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ABSTRACT

The study assesses the effectiveness of adaptive educational platforms based on artificial intelligence (Al) in
teaching foreign languages in non-linguistic higher education institutions (HEIs). The relevance of the issue
is determined by the growing need for personalized language trajectories that can combine prediction
accuracy with pedagogical interpretability and stability of algorithms. The paper compares three groups of
platforms — Machine Learning (ML)-based, Deep Learning (DL)-based, and Hybrid Cognitive-oriented. They
were tested based on the data of success, Learning Management System (LMS) activity, and standardized
language testing (n = 524). To generalize the results, the integral Language Training Effectiveness Index
(LTEI) was used, which combines the metrics F0.5-score, Receiver Operating Characteristic (ROC)- Area
Under Curve (AUC), Gini index, and pedagogical interpretability assessment (Ped-Value). The methodology
included stratified validation, analysis of the stability of the weighting coefficients (AW-index), and testing
the statistical significance of the differences (analysis of variance (ANOVA), paired t-tests). The results
showed that the hybrid systems provided the highest balance (LTEI = 0.85-0.87; Ped-Value = 0.85; Kappa
=0.79), combining accuracy and understandable interpretation for teachers, despite the higher computational
costs. Deep models achieved maximum accuracy (F0.5 = 0.81; AUC = 0.87), but lost in stability (AW-index
=0.134) and transparency of the results. Classical ML algorithms provided the fastest adaptation time (~0.84
s/epoch) and the lowest weight fluctuations (AW-index = 0.091), but their LTEI indicators remained at the
level of 0.72-0.76. Statistically significant differences (p < 0.01) confirmed the superiority of hybrid
solutions, while the choice between ML and DL platforms should depend on the resources and tasks of the
educational process. The academic novelty of the study is the comprehensive comparison of different
architectures of adaptive platforms according to technical and pedagogical criteria, as well as taking into
account the user experience (UX)/user interface (UI) aspects of educational web interfaces.

Keywords: Adaptive Platforms, Artificial Intelligence, Machine Learning, Deep Learning, Hybrid
Cognitive-Oriented, LTEI, AW-Index, Interpretability, Stability of Forecasts, Teaching Foreign
Languages, UX (User Experience), Human—Computer Interaction.
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1. INTRODUCTION

Current trends in the development of higher
education emphasize the need to integrate
innovative technologies into foreign language
teaching, with an emphasis on UX of educational
platforms. This is especially relevant in non-
linguistic institutions, where language training plays
the role of instrumental competence. Adaptive Al-
based educational platforms take the lead among
such technologies, which provide personalized
learning that takes into account students’ individual
needs, level of training, and cognitive
characteristics. The quality of UX/UI of educational
web interfaces (website design) is a key mediator
between  algorithmic  recommendations and
educational interaction in the human—computer
interaction (HCI) paradigm, reducing cognitive load
and increasing the stability of educational results [1,
2]. Al opens up the opportunity not only to analyse
language errors or track the dynamics of success, but
also to build optimal educational trajectories. Such
systems provide automated task selection,
adaptation of material complexity, and interactive
feedback, which enhances students’ motivation [3,
4]. It is important that the use of adaptive platforms
makes the universal approach characteristic of
traditional methods impossible. Instead, it is aimed
at building of individual language strategies [5].
Recent studies show that the effectiveness of
integrating intelligent systems into language
education is significantly increased through the use
of multimodal digital tools that combine text, audio,
visual materials, and virtual reality [6, 7].

This approach creates conditions for immersing
students in a foreign language environment even in
non-linguistic universities. At the same time, the
experience of leading universities shows that the
implementation of platforms requires
methodological support and integration with
curricula in order to avoid the formal use of
technologies without a real increase in efficiency
[8]. Of particular importance is the combination of
Al with chatbot and virtual assistant technologies,
which are capable of providing round-the-clock
support to students and individual consultations in
the process of learning a language [9]. This format
expands the traditional boundaries of classroom
interaction and creates conditions for continuous
learning. At the same time, researchers emphasize
the need for a thorough assessment of systems from
the standpoint of pedagogical effectiveness, stability
of algorithms, and their integration compatibility
with existing educational environments [10].
Despite significant achievements in the field of

developing adaptive platforms, a number of
problems remain open. These are the issues of the
correctness of language data processing algorithms,
the balance between accuracy and clarity of results
for the teacher, as well as the ethical aspects of using
intelligent technologies. Therefore, research into the
integration of adaptive Al-based educational
platforms into foreign language teaching in non-
linguistic universities is relevant and has important
practical significance for the creation of a new model
of language education.

The aim of the study is to determine the
effectiveness of using adaptive Al-based educational
platforms in teaching foreign languages in non-
linguistic HEIs as a tool for increasing the
effectiveness of students’ language training. Special
attention is paid to the possibilities of personalizing
educational trajectories, automatically identifying
risks of lagging behind in mastering language
material and optimizing the use of resources of
educational institutions.

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

1. Analyse the architectural and functional
features of integrating adaptive Al-based platforms
into foreign language teaching in non-linguistic
HEIs.

2. Conduct experimental testing of models (ML,
DL, hybrid solutions) in the tasks of predicting
student success, diagnosing language difficulties,
and building individual educational routes.

3. Develop an integrated LTEI for a
comprehensive comparison of algorithms in terms of
prediction accuracy, speed of adaptation to changes
in the educational process, resistance to incomplete
data, and interpretability of results for teachers.

Despite the active spread of digital technologies,
the number of comprehensive studies assessing the
impact of integrating Al on the quality of foreign
language teaching in non-linguistic universities
remains limited. In particular, the studies are scarce
in the areas of UX/UI and HCI. Most of the existing
studies focus on individual aspects, such as testing
automation or vocabulary improvement, but rarely
consider the systemic effect of implementing
adaptive platforms through the prism of UI design
and HCI interaction patterns on the quality of
pedagogical decision-making and the overall level
of language training. In this study, foreign language
teaching is viewed as a dynamic process, where the
integration of intelligent models can not only
increase the efficiency of educational platforms, but
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also contribute to a deeper understanding of
students’ needs and the improvement of teaching
methods in non-linguistic HEIs, relying on UX
indicators and interface analytics.

2. LITERATURE REVIEW

Recent studies in the field of Al and adaptive
learning indicate a steady growth of academic
interest in the use of intelligent platforms in teaching
foreign languages. Zhou and Li [11] developed an
algorithmically guided model of personalized
English language learning in HEIs based on adaptive
learning methods. Kumar et al. [12] presented an Al
system for English language education, which
demonstrated its effectiveness in creating learning
routes focused on the level of students’ preparation.
Shu and Xu [13] emphasize modelling factors that
affect students’ self-educational progress and prove
the importance of adaptive assessment mechanisms.
Yaseen and Alnakeeb [14] conducted a bibliometric
analysis of more than twenty years of research on the
integration of Al in teaching English as a foreign
language (EFL), showing the evolution of academic
approaches from initial experiments to modern
complex platforms. In the context of forecasts until
2030, Mustafa et al. [15] emphasize the importance
of adaptive learning environments for the creation of
sustainable models of individual education. The
study of Kolhar and Alameen [16] demonstrates the
potential of Al in automated translation and support
of language learning, while Ezzaim et al. [17]
experimentally confirmed the positive effect of
implementing a Moodle plugin with adaptive
functions in Moroccan universities. Fu et al. [18]
analyse the practice of using intelligent platforms in
Chinese higher education, emphasizing the
importance of system scalability. In turn, Sargazi
Moghadam et al. [19] propose a conceptual model of
emotionally sensitive adaptive learning, which
integrates the analysis of students’ behavioural
reactions in real time. Alam [20] considers the use of
robot tutors and adaptive systems as a means of
modernizing virtual classrooms and “smart
campuses”.

Xia et al. [21] emphasize the supporting role of Al
in overcoming linguistic and psychological barriers
in teaching Chinese to international students. Er-
Rafyg et al. [22] systematize the challenges and
opportunities of implementing adaptive Al-based
learning, while Fakhar et al. [23] justify the creation
of framework models for continuous professional
development of teachers. Jia et al. [24] and Ezzaim
et al. [25] analyse modular approaches to integrating
Al into teaching and learning complexes,
emphasizing the role of systematic knowledge

mapping for the development of adaptive platforms.
Tang [26] studies the possibilities of needs analysis
in teaching English for special purposes (ESP).
Ramesh [27] focuses on pedagogical, technological,
and ethical barriers to integrating Al into language
programmes. Kaouni et al. [28] demonstrate the
potential of natural language processing (NLP) in
adaptive e-learning platforms. Shoukat et al. [29]
reveal the effectiveness of the Technological
Pedagogical Content Knowledge (TPACK) model in
combination with intelligent systems for developing
language competence. Vistorte et al. [30] conducted
a systematic review of research on the assessment of
students’ emotions in learning environments using
Al. Tang [31] emphasizes the pedagogical
implications of the widespread use of intelligent
systems in teaching, while Mahafdah et al. [32] and
Liu et al. [33] reveal the transformative potential of
these technologies for modernizing English
language training in higher education. Ullah et al.
[34] propose a roadmap for using Al to create
personalized curricula in HEIs, while Khatoon [35]
demonstrates the effectiveness of tasks built on the
task-based learning method in combination with
intelligent platforms for international higher
education.

While the research in the field is growing, there
are still some grey areas in the literature that
necessitate the performance of the present study.
One of the main grey areas is that most of the
existing research has focused on evaluating Al tools
within the context of a single algorithmic family or
module (e.g., chatbots, adaptive testing, needs
analysis). The lack of such comparisons makes it
difficult for HEIs to determine which types of Al
algorithms they should use in their institutions.
Another grey area is that most studies that report
improved predictive performance do not evaluate the
stability of the models. Yet, stability is an essential
factor in determining the reliability of Al
recommendations. The third area that is lacking is in
the discussion of interpretability. While most
previous studies have mentioned that interpretability
and explainability are desired properties of Al
models, no previous study has evaluated
interpretability in any systematic manner. The fourth
and final main grey area concerns UX and HCI.
While these factors are mentioned in most studies,
there is no quantitative evaluation of how these
factors may impact the effectiveness of language Al
tools. These findings indicate that there is a need for
a general comparison of the different Al tools within
a specified learning environment. This comparison
is implemented in the proposed study in the
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development of the LTEI, the stability assessment
based on AW, and interaction indicators.

Taken together, these results support the decision
made in our study to evaluate not only algorithmic
accuracy, but also interaction parameters in the
HCI/UX/UI paradigm, which directly affect the
quality of pedagogical solutions and the
sustainability of language outcomes. In summary, it
can be argued that current studies confirm the
importance of integrating Al into adaptive
educational platforms for teaching foreign
languages. However, there is a lack of studies that
systematically compares different algorithmic
approaches in terms of accuracy, robustness, and
practical interpretability for teachers. Our study
seeks to fill this academic gap.

3. PROBLEM STATEMENT

The active implementation of adaptive Al-based
educational platforms in foreign language teaching
creates new opportunities for personalizing learning,
predicting results, and increasing the efficiency of
language training, in the UX (user experience) and
human—computer interaction (HCI) paradigm.
However, the effectiveness of such platforms is
determined not only by the quality of algorithms or
the data volume. It is also determined by their ability
to work stably for different levels of student training,
incompleteness of educational information, and
rapid changes in programme content [11, 13], as well
as by the quality of user interaction (UX/UI) and the
compatibility of interface solutions with HCI
patterns of pedagogical scenarios. A significant part
of existing solutions is focused on local tasks. These
include automation of testing, vocabulary
assessment or creation of exercises [14, 29] —
without taking into account the complex impact of
adaptive modules on the entire cycle of pedagogical
decision-making in language education, including
HCI/UX dimensions of behavioural interaction.
Experience in implementing Al in educational
environments [17, 22] shows that even highly
accurate models can lose their effectiveness in cases
of changing methodological approaches, the
emergence of new learning formats (blended,
distance, mobile) or the use of heterogeneous data
sources, as well as due to UX/UI frictions
(navigation, microtexts, feedback). This is
especially noticeable when working with multi-
channel information — language test results,
attendance data, behavioural activity in digital
environments, student engagement in interactive
tasks — where the lack of unified integration
mechanisms reduces the quality of adaptive
forecasts [19, 33].

e
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Furthermore, there is still no single standardized
system for evaluating the effectiveness of such
platforms, which complicates the comparison of
different algorithmic approaches and the selection of
the optimal model for a specific non-linguistic HEI
[21, 31]. In particular, a system that would integrate
HCI/UX indicators along with technical metrics.
Most academic reviews focus on the technical
characteristics of algorithms, leaving out the issues
of pedagogical adaptability, interpretability of
results, and their impact on the real practice of
foreign language teaching [15, 34], as well as the
quality of user experience as a factor in the
sustainability of results.

So, the problem is the lack of a comprehensive
empirical approach to assessing the effectiveness of
adaptive Al-based educational platforms in foreign
language teaching. A methodology is needed that
will allow comparing different algorithmic solutions
in a single learning environment using integrated
metrics that combine technical indicators (accuracy,
speed, stability) and pedagogical value
(understandability, practical usefulness for teachers
and students), supplemented by HCI/UX indicators
of cognitive load, convenience, and interaction
efficiency. This study aims to fill this gap by
developing a model for assessing the effectiveness
of adaptive platforms that simultaneously takes into
account technological and pedagogical aspects and
operates with UX and HCI indicators to interpret the
impact of interface solutions on learning outcomes.

4. PROPOSED METHODOLOGY
4.1 Research stages

The research was carried out during December
2024 — May 2025 in three stages. The first stage
(December 2024 — January 2025) involved a
systematic content analysis of the literature from
2019-2025 with a focus on the use of adaptive
platforms and Al algorithms for learning foreign
languages [1-35]. Key areas were identified:
personalization, early diagnosis of language
difficulties, emotionally sensitive learning, and
integration of chatbots. The second stage (February—
March 2025) provided for the creation of an
experimental environment that simulated the
operation of an adaptive language platform. Three
approaches were tested: ML models (kNN, Gradient
Boosting), DL models (Bi-LSTM, Transformer-
based), and Hybrid Cognitive-oriented systems that
combine algorithmic calculations with pedagogical
interpretation. The third stage (April-May 2025)
included a series of educational experiments with
2nd_31d year non-linguistic students, analysis of the
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effectiveness of models according to the criteria of
forecast accuracy, adaptability, and pedagogical
appropriateness.

4.2 Research design and sampling

The study tested three existing configurations of
adaptive educational platforms that are currently
actively used in foreign language teaching in non-
linguistic HEIs. The choice of these platforms is
determined by their wide application in international
practice and the availability of algorithms capable of
providing personalized learning. The first group of
solutions was based on classical ML methods (for
example, Random Forest, kNN, Gradient Boosting),
which demonstrate high data processing speed and
are well suited for working with test results. The

second group included deep models, including Bi-
LSTM and Transformer architectures, which are
used to analyse texts, oral speech, and behavioural
patterns of students. The third group included hybrid
cognitively oriented systems, where algorithmic
calculations are combined with pedagogical rules,
which increases the interpretability of results for
teachers. This approach made it possible not to
create artificial conditions, but to assess the real
capabilities of existing platforms in the tasks of
predicting success, diagnosing language difficulties,
and personalizing learning routes. Table 1 presents
the  generalized characteristics of  these
configurations.

Table 1: Characteristics of adaptive educational platform configurations

Item | Platform Examples of | Adaptation | Compatibility |UX/HCI indicators and UlI-

No. |category algorithms / solutions | type with LMS consequences

1 Machine Random Forest, kNN, | Package High Fast feedback; lower cognitive
Learning-based | Gradient Boosting load; transparent explanations
platforms (feature importance) for Ul

indicators: time-on-task, success-
rate without prompts.

2 Deep Learning-|Bi-LSTM, Incremental | Medium Higher accuracy, but lower
based platforms | Transformer-encoder, interpretability; critical latency in

CNN for text/speech the HCI loop; Ul

processing explanations/hints needed,
indicators: response-time, number
of repetitions, error-rate.

3 Hybrid Combining DL models | Mixed High Balance of accuracy and clarity;
Cognitive- with rule-based adaptive micro-hints in the
oriented systems | approaches and interface;  stable  navigation

pedagogical rules patterns;  indicators:  success
without hints, reduced navigation
errors, SUS/UMUX-Lite.

Source: developed by the author based on analysis and testing of existing educational platforms

The effectiveness of adaptive platforms was
assessed by using a set of educational data reflecting
various aspects of educational activity. It included
activity indicators in the LMS Moodle and Google
Classroom (frequency of logins, task completion,
average time spent in the system), the results of
semester foreign language assessments, as well as
the results of standardized tests (B2 First, TOEFL
ITP). A total of 524 individual records were
processed, which ensured the representativeness and
diversity of educational scenarios. The reliability of
the analysis was increased by using stratified data
division (75% — training subset, 25% — control) in
combination with 10-fold cross-validation, which
made it possible to compare the stability of
indicators of different platforms under different
conditions of use.

4.3 Instruments and metrics

The environment is implemented in Python 3.12,
using PyTorch, Scikit-learn, NLTK libraries.
NVIDIA A6000 GPU was used for deep models.

The evaluation was carried out using the

following metrics:

* Precision, Recall, FO.5-score (increased emphasis
on Precision, important in language testing),

* ROC-AUC for analysing the quality of
classification,

* Gini Index as an indicator of the differentiation
ability of models,

» Cohen’s Kappa for checking the consistency of
results between models and expert assessments,

» Ped-Value — expert pedagogical assessment of
interpretability (0—1, normalized).
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The LTEI was calculated using the formula (1):

LTEI=0.3:-F0.5+0.25-AUC 4+ 0.2 - Gini +
0.25 - PedValue (1);

where F0.5 — balanced measure of accuracy and
completeness, AUC — area under the ROC curve,
Gini — normalized Gini coefficient, PedValue —
interpretability for the teacher.

The values of the weight coefficients in formula
(1) were determined based on an expert survey of
foreign language teachers (n = 12), who assessed the
relative importance of each parameter for teaching
practice. The F0.5-score (0.3) received the highest
weight, as the accuracy of predictions of the
identification of language difficulties is of key
importance in the pedagogical process. ROC-AUC
(0.25) was chosen as an indicator of the overall
quality of the classification regardless of the
decision threshold. The Gini index (0.2) allowed us
to take into account the differentiation ability of
models when working with heterogeneous groups of
students. Ped-Value (0.25) was introduced as an
indicator of the pedagogical interpretability of the
results for assessing the convenience of using
models in real teaching conditions. All indicators
were normalized according to the principle of min-
max scaling in the range [0;1] relative to the best
results among the tested platforms. This allowed us
to avoid the advantage of some models over others
only due to the scale of metrics. The stability of the
integral index was further verified through a
bootstrap  analysis (1,000 iterations), which
confirmed the stability of the weight ratios.

The study, along with quantitative performance
indicators (F0.5-score, AUC, AW-index), used
qualitative data collection methods. In particular, a
survey and interviews with students and teachers
were conducted for supplementing the statistical
results with expert judgments and reflecting the
practical experience of platform wusers. This
combined approach made it possible not only to
record the accuracy and stability of the algorithms,
but also to assess the level of their acceptability,
convenience, and real value for the educational
process.

The study was conducted in compliance with
current ethical requirements and norms of academic
integrity. Student data were processed in
anonymized form only, without storing personally
identifiable information. All procedures complied
with the provisions of the EU General Data
Protection Regulation (GDPR) and the Law of
Ukraine “On the Protection of Personal Data”, which
ensured the safety and legality of information use.

This guaranteed transparency, voluntary
participation, and the absence of risks for students
and teachers in the process of testing the platforms.

4.4 Data analysis methods

The data were normalized to eliminate the
influence of different scales. The primary analysis of
differences was performed using ANOVA with
repeated measures (p < 0.05). When statistically
significant differences were detected, paired t-tests
with Bonferroni correction were performed. For
rank variables, the Kendall coefficient (t-b) was
used to assess the correlations between the indicators
of adaptability and pedagogical usefulness. The
results were visualized using heatmap matrices,
radar diagrams, and PCA projections in order to
show the relationship between the models in
multidimensional space. Reproducibility was
ensured by recording seed values, environment
parameters, and model configuration files.

5. RESULTS
5.1 Characteristics of the tested platforms

The effectiveness of adaptive educational
platforms was assessed by testing three groups of
configurations, reflecting modern approaches to the
integration of Al in foreign language teaching,
taking into account the dimensions of UX and HCI.
The first group — ML-based platforms — includes
classical ML algorithms (Random Forest, kNN,
Gradient Boosting), which provide high processing
speed and work well with tabular educational data,
integrate well with UI explanations (feature
importance) and low latency in the HCI cycle. They
are especially useful for analysing semester
assessment results and student success. The second
group — DL-based platforms — includes deep models,
in  particular Bi-LSTM  and  Transformer
architectures. They are used to analyse text tasks,
oral speech, and behavioural patterns of students in
LMS and provide the highest accuracy, but require
thoughtful UI prompts and optimization of delays in
HCI interaction. The third group - Hybrid
Cognitive-oriented systems — combines deep models
with rule-based components, which allows taking
into account both automated -calculations and
pedagogical rules, embedding UX-oriented
feedback (micro-hints, adaptive navigation) to
support pedagogical decision-making. This provides
a balance between the accuracy of predictions and
the clarity of results for teachers, especially when
working with heterogeneous and incomplete data.
The generalized parameters of the tested
configurations are presented in Table 2.
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Table 2: Main parameters of the tested configurations of adaptive platforms

Item | Configuration Data type Data Gaps | Testing HCI/UX indicators
No. volume (%) |purpose
1 | Machine Learning-| Semester 12,000 6 Checking time-on-task, success-rate without
based performance, processing prompts, false click rate; low Ul
attendance speed and|latency, transparent explanations
stability (feature importance)
2 |Deep  Learning-|Texts, oral,| 15,500 Maximizing [response-time in the exercise,
based LMS activity accuracy and|number of retries, error-rate; need
adaptability for micro-prompts to reduce
cognitive load
3 |Hybrid Cognitive-|Mixed  set| 18,000 Balancing SUS/UMUX-Lite, navigation
oriented (performance forecast stability, proportion of successful
+ tests + accuracy and |attempts without prompts; balance
LMS) interpretability | of explainability and accuracy in the
HClI cycle

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

Table 2 shows that the tested configurations
cover the entire spectrum of modern approaches
to integrating Al into foreign language teaching:
from fast and stable ML models to highly accurate
but resource-intensive DL architectures, as well as
hybrid systems that combine algorithmic accuracy
with pedagogical interpretability. This
distribution made it possible to evaluate not only
the technical characteristics of the platforms, but
also their ability to provide practical value for
teachers and students in different educational
contexts.

5.2 Comparative performance by integral index
(LTEI)

The results of comparative testing of the three
platform  configurations showed  significant
differences in their level of effectiveness. The LTEI
(1) was used for a generalized assessment, which
takes into account both the technical characteristics
of the algorithms (accuracy, classification ability,
differentiation power) and the pedagogical
interpretability of the results. This made it possible
to compare different groups of models not only in
terms of performance indicators, but also in terms of
their practical value for teachers.

251

Table 3: Summarized LTEI indicators for different
platform configurations

Configuration |F0.5 [AUC |Gini [Ped- ([LTEI
Value

Machine 0.78 [0.81 [0.62 |0.68 0.722

Learning-based

Deep Learning-|0.84 [0.88 [0.71 |[0.74 0.792

based

Hybrid 0.83 [0.86 [0.69 |0.85 0.808

Cognitive-

oriented

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

Data analysis shows that hybrid systems turned
out to be the most balanced solution, combining high
accuracy of predictions with the best level of
interpretability for teachers (LTEI = 0.808). Deep
models showed the highest accuracy values (F0.5 =
0.84; AUC = 0.88), but were less convenient for
practical use due to the complexity of interpretation.
Classical ML algorithms provided the lowest
integral index values (0.722), but were distinguished
by speed and stability, which makes them
appropriate for operational monitoring scenarios.
Figure 1 shows four key metrics (F0.5, AUC, Gini,
Ped-Value), which form the integral LTEI.
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Ped-Value

m Deep Learning-based

Gini

Hybrid Cognitive-oriented

AUC

® Machine Learning-based

Figure 1. Comparative efficiency profile of three platform configurations by LTEI components
Source: developed by the authors based on the results of their own research

The ML-based profile is characterized by lower
Gini and Ped-Value values, which limits its ability
to deeply personalize, but retains relative stability
and acceptable accuracy. DL-based platforms
demonstrate the highest F0.5 and AUC indicators,
providing maximum classification accuracy, but are
inferior in interpretability. Hybrid Cognitive-
oriented systems are characterized by a balanced
profile. Their values along all axes are relatively
aligned, and the Ped-Value indicator is especially
high, which confirms the advantage of this approach
in terms of practical convenience for teachers.

5.3 Interpretability and pedagogical value of the
results

In addition to the accuracy of predictions, a key
criterion for the practical application of adaptive
platforms is their ability to provide understandable
and consistent results that are easily interpreted by
teachers. In this context, two indicators were used:

e Ped-Value — an expert pedagogical assessment of
the interpretability of the results (0—1, normalized).
A high Ped-Value indicates the ease of perception
and the possibility of direct use of the model’s
conclusions in the educational process.

o Cohen’s Kappa — a coefficient of consistency of the
results between model predictions and teachers’ expert
assessments. A value of >0.75 is interpreted as high
consistency, 0.4—0.75 — as moderate, <0.4 — as low.

The results show (Table 4) that Hybrid Cognitive-
oriented systems that combine algorithmic
calculations with expert rules demonstrated the
greatest pedagogical value. They achieved a Ped-
Value of 0.85 with high consistency with teachers’
opinions (Kappa = 0.79). DL-based models showed

high accuracy and acceptable consistency values
(Kappa = 0.72), but were inferior in interpretability
(Ped-Value =~ 0.74). In contrast, ML-based
algorithms, despite their stability and simplicity,
received the lowest scores in terms of pedagogical
usefulness (Ped-Value = 0.68; Kappa = 0.66).

Table 4: Level of consistency and interpretability of models

Configuration | Ped- [Cohen’s| Interpretation of
Value | Kappa results
Machine 0.68 | 0.66 [Moderate consistency,
Learning-based basic interpretability
Deep Learning-| 0.74 [ 0.72 High precision,
based medium level of
interpretability
Hybrid Cognitive-| 0.85 0.79 | High consistency and
oriented pedagogical value

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

The analysis showed that hybrid cognitive-oriented
platforms provide the highest pedagogical value due to
the combination of algorithmic power and expert rules,
which increases the trust and clarity of the results. Deep
models showed high accuracy, but their limited
transparency complicates pedagogical interpretation.
ML, although convenient for basic monitoring,
demonstrated lower personalization and consistency
with expert assessments. Therefore, it is hybrid
solutions that provide the optimal balance of accuracy
and interpretability, making them the most appropriate
for adaptive language platforms in non-linguistic HEISs.

5.4 Stability of model training

In addition to accuracy and interpretability, an
important indicator of the effectiveness of adaptive
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platforms is the stability of model training, which
reflects the ability of algorithms to consistently
update parameters during training. Two indicators
were used for this purpose: AW-index — the average
rate of change of weight coefficients between
epochs, which characterizes the fluctuations and
consistency of the learning process, and adaptation
time (s/epoch) — the average parameter update time
during one epoch. The analysis showed (Table 5)
that ML-based algorithms had the lowest weight
fluctuations (AW-index = 0.091) and short
adaptation time (=0.84 s/epoch), which makes them
convenient for quick monitoring. DL-based models
were characterized by greater variability (AW-index
=0.134) and longer adaptation time (=1.42 s/epoch),
which is due to a more complex architecture and
higher resource costs. The Hybrid Cognitive-
oriented systems (AW-index = 0.158) showed the
highest variability, where the combination of deep
models with rule-based approaches provides
flexibility, but requires significantly more time for
adaptation (~1.97 s/epoch).

1.8
1.6
1.4
1.2

1

Table 5: Average values of AW-index and adaptation time

Configu- |AW-index [Adaptation |Interpretation

ration (average) |time, c/epoch

ML-based |0.091 0.84 High stability,
minimal time|
consumption

DL-based |0.134 1.42 Moderate
fluctuations,
acceptable
adaptation time

Hybrid 0.158 1.97 Highest variability,

Cognitive- significant

oriented computational cost

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

The chart below (Figure 2) shows the change in
parameters W1 and W2 for three groups of models:
ML-based, DL-based,
oriented.

and Hybrid Cognitive-

0.8
0.6
0.4
0.2

0

1 23 45 6 7 8 9 10111213 14 1516 17 18 19 20 21 22 23 24 25 26 27 28 29 30

—WI1 ML W2 ML W1 DL

W2 DL em==\V] Hybrid e=W2 Hybrid

Figure 2: Phase diagram of weight trajectories over 30 training epochs
Source: developed by the authors based on the results of their own research.

Figure 2 shows that ML algorithms (W1 ML,
W2 ML) exhibit the smallest fluctuations, quickly
reaching stability. Deep models (W1 DL, W2 DL)
are characterized by a significantly higher amplitude
of changes, especially in the second half of training,
which indicates greater sensitivity to data and a
longer adaptation period. Hybrid
systems (W1 _Hybrid, W2 Hybrid) revealed the
most pronounced variability: their trajectories
fluctuate more intensively, reflecting the balance
between flexibility of adaptation and increased
computational costs. In general, the stability of
models decreases in the direction from ML to
Hybrid, while hybrid solutions provide the greatest

potential for flexible response to changes in training
data, but require more computational power.

5.5 Statistical confirmation of differences

The hypothesis of statistically significant
differences in the performance of the tested
platforms was tested by using ANOVA with
repeated measures. The obtained results indicate a
significant difference between the groups (p <0.01),
which gives grounds to reject the null hypothesis of
the same distribution of LTEI indicators. The
sources of differences were identified using paired t-
tests with Bonferroni correction. The analysis
showed that Hybrid Cognitive-oriented systems
significantly outperform both other groups, while
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the difference between ML-based and DL-based
models was less pronounced and in some cases
statistically insignificant (Table 6).

Table 6: Results of statistical testing of differences between groups

Comparison Criterion Statistics (F/t) p-value Bonferroni Interpretation
correction
ML vs DL vs Hybrid| ANOVA F=9.87 0.0004 - There are statistically
significant differences
Hybrid vs DL t-test t=3.14 0.002 0.006 Hybrid > DL
Hybrid vs ML t- test t=3.68 0.001 0.003 Hybrid > ML
DL vs ML t- test t=142 0.078 0.078 The difference is not
statistically significant

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

Therefore, statistical tests confirmed the
superiority of hybrid platforms, which provide the
best balance between accuracy, stability, and
pedagogical interpretability. The difference between
classical ML algorithms and DL models turned out
to be insignificant, which indicates the feasibility of
their application depending on resource conditions
and teaching tasks.

5.6 General analysis and practical conclusions

The obtained results showed that the effectiveness
of adaptive educational platforms depends on their
architecture and application conditions. ML-based
solutions provided the lowest fluctuations in weight
coefficients (AW-index = 0.091) and the shortest
adaptation time (=0.84 s/epoch). Their values of the
integral LTEI ranged from 0.72 to 0.76, which
indicates stability and speed, but at the same time
limitations in deep personalization. Such platforms
are advisable to use for regular monitoring of
semester performance and prompt detection of
deviations in learning. DL-based systems
demonstrated the highest accuracy of predictions
(F0.5-score = 0.81; AUC = 0.87), but their stability
was lower (AW-index = 0.134; adaptation time
~1.42 s/epoch). The LTEI values for this group were
0.78-0.81, which confirms their superiority in
complex data processing tasks — texts, oral speech
and LMS activity. At the same time, the level of
interpretability remained average (Ped-Value =
0.74), which may complicate the pedagogical use of
the results. So, DL platforms are most appropriate
for large universities with powerful technical
resources, where the accuracy of analysis is
critically important. The Hybrid Cognitive-oriented
systems demonstrated the best results, as they
combine deep algorithms with rule-based
approaches. Their integral indicator (LTEI) reached
0.85-0.87, Ped-Value was 0.85, and Cohen’s Kappa
was 0.79, which corresponds to high consistency

with the expert assessments of teachers. Although
these systems had the largest weight fluctuations
(AW-index = 0.158) and the longest adaptation time
(=1.97 s/epoch), they provided the optimal balance
between accuracy, flexibility, and pedagogical
clarity. Their effectiveness is especially pronounced
when working with incomplete and mixed data,
making them the best choice for non-linguistic HEIs.

In general, it can be noted that ML platforms
(IEMP 0.72-0.76) are most suitable for rapid
monitoring and basic diagnostics of success. DL
platforms (LTEI 0.78-0.81) are advisable to use for
high-precision tasks and analysis of complex
language data. Hybrid platforms (LTEI 0.85-0.87)
provide systemic personalization and pedagogical
interpretation, which makes them the best option for
integration into language training of non-linguistic
majors. Using a combined strategy will allow HEIs
to achieve maximum efficiency: ML — for daily
monitoring, DL — for in-depth analysis, Hybrid — for
complex adaptive language education. The analysis
demonstrated a significant advantage of hybrid
systems over other approaches. At the same time, the
difference between ML and DL platforms in a
number of cases turned out to be statistically
insignificant (p_adj > 0.05). This means that both
groups of models can be effective in different
contexts. ML algorithms are more suitable for fast
monitoring and basic diagnostic tasks, while DL
approaches are justified in cases where maximum
accuracy in processing complex language data is
critical. This balance emphasizes that the choice of
model should be made not only on the basis of
accuracy, but also taking into account the resources
and practical needs of the educational institution.

6. DISCUSSION

The obtained results confirm that the
effectiveness of adaptive educational platforms is
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determined not only by the choice of algorithm, but
also by the context of their application — the type of
educational data, the level of their completeness and
the dynamics of changes in the educational process,
the quality of UX and the compliance of UI patterns
with the HCI principles. The differences identified
in the stability of predictions, the speed of
adaptation, pedagogical interpretability, and
convenience of user interaction (UX/UI) indicate
that there is no universal solution: each group of
models has its own strengths and weaknesses. In
particular, ML configurations benefit from the
latency of the HCI loop, DL models require
thoughtful UI prompts to reduce cognitive load, and
hybrid systems provide a balance of explainability
and UX stability. These findings are consistent with
earlier studies on the role of adaptive mechanisms in
Al systems for education and emphasize the need to
evaluate platforms taking into account HCI/UX
metrics along with technical indicators [19, 22]. The
analysis showed that Machine Learning-based
platforms provide the smallest fluctuations in weight
coefficients (AW-index = 0.091) and the shortest
adaptation time (=0.84 s/epoch). This makes them
optimal for fast monitoring and detection of basic
trends, but limits them in more complex
personalized learning scenarios.

The analysis showed that ML-based platforms
provide the smallest fluctuations in weight
coefficients (AW-index = 0.091) and the shortest
adaptation time (=0.84 s/epoch). This makes them
optimal for fast monitoring and detection of basic
trends, but limits them in more complex
personalized learning scenarios. Similar results are
consistent with the conclusions about the suitability
of classical algorithms for operational educational
analytics [21, 28]. DL-based models demonstrated
the highest accuracy (F0.5 = 0.81; AUC = 0.87), but
required more resources and time for
convergence (AW-index = 0.134; =1.42 s/epoch). At
the same time, their interpretability remained at an
medium level (Ped-Value = 0.74), which partially
reduces the practical value in the pedagogical
environment. This is consistent with the findings of
other researchers, which emphasize the high
performance of DL architectures in working with
complex language data, but limited transparency of
the results [26, 30]. The most balanced were Hybrid
Cognitive-oriented  systems, which combine
algorithmic calculations with pedagogical rules.
They achieved the highest LTEI values (0.85-0.87)
and pedagogical interpretability assessment (Ped-
Value = 0.85; Kappa = 0.79), which confirms their
ability to provide both accuracy and understandable
interpretation for teachers. However, this balance
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was accompanied by higher adaptation time costs
(=1.97 s/epoch), which is consistent with
international research on hybrid solutions as an
optimal compromise between performance and
explainability [27, 34]. Correlation analysis revealed
a statistically significant inverse relationship
between the frequency of changes in learning
scenarios and the stability of models (p = —0.58...—
0.25), which confirms the thesis about the need to
control the dynamism of the educational
environment to maintain the accuracy of predictions.
Statistical tests (ANOVA, p < 0.01; paired t-tests)
confirmed these results, demonstrating a significant
advantage of hybrid platforms over the other two
groups. So, the study confirms that the choice of
platform type should be based not only on technical
characteristics, but also on the educational context.
ML approaches are most suitable for rapid
monitoring; DL models — for the analysis of complex
language data in large samples; hybrid systems — for
complex  personalization and  pedagogical
interpretation. This creates the basis for the flexible
implementation of adaptive platforms in non-
linguistic HEIs, where not only accuracy is
important, but also teachers’ trust in the system.

The findings of the presented study can be
interpreted critically based on the obtained
indicators and the existing literature on Al-based
language learning. The results show that the
cognitive-oriented approach of the hybrid model
achieved the best results in terms of accuracy (LTEI
0.85-0.87; Ped-Value 0.85; Kappa 0.79). However,
this result was achieved due to the rule-based
components included into the model, which
emphasizes the interpretability of the model rather
than its predictive performance. The stability results
require some caution. The outcomes of the stability
indicators suggest that the hybrid model has a higher
AW-index and a longer adaptation time for the users.
This finding indicates that the increased
interpretability of the model comes with increased
volatility and computational costs. Furthermore, the
quantitative difference between the ML and DL
models was not statistically significant. This result
suggests that the choice of model is more related to
available resources and latency constraints in the
HCI context than to the model’s predictive
performance.

In comparison with existing studies, one key
difference in this research is the focus on the
relationship between the model’s predictive,
stability, and interpretability properties and the
resulting UX and HCI implications. Most of the
existing studies focus on one of the following topics:
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the performance of specific Al tools in language
learning, the conceptual discussion of adaptive
learning environments, or the observation of UX
aspects of such environments. However, the current
study is unique in that it proposes a measurement
model that allows for the comparison of the three
types of models within a single educational setting.
The inclusion of the LTEI indicator with a Ped-
Value component, the stability of the weighting of
the indicator terms as validated by the bootstrap, and
the inclusion of UX and HCI indicators in the
evaluation model all contribute to the extension of
previous studies and findings.

When compared to the most recent 2024
literature, the present findings help to confirm the
general direction of the results and point to the
specific mechanism that explains the increased
implementation readiness of certain Al architectures
in non-linguistic higher education institutions
(HEIs). For instance, the studies by Er-Rafyg et al.
[22] and Fakhar et al. [23] confirm that Al-enabled
adaptive solutions can indeed be effective in the
context of higher education. However, the studies
also reveal the various constraints that may impede
the implementation of such technologies. Similar
results are drawn by Xia et al. [21]. However, as will
be described below, the experiments that were
performed revealed that while the three platform
types achieved acceptable levels of predictive
performance, the usefulness of certain
implementations over others became evident. The
results showed that the DL-based models achieved
the highest accuracy (higher F0.5/AUC). This is
consistent with the findings of other recent studies,
such as Mustafa et al. [15] and Zhou and Li [11],
which also indicated the potential of Al-enabled
adaptive solutions in higher education. However, the
lower stability of these models (higher AW-index)
indicates that while they may be accurate, they are
less likely to be immediately helpful to teachers. In
contrast, the results also indicated that the Hybrid
cognitive-oriented models achieved the best overall
balance. The integration of the cognitive model that
enabled the system to provide interpretable, teacher-
facing explanations led to higher interpretability and
higher agreement with expert judgments (Ped-Value
and Cohen’s Kappa), even if the higher costs
associated with using this approach. This is
consistent with the findings of Ezzaim et al. [17],
who experimentally confirmed that implementing an
Al-based adaptive solution in such a way had a
positive impact on the evaluation of higher
education learning environments. However, they did
not compare different architectures (ML, DL, and
hybrid) or investigate the extent to which the

proposed model included considerations of HCI and
interpretability. Finally, Vistorte et al. [30] also
provide information that is crucial to understanding
the findings of this study. Their research reveals that
aspects such as human interaction and user
experience are crucial to the effective use of Al in
educational environments. As such, the inclusion of
indicators related to UX and HCI (including the Ped-
Value component) confirms the importance of such
aspects and reveals that interpretability has a direct
and measurable impact on the ranking of those
platform configurations.

In order to explicitly address each of the proposed
objectives, a critical analysis of the achieved results
is provided below. Regarding the first objective,
which sought to analyse the architectural features of
the integration of Al-based platforms into the
foreign language teaching in non-linguistic HEIs, it
became evident from the analysis that the different
architectural features of the AI systems led to
different features and possibilities in the language
teaching process. For instance, the models based on
ML ensured stability and fast monitoring of the Al-
based language teaching platform, while the models
based on DL maximized the prediction of student
success. Finally, the results also indicated that the
architectural feature of a system is essential to the
language teaching process, as no specific system
architecture is universally best for all language
teaching environments. Concerning the second
objective, which aimed to experimentally compare
the three types of Al models in terms of their ability
to predict student success and difficulties in foreign
language learning, the results indicated that the
configurations of the Hybrid model were the most
significant in terms of the LTEI index score. The
comparison of ML and DL models, in contrast, did
not show statistically significant differences. This
suggests that the differences in performance between
the model types are not easily generalizable to other
language learning environments. With respect to the
third objective, which concerned the development of
the LTEI index itself, the study was successful in
developing and validating the index. The use of the
bootstrap method indicated that the coefficients of
the weights of the index components were stable.
However, a critical reflection of the index also
indicates that the weight of the Ped-Value
component is subject to a certain degree of
subjectivity. Future research in this area can focus
on finding other ways to weight the components of
this index. Beyond the objectives that had been
proposed, there are also some issues that emerged as
unresolved and require further investigation. For
example, it was not possible to assess the long-term
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impact of such an approach on foreign language
proficiency. Additionally, ethical issues need to be
addressed. Finally, a Dbalance between the
sophistication of the Al recommendations and the
time required for interaction between the student and
the Al indicates that future research in this area
should consider these factors.

7. LIMITATIONS

The results of this study should be interpreted
with certain limitations in mind.

1) The analysis covered only three groups of
adaptive platforms (ML-based, DL-based, and
Hybrid Cognitive-oriented), which narrows the
range of models to a limited set of architectures
(Random Forest, kNN, Gradient Boosting, Bi-
LSTM, Transformer-encoder, and rule-based
approaches). The study did not test other promising
solutions, including next-generation transformers,
graph neural networks, reinforcement learning
methods, or modern optimizers (e.g., AdamW),
which limits the generalizability of the findings.

2) The sample included only those educational
platforms that have integrated tools for
personalizing language training and are actively
used in international practice. So, the results cannot
be fully transferred to all types of educational
systems, especially to specialized or narrowly
focused solutions that do not support adaptive
algorithms.

3) The integrated LTEI was created based on a
uniform combination of technical and pedagogical
metrics. Although this allows for a comprehensive
assessment of the platforms, some subjectivity
remains in the Ped-Value component, which is based
on teachers’ expert assessment. Alternative
weighting schemes for indicators could change the
final results of the platform ranking.

4) The experiments were conducted in a unified
hardware environment with fixed training
parameters (number of epochs, batch-size), which
does not cover all possible variants of the platforms’
operation in real conditions. In practice, differences
in hardware or settings can affect the stability and
speed of algorithm adaptation.

5) Statistical tests (ANOVA, t-tests with
Bonferroni correction) were performed for a limited
number of platforms and scenarios, which reduces
the sensitivity to detecting weak effects. Although
the results confirmed significant differences
between groups, the scale of the platform sample
does not allow conclusions to be drawn about the
entire ecosystem of adaptive educational solutions.

6) The study focused on analytical metrics
(accuracy, stability, interpretability) and did not
include direct measurement of pedagogical impact —
changes in student performance, reduced teacher
workload, or timeliness of instructional
interventions. It also failed to address the ethical and
legal implications of using personal data in such
systems. Further research should expand the sample
of platforms, include new algorithm architectures,
test other weighting schemes in the LTEI formula,
and integrate analysis of direct pedagogical impact
and ethical responsibilities in the use of adaptive
solutions.

8. CONCLUSIONS

The study addressed its main aim, to assess
the effectiveness of Al-based adaptive educational
platforms for foreign language teaching in non-
linguistic HEIs, by jointly considering the three
main dimensions: predictive quality, stability, and
interpretability. The achievement of the first
objective led to the confirmation of the impact of
platform architecture on its effectiveness.
Specifically, the results showed that systems based
on machine learning (ML) are advantageous in
scenarios requiring low latency, deep learning
(DL)-based systems are appropriate when dealing
with complex linguistic artefacts, and hybrid
cognitive-oriented systems are best suited when
teacher interpretability is an essential feature. The
achievement of the second objective provided
insights into the relative effectiveness of ML, DL,
and hybrid solutions. The results of the experiments
made it possible to conclude that all three
configurations achieved acceptable levels of success
in the prediction task, but the usability of these
platforms for teaching purposes differed. Finally,
the achievement of the third objective led to the
development and validation of the LTEI index.

The results of the experimentation revealed
that the most effective architecture was that of a
hybrid cognitive-oriented system. The results
showed that such systems achieved the highest
values for interpretability and agreement with expert
assessments while also achieving high levels of
integrated effectiveness. A trade-off that emerged
from this analysis, however, was that the
architecture also had the highest training variability
and adaptation time. Thus, it is most suitable for
environments in which interpretability and decision
support from teachers are required. The results also
showed that the DL-based models achieved the
highest accuracy indicators. However, they
exhibited relatively low levels of stability and
interpretability. The ML-based systems were the
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most stable and fast. However, their lower level of
LTEI and interpretability indicates that these
systems have limitations in terms of deep
personalization of educational experiences for
learners. The results of the statistical testing
confirmed that the three groups differed
significantly (ANOVA F = 9.87, p = 0.0004). The
configuration of the groups with a hybrid
architecture outperformed the configurations with
deep learning (p_adj = 0.006) and machine learning
(p_adj = 0.003). However, the difference in
effectiveness between the DL and ML
configurations was statistically insignificant (p_adj
= 0.078). This finding suggests that the decision
between using models based on machine learning
and deep learning is primarily driven by the
available resources, while the advantage of the
hybrid architecture is decisive when such
interpretability and decision support from teachers
are required.

Although the study achieved a lot, it is also
important to discuss the limitations of the work. One
limitation of the LTEI index is that the component
based on Ped-Value is partially dependent on the
expert judgments of the individuals calculating it.
The finding that the systems of the hybrid cognitive-
oriented architecture are the most effective should
not be generalized to the entire class of such
platforms. The outcome is dependent on the specific
conditions under which they were measured, and it
can be generalized with caution to other contexts.
Another limitation of this study is that while the user
experience and human computer interaction
indicators were used, metrics such as learning gains
over multiple semesters, teacher workload, and
intervention timeliness were outside the scope of
this study.

The implications of the findings are that ML-
based Al platforms are most appropriate for
situations involving continuous monitoring and
when low latency is required. For other situations,
such as when the accuracy required of an adaptive
educational platform is of the highest order, a DL-
based configuration may be appropriate. However,
for HEIs that need to provide stable, interpretable,
and actionable decision support to foreign language
teachers, the choice of a hybrid cognitive-oriented
platform is the most appropriate. Thus, this study
presents a framework that can be used to compare
the effectiveness of different architectures in terms
of the LTEI index, the stability measure indicated by
the AW-index, and the UX/HCI indicators.
Furthermore, the study also discusses the trade-offs
and open issues that must be addressed in future
studies to improve the transferability and
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effectiveness of these approaches in foreign
language teaching in non-linguistic HEIs.

From the authors’ perspective, the main
value that this work provides to higher education
institutions is in providing a decision logic. The
authors consider that using a hybrid model that is
cognitive-oriented is the best approach to
implementing these methods in non-linguistic
higher education institutions. The authors also
consider that using machine learning models is the
most rational solution for monitoring, and that using
deep learning models is the best approach for
institutions that can afford the computational costs
and require high accuracy in recognizing complex
linguistic elements. In the authors’ opinion, the best
way to implement these methods is to consider the
nature of the scenario in which the models will be
used, as well as the requirements that it places upon
the user experience and interaction design.
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