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Abstract. Creating exams is time-consuming for educators, and despite existing tools, no solution has 
been universally adopted. This study evaluates EGAL+, a hybrid artificial intelligence and 
metaheuristics-based exam generation tool, in real university exam settings. Students were randomly 
assigned to traditional or EGAL+-generated exams. Student performance and exam quality were 
assessed using objective metrics, and qualitative feedback from teachers and students. Results show that 
EGAL+ significantly reduces exam preparation time without harming student performance, while 
improving exam quality through better alignment with teachers’ preferences, greater question diversity, 
and more consistent difficulty. These findings indicate that EGAL+ reduces teacher workload while 
maintaining or enhancing exam quality, with no observed drawbacks. 
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1. Introduction 

Preparing exams is labor-intensive and time-consuming for educators; consequently, several 
software solutions have been developed to streamline the process, allowing teachers the 
opportunity to focus on tasks that make better use of their expertise. Despite these efforts, no such 
solution has been accepted universally. Therefore, this study evaluated the effectiveness of a hybrid 
tool based on artificial intelligence (AI) and metaheuristics, EGAL+ (Exam Generator 
Algorithm+), in real university examination settings to assess its potential for wider adoption. The 
study aimed to demonstrate and validate the unique benefits of EGAL+ in a live exam 
environment. 

The authors of this study previously researched this topic in another work [1], aiming to generate 
different exams and practice tests for students in a class to assess their knowledge. It was recognized 
that some topics were more important than others, and the exams and practice tests should be as 
varied as possible to avoid memorization in favor of quality learning. In our research, the quality 
of an exam or practice test was determined by how well the grouping of questions aligned with 
teachers’ preferences and by the diversity of questions across different groups. Additionally, certain 
questions would be undesirable to ask together for pedagogical or logical reasons. The manual 
compilation of the question sets was considered to require a significant amount of time and effort, 
and teachers had to pay attention to the equal difficulty of the question sets and the diversity 
between them. Over the years, the topics we examined have varied, but ultimately, the focus 
remained on exam sets composed of test questions under similar conditions. 

EGAL+ is a unique application in the domain of exercise generation, enabling instructors to define, 
through a preference matrix, which exercises they would like included in their task sets and at what 
pairwise priority. The completed preference matrix allows the teacher to almost instantaneously 
generate numerous sets of tasks of the same difficulty from the uploaded database, each set 
covering the discipline as specified by the teacher in the matrix (i.e., coexistence preferences).  

The literature review revealed that no automatic solution had been developed before to address 
such a case. Therefore, a heuristic solution was applied since an exact algorithm could not solve 
the problem within a reasonable timeframe. Hence, a harmony search metaheuristic with a double 
objective function was created, as it maximizes the coexistence preferences and diversity measures 
simultaneously to solve the problem, yielding satisfactory results almost instantly with a quick run. 
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Later, a generative AI model was integrated into the application, enabling the question bank to be 
uploaded quickly.  

Thus, instructors could specify in a preference matrix which tasks they would like to include in the 
task sets with their joint preference. Notably, the sets of questions were diverse and of an overall 
difficulty set by the teacher and. With all this, this paper aimed to demonstrate and validate the 
unique advantages of EGAL+ in a university exam. 

2. Literature Review 

2.1. Overview 

The use of metaheuristics and other algorithms in the field of automatic test or exam generation 
has been the subject of much research. The goal of these solutions is to automatically generate test 
sets in a fast and efficient manner according to different objectives and criteria, such as difficulty 
level, diversity, and quality. In this chapter, we review current automatic test set generation 
solutions and their characteristics and critically analyze their methodological differences, strengths, 
and limitations in relation to our proposed EGAL+ algorithm. 

All of the following articles conclude that producing test question sets is a difficult and time-
consuming practice and, therefore, well worth automating. In their solutions, the authors usually 
formulate several optimization objectives simultaneously, and the fitness functions they use are 
multi-objective. All authors set quality maximization as a goal, but they differ in what they consider 
quality. When defining quality, most articles use Bloom’s taxonomy [2]. Moreover, they strive for 
diversity and often attempt to maximize the distance between test sets to obtain different test sets 
for students. Many of them also aim to generate question sets of varying difficulty levels for groups 
of students with different levels of knowledge while attempting to give students in the same group 
question sets of the same difficulty. Further, they attempt to cover as much of the subject area as 
possible according to suitably formulated objectives. Due to the high computational demand of 
the problems, metaheuristics are employed (primarily genetic algorithms [GAs]). However, other 
metaheuristics are also used, such as ant colony optimization and simulated annealing. Several 
studies also addressed the efficient loading of question banks in addition to the generation of test 
sets. 

Despite these shared goals, the reviewed approaches differ significantly in how these objectives are 
modeled, prioritized, and optimized, particularly in terms of flexibility, adaptability, and granularity 
of control. 

2.2. Review of Related Works 

2.2.1. Genetic Algorithm-Based Approaches 

A significant portion of the literature applies genetic algorithms to the problem of automatic test 
generation, modeling it as a multi-objective optimization task in which candidate test sets evolve 
toward predefined criteria. 

[3] proposed a GA-based auto-generator of examination questions designed to streamline the 
creation of examination papers that align with outcome-based education (OBE) specifications. The 
challenge of manually creating high-quality exam questions, especially for novice lecturers, is 
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addressed through automation. The objective function minimizes the error between the user-
defined exam paper criteria and the generated output. Then, the system validates the conformity 
of the generated questions with OBE criteria, ensuring assessments align with learning outcomes. 
Compared to EGAL+, this approach similarly relies on optimization but focuses on matching 
predefined criteria rather than enabling flexible, fine-grained instructor control. 

[4] proposed a solution that reduces the manual effort and time educators spend preparing exam 
papers while ensuring quality and diversity in question sets. Bloom’s taxonomy is used to categorize 
questions by difficulty levels (easy, medium, and hard), ensuring that exams test different cognitive 
domains. This automated approach ensures efficient, reliable exam paper generation, thus reducing 
educators’ workload while maintaining assessment standards. In contrast, EGAL+ also considers 
difficulty and diversity, but extends beyond taxonomy-based categorization by introducing pairwise 
preference modeling. 

[5] explored the use of a GA for the automatic generation of assessment tests in higher education, 
ensuring fairness and differentiation between test versions. This approach addresses challenges 
related to increasing class sizes, individualization, and the need to minimize cheating by generating 
structurally diverse tests. A structural metric, DTest, measures the distance between two tests based 
on question content and answer choices, inspired by the Levenshtein distance. The GA optimizes 
test differentiation by iterating through processes like selection, crossover, and mutation to 
maximize the structural distance between tests. While EGAL+ also maximizes diversity between 
tests, it complements this objective with coexistence preferences, which are not considered in this 
approach. 

[6] presented an automated exam question generator that uses a GA to assist educators in efficiently 
creating high-quality exam papers. The system focuses on producing multiple-choice questions 
(MCQs) that adhere to the six levels of Bloom’s taxonomy, ensuring balanced cognitive difficulty. 
The generator uses a question bank containing categorized past exam questions, tagged according 
to Bloom’s taxonomy and specific chapters. The fitness function evaluates the quality of generated 
question sets based on the distribution across Bloom’s taxonomy levels. Compared to EGAL+, 
this method emphasizes taxonomy balance, whereas EGAL+ introduces an additional dimension 
of instructor-defined relationships between questions. 

[7] introduced an HGA for automated test paper generation. The system ensures compliance with 
multiple constraints, including question difficulty, discrimination, knowledge coverage, and format 
requirements. The fitness function prioritizes minimizing deviation from constraints while 
maximizing test quality, ensuring that generated test papers align closely with user-defined 
requirements. Although this approach incorporates multiple constraints similarly to EGAL+, it 
does not allow expressing preferences at the level of individual question pairs. 

[8] discussed the use of a GA for generating exam tests from a categorized question bank. The 
fitness function measures how well the test aligns with the selected categories, ensuring relevance 
to the intended topics. The method is particularly suited for large question banks, where manual 
selection would be too time-consuming. In comparison, EGAL+ also supports similar large-scale 
optimization but provides additional flexibility through its preference matrix. 

2.2.2. Hybrid and Adaptive Metaheuristic Approaches 

A number of studies extend classical metaheuristic frameworks by incorporating hybridization 
strategies and adaptive mechanisms, aiming to enhance solution quality, convergence speed, and 
responsiveness to dynamic educational requirements. These approaches typically combine genetic 
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algorithms with complementary techniques—such as learning agents, predictive models, or 
domain-specific heuristics—to overcome the limitations of standalone methods. By introducing 
adaptivity, these systems can refine their behavior based on historical data, student performance, 
or evolving constraints, thereby enabling more intelligent and context-aware test generation. 

[9] proposed an auto-generating examination paper algorithm based on a hybrid genetic algorithm 
(HGA) to address inefficiencies and subjectivity in traditional examination paper creation systems 
in China. The paper concluded that the proposed HGA-based method improves the efficiency and 
quality of auto-generated test papers, offering a reliable solution for intelligent teaching systems. 
While EGAL+ also aims to improve efficiency and quality, it differs by prioritizing customization 
through explicit preference modeling. 

[10] introduced an automated exam question set generator (AEQSG) that uses utility-based agents 
(UBA), learning agents (LA), GA, and Bloom’s taxonomy scaling to streamline the creation of 
exam question sets. This system aims to reduce educators’ workload while ensuring high-quality 
exams aligned with institutional guidelines. UBA selects actions that maximize utility based on user 
preferences, ensuring that generated question sets meet desired criteria such as difficulty and 
content distribution; LA improves the system by learning from past exam results, adapting 
automatically to generate better question sets over time; and Bloom’s taxonomy scaling automates 
the distribution of questions across six cognitive levels. This approach significantly reduces the 
manual effort involved in exam preparation, thereby improving the consistency and quality of exam 
papers. Compared to EGAL+, this approach introduces adaptivity through learning, whereas 
EGAL+ focuses on explicit and interpretable instructor-defined preferences. 

[11] proposed a novel approach for automated exam paper generation (EPG) based on predicting 
the performance of student groups using deep knowledge tracing (DKT), dynamic programming, 
and GAs. This method aims to produce exam papers with adaptive difficulty levels without 
manually labeling question difficulty. The quality of generated papers is evaluated based on 
difficulty, skill distribution, and the distribution of predicted student scores, offering a reliable way 
to automate exam paper generation while maintaining fairness, accuracy, and efficiency. In contrast, 
EGAL+ does not rely on predictive models but instead offers deterministic control through its 
preference matrix. 

2.2.3. Other Approaches 

Beyond metaheuristic-based solutions, the literature also includes a variety of alternative 
approaches to automatic test generation, ranging from rule-based systems and database-driven 
methods to machine learning techniques. These approaches often prioritize simplicity, scalability, 
and ease of implementation, focusing on efficient question selection and coverage rather than 
complex optimization. While they may not always achieve the same level of flexibility or solution 
optimality as metaheuristic methods, they provide practical and accessible solutions for many real-
world educational settings. 

[12] surveyed various question paper generation systems and highlighted techniques that automate 
and optimize the creation of exam papers. These systems address the time-consuming and error-
prone nature of manual question paper generation. Automated systems utilize databases and 
algorithms to randomly select questions, ensuring coverage of the entire syllabus and multiple 
question types (e.g., multiple-choice, numerical, and theory-based questions). The proposed system 
employs CSV files for keyword extraction from syllabi, which is more efficient than manually 
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populating question banks. Compared to EGAL+, these approaches provide simpler automation 
but lack advanced optimization and fine-grained control. 

[13] utilized supervised machine learning algorithms to efficiently generate exam questions tailored 
to candidate skills. The system allows customization of test parameters, such as question selection, 
format, and difficulty level, to suit specific needs. The use of machine learning classifiers improves 
the accuracy of skill-based assessments and helps recruiters understand candidate strengths. 
Compared to EGAL+, this approach relies on learned models and historical data, whereas EGAL+ 
operates independently of such data and instead provides direct control to instructors through 
preference specification. 

[14] conducted a comparative study of various algorithms and methodologies used for automated 
question paper generation to improve efficiency, security, and reliability over traditional manual 
methods. The study examined automatic generation of question papers based on the following 
criteria: simplicity, speed, constraint handling, and the ability to control question difficulty levels. 
It provides a detailed analysis of the strengths and weaknesses of each method with respect to these 
aspects. The study concluded that selecting the appropriate algorithm depends on factors like 
efficiency requirements, database size, and difficulty control. 

2.3. Critical Comparison with EGAL+ 

The studies reviewed here reached converging conclusions, stating that automating the generation 
of questionnaires improves the efficiency, fairness, and reliability of educational assessments. 
Automated systems are designed to simplify the process, reduce human error, allow teachers to 
focus on teaching rather than administrative tasks, and reduce the manual effort and time spent by 
teachers on preparing examination papers while ensuring the quality and diversity of the question 
sets. 

Through the reviewed literature, three primary optimization objectives can be identified: 

• difficulty control (often taxonomy-based), 

• content coverage, 

• diversity (distance between test sets) 

While these systems often introduce adaptivity to achieve these goals through student modeling or 
learning agents, they largely overlook instructor-driven customization at a granular level. 
Specifically, no reviewed method allows the definition of pairwise preferences between individual 
questions. 

In several aspects, our EGAL+ algorithm is similar to the solutions described above. 
Metaheuristics were applied to achieve the goal, specifically the harmony search algorithm. 
Moreover, we aimed for diversity, maximizing the distance between tests to obtain different test 
sets for students. We also sought to generate varying levels of difficulty for groups of students with 
different levels of knowledge, while students in the same group were given questions of the same 
difficulty. Our fitness function is also multi-objective: while one goal is to maximize diversity, the 
other is to maximize coexistence preferences. The only significant difference compared to the 
algorithms above is the latter point, which is formulated using a preference matrix that contains 
the instructor’s preferences. The essence and significance of the preference matrix are explained in 
the next chapter. Our solution is unique in that no other solution allows the user to parameterize 
a preference matrix pairwise on a task level, allowing for full customization over task grouping. 



AI-Enhanced Exam Generator Program: A Case Study in Live University Exam Settings 6 

Central-European Journal of New Technologies in Research, Education and Practice 
Volume 8, Number 1, 2026. 

3. Methodology 

3.1. Research Questions 

The purpose of this study was to demonstrate and validate the unique advantages of EGAL+ in 
the context of university exams. To achieve these objectives, we posed the following research 
questions: 

1) How do students perform on tests generated with EGAL+ (T2) compared to traditional, 
manually created tests (T1)? Specifically, is there a significant difference in student performance 
between T1 and T2 exams? 

2) To what extent does the algorithm reduce instructors’ workload? 

3) Does T2 provide greater diversity and better compliance with user preferences  
compared to T1? 

3.2. Design and Functionality of EGAL+ 

EGAL+ is a sophisticated program designed to automate the generation of exams for educational 
assessments, ensuring that exams are diverse, align with user-defined grouping criteria, and 
maintain balanced difficulty levels across task sequences to promote fairness. The EGAL+ source 
code is publicly accessible at https://github.com/balazs-domsodi/EGALPP. 

The foundation of EGAL+ lies in its implementation of the harmony search metaheuristic 
algorithm [15]. Inspired by the improvisational techniques of musicians striving for harmony, this 
algorithm efficiently explores complex solution spaces, identifying near-optimal results. 

EGAL+ operates by assembling task sequences from a user-provided question bank. Each task is 
characterized by a difficulty value (rated on a 1–5 scale) and coexistence preferences for other tasks 
(rated on a 0–10 scale, where 0 prohibits inclusion and higher values indicate stronger preferences). 
The user also specifies the desired number of tasks per sequence, the number of sequences to 
generate, and the target difficulty level (low, medium, or high). 

During the generation process, the program determines the three target difficulty levels by 
evaluating the sum of task difficulties in sequences that adhere to coexistence preferences. Tasks 
are selected iteratively, with their indexes stored as they are added one at a time to the sequences. 
This step-by-step approach avoids the inefficiencies associated with generating entire sequences 
simultaneously, significantly reducing the likelihood of invalid combinations. The compact storage 
of task indexes minimizes memory usage and enhances the speed of sequence processing. 

The generation process seamlessly integrates the determination of difficulty levels and initial 
sequence creation. As potential difficulty levels are analyzed, valid task sequences are 
simultaneously generated and classified according to their difficulty. This integrated approach 
eliminates redundant operations, enabling the program to begin quality enhancement immediately 
after the user selects a difficulty level. 

The quality of a task sequence is assessed based on two factors: its distinctiveness compared to 
other sequences in the population and its alignment with user-defined coexistence preferences. 
Sequences that include tasks with higher coexistence preference values and differ more 
substantially from others are considered of higher quality. 

https://github.com/balazs-domsodi/EGALPP
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The coexistence preferences are represented by a matrix, denoted as CP. Let ex_length represent 
the exercise length and p denote a given population element. Using these notations, the coexistence 
preference value for a specific task is computed from the CP matrix as defined by formula (1). 

𝐹𝑐𝑜𝑒𝑥𝑖𝑠𝑡𝑒𝑛𝑐𝑒(𝑝) = ∑ ∑ 𝐶𝑃[𝑝[𝑗]][𝑝[𝑖]]

𝑒𝑥_𝑙𝑒𝑛𝑔𝑡ℎ

𝑗=𝑖+1

𝑒𝑥_𝑙𝑒𝑛𝑔𝑡ℎ −1

𝑖=0

 (1) 

Let h, k be two individuals, and the relative diversity measure between these individuals be the 
number of different tasks they contain, denoted as d(h, k). 

Building on this, the difference value for a given individual p, compared to all other elements t in 
a population (excluding the element it is intended to replace), sums the distances for each individual 

in the population. It is denoted as 𝐹𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦(𝑝). 

Formula (2) represents the sum of two components: one based on preference values and the other 
on difference values, which, together, define the quality measure for each population element. 

𝐹𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑝) =  𝐹𝑐𝑜𝑒𝑥𝑖𝑠𝑡𝑒𝑛𝑐𝑒(𝑝) + 𝐹𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦(𝑝) (2) 

The fitness function combines two operand values using a single operation, which could be 
addition, subtraction, multiplication, or division. In this study, addition was selected as the 
operation because the two operands are considered independent and equally important in the 
overall fitness. The ratio of the two operands is a subjective decision made by the teacher, similar 
to how the preference matrix is populated. Like the preference matrix, this ratio is not determined 
objectively. For this study, the two operands were simply added, as the instructor deemed that this 
approach represented the correct ratio. In future developments, we plan to enable instructors to 
customize the ratio of the two operands. 

Once the initial population is generated, the program refines the sequences using an iterative 
optimization process based on the harmony search algorithm. In each iteration, a new task 
sequence is created, an existing sequence is modified, or a sequence is copied without modification, 
ensuring that, in all cases, the new sequence remains valid. The process evaluates whether the newly 
created sequence offers better quality than the lowest-quality sequence in the current population. 
If so, it replaces the inferior sequence. 

To create or modify sequences, the program employs probabilistic methods. New sequences are 
either generated from scratch or derived by copying and adjusting existing sequences by replacing 
a task with another from the question bank while maintaining adherence to coexistence preferences 
and difficulty targets. If no suitable replacements are found within a given time, the sequence 
remains unchanged. 

The program continually evaluates the population’s average quality. If the average quality fails to 
improve by a predefined threshold over a series of iterations, the optimization process halts. 
Similarly, the process concludes if a generation limit is reached. The result is a final population of 
task sequences that meet all criteria and maximize quality. 

EGAL+ is capable of handling extensive question banks with thousands of tasks and generating 
high-quality task sequences for hundreds of students within seconds. By iteratively selecting tasks, 
optimizing storage, and integrating processes, the program achieves exceptional efficiency without 
imposing limitations on input size or user-defined constraints. This capability makes EGAL+ 
invaluable for large-scale educational settings. 

The primary challenge of using EGAL+ for efficient exam compilation is the initial effort required 
to create a comprehensive question bank and define preferences, which can be time-intensive for 
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instructors. This requirement renders the program particularly well-suited for large-scale 
educational environments, such as online learning platforms and undergraduate courses, where 
foundational concepts in extensive subject areas are frequently examined. In such settings, a well-
constructed question bank can be reused over an extended period, enabling streamlined and 
consistent exam generation. 

3.3. Using EGAL+ for Exam Generation 

Exams generated by the program are formatted in the GIFT format, which can then be imported 
into Moodle, a widely adopted learning management system. 

To generate an exam, the program must be started, and the third mode (“3. Generate an exam”) 
must be selected. The name of a question bank file is required, which must be placed in the 
“databank” folder of the program. 

In the question bank, each line must begin with the text of the question itself. This is followed by 
a tab and an integer on a scale of 1–5, indicating the difficulty level of the question. After another 
tab, the coexistence preferences for joint inclusion in exams are provided. These preferences 
consist of values of 0–10 separated by semicolons, where each number represents the preference 
relative to the preceding questions in order. For the first question, a single placeholder value is 
used, as there are no preceding questions. Finally, after another tab, optional answer options can 
be included, separated by tabs. The number of questions per exam and the total number of exams 
to generate are then specified. 

The user interface of EGAL+ can be seen in Figure 1. 

 

Figure 1: The user interface of EGAL+ 

Three achievable difficulty levels for the exams are determined by the program. Once a desired 
difficulty level is chosen, an optional student file is requested, which should include the names or 
identifiers of the students for whom the exams will be generated in separate lines. The information 
in the student file is used to create a Moodle import file, ensuring that uniquely identifiable exams 
are assigned to each student. If a student’s file is not provided, the exams will be generated into 
separate files in a similar format. 
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After all inputs are provided, the exams are generated. All coexistence preferences are adhered to, 
restrictions on specific questions are enforced where necessary, the selected difficulty level is 
maintained, and varied exams are created to meet the specified criteria. The contents of a resulting 
GIFT file can be observed in Figure 2. 

 

Figure 2: The contents of a resulting GIFT file 

The resulting file can then be imported into a Moodle system. 

3.4. Research Context and Research Design 

The experiment was conducted at Corvinus University of Budapest during the fall semester of 
2024, specifically in November and December, when quarterly exams were held. Students used the 
Moodle platform for the exams. The tests were administered to four groups of students across four 
classrooms at different time slots. Altogether, 107 BSc students enrolled in the fifth semester of a 
seven-semester business information systems program participated. 

A single year cohort of students enrolled in the same business information systems program may 
be treated as a cluster sample from the population of students enrolled in the program in the same 
institution. Cluster sampling can be considered appropriate when naturally occurring groups 
(clusters) exhibit internal heterogeneity while remaining comparable across clusters. The validity of 
using this cohort as a representative sample of the broader student population rests on the 
assumption of structural equivalence across cohorts. 

Specifically, if admission criteria, selection procedures, and program requirements remain stable 
over time, then each cohort is generated through the same underlying selection mechanism. This 
consistency implies that each yearly intake approximates a realization from the same population 
distribution. Consequently, differences between cohorts are expected to be random rather than 
systematic. Hence statistical methods and tests can be applied to draw conclusions on the 
population of unobserved students as well. 

However, it is important to acknowledge limitations. External factors such as demographic trends, 
policy changes, or shifts in labor market attractiveness of the program could introduce cohort 
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effects, potentially undermining representativeness. Furthermore, this cluster sampling method 
does not make the results generalizable to students of other programs and other institutions. 
Therefore, the authors aim to tackle this limitation in their future work, extending the test of 
EGAL+ to students of several programs in multiple universities. 

The exams included in the research were theoretical tests from the business intelligence lectures. 
The first quarterly exam was worth a total of 20 points, while the second was worth 30 points. 
Both exams featured an initial section comprising 10 MCQs, each worth one point, with four 
answer options per question, of which exactly one was correct. Students had 10 minutes to answer 
these 10 questions. To pass the exam, students needed to answer at least six questions correctly; 
otherwise, the exam resulted in a failing grade. These 10 MCQs covered the fundamental concepts 
of the course, for which students received a predefined list in advance for their preparation. 

Following the multiple-choice section, students tackled essay questions. In the first quarterly exam, 
there were two essay questions, each worth five points, to be answered within 20 minutes. These 
questions aimed to test the students’ understanding of the deeper relationships within the course 
material. In the second quarterly exam, students answered four essay questions, each worth five 
points, within a 30-minute timeframe. 

In Moodle, the instructor prepared the following question banks: 

• Multiple-choice questions for the first quarterly exam (138 questions); 

• Essay questions for the first quarterly exam (46 questions); 

• MCQs for the second quarterly exam (83 questions); 

• Essay questions for the second quarterly exam (64 questions). 

These question banks were partially compiled from questions from previous exams and partially 
generated using the PrepAI question-generation tool from a PDF version of the textbook assigned 
as mandatory reading for the course. Questions generated by PrepAI were manually reviewed to 
filter out overly simple, ambiguous, repetitive, or irrelevant ones. 

The preference matrix for the two quarterly exams was filled separately by the instructor to align 
with the thematic areas of the course. The material covered in the first quarter encompasses the 
role of business intelligence in enterprises, its technological solutions, and analytical tools, focusing 
on the following topics: 

• Decision support; 

• Data analysis environments in enterprises; 

• Data warehouses; 

• Data types; 

• Data quality issues; 

• Data standards; 

• Online analytical processing; dimensions and fact data; 

• Data visualization; 

• Big data management. 

Within these topics, the co-occurrence of questions is generally not preferred (preference value of 
0). However, when a topic is sufficiently broad, slight preferences (values of 1–3) may be permitted. 
For instance, the topic of data analysis environments in enterprises is quite broad, encompassing 
various analytical tools applied across corporate functions (hence the preference value of 3 within 
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the topic). Conversely, questions on dimensions and fact data categorization involve only two 
definitions addressed in different contexts (hence, a preference value of 0 within the topic). 

Between different topics, preferences are generally fully allowed (a preference value of 10), with 
exceptions in specific cases. For example, data quality issues are often managed using data 
standards, and addressing these issues is essential during data warehouse construction. Therefore, 
there are overlaps in the concepts across these topics, so their joint occurrence is preferred less. 
Data warehouses are part of the enterprise data analysis environment, so these topics are also less 
preferred together. The data type of variables determines how these variables and their 
relationships are visualized, which connects to the logic of classifying dimensions and fact data. 
Consequently, these three topics are also not maximally preferred together. Table 1 presents the 
preference matrix, reflecting these principles. 

 

Data analysis 
environments 

Data 
standards 

Data 
quality 
issues 

Data 
types 

Data 
visualization 

Big 
data 

Online 
analytical 
processing 

Decision 
support 

Data 
warehouses 

Data analysis 
environments 

3 10 10 10 10 10 10 10 5 

Data 
standards 

10 2 4 10 10 10 10 10 3 

Data quality 
issues 

10 4 1 10 10 10 10 10 3 

Data types 10 10 10 1 4 10 6 10 10 

Data 
visualization 

10 10 10 4 1 10 8 10 10 

Big data 10 10 10 10 10 0 10 10 10 

Online 
analytical 
processing 

10 10 10 6 8 10 0 10 10 

Decision 
support 

10 10 10 10 10 10 10 2 10 

Data 
warehouses 

5 3 3 10 10 10 10 10 1 

Table 1: Table preference matrix for the exam in the first quarter 

The material for the second-quarter exam covers selected chapters on data mining and machine 
learning: 

• Cross-Industry Standard Process for Data Mining (CRISP) data mining process 

• General framework of machine learning 

• Supervised machine learning 

• Unsupervised machine learning 

• Natural language processing 
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The determination of preference values within the topics follows the same principles as for the 
first-quarter exam, based on the broadness of the topic. For example, questions within the CRISP 
topic exclusively focus on the various steps of the CRISP-DM process, conceptually constituting a 
single element; therefore, the within-topic co-occurrence preference is set to 0. Conversely, the 
topic of natural language processing spans a wide range of areas, from simple tokenization to 
sentiment analysis and topic modeling, allowing for a higher within-topic preference value of 4. 
The preference matrix, designed based on these principles, is presented in Table 2. 

 

CRISP Supervised 
machine 
learning 

General 
machine 
learning 

Unsupervised 
machine 
learning 

Natural 
language 

processing 

CRISP 0 10 10 10 10 

Supervised 
machine 
learning 

10 1 5 4 8 

General 
machine 
learning 

10 5 3 5 10 

Unsupervised 
machine 
learning 

10 4 5 1 8 

Natural 
language 

processing 

10 8 10 8 4 

Table 2: Table preference matrix for the second-quarter exam 

This business intelligence course was chosen as the subject of our study because we required 
material that changes only minimally over time, given that populating the preference matrix is a 
time-intensive task. The benefits of using the EGAL+ software are most evident when this work 
needs to be done only once instead of being repeated each semester. The theoretical content of the 
two quarterly exams focuses on the general concepts and mathematical principles of business 
intelligence and data analysis rather than the specific workings and software implementations of 
algorithms. The latter areas are assessed during the course’s practical exam. The general principles 
of data analysis and machine learning are considered temporally stable. Even incorporating large 
language models into the curriculum (under the natural language processing topic) required no 
drastic revisions to the theoretical content, as these models can be treated as supervised learning 
algorithms conceptually [16]. Additionally, this course is mandatory and taken by a large number 
of students every year, allowing the instructor to benefit from the software’s advantages over 
several years. 

Of the 107 students who took the exams, 53 were randomly assigned to receive traditionally 
prepared exams. In these cases, the instructor manually designed the exams to reflect their 
preferences. The remaining 54 students were given test sets generated using EGAL+. For these 
students, each received a unique test set, as generating individualized sets using the tool required 
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no additional effort from the instructor. Students were not informed before the exam about how 
their tasks were generated. At the end of both quarterly exams, immediately after completing their 
exercises, students rated the difficulty of the multiple-choice and essay sections of the theoretical 
exam on a scale from 1 to 10, unaware of whether their test sets were EGAL+ generated or 
traditionally prepared. The difficulty of the practical exams was also rated on a scale from 1 to 10 
by the students for reference. 

The traditional and EGAL+-generated exams were identical in all aspects except for the generation 
method: 

• Both were created from the same question bank; 

• The exams were designed to have equivalent overall difficulty, with individual questions rated 
on a 1–5 difficulty scale. Summing up these difficulty ratings by individual exams yielded the 
same result for every student, regardless of whether they received traditional or EGAL+-
generated exams. The total difficulties were as follows: 

o First-quarter multiple-choice questions: 28; 
o First-quarter essay questions: 7; 
o Second-quarter MCQs: 28; 
o Second-quarter essay questions: 14; 

• Students were also allotted the same amount of time in all cases: 
o First-quarter MCQs: 10 minutes; 
o First-quarter essay questions: 20 minutes; 
o Second-quarter MCQs: 10 minutes; 
o Second-quarter essay questions: 30 minutes; 

The sole difference was that, in the second case, the EGAL+ software was used to select questions 
based on the preference matrix, while in the first case, the instructor manually selected questions, 
which are as follows: 

• MCQs were organized into 10 separate sub-question banks based on difficulty and topic. 
Students received one randomly selected question from each sub-bank in both multiple-
choice sections; 

• Essay questions were organized into two sub-banks for the first-quarter exam and four sub-
banks for the second-quarter exam, also based on difficulty and topic. Students received one 
randomly selected question from the appropriate sub-bank for each essay section; 

Grading was conducted identically for both groups. The Moodle system automatically evaluated 
the MCQs by checking if the students’ responses matched the pre-determined correct answers. For 
the essay questions, instructors utilized a standardized grading guide provided to all grading 
instructors. An example of this guide is provided in the appendices. Notably, the uniqueness of the 
exams effectively eliminated the possibility of academic dishonesty through the online sharing of 
answers among students. 

3.5. Data Collection 

In the research context defined in Subsection 3.3., the following variables were collected in three 
separate datasets on the students who took the exams. In all the variables, the following indices are 
applied: 

• 𝑖: student id = {1,2, … ,107}; 

• 𝑗: exam number = {1𝑠𝑡 𝑞𝑢𝑎𝑟𝑡𝑒𝑟, 2𝑛𝑑 𝑞𝑢𝑎𝑟𝑡𝑒𝑟} = {1,2}; 
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• 𝑘: exam type = {𝐸𝐺𝐴𝐿+, 𝑀𝑎𝑛𝑢𝑎𝑙} = {𝐸, 𝑀}; 

First, the objective qualities of the individual student exams were evaluated using the components 
of formula (2): 

• 𝐶𝑀𝐶𝑖𝑗𝑘: coexistence value of the multiple-choice exam for student 𝑖 of type 𝑘 in quarter 𝑗; 

• 𝐶𝐸𝑖𝑗𝑘: coexistence value of the essay exam for student 𝑖 of type 𝑘 in quarter 𝑗; 

• 𝐷𝑀𝐶𝑖𝑗𝑘: diversity value of the multiple-choice exam for student 𝑖 of type 𝑘 in quarter 𝑗; 

• 𝐷𝐸𝑖𝑗𝑘: diversity value of the essay exam for student 𝑖 of type 𝑘 in quarter 𝑗; 

• 𝐹𝑀𝐶𝑖𝑗𝑘: fitness value of the multiple-choice exam for student 𝑖 of type 𝑘 in quarter 𝑗; 

• 𝐹𝐸𝑖𝑗𝑘: fitness value of the essay exam for student 𝑖 of type 𝑘 in quarter 𝑗; 

The second dataset contains the subjective student perceptions of the exams, which was assessed 
by an anonymous student survey where students were asked to judge the difficulty of each exam 
item on a scale of 1–5, where 1 means very easy and 5 means very difficult. This survey data cannot 
be connected to any of our data from other sources as they are completely anonymous. Therefore, 
the k index cannot be defined for these survey variables. 

• 𝑃𝑀𝐶𝑖𝑗 : difficulty perception from 1 to 5 of the multiple-choice exam for student 𝑖 in quarter 

𝑗; 

• 𝑃𝐸𝑖𝑗 : difficulty perception from 1 to 5 of the essay exam for student 𝑖 in quarter 𝑗; 

• 𝑃𝑃𝑖𝑗 : difficulty perception from 1 to 5 of the practical exam for student 𝑖 in quarter 𝑗; 

For the survey, 45 responses were received in quarter 1 and 39 in quarter 2. Thus, we have that 

𝑛1 = 45 and 𝑛2 = 39. 

To assess how the exam generation types (EGAL+ or Manual) affected the student scores, we 
obtained a third dataset containing the student scores of each exam, the binary variable indicating 
whether they took an EGAL+ or a Manual exam, and two control variables for individual student’s 
abilities. Note that we do not need to define the k index for these variables as the exam type is 
expressed by a separate binary variable in this dataset. 

• 𝑆𝑀𝐶𝑖𝑗: performance score of the multiple-choice exam for student 𝑖 in quarter 𝑗 

• 𝑆𝐸𝑖𝑗 : performance score of the essay exam for student 𝑖 in quarter 𝑗 

• 𝑆𝑇𝑖𝑗 = 𝑆𝑀𝐶𝑖𝑗 + 𝑆𝐸𝑖𝑗: total performance score of the exam for student 𝑖 in quarter 𝑗 

• 𝑇𝑦𝑝𝑒𝑖𝑗: 1 if student 𝑖 took an EGAL exam in quarter 𝑗, 0 if they took a manual exam 

• 𝑅𝑒𝑡𝑎𝑘𝑒𝑖𝑗: 1 if student 𝑖 has failed the course in a previous semester, 0 otherwise; the value 

is the same ∀𝑗 

• 𝑇𝑖𝑚𝑒𝑖𝑗: in a two-week timeframe before the exam, how many times did student 𝑖 access the 

course materials on Moodle in quarter 𝑗 

The control variable 𝑇𝑖𝑚𝑒𝑖𝑗 had the limitation that it could not register if more students were 

preparing for the exam together using the same device. Therefore, this variable likely 
underestimated the preparation time of some students. However, as course material download was 
prohibited on Moodle, the variable was not distorted by students preparing offline using their 
downloaded materials. 

In addition to tabular data collection, the business intelligence course leader was interviewed 
regarding the workload associated with manual and EGAL+-supported exam generation. The 
course leader has held this position since 2021 and has supervised the exam generation process for 
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four academic years (2021/22, 2022/23, 2023/24, and 2024/25). They maintain a question bank 
consisting of 138 MCQs and 46 essay questions for the exam in the first quarter, as well as 83 
MCQs and 38 essay questions for the exam in the second quarter. During the academic years from 
2021/22 to 2023/24, the course leader manually created sub-question banks from these questions 
according to the principles outlined in section 3.4. Since these exams are administered during 
seminars, students take the exams in four different time slots; consequently, the course leader 
needed to create different versions of these sub-question banks for each seminar to minimize 
redundancy arising from randomly selected questions. According to the course leader, preparing 
the exams takes an average of 2.5 hours each year. However, by generating individual exams 
separately for each student with the support of EGAL+, this time is reduced to approximately 15 
minutes. Furthermore, the course leader noted that controlling the sub-question banks for 
coexistence, diversity, and difficulty is a manual and somewhat subjective process, resulting in 
exams that may be less effective in these respects compared to those generated by EGAL+, where 
these aspects are controlled directly and objectively through the algorithm’s fitness function. 

3.6. Statistical Methodology 

First, the objective qualities of the individual student exams were compared through the 
homogeneity of their distributions. We expected that the qualities of the EGAL+ and manual 
exams were not significantly different. If they were, we anticipated that the EGAL+ type would 
show a significantly larger proportion of exams with higher quality in coexistence, diversity, and 
overall fitness. The homogeneity of the exam quality measure distributions among the EGAL+ 
and manual types was tested using the two-sample Kolmogorov–Smirnov (KS) test, as proposed 

by [17], [18], and [19]. The KS test statistic was applied to each element of the variable set 𝑋 =
{𝐶𝑀𝐶, 𝐶𝐸, 𝐷𝑀𝐶, 𝐷𝐸, 𝐹𝑀𝐶, 𝐹𝐸} as follows: 

𝐷 = sup
𝑥

|𝐹𝑋𝐸𝑗(𝑢) − 𝐹𝑋𝑀𝑗(𝑢)| 

where 𝐹𝑋𝐸𝑗 and 𝐹𝑋𝑀𝑗 are empirical distribution functions of a given variable in the set 𝑋 for the 𝐸 

(EGAL+) and 𝑀 (Manual) types, respectively, in quarter 𝑗. The observed samples had sizes of 

𝑛𝐸 = 55 and 𝑛𝑀 = 52 respectively for the EGAL+ (𝐸) and manual (𝑀) types. The sample sizes 
were adequate to achieve sufficient statistical power for the tests [20]. The test statistic and the p-
values based on the Kolmogorov distribution for each comparison were obtained via the ks.test 
function in the R language, using the algorithm proposed by [21] and applying numerical 
improvements as suggested by [18]. 

Subjective student preconceptions of the exams were compared by examining whether the 
distribution of ratings for the multiple-choice and essay exams was independent of the ratings for 
the practical exams. Since the practical exams did not utilize EGAL+ in any way, it could be 
assumed that if the subjective ratings of the practical and the other two exam types show a strong 
level of association, then student perceptions are not influenced by EGAL+, as they rated exams 
with and without EGAL+ similarly. 

The level of association between the two variables in set 𝑍 = {𝑃𝑀𝐶, 𝑃𝐸} and 𝑃𝑃 was measured 

by the 𝜒2 statistic and Cramér’s 𝑉 as proposed by [22] and [23]. The following formulas were 

calculated for each variable in 𝑍 separately: 
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𝜒𝑍,𝑃𝑃
2 = ∑ ∑

𝑓𝑍𝑙,𝑃𝑃𝑚

2

𝑓𝑍𝑙
∙ 𝑓𝑃𝑃𝑚

5

𝑚=1

5

𝑙=1

− 1 (3) 

𝑉𝑍,𝑃𝑃 = √
𝜒𝑍,𝑃𝑃

2

𝑛 ∙ min{max(𝑙) − 1 , max(𝑚) − 1}
 (4) 

In the formulas, 𝑓𝑍𝑙,𝑃𝑃𝑚
 is the joint frequency of observations that take value 𝑙 in the variable 

currently examined from set 𝑍 and simultaneously take the value m in the 𝑃𝑃, while 𝑓𝑍𝑙
, and 𝑓𝑃𝑃𝑚

 

are the marginal frequencies for the values 𝑙 and 𝑚 in variables 𝑍 = {𝑃𝑀𝐶, 𝑃𝐸}and 𝑃𝑃, 

respectively. As variables 𝑃𝑀𝐶, 𝑃𝐸, 𝑃𝑃 are all measured on a scale from 𝑙 to 5, both 𝑙 and 𝑚 range 

from 1 to 5. Therefore, the min{max(𝑙) − 1 , max(𝑚) − 1} part in the 𝑉𝑍,𝑃𝑃 formula provided 

by [23] simplifies to 5 − 1, and 𝑛 denotes the total number of observations. As the 𝑉𝑍,𝑃𝑃 measures 

are calculated for both quarters 1 and 2, we have 𝑛1 = 45 and 𝑛2 = 39, respectively. 

The effect of the exam generation types (EGAL+ or manual) on student scores was modeled using 

ordinary least squares (OLS) regression. Each variable in the set 𝑌 = {𝑆𝑀𝐶, 𝑆𝐸, 𝑆𝑇} was applied 

as a target variable in a multivariate regression with 𝑇𝑦𝑝𝑒, 𝑅𝑒𝑎𝑡𝑎𝑘𝑒, 𝑇𝑖𝑚𝑒 being the feature 
variables of the models. Our regression model is defined as follows. 

𝑌𝑖𝑗 = 𝑐𝑗 + 𝛼𝑗𝑇𝑦𝑝𝑒𝑖𝑗 + 𝛽𝑗𝑅𝑒𝑡𝑎𝑘𝑒𝑖𝑗 + 𝛾𝑗𝑇𝑖𝑚𝑒𝑖𝑗 + 𝑒𝑖𝑗 (5) 

With this model, we can capture the effects of the 𝑇𝑦𝑝𝑒, 𝑅𝑒𝑎𝑡𝑎𝑘𝑒, 𝑇𝑖𝑚𝑒 variables on the three 

different exam scores separately for each quarter 𝑗. The main variable of interest is 𝑇𝑦𝑝𝑒, and it 

was assumed that its 𝛼𝑗 coefficients are not significantly different from 0 in any of the fitted 

regressions, as this would indicate that the exam generation type has no statistically significant 

effect on the exam scores of students. The role of the 𝑅𝑒𝑎𝑡𝑎𝑘𝑒, 𝑇𝑖𝑚𝑒 variables are to control for 
individual student abilities and efforts taken while preparing for the exams. Moreover, it was 
assumed that students who needed to retake the course would have significantly lower scores, while 
students who spent more time preparing for the exams were expected to achieve significantly 

higher scores. These phenomena should not distort the effect of the 𝑇𝑦𝑝𝑒 variable on exam scores 
due to the random classification of students into EGAL+ and manual groups. However, including 

these variables in our models eliminated any possible confounding effects from the 𝛼𝑗 coefficients 

caused by different individual student characteristics [24]. 

The 𝑒𝑖𝑗 residual term of the models was assumed to be normally distributed, homoscedastic, and 

serially uncorrelated. Homoscedasticity of the residuals was tested using the White and Breusch–
Pagan tests, while serial correlation was examined via the Breusch–Godfrey test, as suggested by 
[25]. Further, the normality of the residuals was checked using the Jarque–Bera test [26]. Testing 
whether our linear model specification is adequate was done using Ramsey’s RESET test, as 
proposed by [27] and [25]. 

4. Results 

First, the homogeneity of the coexistence, diversity, and overall fitness score distributions was 
examined between the manual and EGAL+ groups using the KS test. Table 3 presents the test 
statistics and p-values derived from the Kolmogorov distribution. 
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Quality 
Type 

Exam D 
Statistic 

p-value Significance 

Fitness Quarter 1 - Essay 1.00000 0.00000 Yes on all levels 

Diversity Quarter 1 - Essay 1.00000 0.00000 Yes on all levels 

Coexistence Quarter 1 - Essay 0.13131 0.78692 No on all levels 

Fitness Quarter 1 - Multiple-
choice 

1.00000 0.00000 Yes on all levels 

Diversity Quarter 1 - Multiple-
choice 

1.00000 0.00000 Yes on all levels 

Coexistence Quarter 1 - Multiple-
choice 

0.30553 0.01430 Yes on 5%, but not on 
1% 

Fitness Quarter 2 - Essay 0.98000 0.00000 Yes on all levels 

Diversity Quarter 2 - Essay 0.98000 0.00000 Yes on all levels 

Coexistence Quarter 2 - Essay 0.61091 0.00000 Yes on all levels 

Fitness Quarter 2 - Multiple-
choice 

0.78431 0.00000 Yes on all levels 

Diversity Quarter 2 - Multiple-
choice 

0.74510 0.00000 Yes on all levels 

Coexistence Quarter 2 - Multiple-
choice 

0.51408 0.00000 Yes on all levels 

Table 3: Table preference matrix for the second-quarter exam 

Our results indicate that the null hypothesis of distribution homogeneity can be rejected at all 
common significance levels for nearly every exam, except for the coexistence levels of the first 
quarter’s essay exams. In this latter case, we can state that at all levels there are no significant 
differences in the coexistence distribution of the manual and EGAL+ exams. However, for the 
first quarter’s multiple-choice exam, we cannot make a straightforward decision regarding 
significant differences in the coexistence distribution between the manual and EGAL+ exams, as 
the decision depends on the significance level. 

Figure 3 examines the empirical density functions of these objective exam quality measures. We 
found that in every case where these distributions are significantly different at all levels, the 
difference favors the EGAL+ exams. The EGAL+ values are concentrated at the higher end of 
the distribution compared to the manual exam values. 
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Figure 3: Empirical density functions of fitness, diversity, and coexistence 

The only case where the manual exam’s objective qualities show concentration at the higher end 
of the distribution compared to the EGAL+ exams is in the two cases where the differences in the 
distribution are not considered significant at all levels (the coexistence values of the first quarter’s 
multiple-choice and essay exams). This is further confirmed by the fact that the overall fitness of 
the EGAL+ exams is significantly higher in these cases. Overall, it can be concluded that the 
objective qualities of the exams are significantly higher for the EGAL+ compared to the Manual 
exams in all aspects, except for the first quarter’s coexistence levels, where the distributions of 
EGAL+ exams are not significantly different from those of the manual exams at all levels. 

Cramér’s V coefficients measuring the consistency of subjective student perceptions between the 
multiple-choice, essay, and practical exams are provided in Table 4. 

Cramér’s V Quarter 1 Quarter 2 

Practical Practical 

Essay 0.657 0.710 

Multiple-

choice 

0.690 0.717 

Table 4: Association results of subjective student opinions 

The V coefficients indicate that the consistency between the EGAL+-affected essay and multiple-
choice exams and the practical exam, which was unaffected by EGAL+, is around 0.7, representing 
the boundary between strong and moderate consistency [23]. Overall, it can be concluded that 
subjective student performance is relatively consistent between the EGAL+-affected and 
unaffected exams. This indicates that if a student perceives an exam unaffected by EGAL+ as easy 
or difficult, they generally tend to perceive the EGAL+-affected exam similarly. This tendency is 
evident even for the first quarter’s essay and practical exams, where the consistency is at its lowest 
(0.657). The stacked column chart in Figure 4 shows that students who rated the essay exam 
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(affected by EGAL+) as high or low in difficulty were also given a high/low score for the practical 
exam (unaffected by EGAL+) similarly in large proportions. 

 

Figure 4: Consistency between practical and exam difficulty ratings in the first quarter 

The tendency illustrated in Fig. 4 is consistent across the remaining three pairs and can be 
considered even stronger as Cramér’s V is higher in these cases. 

Estimated OLS regression coefficients for the models defined in Equation 5 are presented in  
Table 5. 
 

Multiple-choice - 
Quarter 1 

Essay –  

Quarter 1 

Multiple-choice - 
Quarter 2 

Essay –  

Quarter 2 
 

Coefficient p-
value 

Coefficient p-value Coefficient p-value Coefficient p-
value 

Intercept 6.470 0.00% 4.988 0.00% 7.970 0.00% 14.658 0.00% 

Type = 
EGAL+ 

0.125 75.99% 0.685 43.39% -0.157 70.56% 1.207 22.77% 

Retake = 
Yes 

-1.143 19.25% -3.118 9.63% -0.761 38.77% -4.086 5.59% 

Time 0.017 6.35% 0.043 2.84% 0.020 16.70% 0.023 51.24% 

R² 8.9% 13.3% 4.0% 8.1% 

Global F-
test (p-
value) 

0.1172 0.0284 0.4552 0.1461 

White test 
(p-value) 

0.8430 0.4963 0.9584 0.9410 
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Breusch-
Pagan (p-

value) 

0.6275 0.1467 0.7658 0.7819 

Breusch-
Godfrey (p-

value) 

0.8858 0.4046 0.5734 0.7962 

Jarque-
Bera (p-

value) 

0.1077 0.5211 0.2082 0.3904 

RESET (p-
value) 

0.8503 0.8365 0.5655 0.3935 

Table 5: OLS regression summary 

Examining the coefficient estimates and the p-values of their partial t-tests, we concluded that none 

of the 𝛼𝑗 coefficients are significant at any common significance levels, indicating that EGAL+ 

does not influence student performance scores, even if we control for individual student abilities 

and motivation with the 𝑅𝑒𝑡𝑎𝑘𝑒 and Time variables. 

Overall, the models exhibit weak in-sample fit and mostly insignificant population fit with 𝑅2 
values below 10% and global F-test p-values exceeding all common significance levels, suggesting 
that model explanatory power is not significantly different from 0 in most cases [25]. The only 
exception is the model where the target variable is the essay performance score in the first quarter, 

where we have significant explanatory power at the 5% level but not at 1%. The 𝑅2 shows a 
moderate in-sample fit of 13.3% explanatory power. Therefore, this model alone demonstrates 
some weak-moderate explanatory power and significant feature effects on some common 

significance levels. Here, it can be stated that we have the 𝑇𝑖𝑚𝑒, and 𝑅𝑒𝑡𝑎𝑘𝑒 variables have some 

significant effect on student performance. 𝑇𝑖𝑚𝑒 is significant at 5% and 𝑅𝑒𝑡𝑎𝑘𝑒 is significant only 
at 10%. However, the exam type (EGAL+ or manual) does not show a significant level of student 
performance scores even in this best-performing model, confirming it does not influence student 
performance at all. 

Based on their coefficients, we can say that if we take two students with the same exam type 
(EGAL+ or manual) and retake (yes or no) values, then the student who opened the study materials 
on Moodle one more time is expected to score 0.043 points more on the essay exam in the first 
quarter. For the retake coefficient, we can interpret that if we take two students with the same exam 
type (EGAL+ or manual) and the same time spent studying on Moodle, then the student who 
already failed the course before is expected to score 3.118 points lower on the essay exam in the 

first quarter. The 𝑇𝑖𝑚𝑒 variable has a similar effect on the multiple-choice scores in the first quarter 

as well, although only at a 5% level, while the 𝑅𝑒𝑡𝑎𝑘𝑒 variable is significant only at the 10% level. 
However, in these cases, the model itself is not significant at any common significance levels based 
on the p-values from the F-tests. 

All four models are diagnostically appropriate. The 𝑒𝑖𝑗 residuals are homoscedastic and normally 

distributed at all common significance levels based on the p-values of the White + Breusch–Pagan, 
Breusch–Godfrey, and Jarque–Bera tests, respectively. Ramsey’s RESET test indicates that model 
specification is appropriate at all common significance levels, with p-values above 10% in all 
models. This suggests that no nonlinear terms are needed to model student performance. 
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5. Conclusions 

Based on the numerical results of our statistical analysis and the information obtained from the 
interview with the business intelligence course leader, we can conclude the research questions 
defined in Subsection 3.1 as follows 

• The results of our OLS regression models suggest that student performance scores on the 
exams are not significantly influenced by the exam type (manual or EGAL+). The exam type 
variable is highly insignificant at every common level in each regression model result 
presented in Table 3. Additionally, the association analysis of subjective student perceptions 
indicates that students find the EGAL+-affected theoretical exams equally difficult as the 
practical exams that are unaffected by EGAL+. These results support the conclusion that 
there is no significant difference in student performance between T1 and T2 exams; 

• The interview with the course leader suggests that EGAL+ can substantially reduce 
instructors’ workload. In the business intelligence exams under investigation, the time 
required to prepare the exams is reduced from approximately 2.5 hours to 15 minutes when 
using EGAL+, according to the course leader; 

• Analyzing and comparing the empirical distributions of the coexistence, diversity, and overall 
fitness values of the manual (T1) and EGAL+-generated (T2) exams reveals that EGAL+ 
can produce exams with significantly higher quality in all cases except two, where the qualities 
are generally comparable. In the multiple-choice exams of the first quarter, there are no 
significant differences in the coexistence distributions between the two exam types. Thus, in 
this aspect of coexistence, the manual and EGAL+ exams can be considered to have the 
same quality overall. Additionally, in the coexistence distribution, the essay questions of the 
first quarter show a significant difference at the 5% level, but not at the 1% level. Observing 
this difference in the visualized empirical densities in Fig. 3, we observe that this difference 
generally indicates higher coexistence quality for the manual exams. However, we cannot 
assert that this difference is significant at all levels. Furthermore, these results do not affect 
the overall fitness values, where we find significant differences at all levels in favor of 
EGAL+. Therefore, even if these differences in the empirical distribution are significant, 
their magnitude cannot be very large if they do not have a significant impact on the overall 
fitness distributions. 

6. Discussions and Limitations 

The present study aimed to address a common yet significant challenge in education: the labor-
intensive process of manually compiling exam questions. By introducing a tool that harnesses a 
harmony search metaheuristic to manage the unique use of a preference matrix, which allows 
instructors to specify detailed priorities for question inclusion, this work not only demonstrates the 
feasibility of automated exam generation but also shows that such automation can yield tests 
comparable in validity and difficulty to manually compiled assessments. 

The findings indicate that student performance on EGAL+-generated tests was statistically similar 
to that on manually created tests, thereby validating the quality of the generated question sets and 
confirming that the assembled exams can preserve the intended difficulty level while adequately 
covering the course content. Furthermore, the diversity factor, which strives to create several 
question sets as different, or even unique, as possible, is effective in minimizing opportunities for 
common cheating strategies, such as the sharing of answers among students. 
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From the instructor’s perspective, EGAL+ significantly reduces the workload associated with exam 
preparation. By instantly generating numerous high-quality and varied exam sets, the tool liberates 
educators to devote more time to pedagogically valuable activities, such as personalized student 
support and curriculum refinement. 

Despite these promising outcomes, several areas for further improvement have emerged. First, the 
current system uses a static assignment of difficulty levels. Therefore, future enhancements could 
incorporate adaptive mechanisms that update these values based on student performance data. 
Such feedback loops would refine the question bank over time, thereby ensuring increasingly 
precise calibration of exam difficulty. Second, while the preference matrix provides a robust 
framework for incorporating instructor priorities, the relative weighting between diversity and 
coexistence preferences is presently fixed. Allowing teachers to dynamically adjust this balance 
during the exam-generation process could further tailor the outputs to specific pedagogical goals. 
Finally, integration with learning management systems via application programming interfaces and 
improvements in the user interface could enhance both the accessibility and utility of EGAL+. 

In summary, the deployment of EGAL+ in a live university examination setting underscores its 
potential to enhance exam preparation across a broad range. By effectively reducing teacher 
workload, enhancing the diversity and compliance of exam content with instructional priorities, 
and mitigating opportunities for cheating, EGAL+ addresses critical gaps identified in existing 
research. The continued evolution of this tool promises to not only improve automated exam 
generation but also contribute significantly to the broader discourse on educational assessment 
innovation. 
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