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ABSTRACT

The purpose of this proposed study is to analyze the possibilities of applying artificial intelligence (AI)
technologies in creating virtual laboratories for engineering education, identify key technological and
pedagogical components of such systems and assess their potential impact on the quality of education. The
methodological framework was based on a quasi-experimental design. For this purpose, 124 students were
selected and divided into experimental and control groups. Data were collected using the Engineering Skills
Assessment, Social Engagement Scale (SES) and Al log files. The analysis was conducted using t-tests. The
results noted that students who worked in an Al-supported virtual laboratory demonstrated significantly
higher final scores (M = 76.84) compared to the control group (M = 65.37), and the increase in competencies
was +18.13 points versus +7.47, respectively. The analysis confirmed the high significance of these
differences (t(122) = 4.87, p < 0.001). The conclusions confirm that virtual laboratories, enhanced with
adaptive Al algorithms, are an effective tool in engineering education, capable of improving the results of
students' practical training.
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1. Introduction
1.1. Problem statement

The rapid development of artificial intelligence (Al) technologies has significantly influenced approaches to
engineering education. Among other things, it has opened opportunities for the creation of new forms of
learning, virtual laboratories. Although the traditional model of engineering training, laboratory classes were
key components of the formation of professional competencies, they have always required significant material
resources, special equipment, consumables and compliance with strict safety conditions. This significantly
limited the scalability of laboratory classes, made it difficult for students to access practical experience outside
the classroom and reduced the flexibility of the educational process. Under such circumstances, virtual
laboratories have become an alternative, more innovative environment for further ensuring a high level of
interactivity, repeatability of experiments and personalization of learning. The integration of Al into virtual
laboratories has made it possible to create adaptive simulations that recreate complex engineering processes,
respond to the actions of the student in real time and automatically adjust the learning trajectory in accordance
with the level of training of the student. Such systems were able to analyze errors, predict optimal learning
scenarios, and provide recommendations for the formation of individualized learning. Al capabilities
contributed to the development of critical thinking, technical literacy, and experimentation skills. A number of
studies have demonstrated that Al-oriented learning environments had a significant positive impact on the
acquisition of complex engineering concepts, reduced cognitive load, and at the same time increased the
involvement of students [1], [2]. However, the effectiveness of such laboratories as a pedagogical tool in
conditions of mass use was and is an open question [3].

Despite significant progress in the field of digital simulations, a coherent approach to the creation and evaluation
of Al-based virtual laboratories has not yet been formed. Most of the existing solutions focus on graphical
modeling of processes (partly on the process of computing automation) [4]. Less attention has been paid to the
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complex integration of adaptive learning mechanisms, diagnostic modules and competency assessment systems
[5]. At the same time, there has been much less empirical research. Accordingly, there has been a lack of
comparison of educational outcomes of students in traditional and virtual laboratories and scientific works with
descriptions of pedagogical principles for creating such environments in the context of engineering training.

Modern engineering education has been transformed by the impact of digitalization, so the need for flexible,
scalable and safe forms of practical training has increased significantly. In the traditional model of education,
laboratory classes were a central tool for the formation of professional competencies [6]. Among the negative
aspects of their use were identified high financial costs, limited access to equipment and risks in the field of
student safety [7], [8]. As a result, interest in using the capabilities of virtual laboratories has significantly
increased, which made it possible to model individual technical processes with the implementation of
experiments and the reproduction of complex engineering phenomena in a digital equivalent. The conclusions
of modern research have shown that the main element of the development of this direction has become Al [9].
The use of such systems has increased adaptability, individualization and a high level of automated support
during training. Researchers have noted the most common areas of use of Al in virtual laboratories:

1. Intelligent simulation models, which made it possible to reproduce physical and technical processes with high
accuracy [10].

2. Automatic error diagnosis systems [2], [11].

3. Adaptive learning modules that are adjusted to determine the complexity of tasks according to the level of
training of education seekers [9, 12].

4. Intelligent agents that performed the functions of virtual mentors during training [13].

Research in the field of engineering pedagogy has shown that the use of Al in virtual laboratories has contributed
to an increase in the understanding of technical concepts, the development of modeling and analysis skills [14].
Scientists have also noted the formation of independence and motivation of students [15], [16]. Comparative
experiments have shown that students who worked with Al elements more often demonstrated higher accuracy
rates of task completion [17]. However, there are also some problems in scientific literature. First, there was a
lack of comprehensive models that describe the integration of Al into the full cycle of laboratory training [18],
[19]. Another problem is the limited number of scientific works comparing the effectiveness of such laboratories
with traditional training formats [20]. The problems of the long-term impact of Al on the development of
practical engineering competencies have also been insufficiently studied. Therefore, this promising topic will
require further study.

1.2. Aim and research questions

The purpose of this proposed study is to analyze the possibilities of applying Al technologies in creating virtual
laboratories for engineering education, identify key technological and pedagogical components of such systems,
and assess their potential impact on the quality of education. The study is aimed at forming a conceptual model
that can serve as the basis for further development and implementation of intelligent laboratory environments
in higher technical educational institutions.

2. Research method
2.1. Research design

The study was conducted in a quasi-experimental design with repeated measurements, which made it possible
to assess the impact of using a virtual laboratory on the formation of engineering competencies of education
seekers (based on the use of Al). The chosen design involved comparing the learning outcomes of two groups
- experimental (use of Al) and control (work in a traditional laboratory) — according to the indicators of learning
outcomes before and after completing the laboratory module. This approach provided an opportunity to
determine not only the level of competence formation, but also the increase due to work in different educational
conditions. The study was interventional, since both groups were subjected to a certain educational influence.
At the same time, the use of Al was an independent variable, while learning outcomes, errors, speed of execution
and involvement of education seekers became dependent variables.

2.2. Participants

The proposed study involved 124 second and third-year engineering students. The study involved students in
the following majors: electrical engineering, mechanical engineering, and computer engineering. The age of the
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participants ranged from 18 to 20 years, which is quite typical for a bachelor's degree in Ukraine. All participants
had previously worked in laboratories, performing traditional tasks. Regarding the tasks in virtual laboratories,
previous experience was minimal. This ensured sample homogeneity, largely minimizing potential biases
associated with previous digital skills. All participants participated in the quasi-experiment voluntarily.

2.3. Sample

The students were divided into two equal groups randomly, using a pseudorandom number generator. The
experimental group consisted of 62 people (n = 62). They worked in a virtual laboratory that was created using
Al algorithms. Their specialization was as follows: 34 belonged to the specialty “computer engineering”, 18 -
to the specialty “electrical engineering”, 10 - to the specialty “mechanical engineering”. The control group also
had a similar number (n = 62), performed similar laboratory tasks in a traditional educational laboratory.
Students in the control group also worked with other traditional equipment - physical equipment and printed
methodological materials. The composition of this group was similarly balanced: 32 students majoring in
“computer engineering”, 16 in “electrical engineering”, and 14 in “mechanical engineering”. The average age
of the participants was 19.4 years (SD = 0.9). There were no statistical differences between the groups in terms
of age or average grade point average for the previous semester (t = 0.84, p = 0.401). The sample size was
determined using the following parameters: statistical significance level a = 0.05, desired test power = 0.80,
expected average effect Cohen's d = 0.50. It is worth noting that this was quite consistent with typical effects in
studies comparing traditional and digital educational interventions. The results of this analysis demonstrated
that the minimum required sample size for the two independent groups was 51 participants in each group (N =
102 in total). Therefore, the actual sample size — 124 students (62 in each group) — exceeded the minimum by
21.5%. This result increased the accuracy of the effect estimation and reduced the likelihood of type II errors
(see Table 1).

Table 1. Characteristics of the Study Sample

Indicator Experimental group (Al | Control group | In general (N
Virtual Lab) (n = 62) (Traditional Lab) (n=62) | = 124)

Mean age (M £ SD) 19.3+0.9 19.5+0.8 19.4+0.9

Gender

— Male 38 (61.3%) 40 (64.5%) 78 (62.9%)

— Female 24 (38.7%) 22 (35.5%) 46 (37.1%)

Major

— Computer Engineering 34 (54.8%) 32 (51.6%) 66 (53.2%)

— Electrical Engineering 18 (29.0%) 16 (25.8%) 34 (27.4%)

— Mechanical Engineering 10 (16.1%) 14 (22.6%) 24 (19.4%)

Previous academic performance | 83.4 + 6.2 82.7+6.8 83.0+6.5

(GPA, 100-point scale)

Difference between groups by | 1=0.84, p = .401 — —

GPA (t, p)

Required minimum sample size | > 51 >51 >102

(power analysis)

Actual sample size 62 62 124

In addition, the proposed sample size provided sufficient conditions for the application of the ANOVA method
with repeated measures, since statistical models of this type required at least 30—40 participants per group to
ensure the stability of assessments. Therefore, the actual distribution of participants guaranteed an appropriate
level of statistical reliability, allowing for the subsequent correct interpretation of the results of educational
achievements in two types of laboratory environments.

2.4. Data collection

Data collection was carried out in several stages - over four weeks. During the first stage, both groups underwent
preliminary testing using the Engineering Skills Assessment, which made it possible to determine the basic level
of engineering competencies. At the second stage, students completed four laboratory tasks. The experimental
group worked in a virtual laboratory using intelligent modules for automatic action analysis. The control group
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completed identical tasks in the laboratory using traditional equipment. At the third stage, both groups re-passed
the test to record the increase in competencies. After that, the participants completed the Student Engagement
Scale, which assessed the level of cognitive, behavioral and emotional engagement. For the experimental group,
the Al-system logs were additionally analyzed, which recorded the number of errors made, the speed of
completing tasks and the number of requests for hints.

The quality of the data was also checked in several stages. First of all, the analysis of omissions and anomalous
values made it possible to identify individual unrepresentative results or technical errors in the tests. Information
containing deviations from the expected norms was checked again, with adjustments and even deletions. Also,
the reliability of the questionnaire "Student Engagement Scale" was confirmed by internal consistency
(Cronbach's a = 0.87). This indicated a high level of reliability.

2.5. Data analysis

The data analysis was carried out using SPSS 28 software. To determine the impact of the virtual laboratory on
learning outcomes, paired t-tests (posttest and pretest) were used. The interaction between the factor "group"
(experimental/control) and the factor "time" (before/after) was formed using analysis of variance with repeated
measures. To assess the strength of statistical effects, Cohen's d and the n? indicator were calculated. Pearson
correlation analysis allowed us to assess the relationship between the level of engagement of education seekers
and their learning outcomes. A p-value < 0.05 can be considered significant.

2.6. Ethical considerations

All procedures related to data collection and processing were approved by the Ethics Committee. This document
confirmed that the study met the requirements for the protection of rights, safety of participants and protection
of confidential information. The participation of the students was completely voluntary. Before the start of the
study, all participants were informed about the purpose, content, possible risks and confidentiality conditions.
After that, the students from the experimental and control groups provided written informed consent. Students
were able to refuse to participate in the study at any stage without any academic consequences.

3. Results and discussion

The results of statistical analysis demonstrated the existence of significant differences between the experimental
and control groups in the increase in engineering competencies and in the accuracy of laboratory tasks.
Additional analysis of normality of distribution indicated the correctness of the use of parametric tests. The
Shapiro-Wilk test showed that the distribution of indicators in all four main variables (pre-test, post-test, number
of errors, SES) was within normal limits (p > .05).

Therefore, the statistical prerequisites for the use of t-tests and ANOVA were met. A positive effect was also
noted on the level of student engagement. At the pre-test stage, no statistically significant differences were
found between the groups (t(122) = 0.74, p = .460). This result demonstrated their equivalence at the start of the
study. After completing the laboratory module, the experimental group had significantly higher results (t(122)
=4.87,p<.001,d=0.87) (See Table 2).

Table 2. Pre-test and Post-test Results for Experimental and Control Groups

Score Group n | Pre-test M | Post-test Growth | t p Cohen’s
(SD) M (SD) M d
Engineering Skills | Experimental | 62 | 58.71 76.84 +18.13 | 15.22 | <.001 | 1.93
Score (6.42) (7.11)
Control 62 | 57.90 65.37 +7.47 8.01 |<.001 | 1.02
(6.88) (7.44)

The results obtained showed a significant impact of using a virtual laboratory with Al elements on the formation
of engineering competencies in students. The increase in results in the experimental group was on average 18.13
points, while in the control group - only 7.47 points. In fact, this means that students who worked with Al tools
showed approximately 2.4 times more progress than those who performed tasks in a classic laboratory (See
Figure 1).
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Figure 1. Table 1. Pre/Post Engineering Skills Scores

This result indicated a significantly better efficiency of the digital laboratory environment, which provided
adaptability, personalized support and automatic error correction. The virtual laboratory algorithms allowed the
number of errors during the task performance. The experimental group had an average of 4.21 errors, which

was much lower than the control group's average of 9.47 errors; this difference was statistically significant,
t(122) =7.94, p <.001 (see Table 3).

Table 3. Comparison of Error Rates Between Groups

Indicator Experimental (n = 62) | Control (n=62) | t p Cohen’s d
Average number of errors 4.21 (2.18) 9.47 (3.05) 7.94 | <.001 1.42
Execution time (min) 28.4(6.2) 36.9 (7.1) 6.59 | <.001 1.18
Number of Al prompts accessed 3.87 (1.33) - - - —

Comparative analysis showed that students from the experimental group made fewer errors. With the support
of Al they also completed the tasks faster than their colleagues from the traditional laboratory. The average
number of errors in the experimental group was 4.21, in the control group - 9.47. Accordingly, the percentage
of reduction was a high 55.5%. Such a significant reduction in errors demonstrated the qualitative advantage of
the educational process, which was based on the use of adaptive Al algorithms (See Figure 2).

10 9.47

8

6 421

4

2 .

0

Experimental Control
M Errors

Figure 2. Errors and Execution Time

In particular, an important element was instant feedback, which immediately identified incorrect actions and
directed students to the correct methodology. While completing tasks in the traditional laboratory, students did
not immediately notice errors. Therefore, Al ensured timely correction of experiments, avoidance of repetition
of errors, and effective understanding of the mechanism of task completion. The correlation matrix showed that
the level of cognitive engagement was negatively correlated with the number of errors made (r = —0.41, p <
.001) and with the time to complete the tasks (r =—0.36, p <.01). This showed that students who worked more
actively with Al tools better learned the material, worked faster and more accurately. In addition, the number
of appeals to Al prompts had a positive relationship with improved results (r = .47, p <.001). This indicated the
effectiveness of the adaptive learning algorithm.
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The level of involvement (SES) was significantly higher in the experimental group (t(122) = 5.02, p <.001).
with the largest differences observed in the cognitive component (See Table 4).

Table 4. Student Engagement Scores

Engagement Component | Experimental M (SD) | Control M (SD) | t p d

Cognitive Engagement | 4.42 (0.51) 3.71 (0.64) 6.03 | <.001 | 1.09
Behavioral Engagement | 4.18 (0.57) 3.84 (0.59) 3.11 ] .002 0.56
Emotional Engagement | 4.09 (0.62) 3.52 (0.68) 441 | <.001 | 0.80
Total SES Score 4.23 (0.44) 3.68 (0.51) 5.02 | <.001 | 0.90

So, students in the experimental group were significantly more engaged in the learning process. The overall
level of engagement was 15% higher, and the effect size (d = 0.90) demonstrated a significant pedagogical
impact of the Al-enabled virtual environment.

The obtained values F(1,122) = 39.74, p <.001, n? = .25 indicated the existence of a strong interaction effect
between the factor “group” (experimental vs. control) and the factor “time” (before/after). That is, both groups
showed some increase in competence after completing the laboratory module, but the rates of this increase were
significantly different. The experimental group demonstrated much higher progress, while the control group
demonstrated only moderate. The effect size n? = .25 made it possible to establish that 25% of the total variance
in changes in results was formed under the influence of the intervention, which is considered a significant
indicator in educational research. This result demonstrated the systemic nature of the impact. The correlation
between the levels of student engagement in the virtual laboratory (r = 0.54, p < 0.001) showed a moderate
positive relationship. This meant that students who actively interacted with Al prompts performed more
operations in general, viewed simulations more often, independently reproduced experiments, and achieved
significantly higher learning outcomes. In fact, adaptive Al mechanisms (personalized feedback, automatic
analysis of actions, and variable task complexity) created opportunities for further increasing student interest in
learning.

The results confirmed the hypothesis of other researchers that the use of virtual laboratories created using Al
algorithms contributed to an increase in the level of engineering competence, accuracy in performing
experimental tasks, and the involvement of students in the educational process [21], [22]. Therefore, according
to the proposed results, students in the experimental group demonstrated an almost 2.4-fold increase in the
integral indicator of competencies. Thus, the effect size d = 1.9 indicated a significant impact of the educational
intervention. Such results fully confirmed the conclusions of other scientists who emphasized the potential of
virtual laboratories for the development of practical skills [6], [23], [24]. Studies in the field of engineering
education have shown that the combination of simulations, interactive visualization, and step-by-step
instructions contributed to significantly better learning of the material, especially compared to the use of only
traditional laboratory methods [25], [26].

The proposed results indicate a decrease in the number of technical and procedural errors among students in the
experimental group. In particular, the total number of errors decreased by 55.5% compared to the results of
students in the control group. This confirmed the findings of other researchers who showed that automated
action analysis and immediate feedback had an impact on the detection and correction of errors in the student
environment [27], [28]. Previous work on intelligent learning systems in STEM disciplines indicated that the
most effective interfaces are those that combine real-time formative assessment with local prompts [29], [30].
The proposed results confirmed the following conclusions: constant monitoring of students’ actions in the
virtual laboratory improved the process of “learning by error” and suggested alternative solutions. Among the
proposed results is a significant increase in the level of engagement of students in the experimental group. The
greatest differences were noted in cognitive engagement, which indicated deeper intellectual activity, readiness
to independently search for solutions, and more intensive processing of educational material. Higher indicators
of emotional engagement were consistent with the results of scientific work by other researchers, who noted the
tools of interactivity [31], gamification [32], personalization as ways to increase students’ interest in tasks [33],
[34]. Several works on the use of Al in engineering education emphasized that it was the feeling of control over
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the educational process [35], the ability to experiment without the risk of damaging expensive equipment [36],
[37], and the presence of a visual experimental environment that most contributed to the increase in engagement
[38]. The proposed results complemented such conclusions, since the addition of the Al module additionally
strengthened the motivational effect [39], [40].

At the same time, the methodology proposed in the study has some limitations. First, the use of a quasi-
experimental design limited the possibility of complete randomization of participants. Although students were
randomly assigned to groups, factors related to their previous academic performance, digital literacy, or learning
motivation could partially affect the results of the intervention. The second limitation was the specificity of the
context of the study, which was conducted at a single technical university.

4. Conclusions

The proposed results demonstrate that the use of virtual laboratories with Al tools had a significant positive
impact on the formation of students' engineering competencies. Compared to traditional laboratory classes,
students who used Al demonstrated significantly better learning outcomes. They made fewer mistakes and
completed the tasks set before them faster. The increase in the level of cognitive, behavioral, and emotional
engagement of students confirmed the effectiveness of adaptive Al mechanisms, feedback, and personalized
support.

The proposed results confirmed that elements of intellectual adaptation, rather than simply digitalizing the
laboratory process, can become an important factor in further increasing efficiency in education. The study
showed that virtual laboratories with Al can become a full-fledged and pedagogically productive alternative to
physical laboratories, especially in terms of mass training of engineers. At the same time, the results obtained
opened prospects for further expanded research aimed at assessing the long-term prospects for integrating Al
laboratories into wider use.
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