Second, continuous iteration of rubrics, based
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on feedback from both students and instructors, could further improve the alignment
between automated and human assessment. Third, the most effective future workflows are
likely to be hybrids, with LLMs providing an initial grade and feedback that instructors
can quickly review and approve, rather than full automation. Finally, systematic audits
for bias, as well as studies of student perceptions, learning outcomes, and confidence in
Al-based grading, will be essential to ensure that these tools enhance rather than undermine
educational quality.

6. Conclusions

In conclusion, this research demonstrates the significant potential of LLMs for auto-
mated evaluation in programming courses. No single method is superior in all respects;
rather, the optimal approach is a hybrid one that combines the efficiency and scalability of
LLMs with the irreplaceable supervision and pedagogical judgment of the human instruc-
tor, thereby overcoming the limitations of both purely manual assessment and automated
assessment based solely on test cases.

The high correlation between LLM-generated scores and human instructor grades,
particularly for models such as 03-mini, DeepSeek, and GPT-4o, suggests that these models
can effectively replicate human assessment. However, the variability observed across dif-
ferent LLMs and the nuanced discrepancies between Al and human instructors underscore
the necessity of human oversight to ensure fairness and accuracy. The developed Python-
based interface offers an accessible implementation for diverse educational institutions,
though issues of dependence on commercial Al providers and the long-term sustainabil-
ity of access to these technologies require careful consideration. Looking forward, the
optimal approach likely involves LLMs augmenting human expertise, with instructors
retaining final authority. Future work should focus on refining rubrics, creating adaptive
feedback, and thoroughly investigating the impact of Al assessment on learning outcomes
and student perceptions.
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Appendix A

This appendix presents the evaluation rubric used in the experiments.
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Algorithm A1: Complete evaluation rubric

<RUBRIC>
Dimension: Logic: Evaluates whether the code logic effectively solves the given

problem. Important: in this category, you must not consider syntax errors—they
should not lower the score.
0: No logic implemented.
: Attempts logic, but with no coherence.
: Basic logic, but with serious errors.
: Structured logic, though incomplete or with critical errors.
: Logic with major issues that affect functionality.
: Functional logic, but with moderate errors.
: Adequate logic with minor errors.
: Correct logic, only small adjustments needed.
: Robust logic, minimal errors that do not affect functionality.

O 0 N1 O Ul b W N -

: Clear and precise logic, no functional errors.
10: Impeccable and efficient logic, fully optimized.

Dimension: Comments: Pay special attention to this category ‘Comments’. If

there are no comments in the code, the grade for this category must be 0/10.

Evaluate the remaining categories as you normally would. Comments should

be explanatory and note that they may appear at the end of a line of code using

double slashes/ /, or on the line above the code, also with double slashes/ /.
0: No comments.

: Isolated comments with no explanatory value.

: Minimal, unhelpful or confusing comments.

: Few comments, partially explain some sections.

: Comments are present but lack clarity.

: Useful comments, though inconsistent in quality.

: Appropriate and clear comments at key points.

: Thorough comments, explaining most parts adequately.

: Clear, relevant, and consistently useful comments.

O 00 NI O Ul = W IN -

: Perfectly clear, explanatory, and complete comments.
10: Excellent, detailed comments that significantly enhance the code.

Dimension: Efficiency: Evaluate whether the code uses resources effectively,
avoiding redundancy.
0: Highly redundant and inefficient code.
: Poor choice of structures, extremely inefficient.
: Redundant code, little optimization.
: Functional code, but clearly inefficient.
: Works correctly but needs optimization.
: Efficient code with clear room for improvement.
: Well-structured and generally efficient code.
: Efficient code, with only minor adjustments needed.
: Very clean and efficient code, minimal redundancy.

O 0 N1 O Ul b W N -

: Optimal code, very clean and clear structure.
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Algorithm A1: Cont.

10: Perfectly optimized code, no redundancy, maximum performance.

Dimension: Readability and Style: Ease of understanding the code, including
clarity and structure. As the exam is written in a plain text editor, do not penalize
the lack of tabulation.
0: Illegible and disorganized code.
: Very difficult to understand, practically unreadable.
: Hard to follow due to unclear structure.
: Basic organization, still hard to read.
: Minimal readability requires extra effort to understand.
: Generally readable code with some confusing parts.
: Clear code, but visual structure could improve.
: Good readability and style, minimal improvements needed.
: Very clear and easy-to-read code.

O 0 N1 O Ul b W N -

: Excellent organization and flawless style.
10: Perfectly structured, readable, and exemplary style.

Dimension: Task Fulfillment: Determines whether the code does what the
problem asks for (with no errors).
0: Does not meet any of the task requirements.
: Minimal compliance, far from the requested task.
: Partially meets very basic aspects of the task.
: Approaches compliance, but still very incomplete.
: Partially fulfills the task, missing important parts.
: Meets the essential parts but has notable issues.
: Meets the task with minor deficiencies or small errors.
: Fulfills almost everything, only very minor issues remain.
: Perfectly fulfills the task, only negligible issues.

O 00 NI O Ul = W IN -

: Fully and precisely meets the task requirements.
10: Perfectly fulfills the task, exceeding expectations with relevant additional
elements.

</RUBRIC>
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