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Abstract: This paper presents a model for automated test evaluation based on the application of generative Al tools. The
proposed approach is structured as a sequential evaluation pipeline that uses predefined prompts to process student responses
through clearly defined phases. The evaluation process includes defining the answer key, applying scoring rules, analyzing
responses at the question level, generating individual reports, and aggregating results. A key contribution of the paper is the
definition of a controlled prompt protocol that decomposes a complex evaluation task into smaller, verifiable steps, improving
transparency and reliability. The model also supports human-in-the-loop interaction, allowing instructors to intervene at each
stage of the evaluation process and maintain pedagogical control. Unlike traditional approaches where Al is used as a general-
purpose assistant, the proposed model defines a structured workflow that ensures consistent and repeatable evaluation. This
design reduces the risk of uncontrolled Al behavior and enables precise identification of potential errors within individual phases
of the pipeline. The model was applied in a real educational setting, where test evaluation was performed using the proposed
pipeline. The results indicate a significant improvement in efficiency, with an approximate 95% reduction in evaluation time
compared to manual grading. Additionally, the system demonstrates a high level of consistency in applying grading criteria,
reducing subjectivity in assessment. It was observed that system reliability depends on the quality of input data, particularly in
cases involving manually entered student identification data. The findings suggest that limitations are not solely related to the
Al model itself, but also to data acquisition and preprocessing. The proposed model shows strong potential for application in
various educational contexts where efficient and transparent test evaluation is required.
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1. INTRODUCTION

The development of large language models (LLMs) (Kasneci et al., 2023), such as ChatGPT and
Gemini, has significantly influenced the way knowledge is produced, distributed, and used in educational
systems. In educational contexts, these models enable the analysis of textual responses, the generation
of explanations, and support across various phases of the teaching process (Becker et al., 2023).

Previous research has predominantly focused on students and the ways in which they use Al tools
to solve tasks. However, the application of these tools in the work of instructors, particularly in processes
related to knowledge evaluation and the analysis of test results, remains insufficiently explored. These
processes represent critical points within the teaching cycle, as they directly affect the quality of knowl-
edge assessment and the design of instructional content.

Test evaluation involves a complex set of activities, including the verification of answer accuracy,
assessment of conceptual understanding, and consistent application of grading criteria.

In this context, generative Al tools can significantly improve the efficiency of these processes; how-
ever, their use raises important questions regarding reliability, transparency, and pedagogical responsibil-
ity. The aim of this paper is to present a concrete model for applying Al in the process of test evaluation in
education, based on practical experience, and to analyze its advantages and limitations.

2. LITERATURE REVIEW

Contemporary literature indicates a complex and often contradictory impact of generative Al sys-
tems in education (Holmes et al., 2019; Zhai, 2023). Vaithilingam et al. (2022) show that code generation
tools significantly increase user productivity, but do not guarantee a better understanding of problems.
This finding is particularly important in education, where efficiency is not the primary goal, but rather the
development of knowledge and skills.

Prather et al. (2023) further deepen this perspective by highlighting reduced cognitive engagement
among students who use Al tools. Their research suggests that students often accept generated solu-
tions without critical analysis, thereby undermining the learning process and the development of mental
models.
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Finnie-Ansley et al. (2022) analyze the performance of Al systems on programming tasks and
demonstrate that these systems can successfully solve standardized problems, but face difficulties in
more complex scenarios. This finding points to limitations of Al in the context of knowledge evaluation
(OpenAl, 2023).

Becker et al. (2023) examine the broader context of generative model applications in education
and emphasize the need to redefine the role of instructors. Instead of the traditional role of knowledge
transmitters, instructors become moderators and evaluators of the learning process.

Kasneci et al. (2023) introduce the concept of “human-in-the-loop,” which implies active involve-
ment of instructors in all phases of Al tool application. This approach is shown to be essential for maintain-
ing the quality and reliability of the educational process.

Despite the growing body of research, there is a noticeable lack of integrated models that cover
the entire process of test evaluation, including data collection, input processing, and result analysis. This
paper contributes to addressing this gap by presenting a unified approach based on practical implementa-
tion.

3. METHODOLOGY

3.1 Hybrid Test Design Model

The test was constructed based on existing questions, with predefined criteria ensuring an appro-
priate level of difficulty, coverage of the subject matter, and variability of tasks. This approach preserves
continuity and evaluation standards while reducing the possibility of answer memorization.

A key element of this model is a clearly defined test preparation process, in which the instructor
actively controls the content and structure of the questions, ensuring a balance between standardization
and evaluation quality.

3.2 Evaluation Pipeline

The evaluation process is organized as a sequential pipeline consisting of several clearly defined
phases. In the initial phase, a set of correct answers is defined, which serves as a reference framework
for analysis. This is followed by score calculation based on predefined rules, where correct answers are
positively scored, incorrect answers are penalized, and unanswered questions are treated as neutral.

In the subsequent phases, a detailed analysis of responses is performed at the question level, fol-
lowed by the generation of individual reports, aggregation of results, and their ranking. The final phase
includes filtering the results and exporting them into a standardized format.

This structure ensures transparency and verifiability at each stage of the process, which is particu-
larly important in the context of automated evaluation.

3.3 Structure of the Prompt Protocol for Evaluation

The evaluation of student responses is carried out using a sequential prompt protocol, in which
each prompt has a clearly defined function within the data processing process. The process includes
defining the answer key, applying scoring rules, analyzing responses at the level of individual questions,
generating individual reports, aggregating results, and preparing the output table.

This approach enables the decomposition of a complex evaluation process into smaller, verifiable
steps, thereby increasing transparency and reducing the risk of uncontrolled interpretation by the Al sys-
tem. At the same time, it allows instructor intervention at every stage of the process, ensuring additional
control and reliability of the evaluation. The structure of the evaluation pipeline is presented through
clearly defined phases, which are systematized in Table 1.
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Table 1: Phases of the Al Evaluation Pipeline

Phase

Function Description

Role in the Process

Fl

Data input (photographing the answer table)

Collection of input data

Input of identification data (name, surname, student 1D)

Linking results to the student

F3 |[Definition of the answer key

Formation of the reference set

F4 |Application of scoring rules

Score calculation (+5, -2, 0)

F5

Analysis of responses per question

Comparison of responses

F6 |Generation of individual report

Overview of results per student

F7 |Aggregation of results

Summary table

F8 |Sorting and ranking

Organization of results

F9 |Filtering of results

Selection of passing students

F10 [Data export

Generation of XLSX file

Source: author’s own research

The flow of the evaluation process, including the relationships between the phases, is presented

in Figure 1.

Figure 1: Flow of the Al Evaluation Pipeline
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The diagram illustrates the flow of the evaluation process, starting from data input through a pho-
tographed answer table and the input of student identification data, through processing within the defined

prompt protocol, to the generation of individu

al reports and the export of results. Particular emphasis is

placed on the input data validation phase, in which instructor intervention is possible.

Unlike approaches in which evaluation

is performed through a single complex query to an Al sys-

tem, the applied sequential model enables the decomposition of the process into clearly defined phases.
Such decomposition provides several significant advantages. First, each phase can be independently
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verified, which increases the transparency and reliability of the system. In the event of an error, it is pos-
sible to precisely identify the phase in which the deviation occurs, which significantly facilitates correction.
This is consistent with findings in the literature indicating that large language models demonstrate greater
reliability when complex tasks are broken down into smaller, structured steps (Kasneci et al., 2023). Fi-
nally, the sequential pipeline enables the integration of human control at every stage of the process. The
instructor can intervene after any step, which is particularly important in the context of identified limita-
tions of Al systems, such as errors in numerical calculations and insufficiently precise interpretation of
responses. In this way, a balance is achieved between automation and pedagogical responsibility.

4. RESULTS

In order to analyze the performance of the proposed model, the evaluation results are presented on
a representative sample of students who took the theoretical part of the exam. Table 2 shows the relation-
ship between the number of correct, incorrect, and unanswered questions, as well as the corresponding
scores and final grades, in accordance with the defined evaluation rules.

Table 2: Student Evaluation Results (20 Questions)

Student | Correct | Incorrect | Unanswered | Test Score | Practical | Total | Grade
S1 14 4 2 62 70 66.0 7
S2 12 6 2 48 75 61.5 7
S3 16 3 1 74 80 77.0 8
S4 12 5 3 50 65 57.5 6
S5 13 4 3 57 72 64.5 7

Source: author’s own research

The application of the proposed evaluation model was tested in a real educational environment on
a group of students who took the theoretical part of an exam in the field of programming. The evaluation
was carried out using the defined sequential pipeline, while the results were compared with the standard
grading method.

In order to analyze the system performance, the following aspects were observed: accuracy of
score calculation, consistency of evaluation, and the time required for processing results. Particular focus
was placed on identifying potential errors in the operation of the Al system. The application of the pro-
posed model in a real educational environment demonstrated significant advantages in terms of efficiency
and consistency. One of the key results of the system application relates to a significant reduction in the
time required for test evaluation. Based on practical application, it was estimated that processing time is
reduced by approximately 95% compared to the manual approach. This result indicates a high potential
for applying the system in working with larger groups of students. The estimate is based on a comparison
of the time required for manual evaluation and the time required to process the same set of tests using
the Al pipeline.

In addition, it was observed that the Al system applies grading criteria consistently to all students,
thereby reducing the subjectivity that may be present in manual evaluation. During the application of the
system, no inconsistencies in the application of scoring rules or errors in result calculation were observed,
provided that the input data were correctly defined. This indicates that the sequential evaluation model
ensures stable and deterministic system behavior in the context of clearly defined rules.

However, problems were identified in the data input phase, related to incorrect recognition of stu-
dent names and identification numbers during the processing of photographed tests, where the issues
arise due to manual data entry by students and variability in their writing. These problems are not a con-
sequence of the evaluation logic, but rather limitations in input data processing.

This challenge was resolved by switching to voice input via the mobile version of the system, which
significantly improved input accuracy and eliminated the source of errors. This finding indicates that the
reliability of the overall system does not depend solely on the evaluation model, but also on the quality of
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the input data. In addition to aggregated results, the system generates a detailed report for each student,
which includes an overview of responses for individual questions and the corresponding evaluation. This
report provides a transparent insight into the grading process and facilitates the verification of results.

Table 3: Example of Response Evaluation for a Single Student

Question | Correct Answer | Student Answer | Evaluation | Points
1 A A correct ]
2 B C incorrect 2
3 C unanswered 0
4 A A correct +5
5 B B correct +5
20 C B incorrect -2

Source: author’s own research
The presented report enables a detailed analysis of student performance at the level of individual
questions. Based on these data, the system automatically calculates the total number of points and gen-
erates the corresponding grade, in accordance with the defined evaluation rules.

5. DISCUSSION

The results presented in this paper indicate that generative Al tools can have a significantly differ-
ent and more practical role in education than is most commonly described in the literature. While most
research focuses on the use of Al in the learning process or code generation, this paper emphasizes the
automation of knowledge evaluation through a concrete workflow. The key difference compared to exist-
ing approaches lies in the method of system application. Instead of using Al tools as general-purpose
assistants, a clear workflow is defined, which includes data input through photographed tables, their
processing through a sequential prompt protocol, and the generation of structured reports. This approach
enables the transformation of a complex evaluation process into a series of controlled steps.

The most significant result relates to the reduction in time required for test evaluation, which in
practice amounts to approximately 95% compared to the manual approach. This finding has direct impli-
cations for the work of instructors, especially in the context of larger groups of students, where manual
evaluation represents a significant burden.

At the same time, the results indicate that system reliability largely depends on the quality of input
data. The identified issues were not related to the evaluation logic, but to incorrect recognition of student
names and identification numbers during the processing of photographs. This finding suggests that sys-
tem limitations do not necessarily stem from the Al model itself, but from the way data are entered into the
system (Susnjak, 2022).

In comparison with findings from the literature, which indicate limitations of generative models in
understanding and interpretation (Finnie-Ansley et al., 2022; Kasneci et al., 2023), the results of this study
show that these limitations can be significantly mitigated through a structured approach and a clearly
defined workflow. In other words, system reliability depends not only on the model, but also on the way
it is applied. These findings suggest that future research in this area should focus less on the models
themselves and more on system design and the integration of Al tools into specific educational processes.

A limitation of this study is that the proposed model was tested within a single educational context
and on a limited dataset. Therefore, the results should not be interpreted as universally applicable without
further validation in different educational environments. Nevertheless, the obtained results indicate signifi-
cant potential for applying the sequential Al pipeline in structured evaluation processes.

https://scienceij.com
231



Aritonovi€, G. (2026). Model of automated test evaluation using generative Al tools, SCIENCE International journal, 5(2), 227-
232. doi: 10.35120/sciencej0502227a  UDK: xxx

6. CONCLUSIONS

This paper presents a practical model for the application of generative Al tools in the process of
test evaluation in education. Unlike most existing approaches, the central focus of the paper is on the
automation of evaluation through a clearly defined workflow. The results show that it is possible to signifi-
cantly reduce evaluation time while maintaining consistency and control over the process. It is particularly
important that system reliability is not based solely on the capabilities of the Al model, but on the way it is
integrated into the process. The limitations of the system were identified in the data input phase, which in-
dicates the need for further improvement of input data processing methods. Future work may be directed
toward the integration of more reliable data recognition methods and the extension of the system to other
forms of evaluation.
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