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Abstract

In line with the advancement of information technology, we are witnessing the development
of adaptive knowledge testing, which presents a computerized system for evidence-based testing
and assessment of learning outcomes. This system is distinguished by high efficiency owing to the
optimization of generation procedures and the presentation and assessment of the results of
adaptive tests. The study aims to evaluate the application of adaptive knowledge testing through
artificial neural networks on the improvement of the level of training in economics students.
A pedagogical experiment was conducted during the second semester of the 2022—2023 academic
year at three universities on 288 3rd-year students. The authors developed assessment materials
for adaptive knowledge testing with the use of artificial neural networks and developed and carried
out the procedure of adaptive knowledge testing. Based on the dynamics of students' success
indicators, conclusions were drawn about the efficiency of adaptive testing using artificial neural
networks. The results of the pedagogical experiment support the hypothesis that the quality of
economics students' training is significantly improved as a result of implementing adaptive
knowledge testing using artificial neural networks.

Keywords: artificial neural network, adaptive testing, knowledge quality control, students,
teachers, learning success.

1. Introduction
The test method using the test material is one of the most effective and objective methods of
knowledge control (Kurgansky, 2022). The test method using the test material is one of the most
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effective and objective methods of knowledge control. However, studies have shown that despite
the diversity of pedagogical tests in different scientific disciplines, all of them have some
shortcomings, including skewing of the weights between test tasks, the quantity of test assignments
is not optimal or its co-similarity, interconnectedness of consecutive test assignments (Belenkova
et al., 2022; Voskresensky et al., 2023).

Therefore, there is a problem related to the selection of test assignments depending on their
level of complexity for the most objective assessment of students' knowledge. The increase in the
number of tests used in universities with a fixed number of tasks, as well as their insufficient
quality, leads to the inability to adequately determine the level of students' knowledge (Gorlova et
al., 2023). According to the researchers, this deficiency is compensated by using tests that can
match the students' level of knowledge, change the complexity and number of test assignments
according to the answers received (correct/incorrect).

The process of adapting tests to the individual knowledge level of each student offers several
advantages. It allows for more accurate and reliable assessment outcomes, reduces the overall time
required for testing, and fosters increased student motivation by tailoring the difficulty of tasks to
their current abilities. This method, known as adaptive testing, ensures that students are neither
overwhelmed by excessively difficult questions nor under-challenged by overly simplistic ones
(Isaeva et al., 2023).

In computer-based adaptive testing, each test is customized for the individual examinee, based
on their performance in preceding tasks. The content, structure, and sequencing of the questions are
dynamically adjusted to fit the student's proficiency level. Such a tailored approach not only yields a
more precise evaluation of the student's knowledge, abilities, and skills but also helps in identifying
gaps or misconceptions in their understanding. By doing so, it creates a clear roadmap for their
continued learning and development, offering a path for targeted remediation or further skill
enhancement (Uteuliyev et al., 2023). Moreover, this method enhances engagement and reduces
testing fatigue by continuously adjusting the difficulty in response to the student’s progress.

Analyzing the subject matter, we arrive at several conclusions:

1. The objective of developing and implementing tests as pedagogical assessment tools is
topical and should be considered in conjunction with other objectives in improving the level of
students' training and optimizing the learning process (Tretyakova et al., 2023);

2. There currently is a great variety of mathematical models and methods for testing and
processing results (Gagarin, 2023);

3. The considered methods of test result processing, including classical statistical methods
and methods under the contemporary orientation of testing, allow analyzing the results of testing
but are unable to provide recommendations on optimizing the learning process and adapting the
content of tests, the complexity of tasks, and the allocation of time for different topics (Lykova et
al., 2023);

4. Adaptive computer testing methods are the most commonly used to adapt the procedure of
presenting test items (Nikolaeva et al., 2023);

5. There is not enough attention in modern studies to the adaptation of training courses
according to test results, although some tools (for example, artificial neural networks — ANN)
provide the possibility of its implementation (Chumakova et al., 2022).

The article aims to evaluate the effectiveness of adaptive testing application using ANN in the
training of students-economists.

Research objectives:

1. Definition of the characteristics of the work of ANN and their possibilities of application in
the design of educational tests with variable complexity of tasks;

2. Development of test assignments for adaptive testing on economic discipline;

3. Improvement of test tasks through ANN;

4. Development of a methodology for the use of research results.

The hypothesis of the study states that the quality of training significantly improves as a
result of the application of adaptive knowledge testing with the use of ANN.

2. Theoretical background

One of the methods to increase the efficiency of computer tests is the development and
utilization of adaptive testing methods. The term "adaptive testing" is regularly used to refer to
computer systems of evidence-based verification and evaluation of test results that have high
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efficiency due to the opportunity to optimize the procedures of generation, presentation, and
evaluation of adaptive test results (Frey et al., 2016).

You may find a lot more questions with intermediate answers or no options at all, with an
open question, where the answer is evaluated on a scale (for example, from 1 to 5). For example,
the Partial Credft Model (PCM) is a model that takes into account the increasing sequence of
correct answers (Ang et al., 2022).

An undeniable advantage of the modern item response theory models is the opportunity to
obtain well-grounded statistical assessments of specific tasks in addition to the assessment of
students' competencies, which can serve as a basis for improving the educational programs of
higher education institutions. The assessment of the level of knowledge of the entire list of tasks,
and the skipping of individual tasks is not considered critical (Gorshkova et al., 2021).

It should be emphasized that in this case the test tasks must carry out an assessment of one
specific competence. The main means of improving the objectivity of the results of the knowledge
assessment is to take into account not the final examination but the intermediate assessments,
which are used for various tasks. This will require a review and increase of the number of test
assignments for all subjects, with each assignment being dedicated to the diagnosis of a specific
competence. It is also necessary to provide for the recording and storage of the received estimates
in the information system of the university (Pominov et al., 2020).

As argued by D. Denisova et al. (Denisova et al., 2023), this model is advisable when:

— Grading partially correct responses (e.g., multiple-choice tasks);

— The task implies a sequence of steps to complete it (e.g., solving a math problem), while the
difficulty of different steps may vary.

Adaptive testing raises the efficiency of pedagogical measurements, reduces the number of
items in the test, lowers the time and monetary costs of testing, and enhances its precision (Zhang
et al., 2019).

Implementing the technology of adaptive testing requires the following steps (Sergeeva et al.,
2022):

— Determining the goals of implementation of adaptive testing (Why is adaptation needed in
the given test?);

— Determining the factors to be considered as input information in making decisions on
adaptation (What is the test being adapted to?);

— Identifying the aspects to be evaluated in the process of adaptation (What will be
adapted?);

— Deciding on which adaptation mechanisms will be deployed and how they will be
implemented (How will the adaptation be achieved?).

As a rule, adaptive testing relies on the procedure of optimizing the difficulty of tasks based
on the projected level of students' training. In its simplest form, the procedure is as follows.
The student receives the first test task based on initial projections. If it is completed successfully,
the difficulty of the next task increases. Otherwise, the next task has a lower difficulty. The process
of testing can be aborted, for example, if the student fails three tasks in a row. In the general case,
more complex procedures for stopping the test can be employed (Tolmachev et al., 2022).

Thus, even in its simplest form, adaptive testing allows dynamically changing the number
and difficulty of test tasks for each student (Gabidullina et al., 2023). More complex adaptive
testing algorithms can account not only for the difficulty of tasks but also for their association with
specific topics in the discipline, the form of their presentation, and other factors when selecting the
next tasks. This procedure ultimately generates a unique test for each student. Different students
are presented with tests that vary in difficulty and the composition of tasks, passing through the
test space along different trajectories (Babina et al., 2022; Efremova et al., 2022).

Adaptive testing algorithms may also differ by the strategy of testing. Specifically, there are
two-step and multi-step strategies. Under the two-step strategy, all students receive the same tests
at the first step. Based on the results of this test, students are distributed along the axis of the
variable under measurement. At the second step, the adaptive mode is enabled, and final adaptive
testing is performed. Multi-step strategies are distinguished into fixed-branching and variable-
branching (Astuti et al., 2023; Musah et al., 2022). Fixed-branching strategies use the same set of
tasks with a fixed position on the difficulty scale for all students, but the path of each student is
unique. Usually, all tasks are spaced equally on this scale, or the step decreases with higher
difficulty. This allows changing the speed of testing to account for students' tiredness. In variable-
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branching tests, the tasks are chosen from the bank through specific algorithms that predict the
optimal difficulty of the next task. These individual tasks make up the adaptive test. This strategy
thus realizes a step-by-step reevaluation of the student's level of knowledge, which is repeated after
each task is completed.

3. Methods

To accomplish the research objectives, this study utilized both a review of relevant scientific
and methodological literature as well as a pedagogical experiment. The main research method
involved conducting a pedagogical experiment, which took place during the second semester of the
2022—2023 academic year across three universities. From each university, one experimental group
(EG) and one control group (CG) were chosen for participation. In total, the experiment covered
288 students in their 3rd year of study. The EG and CG were formed based on pre-existing
academic groups. To ensure comparability between the CG and EG, both groups were assessed for
homogeneity before the experiment. The groups were found to be similar in terms of initial
academic performance based on grades from the previous semester.

The participants included 3rd-year economics students enrolled in the "Information Support
for Professional Activities" course at the selected universities. The inclusion criteria for
participation were as follows:

1.  Students must be in their 3rd year of study in the economics program.

2. Students must be enrolled in the required course and regularly attending classes.

3. Consent to participate in the study was required from all participants.

Exclusion criteria were:

1. Students who had previously participated in similar adaptive knowledge testing
experiments.

2. Students who were unable to attend the full sequence of testing sessions due to illness or
other valid reasons.

The experiment proceeded in several stages (Table 1).

Table 1. Stages of the pedagogical experiment

Stage Content

Preparatory Determination of the relevance, goal, objective, object, and subject of
the experiment

Organizational Development of test materials, selection of participants

Practical Carrying out the procedure of adaptive knowledge testing

Summarization Assessment of results (determining the dynamics of students' success
indicators)

To measure students' knowledge with high quality and reliability, the following procedure
was followed:

— select the educational content by examining the curriculum of the chosen (required)
course;

— Develop a system of tests on the chosen discipline (create a knowledge base);

— Develop the software necessary for testing;

— Build a testing algorithm for the ANN and train it on the results of previous tests;

— Conduct testing and perform the processing and interpretation of the acquired results.

Per this procedure, at the organizational stage of the study, we chose the "Information
support for professional activities" course taught to economics students, which consisted of
11 topics. The total volume of the base of testing results included 288 since each student was taking
the test. This amount is sufficient for our study. The training and testing of students were carried
out using the Moodle system.

The total volume of the test base included 30 tasks. For testing, all tasks first underwent
preliminary processing — assessment of difficulty.

The difficulty of tasks was determined by expert assessment. The role of the expert was
performed by a teacher, which is justified by the relatively small number of tasks.
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The proposed procedure of adaptive testing employed a multi-step strategy. In this testing
strategy, the next task was chosen from the bank based on the results of the previous two tasks
accounting for their difficulty.

The tasks in the adaptive test were close-ended questions with a choice of one of four options.
At each stage of testing, the student was presented with two tasks of each difficulty level, based on
which the difficulty of further tasks was determined. This number of questions (two) ensured a
more accurate assessment of knowledge than just one task, while also keeping the number of
combinations of answer choices not too high, in contrast to three or more tasks.

The algorithm operates as follows: The test contains m levels of task difficulty (in this study,
there were three levels). A coefficient, Ki = 100/m, is then calculated. In the subsequent stage,
the student’s current knowledge level is represented by ¢, with t, indicating the minimum
knowledge level and tv representing the maximum. Knowledge levels are assigned values ranging
from o0 (no knowledge) to 100 (complete knowledge).

First, we assume the student to have an average level of training. Thus, we set t=50, t,=0, and
t,=100. The current difficulty level is calculated as tt=t/Ki.

At the next stage, the student is presented with two tasks at the difficulty level of tt, and the
number of correct answers kj;, is monitored.

The level of knowledge is recalculated based on responses to the first two tasks:

If k,r=2, then t,=t; t,=t,+0.5t. If t,>100, then t,=100.

If k,»=1, then t,=t,/4; t,=t,+0.1t. If t,>100, then t,=v100.

If kpr=0, then t,=t,/2; t,=t.

Calculating t,=(tn,+t,)/2.

If |t—ty| >0, then t=t,.

If the critical level of the number of tasks or points for a task is reached, the level of
knowledge equals t;. End.

Otherwise, proceed to the second step.

Learning success was determined by the following formula: number of "excellent" grades +
number of "good" grades x 0.64 + number of "satisfactory" grades x 0.36 + number of "passing"
grades x 0.16 + number of "not passing" grades x 0.08 x 100%/total number of students.

The results of the pedagogical experiment were subsequently analyzed using mathematical
and statistical methods. Specifically, Pearson's x2 test was applied to detect differences in the
distribution of learning success between two empirical groups. The data was categorized into two
groups: "successful" and "not successful,” resulting in one degree of freedom (v=1).

The null hypothesis Ho: there was no significant difference in learning success between the
control group (CG) and the experimental group (EG).

Alternative hypothesis H1: a significant difference did exist between the control group (CG)
and the experimental group (EG).

4. Results
The test results were presented in binary form in a table. The table data served as input
information for the second step of adaptation — estimation of test questions difficulty (Table 2).

Table 2. Results of ANN operation

Difficulty | Question number

rating 1 2 3 4 5 6 7 8 9 10 |11 12 |13 |14 |15
1 + + +
o + + + + + + + + + + + +

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

-1 +

The system deems it necessary to raise the difficulty of items 2, 4, 14, and 20 and decrease the
difficulty of task 25. The remaining test tasks do not need alterations.
This information was reviewed by the expert (teacher) for analysis and further decisions.
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The next stage of processing the test results was to provide recommendations on changing
the number of academic hours for individual topics in the discipline.

Let us consider the results of the student success assessment.

Before the implementation of adaptive testing using ANN, the success rate of EG and CG
students in the previous semester was analyzed. The groups were found to be close in initial
success rates (76 and 73 %, respectively). After the adaptive testing was completed, the overall
knowledge quality level in the EG and CG in the considered discipline amounted to 89 and 75 %,
respectively (Table 3).

Table 3. Comparative analysis of learning success in the EG and CG

No. | Group Number of students Learning success, %

Last semester Current semester
1 CG 141 73 % 75 %
2 EG 147 76 % 89 %

Table 3 shows that the pedagogical impact amounted to an 11 % improvement in the EG
compared to a 2 % improvement in the CG, supporting the effectiveness of adaptive testing using ANN.

From the table of values of y2 for the significance level of a=0.05 and v=1 degrees of freedom,
we find that the critical value of x2i=3.841. Since before the pedagogical experiment the
calculated value x2<y2eit (0.104<3.841), i.e., does not fall in the critical range. This indicates that
at the beginning of the experiment, there was no significant difference in learning success between
the CG and EG.

Analyzing Pearson's x2 for the CG and EG after the pedagogical experiment, we find that y2>¥2cit
(5.724>3.841). This leads to the rejection of the null hypothesis (H,) and acceptance of the alternative
hypothesis (H,), confirming statistically significant differences between the two groups.

Since the EG students participated in adaptive testing using ANN, it can be concluded that
this was the primary factor contributing to their higher learning success. Thus, the experimental
hypothesis is supported by the results.

5. Discussion

As a result of adaptive testing, ANN provided the developers of educational materials with
information on the initial difficulty level of each task and recommendations on adjusting it
(increase, leave unchanged, or lower).

Indeed, if adaptive testing reveals students' general lack of understanding of a course topic,
the teacher needs to spend more time and pay greater attention to covering this topic in future
training. The practical implementation of systems that adjust educational content and teaching
methods based on students' knowledge, as measured through adaptive testing, encounters
significant challenges. Chief among these is the need to process and analyze vast amounts of data
in real time, as the system must continuously adjust to individual learning needs. Handling these
large information flows efficiently is a complex task, but it can be effectively managed through the
use of artificial neural networks (ANN), which have the capacity to process and analyze large
datasets with high accuracy and speed (Chumakova et al., 2022). ANN offers a scalable solution to
the complexities of adaptive testing, allowing for dynamic adjustments that personalize the
learning experience for each student.

Initial assessments to feed into the adaptive testing process can be derived from several
sources. These may include results from preliminary tests, data gathered from tests administered
over a defined period, or even a learning model of the subject matter, if such a model is integrated
into the system (Gorshkova et al., 2021). By utilizing these varied data points, the system can build
an accurate profile of a student's current understanding, enabling more precise and personalized
testing from the outset. This preparatory data gathering helps to ensure that the adaptive test is
appropriately challenging and effectively targets areas where the student requires further learning
or reinforcement.

In addition to improving the precision of testing, such systems also offer the potential to
revolutionize instructional methodologies by providing real-time feedback on student performance,
allowing educators to modify instructional strategies and content delivery based on the individual
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needs of learners. This continuous feedback loop enhances the learning process, making it more
responsive and efficient.

Importantly, the proper operation of ANN depends on the appropriateness of the chosen ANN
model and training algorithm. If the algorithm is chosen improperly, the ANN will not be able to learn
from test results correctly (Syzdykova et al., 2022; Uralbaeva et al., 2023), therefore, no improvement
of the adaptive test will be achieved (Chirkov et al., 2022; Goyushova, Kapustina, 2022).

One limitation of the study is the use of pre-existing academic groups to assign participants
to the control and experimental groups, which may have introduced selection bias. Without full
randomization, the comparability between groups may be affected, potentially influencing the
generalizability of the results. Additionally, this convenience sampling method may limit the ability
to rule out other variables impacting students' performance.

A prospect for further research is the analysis of prospective uses of adaptive knowledge

testing utilizing ANN.

6. Conclusion

The idea of adaptive testing based on a block of questions is directly connected with one of
the most common multi-stage testing formats, in which the learning subject passes through a
sequence of tests, proceeding to more difficult questions if they answer correctly or to simpler ones
if the answers are wrong. The transition to the next question is subject to certain rules.
The automation in the practice of testing enables statistical assessment of knowledge at each step
in the test.

Different levels of difficulty of the basic and additional questions and the proposed
connection between the main questions and the branches of additional questions allow minimizing
the number of answers needed to determine the student's level of knowledge and significantly
improve the adaptive properties of testing.

Statistical methods addressing additional indicators in tests can also be used to process test
results and to account for additional factors affecting these results. Among such useful indicators
are the percentage of correct and wrong answers, relative success of students in one topic
compared to other topics in the course, distribution of students' knowledge across all topics,

average level of training in the group, etc.
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