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ABSTRACT 
 

Current digital transformation of education necessitates the creation of intelligent solutions capable of 
ensuring personalized and effective learning of foreign languages in higher school. The relevance of the study 
is determined by the need to introduce adaptive digital technologies based on artificial intelligence (AI) into 
the teaching of foreign languages in higher school to personalize learning and increase its efficiency. The aim 
of the study is to clarify the effectiveness of the use of AI-based digital technologies as a tool for adaptive 
teaching of foreign languages in higher education institutions (HEIs). The object of analysis was the 
architecture of adaptive educational systems that integrate machine learning (ML), deep neural networks 
(DNNs), deep learning (DL), natural language processing (NLP), and intelligent analytics algorithms to form 
dynamic learning trajectories. The methodology included modelling adaptive learning scenarios in Moodle 
and OpenEdX environments using AI plugins, evaluation by the integral IAAL index (Acc, Stab, Latency, 
CogFit), as well as statistical methods (analysis of variance (ANOVA), bootstrapping, receiver operating 
characteristic (ROC)/ area under the curve (AUC), principal component analysis (PCA), k-means). The 
international perspective was provided by analysing the practices of using digital adaptive learning 
algorithms (ML, DL, NLP modules) in three countries — Ukraine, Germany, and Poland. The analysis 
identified differences in the performance of models in environments with different levels of digital maturity. 
The results showed that the hybrid Fusion-NLP configuration achieved the highest integral Adaptive 
Academic Learning Index (AALI) values (0.82–0.87), ensuring stability and cognitive relevance of learning 
tasks. Deep-Adapt demonstrated maximum accuracy in Germany (Acc = 0.89; AUC = 0.93), while Stat-
Learn confirmed its superiority in speed in Poland and Germany (Latency = 0.92–0.93). It was found that the 
effectiveness of the models depends on the educational context. Fusion-NLP is the most effective among the 
environments with fragmented data. Deep-Adapt is the most effective among mature systems with complete 
data sets. Stat-Learn is optimal for rapid diagnostics in transitional infrastructures. The academic novelty is 
the comprehensive comparison of the three architectures using the AALI and multidimensional methods, 
which allowed us to determine the optimal application scenarios in different countries. Further research 
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prospects include improving AALI through cognitive indicators, expanding the international sample, and 
developing AI-based monitoring dashboards for teachers, which will facilitate the practical integration of 
adaptive technologies into language teaching. 

Keywords: Artificial Intelligence, Digital Technologies, Adaptive Learning, NLP, Machine Learning, 
Higher Education, International Perspective 

 
1. INTRODUCTION  
 

The rapid development of digital technologies and 
AI is radically transforming approaches to teaching 
foreign languages in higher school. Systems with 
elements of adaptive learning open up opportunities 
for building personalized educational trajectories 
that can take into account students’ prior knowledge, 
motivational profile, and cognitive characteristics [1; 
2]. Unlike traditional methods, AI platforms allow 
analysing large amounts of educational data in real 
time, predicting individual needs, and offering 
optimal educational content [3; 4].  

According to international research, the use of AI 
in language education improves academic 
achievement, contributing to the development of 
intercultural communication skills [5; 6]. The use of 
adaptive models in the context of teaching English, 
German, and other European languages, where both 
communicative and technical requirements are 
combined, is of particular relevance [7; 8]. The 
practice of Ukraine [9], Germany [10] and Poland 
[11] shows that digital educational environments 
with AI modules become the basis for building 
sustainable educational ecosystems focused on 
efficiency and flexibility. At the same time, despite 
numerous experiments, the issues of choosing the 
optimal personalization algorithms and their scaling 
in university systems remain open. Despite the 
growing number of research publications on AI in 
education, most of them focus on either language 
learning specifically, or on the digital transformation 
of higher education in general. There is a lack of 
research into which type of AI learning algorithm 
works best for teaching foreign languages in 
different countries with different levels of digital 
maturity in their education systems. Thus, a study 
that performs a comparison of countries and 
discovers the most effective methods of AI for 
language learning in each country is needed. The 
challenges relate to both computational efficiency 
and the models adaptability to incomplete or 
heterogeneous data, which is especially relevant in 
transnational contexts [11; 12]. In such conditions, a 
combination of ML methods, DNNs, and hybrid 
architectures can provide a balance between 
prediction accuracy, response speed, and 
interpretability of teaching guidelines [13; 14]. 

The aim of this study is to determine the 
effectiveness of digital AI-based technologies as a 
tool for adaptive foreign language learning in higher 
school. Special emphasis is placed on comparing 
educational practices in Ukraine, Germany, and 
Poland to identify common trends and national 
differences in the implementation of AI approaches 
in language teaching. 

The aim was achieved through the fulfilment of 
the following research objectives: 

1. Analyse the architectural principles of 
integrating AI modules into digital educational 
environments for foreign language teaching. 

2. Test adaptive learning models (ML, DL, hybrid 
solutions) using university courses in English and 
German. 

3. Develop integrated criteria for assessing the 
effectiveness of systems (prediction accuracy, speed, 
resistance to incomplete data, interpretability). 

4. Compare the results in three educational 
contexts (Ukraine, Germany, Poland) and provide 
practical recommendations for higher education. 

The significance of this study in relation to the 
current state of the art is represented by the fact that 
this study evaluates three different models of 
adaptive AI systems, comparing not just the 
technical elements of the systems, but also the 
elements related to the education system itself. Most 
previous research in this area has been limited to 
evaluating single tools, language tasks, or studies 
that were limited to the educational level of a single 
country. 

So, the study aims to substantiate the 
appropriateness of implementing AI-driven 
solutions in language education and identify 
prospects for further integration of adaptive digital 
technologies in the international educational space. 
The countries selected for analysis – Ukraine, 
Germany, and Poland – reflect different stages of 
digital maturity of educational systems: from an 
environment in urgent need of modernization 
(Ukraine) to a mature European infrastructure 
(Germany) and a transitional model with integration 
into European standards (Poland). Such a 
combination allows us to assess the effectiveness of 
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AI-driven adaptive technologies in contrasting 
socio-economic conditions and provides grounds for 
cautious extrapolation of the results to other 
European and global contexts with similar 
characteristics. 

2. LITERATURE REVIEW 

Recent years have been characterized by a rapid 
growth of interest in the implementation of AI in 
adaptive foreign language learning, but academic 
studies show both points of contact and significant 
differences in the interpretation of its potential. The 
authors [15] considered adaptability in their 
systematic mapping primarily through the 
individualization of trajectories and increased 
student involvement. This has something in common 
with the findings of the scientists [18], who 
emphasize personalization based on learning styles. 
The study [20] also demonstrated similar attention to 
the individualized approach, who single out 
personalization as the main trend of modern research 
in the field of AI technologies. So, these authors 
emphasize the benefits of AI for increasing student 
efficiency and motivation, but leave out the issue of 
institutional readiness. In contrast, the authors [16] 
shift the focus from the level of student interaction to 
the level of educational systems, emphasizing the 
need to transform universities through the 
integration of AI, ML, and Extended Reality (XR). 
Their position partly coincides with the view [25], 
which considers AI as a catalyst for strategic changes 
in the management of institutions. The authors [17] 
demonstrate a more pragmatic approach, analysing 
how translation practices in the context of AI become 
a tool for the development of communicative and 
intercultural competencies. This creates a certain 
dichotomy: some authors [15; 18; 20] focus on the 
micro-level of personalization, while others [16; 17; 
25; 26] – on the macro-level of institutional changes. 

Generative AI (GenAI) research further deepens 
this distinction. For example, the author [21] 
considers ChatGPT as a support for teaching 
practices. The researcher [22] emphasizes the 
potential of new platforms to create “smart learning,” 
effectively moving from the instrumental role of AI 
to a conceptual rethinking of educational 
ecosystems. The scientists [23] and [24] develop this 
line, pointing to the integration of NLP modules, 
tutoring robots, and intelligent agents as the key to 
creating fully adaptive environments, but their 
approach may seem too technocratic and less 
focused on the pedagogical component. On the other 
hand, the study [19] demonstrates a more balanced 
perspective, combining the automation of routine 
tasks with the development of critical thinking in 

students, which makes his approach closer to 
educational practices than to purely technical 
models. Similarly, the authors [26-27] propose a 
vision where AI is part of intelligent learning support 
systems and adaptive testing, making their findings 
a kind of compromise between pedagogical value 
and technological functionality. A critical aspect in 
the literature is also the role of mobile solutions and 
regional context. 

The authors [28] emphasize students’ experiences 
in using mobile applications with integrated AI, 
while [29] emphasize the systematization of ML and 
AI approaches in digital education in general. In 
contrast, the authors [30] analyse practices in Latin 
America, demonstrating that implementation 
barriers (lack of resources, digital divide) can offset 
potential benefits, while most European and Asian 
studies tend to ignore these limitations. The 
integration of AI in foreign language teaching in 
higher school opens up opportunities for 
personalized learning, but the effectiveness of such 
systems depends on the quality and completeness of 
educational data [15; 18]. Research usually focuses 
on individual tasks, such as automated writing 
assessment or pronunciation training [17; 27], while 
comprehensive integration of adaptive mechanisms 
into the entire cycle of language education remains 
limited [20; 33]. At the same time, there are 
significant differences in the level of digital maturity 
between countries, which complicates the 
development of unified assessment criteria [3; 5]. 
Therefore, there is a need to create a methodology 
that would combine technical indicators (accuracy, 
speed, stability) with the pedagogical value of the 
results and allow comparing different algorithmic 
approaches in an international context. 

3. PROPOSED METHODOLOGY 

3.1 Research stages 

The study lasted from November 2024 to April 
2025 and included four consecutive stages. The first 
stage was a systematic review of academic literature 
for 2021–2025 on the application of digital 
technologies and AI models in adaptive foreign 
language learning [15–35]. The second stage 
(January 2025) involved creating an experimental 
environment that simulated the operation of the 
Moodle and OpenEdX platforms with integrated AI 
modules, in particular ML, AL, and hybrid 
algorithms involving NLP. The third stage (January–
March 2025) involved conducting controlled 
experiments based on student data, which included 
academic records, activity in digital environments 
and results of standardized language tests. The fourth 
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stage (March–April 2025) was aimed at data 
processing, calculation of efficiency indices, and an 
international perspective through statistical analysis 
and cross-country comparisons (Ukraine, Germany, 
Poland). 

3.2 Research architecture and sampling 

Three different architectural approaches to 
building adaptive foreign language teaching systems 
were tested in the study. The first configuration, Stat-
Learn, was based on statistical ML models (Random 
Forest, SVM) and focused on the batch mode of 
processing educational data. The second, Deep-
Adapt, implemented deep neural network 
architectures (LSTM, CNN), which support 
incremental learning and rapid adaptation to new 
educational materials. The third configuration, 
Fusion-NLP, combined DL with expert rules and an 
integrated NLP module for analysing text tasks and 
building dynamic learning trajectories. The main 
characteristics are given in Table 1. The choice of 
these three configurations was determined by the fact 
that they reflect different generations of development 
of adaptive systems: from classical statistical 
algorithms (Stat-Learn) through modern neural 

network solutions (Deep-Adapt) to hybrid integrated 
approaches involving NLP (Fusion-NLP). Unlike 
transformer models (BERT, GPT-like architectures), 
which have high computational complexity and 
require significant resources for training and 
adaptation, the selected configurations are more 
reproducible in the realities of university educational 
platforms. Thus, they allow testing the effectiveness 
of different adaptation paradigms while maintaining 
practical feasibility in higher education. The main 
characteristics are given in Table 1. Table 1. 
Configurations of adaptive foreign language 
teaching systems 

Unlike transformer models (BERT, GPT-like 
architectures), which have high computational 
complexity and require significant resources for 
training and adaptation, the selected configurations 
are more reproducible in the realities of university 
educational platforms. So, they enable testing the 
effectiveness of different adaptation paradigms 
while maintaining practical feasibility in higher 
education. Table 1 presents the main characteristics.  

Table 1: Configurations of adaptive foreign language teaching systems 

Item 
No. 

Configuration Basic algorithms Type of adaptation Use of NLP 
Level of integration with 
platforms 

1 Stat-Learn Random Forest, SVM Package No High 

2 Deep-Adapt LSTM, CNN Incremental Partial Medium 

3 Fusion-NLP 
DL + rule-based + NLP-
module 

Mixed Full High 

Source: developed by the authors based on the results of their own research 

The sample included three types of data:  

1) students’ academic records (success and 
attendance); 

2) activity in Moodle and OpenEdX 
(number of activities, completed tasks, 
time in the system); 

3) results of standardized language tests.  

The standardized tests consisted of 60–80 tasks 
covering grammar, vocabulary, reading, and 
listening; about 15% of the questions were open-
ended, allowing for the assessment of written and 
communicative skills. Testing was conducted in a 
mixed format: most tasks were completed in writing 
in the online Moodle system, while oral tasks 
(interviews and oral responses) were completed 
offline or via videoconference under the teachers’ 
supervision. The test administration was carried out 
by the foreign language departments of the relevant 

HEIs. In total, the study involved students from five 
universities: two Ukrainian (Sumy National 
Agrarian University and Ivan Franko National 
University of Lviv), two German (Humboldt 
University in Berlin and Leipzig University), and 
one Polish (Jagiellonian University in Krakow). The 
total number of participants was 312 people (Ukraine 
– 124, Germany – 98, Poland – 90). The difference 
in number is explained by the differences in the size 
of the sample groups and technical accessibility to 
the experimental environment. The study involved 
several universities from Ukraine, while one pilot 
institution in Germany and Poland, which limited the 
number of participants. The sample included 
students of 2–3 years of studies majoring in 
Philology and International Relations, for whom the 
study of foreign languages is a mandatory 
component of the curricula. Students were randomly 
assigned to three configurations (Stat-Learn, Deep-
Adapt, Fusion-NLP) to ensure comparability of 
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results. The choice of these three types of data is 
explained by the willingness to capture both 
objective indicators of academic performance 
(academic records) and students’ behavioural 
activity in digital environments (Moodle, 
OpenEdX), as well as an independent external 
assessment of language proficiency (standardized 
tests). This three-component sample structure 
allowed for comparison of algorithmic 
configurations in different planes – cognitive, 
behavioural, and academic – and ensured greater 
reliability of findings. 

3.3 Instruments and metrics 

The experimental environment was implemented 
based on Python 3.11 using scikit-learn, 
TensorFlow, and Keras libraries to build algorithms 
of different levels of complexity. Pandas and NumPy 
were used to process large data sets, while Matplotlib 
and Seaborn were used to visualize the results. Deep 
learning models were trained on an NVIDIA RTX 
3090 graphics processor, which provided faster 
computations compared to a conventional CPU 
configuration. The effectiveness of the models was 

assessed using the AALI, which combined four key 
components: accuracy of knowledge level prediction 
(Acc), stability of results during repeated training 
(Stab), average system response time (Latency), and 
cognitive fit of tasks to the student level (CogFit). 
Parameter normalization was performed relative to 
the best values in the sample. The CogFit component 
was evaluated by an expert panel of 12 English, 
German, and Polish language teachers (4 from each 
country) with at least 10 years of teaching experience 
in higher education. They analysed the extent to 
which the tasks generated by the models 
corresponded to the students’ level and their 
cognitive abilities. The evaluation criteria were: (1) 
the task’s correspondence to the language 
proficiency level (A1–C1), (2) the balance between 
complexity and learning objectives, (3) the logicality 
of the formulations, and the absence of redundant 
information. Each expert assigned scores on a 5-
point scale, after which the data were normalized and 
integrated into the AALI. The main parameters are 
given in Table 1. 

 

Table 2: Metrics for calculating the AALI 

Parameter Designation Calculation method Range Weight in the Index 

Prediction accuracy Acc 
Average model accuracy on test 
data 

0–1 30% 

Result stability Stab 
1 / standard deviation over 10 
reruns 

0–1 25% 

System response time Latency 
1 / (normalized average query 
processing time) 

0–1 25% 

Cognitive relevance CogFit 
Expert rating on a 5-point scale, 
normalized 

0–1 20% 

Source: developed by the authors based on the results of their own research 

 

So, AALI was formed as a weighted average value 
of the specified parameters, which made it possible 
to compare different algorithmic approaches in a 
unified coordinate system. 

3.4 Data analysis methods 

The differences in the performance of the three 
configurations were tested by using ANOVA with 
the subsequent post-hoc Tukey Honestly Significant 

Difference (HSD) test. This determined statistically 
significant differences between the mean values of 
the Acc, Latency, and CogFit indicators. The 
reliability of the results was confirmed by the 
bootstrapping method (1000 repetitions), which 
provided an estimate of the confidence intervals and 
stability of the obtained metrics. The quality of 
predictions in classification tasks was assessed by 
using ROC analysis and the calculation of the AUC. 
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This allowed us to compare the discriminatory 
ability of different algorithmic configurations. The 
dimensionality of the data was reduced and hidden 
patterns in the ratio of parameters were identified 
through the PCA, the results of which were 
visualized in two-dimensional space. Cluster 
analysis (k-means) was also used to check whether 
the models are grouped by the similarity of the AALI 
indicator profile. The practical significance of the 
differences between models was assessed by 
calculating Cohen’s d, reflecting the strength of the 
effect in the comparison of configurations. The data 
were visualized in the format of diagrams showing 
the relationship between accuracy, response speed, 
and cognitive compliance. 

4. RESULTS 

4.1 Comparative evaluation of configurations 
according to the AALI 

Three architectural configurations – Stat-Learn, 
Deep-Adapt and Fusion-NLP – were assessed using 
the integral AALI, which combines the accuracy of 

predictions (Acc), the stability of results (Stab), the 
average response time (Latency), and the cognitive 
relevance of training tasks (CogFit). The general 
trend showed that Fusion-NLP maintains the best 
balance between all components, providing high 
values of Acc and Stab while maintaining an 
acceptable processing speed. Deep-Adapt achieved 
maximum accuracy, but required more time for 
calculation, which reduced its Latency. In contrast, 
Stat-Learn demonstrated the fastest response and 
stability, but was inferior in personalization of 
learning trajectories. In Ukraine, the algorithms 
worked with heterogeneous data, which reduced the 
stability of deep models (Stab = 0.76 for Deep-
Adapt), but Fusion-NLP remained relatively stable. 
In Germany, where the educational infrastructure is 
more mature, Deep-Adapt achieved the highest 
accuracy (Acc = 0.89), while Fusion-NLP showed a 
balance across all metrics (IAAL = 0.87). In Poland, 
the results were intermediate: Stat-Learn had the best 
Latency (0.93), while Fusion-NLP retained its lead 
in the overall AALI.  

Table 3: Average AALI metrics by country 

Configuration Country Acc Stab Latency CogFit AALI 

Stat-Learn Ukraine 0.76 0.81 0.90 0.63 0.77 

 
Germany 0.80 0.84 0.92 0.68 0.81 

 
Poland 0.78 0.83 0.93 0.66 0.80 

Deep-Adapt Ukraine 0.84 0.76 0.70 0.71 0.75 

 
Germany 0.89 0.81 0.77 0.74 0.80 

 
Poland 0.85 0.79 0.75 0.72 0.78 

Fusion-NLP Ukraine 0.83 0.82 0.85 0.79 0.82 

 
Germany 0.87 0.85 0.88 0.83 0.87 

 
Poland 0.85 0.83 0.87 0.80 0.84 

Source: developed by the authors based on the results of their own research 

The data in Table 3 demonstrate that Fusion-NLP 
was the most stable and versatile configuration 
regardless of the country. At the same time, there are 
differences depending on the level of development 
of the digital infrastructure. In Germany, deep 
models achieve the highest accuracy, while in 
Poland, the advantage of Stat-Learn is manifested in 
the speed of system response. 

4.2 Evaluation of configurations in different 
educational systems 

The comparative analysis made it possible to trace 
the specifics of the work of three configurations – 
Stat-Learn, Deep-Adapt and Fusion-NLP – in 
different educational environments. In each country, 
differences were observed due to the level of digital 

infrastructure, data consistency, and stability of 
access to educational platforms. In Ukraine, where 
the process of digital transformation is still in its 
early stages, Fusion-NLP turned out to be the most 
effective, demonstrating the ability to compensate 
for data fragmentation thanks to the built-in NLP 
module and hybrid adaptation mechanisms. In 
particular, the greatest gain was observed in tasks for 
written essays and translation of text passages, where 
the model formed individualized prompts and 
automatically selected additional materials. At the 
same time, Stat-Learn provided a quick response of 
the system, but its predictive quality was inferior to 
other models. In Germany, which is characterized by 
a highly developed educational infrastructure, the 
advantage was on the side of Deep-Adapt. The 
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accuracy of predictions reached the maximum values 
among all configurations. This is explained by a 
mature approach to collecting and validating training 
data, which creates optimal conditions for the 
operation of DNNs. The listening comprehension 
exercise and automatic grammar test scoring showed 
the most noticeable results, where Deep-Adapt 
consistently outperformed other approaches. At the 
same time, Fusion-NLP remained competitive due to 
its high balance of indicators. In Poland, the results 
took an intermediate position. Stat-Learn showed the 
highest response speed (Latency), which is a 

significant factor in the context of limited resources, 
while Fusion-NLP provided a stable balance 
between accuracy and cognitive relevance of tasks. 
In practice, this was manifested in working with 
short interactive multiple-choice tests and quick 
diagnostic surveys, where Stat-Learn outperformed 
other configurations. This indicates the flexibility of 
the model in an environment with a transitional 
digital infrastructure, combining European standards 
with local features. The differences were visualized 
in Figure 1, which compares the integral values of 
AALI for the three configurations in each country. 

Figure 1: Comparison Of AALI Integral Values For Three Configurations In Ukraine, Germany, And Poland 
Source: Developed By The Authors 

 

Figure 1 shows a clustered bar chart that displays 
the average integral values of the AALI for three 
algorithmic configurations: Stat-Learn, Deep-Adapt, 
and Fusion-NLP. The hybrid Fusion-NLP model has 
the highest performance in Ukraine, while Deep-
Adapt is in the lead in Germany due to the mature 
digital infrastructure. In Poland, there is a balance 
between all approaches with the advantage of 
Fusion-NLP in stability. So, the comparison 
confirms that the effectiveness of algorithms largely 
depends on the maturity of the digital infrastructure. 
Deep configurations work best in highly developed 
educational systems, while hybrid solutions are the 
most effective in environments with heterogeneous 
data. 

4.3 Statistical testing of hypotheses 

The differences between Stat-Learn, Deep-Adapt, 
and Fusion-NLP were tested by performing ANOVA 
separately for each country and metric (Acc, Stab, 
Latency, CogFit) followed by Tukey HSD (α = 0.05). 

Bootstrapping (1000 repetitions) was also performed 
to form 95% confidence interval (CI) for each 
metric, and the classification ability of the models 
was assessed via ROC/AUC. The characteristics of 
the statistical tests are presented in Table 4, which 
shows the p-value for each metric and the pairs of 
models between which statistically significant 
differences were found. 

Table 4: ANOVA (p-value) and pairwise differences by 
Tukey HSD (α = 0.05) 

Pairs are written in the format “model A > model B” 
(statistically significant better) 

Country / 
Metric 

Acc (p) / 
Tukey HSD 

Stab (p) / 
Tukey HSD 

Latency (p) / 
Tukey HSD 

CogFit (p) / 
Tukey HSD 

Ukraine 

0,004 → 
Fusion-NLP 
> Stat-
Learn; 
Deep-Adapt 
> Stat-Learn 

0,031 → 
Fusion-NLP 
> Deep-
Adapt 

0,007 → 
Stat-Learn > 
Deep-
Adapt; 
Fusion-NLP 
> Deep-
Adapt 

0,012 → 
Fusion-NLP 
> Stat-Learn 

0.72

0.75

0.81

0.78

0.85
0.83

0.76

0.8
0.82

0.65

0.7

0.75

0.8

0.85

0.9

Stat-Learn Deep-Adapt Fusion-NLP

AA
LI

Configuration
Ukraine Germany Poland
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Germany 

<0,001 → 
Deep-Adapt 
> Stat-
Learn; 
Deep-Adapt 
> Fusion-
NLP 

0,049 → 
Fusion-NLP 
> Stat-Learn 

0,015 → 
Stat-Learn > 
Deep-Adapt 

0,022 → 
Fusion-NLP 
> Stat-Learn 

Poland 
0,018 → 
Fusion-NLP 
> Stat-Learn 

0,041 → 
Fusion-NLP 
> Deep-
Adapt 

0,003 → 
Stat-Learn > 
Deep-
Adapt; Stat-
Learn > 
Fusion-NLP 

0,027 → 
Fusion-NLP 
> Stat-Learn 

Source: developed by the authors based on the results 
of their own research 

In Germany, the Deep-Adapt deep configuration 
statistically outperforms the others on Acc, 
consistent with a more mature digital infrastructure. 
In Poland and Ukraine, Fusion-NLP consistently 
outperforms CogFit and (often) Stab, while Stat-
Learn maintains its advantage on Latency. These 
trends are summarized in Table 5, which shows 
bootstrap estimates (median and 95% confidence 
intervals) for key AALI metrics in the three 
countries. 

Table 5: Bootstrap estimates (median; 95% CI) for 
Acc, Stab, Latency, CogFit 

Country Configuration Acc Stab Latency CogFit 

Ukraine Stat-Learn 
0.76 
[0.73–
0.79] 

0.81 
[0.78–
0.84] 

0.90 
[0.88–
0.92] 

0.63 
[0.60–
0.66] 

 Deep-Adapt 
0.84 
[0.82–
0.86] 

0.76 
[0.73–
0.79] 

0.70 
[0.67–
0.73] 

0.71 
[0.68–
0.74] 

 Fusion-NLP 
0.83 
[0.81–
0.85] 

0.82 
[0.80–
0.84] 

0.85 
[0.83–
0.87] 

0.79 
[0.77–
0.81] 

Germany Stat-Learn 
0.80 
[0.78–
0.82] 

0.84 
[0.82–
0.86] 

0.92 
[0.90–
0.94] 

0.68 
[0.65–
0.71] 

 Deep-Adapt 
0.89 
[0.87–
0.91] 

0.81 
[0.79–
0.83] 

0.77 
[0.75–
0.79] 

0.74 
[0.71–
0.77] 

 Fusion-NLP 
0.87 
[0.85–
0.89] 

0.85 
[0.83–
0.87] 

0.88 
[0.86–
0.90] 

0.83 
[0.81–
0.85] 

Poland Stat-Learn 
0.78 
[0.76–
0.80] 

0.83 
[0.81–
0.85] 

0.93 
[0.91–
0.95] 

0.66 
[0.63–
0.69] 

 Deep-Adapt 
0.85 
[0.83–
0.87] 

0.79 
[0.76–
0.82] 

0.75 
[0.72–
0.78] 

0.72 
[0.69–
0.75] 

 Fusion-NLP 
0.85 
[0.83–
0.87] 

0.83 
[0.81–
0.85] 

0.87 
[0.85–
0.89] 

0.80 
[0.78–
0.82] 

Source: developed by the authors based on the results 
of their own research 

Table 5 presents the results of bootstrap estimates 
(median and 95% confidence intervals) for four key 
metrics – prediction accuracy (Acc), stability (Stab), 

latency (Latency), and cognitive fit (CogFit) – in the 
three countries for each configuration. The obtained 
data confirm the previous ANOVA/Tukey results. In 
Germany, Deep-Adapt achieved the highest Acc 
values (0.89 [0.87–0.91]), indicating the superiority 
of deep architectures in environments with 
qualitative data, while Fusion-NLP showed the 
highest balance between all indicators (Acc = 0.87; 
Stab = 0.85; CogFit = 0.83). In Poland, Stat-Learn 
was the fastest (Latency = 0.93 [0.91–0.95]), but was 
inferior in cognitive fit, where Fusion-NLP had 
consistently high results (CogFit = 0.80 [0.78–
0.82]). In Ukraine, Fusion-NLP provided the best 
balance between accuracy (0.83 [0.81–0.85]) and 
cognitive fit (0.79 [0.77–0.81]), while Stat-Learn 
prevailed in speed (Latency = 0.90 [0.88–0.92]). 
Table 6 presents the results of the analysis of 
classification quality (ROC/AUC) for the three 
configurations of adaptive systems in language tasks. 

Table 6: ROC/AUC of classification tasks (mean; 95% CI) 

Country Stat-Learn Deep-Adapt Fusion-NLP 

Ukraine 0.86 [0.84–0.88]
0.90 [0.88–
0.92] 

0.89 [0.87–
0.91] 

Germany 0.89 [0.87–0.91]
0.93 [0.91–
0.95] 

0.92 [0.90–
0.94] 

Poland 0.88 [0.86–0.90]
0.91 [0.89–
0.93] 

0.90 [0.88–
0.92] 

Source: developed by the authors based on the results of 
their own research 

Deep-Adapt demonstrates the best discrimination 
ability in classification subtasks (AUC) in all three 
countries, however, the advantage of Fusion-NLP 
over CogFit and Stab makes it more practical for 
adaptive language trajectories in tasks with a text 
component. 

Summarizing the conducted statistical test, it can 
be noted that the effectiveness of the three 
configurations varies significantly depending on the 
country and digital infrastructure conditions. Deep-
Adapt confirmed its superiority in classification 
tasks and achieved the highest AUC values, 
especially in Germany, where the quality of data and 
the stability of educational platforms create 
favourable conditions for the operation of deep 
networks. Fusion-NLP consistently demonstrated 
better stability and cognitive fit in all countries, 
making it the most versatile for mixed and text-
centric learning scenarios. Stat-Learn maintained its 
advantage in speed (Latency), in particular in Poland 
and Germany, which indicates the feasibility of its 
use where the key factor is the processing speed. 
Therefore, a combination of models taking into 
account the educational context allows achieving the 
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optimal balance between accuracy, speed, and 
adaptability of systems. 

4.4 Multivariate analysis of models 

Multivariate analysis explored the relationships 
between the configurations in more depth and 
confirmed the conclusions of previous statistical 
tests. The PCA made it possible to visualize the 
location of the models in two-dimensional space 
according to the integral indicators of AALI. In the 
resulting diagram, Stat-Learn was clearly separated 
due to high Latency values, while Deep-Adapt and 
Fusion-NLP formed close clusters due to similar 

levels of accuracy and stability. Further cluster 
analysis using the k-means method (k=3) confirmed 
these observations: Stat-Learn formed an 
independent cluster, while Fusion-NLP and Deep-
Adapt grouped together, reflecting their functional 
proximity, but with an internal division according to 
the criterion of cognitive correspondence. The 
visualization of the results of PCA and k-means 
clustering is presented in Figure 2. 

 

Figure 2: Visualization of PCA and k-means clustering results for three adaptive learning configurations (Stat-
Learn, Deep-Adapt, Fusion-NLP) in principal component space 

Source: developed by the authors based on the results of their own research 

The obtained results indicate that the multivariate 
methods are not only consistent with the results of 
ANOVA and Tukey HSD, but also clarify the picture 
of the relationships between the models. 
Visualization in the space of principal components 
(Figure 2) showed a clear grouping of three 
configurations: Stat-Learn forms a separate cluster 
dominated by the speed indicator (Latency), while 
Deep-Adapt and Fusion-NLP are located closer to 
each other, demonstrating similar profiles of 
accuracy (Acc) and cognitive fit (CogFit). This 
indicates that hybrid and deep models share common 
structural features of adaptability, while statistical 
algorithms remain more isolated in the efficiency 
space. Clustering using the k-means confirmed the 
presence of three stable groups corresponding to 
different types of learning environments: fast (Stat-
Learn), high-precision (Deep-Adapt), and balanced 
(Fusion-NLP). 

4.5 Practical significance of the differences 

The calculation of Cohen’s d coefficient identified 
the strength of the effect revealed during statistical 
tests and assessed its pedagogical significance. The 
largest effect was observed in the comparison of 
Fusion-NLP with other configurations. It 
demonstrated high d values in all three countries 
(>0.8), which indicates significant advantages of this 
architecture for working with language tasks of 
increased cognitive complexity, in particular in 
Germany, where the level of digital infrastructure 
supports the full integration of NLP modules. At the 
same time, Stat-Learn showed medium effect values 
(d ≈ 0.5–0.6) in Poland and Ukraine, which indicates 
its appropriates for quick decisions in environments 
with incomplete or uneven data. Deep-Adapt had the 
largest advantage in Germany, where it 
demonstrated d ≈ 0.7 when compared to ML-
oriented Stat-Learn. This emphasizes its value in 
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stable conditions for accurate prediction and gradual 
adaptation. So, the difference between the 
configurations turned out to be not only statistically 
significant, but also pedagogically relevant: Fusion-
NLP is more effective in countries with developed 
digital ecosystems, Stat-Learn is optimal in 
transitional systems, while Deep-Adapt occupies an 
intermediate position, providing a balance between 
stability and accuracy. 

4.6 General conclusions for adaptive language 
learning 

The final rating showed that Fusion-NLP 
configuration demonstrated the highest efficiency 
according to the AALI. This configuration combines 
deep algorithms, NLP modules, and expert rules, 
ensuring a balance of forecast accuracy and stability 
of recommendations. It was best manifested in 
Germany, where a developed digital infrastructure 
facilitates the integration of such solutions. Deep-
Adapt ranked second, which is effective in mature 
educational systems with complete data, which is 
confirmed by the results of Poland and partly 
Ukraine. Stat-Learn turned out to be the most 
suitable for quick knowledge testing and work with 
incomplete data, which corresponds to the conditions 
of Ukraine with an uneven infrastructure. 
International results confirmed the dependence of 
productivity on the level of digital maturity. In 
Germany, Fusion-NLP is promising, in Poland — 
Deep-Adapt with the transition to hybrid systems, in 
Ukraine — Stat-Learn with the gradual introduction 
of NLP modules. Therefore, the further development 
of adaptive learning should take into account the 
technical potential of the platforms and the context: 
Stat-Learn is focused on diagnostics, Deep-Adapt – 
on stable forecasting, and Fusion-NLP – on 
individualization of learning and complex text tasks. 

5. DISCUSSION 

The results showed that the effectiveness of 
adaptive AI systems depends largely on the level of 
the country’s digital infrastructure and the nature of 
the educational data. The hybrid Fusion-NLP 
configuration demonstrated stability and balance 
between all AALI metrics in an environment with 
heterogeneous and fragmented data, such as in 
Ukraine. At the same time, Stat-Learn provided the 
fastest system response but was inferior in cognitive 
relevance. In Germany, where educational platforms 
are characterized by high data quality and stability, 
Deep-Adapt became the leader. It achieved 
maximum prediction accuracy, but Fusion-NLP 
remained competitive due to balanced results. 
Poland demonstrated an intermediate scenario: Stat-

Learn was optimal for rapid diagnostics in mass 
groups, while Fusion-NLP turned out to be most 
suitable for individualized learning. Such findings 
are consistent with international reviews that 
emphasize that the combination of NLP modules and 
deep algorithms expands the adaptability of 
educational systems in different contexts [27]; [28]. 
Additional statistical analyses confirmed this 
pattern: Deep-Adapt provided the highest AUC 
values on the classification subtasks, especially in 
Germany, while Fusion-NLP consistently led in 
terms of CogFit and Stab in all three countries. This 
suggests that models with hybrid adaptive 
mechanisms perform better in scenarios with 
increased data variability, which is also supported by 
other studies on the use of AI in language education 
[4]; [22]. The findings also suggest another 
implication related to the implementation of AI in 
adaptive learning. The effectiveness of such 
technology is not just related to the complexity of the 
technology itself, but also in how the technology 
relates to the existing educational environment. 
Thus, it is not necessarily in the introduction of more 
complex models of AI that institutions should focus 
their efforts, but instead in ensuring that the models 
that are introduced are compatible with the 
educational environment in which they are to be 
implemented. 

In the context of Ukraine, an additional indirect 
support for such an interpretation is provided by the 
finding that the modernization of Moodle-based 
learning in the country during the crisis was 
associated with improved academic performances of 
the students [36]. This finding further supports the 
conclusions of the present paper as it indicates that 
even under the conditions of the crisis in education, 
the effectiveness of the AI-based system also 
depends on the environment in which it is applied. 

The results have practical significance from a 
pedagogical perspective. It is appropriate to use Stat-
Learn in systems where speed and mass are key 
factors (as in Ukraine). In mature digital ecosystems 
(Germany), it is worth relying on Deep-Adapt for 
highly accurate personalization. Fusion-NLP has the 
highest versatility, as it combines accuracy, stability. 
and cognitive flexibility. Therefore, it appears to be 
the most promising for the development of adaptive 
learning in long-term scenarios [10]; [11]. At the 
same time, the conceptual article [31] questions the 
thesis of AI as the “next big breakthrough”, but 
emphasizes its inevitable role in the future of 
educational practices, which is consistent with our 
conclusion that the effectiveness of models depends 
on the maturity of the educational infrastructure. The 



 Journal of Theoretical and Applied Information Technology 
30th April 2026. Vol.104. No.8 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
246 

 

authors [32] demonstrated another approach, who 
proposed a synthetic index to measure the impact of 
AI on students. This has much in common with our 
AALI and confirms the appropriateness of 
quantifying pedagogical effects. The tested 
configurations can be integrated into the university 
LMS environments (Moodle, OpenEdx) according 
to their functionalities. Stat-Learn can be used for the 
entry diagnostic or for assessing the students in large 
groups quickly. Deep-Adapt can be used in an 
environment where highly accurate assessment of 
the students’ knowledge is required. Finally, Fusion-
NLP is better suited for foreign language courses 
where text processing is essential and where 
individual feedback can be provided to the students. 

At the same time, the researchers [33] draw 
attention to the ethical challenges of using AI in 
language classrooms, emphasizing equity of access 
and fairness, which is an important caveat for 
countries with less developed infrastructure. In 
contrast to these cautious assessments, the study [34] 
presents a vision of an “optimistic future” for AI in 
higher education. In turn, the authors [35] 
empirically demonstrate that automatic speech 
assessment technologies can be successfully 
integrated into students’ speaking practice, 
confirming the pedagogical value of systems with a 
high level of cognitive relevance. Therefore, the 
results of our study not only confirm previous 
empirical observations, but also clarify academic 
debate: from sceptical positions on the role of AI to 
optimistic predictions, from quantitative assessment 
models to ethical challenges. In this context, Fusion-
NLP can be considered the most versatile and 
practically feasible configuration, while Deep-Adapt 
and Stat-Learn have niche advantages in their 
respective educational scenarios. 

6. LIMITATIONS 

The results of the study should be interpreted with 
methodological and contextual limitations in mind. 
The study has several limitations that should be taken 
into account when interpreting the findings. These 
include the restricted set of tested architectures, the 
fixed weighting structure of AALI, the one-cycle 
sampling design, cross-country contextual 
differences, and the absence of direct long-term 
pedagogical and ethical measurements. 

The study covered only three configurations (Stat-
Learn, Deep-Adapt, Fusion-NLP) and basic ML/DL 
algorithms, without modern transformer 
architectures, which limits the possibility of 
extrapolating the findings. The AALI was created 
using fixed weights and contained a subjective 

component (CogFit). So, other weighting schemes 
could change the ranking of the models. Latency and 
Stab metrics were evaluated in a standardized 
environment with fixed parameters, which does not 
reflect the diversity of real-world scenarios. 
Statistical procedures (ANOVA, bootstrapping, 
ROC/AUC) were applied to a limited number of sub-
scenarios, which could reduce sensitivity to small 
effects. The data sample covered only one academic 
cycle and three types of sources (academic records, 
LMS activity, test results), without long-term time 
intervals or inter-university comparisons. The 
international sample (Ukraine, Germany, Poland) 
was based on normalized scales, but residual 
differences in data collection practices and curricular 
features may have affected the Acc and Stab scores. 
The expert assessment of CogFit may also have 
contained cultural and institutional biases. In 
addition, the study focused mainly on technical 
metrics, without directly assessing pedagogical 
effects or ethical aspects. Further study should 
include a broader range of models, longitudinal 
observations, alternative IAAL schemes, and the 
assessment of real educational impact. 

7. CONCLUSIONS 

The study confirmed that the use of AI models in 
adaptive foreign language learning provides a 
significant improvement in the quality of the 
educational process due to the personalization of 
learning trajectories, the accuracy of predictions, and 
the stability of results. Fusion-NLP was the most 
versatile configuration, which achieved the highest 
integral values of the AALI in all three countries 
(0.82 in Ukraine, 0.87 in Germany and 0.84 in 
Poland). This confirms the ability to combine 
accuracy, stability, and cognitive relevance of 
learning tasks. Deep-Adapt demonstrated the highest 
accuracy in Germany (Acc = 0.89; AUC = 0.93), but 
was inferior in speed (Latency = 0.77), which makes 
it more suitable for stable educational systems with 
complete data sets. Stat-Learn proved to be optimal 
for working with incomplete or heterogeneous data, 
providing the highest performance in Poland 
(Latency = 0.93) and Germany (Latency = 0.92), as 
well as stability in Ukraine (Stab = 0.81). 
International comparison confirmed the dependence 
of the effectiveness of models on the level of digital 
maturity of education systems. Fusion-NLP became 
the most stable in environments with fragmented 
data, while Deep-Adapt worked best in mature 
systems (Germany). In Poland, Stat-Learn and 
Fusion-NLP provided a balance between accuracy 
and speed. This indicates the appropriateness of a 
context-oriented approach to choosing algorithmic 
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solutions. From a practical perspective, universities 
seeking to integrate AI-driven adaptive systems can 
take the following steps: phased testing of models in 
local training courses with subsequent scaling, 
training, and retraining of teachers to work with AI 
panel interfaces, integration of selected 
configurations with existing LMSs (Moodle, 
OpenEdX, etc.), as well as the development of 
internal data collection and protection protocols to 
improve the quality of educational analytics. 

In general, it can be stated that Fusion-NLP is the 
most promising for individualized language 
learning, Deep-Adapt is appropriate for highly 
accurate personalization in stable systems, while 
Stat-Learn is optimal for rapid diagnostics and work 
in transitional educational environments. Further 
research should be directed towards improving the 
AALI by expanding cognitive indicators, scaling the 
international sample, and creating cloud-based 
monitoring dashboards for teachers, which will 
strengthen the practical integration of adaptive 
technologies into language training in a global 
context. The novelty of the study is the comparative 
application of the proposed framework to three 
different cases of adaptive AI within higher 
education and foreign language teaching in 
education systems of different digital maturity. The 
practical impact of the study is the possibility of 
basing the decision of which AI solution to employ 
in a specific educational context on the results of the 
study.Future research can investigate the influence 
of transformer-based architectures, alternative 
weighting schemes for the AALI, and utilize 
longitudinal study designs to assess the impact of the 
AI teacher over time. Furthermore, it would also be 
useful to incorporate evaluations of the 
communicative and retention skills of the learners, as 
well as to develop explainable AI dashboards for the 
instructors of these classrooms. 
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