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The rapid evolution of artificial intelligence (AI) is transforming Educational Technology 
(EdTech), enabling new forms of personalized learning, real-time feedback and adaptive 
instruction. Despite this potential, the ways in which AI is integrated into learning platforms 
vary significantly, affecting their effectiveness, usability and transparency. This research 
investigates these differences through a multi-criteria evaluation of AI-driven EdTech 
platforms, with a comparative focus on Romanian and international solutions. Six categories 
of platforms are examined, using a mixed-methods approach that combines qualitative 
functional analysis, semi-quantitative scoring and comparative assessment. A multi-criteria 
decision analysis (MCDA) model is applied, evaluating five dimensions: AI functionalities, 
personalization, feedback quality, user experience and transparency. The results show that 
platforms with advanced AI integration, such as adaptive learning and intelligent tutoring 
systems, achieve higher levels of personalization and feedback quality but often at the expense 
of transparency. This study offers a novel evaluation framework, a functional taxonomy of AI 
in EdTech and an evidence-based comparison, providing valuable insights for educators, 
developers and policymakers aiming to advance AI-enhanced learning environments. 
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Introduction 
Education stands among the primary 

domains profoundly shaped by major 
technological transformations, a reality that is 
becoming ever more apparent. In this context, 
education is currently undergoing a profound 
structural transformation driven by 
digitalization, the expansion of data-driven 
systems and the accelerated integration of 
Artificial Intelligence (AI) into educational 
ecosystems. Educational Technology 
(EdTech) is increasingly recognized as a 
continuously evolving field that reshapes how 
knowledge is delivered, accessed and 
evaluated at a global scale [1]. 
Modern EdTech is defined by the use of 
digital platforms, adaptive systems and data-
driven tools that enable the personalization of 
learning processes. The integration of 
Artificial Intelligence supports the 
development of adaptive learning 
environments, automated assessment systems 
and advanced feedback mechanisms for 
learners [2]. At a global level, research 

highlights that the adoption of EdTech is 
strongly influenced by disparities between 
developed and developing countries, 
particularly in terms of digital infrastructure 
and access to technology [3]. From a 
conceptual perspective, EdTech is understood 
as a complex ecosystem that integrates digital 
infrastructure, software platforms and data 
analytics systems. This evolution is closely 
linked to the Education 4.0 paradigm, which 
promotes flexible, competency-based and 
learner-centered education models [4] [5].  
Furthermore, the development of EdTech is 
strongly associated with the use of digital 
analytics, which enables performance 
monitoring, learning optimization and data-
driven decision-making in educational 
environments. This contributes to the 
transition toward more sustainable and 
efficient educational systems [6]. 
Studies also show that the evolution of 
EdTech brings both significant benefits, such 
as increased accessibility and improved 
educational efficiency, as well as major 

1 

mailto:oanalarisa.stoica@csie.ase.ro
mailto:nicacatalin19@stud.ase.ro


68  Informatica Economică vol. 30, no. 3/2026 

 

challenges, including inequality of access, 
infrastructural limitations and insufficient 
digital competencies among users [7]. At the 
market level, the European EdTech sector is 
experiencing rapid growth, driven by the 
digitalization of education, public investment 
and increasing demand for lifelong learning 
and digital skills. In 2024, the market was 
valued at approximately USD 41–44 billion, 
with projections indicating a rise to nearly 
USD 90 billion by 2035, reflecting a 
compound annual growth rate of around 7% 
[8]. This expansion contributes to the 
consolidation of a global, technology-driven 
educational ecosystem. 
Despite the continuous growth and 
widespread adoption of digital education 
platforms, research that critically examines 
these platforms remains surprisingly limited 
[9]. The selection of an IT solution has a 
significant impact on both the structure of the 
educational environment and the learning 
models implemented in the teaching process. 
In this context, examining online platforms 
based on their functional role has become 
increasingly necessary, considering the 
growing diversity and complexity of available 
digital solutions. This situation highlights the 
increasing need for rigorous and efficient 
methods for evaluating educational platforms 
[10].  
This study investigates and compares EdTech 
platforms that integrate AI, with a focus on 
strategies for learner adaptivity, automated 
feedback mechanisms and technological 
maturity. The analysis encompasses both 
Romanian and international platforms, aiming 
to highlight differences, identify possible 
strategic gaps and propose innovative 
directions for optimization. To guide the 
investigation and address the study’s 
objectives, three primary research questions 
were formulated. These questions are 
designed to clarify how technical 
characteristics and system design influence 
learning experiences and platform 
competitiveness on a global scale: 
RQ1: How does the complexity of AI 
architecture affect data transparency and 
governance? 

RQ2: To what extent does system design, 
through feedback mechanisms, shape the 
learner’s interaction with AI and the risk of 
cognitive dependency? 
RQ3: What is the strategic gap between local 
(Romanian) platforms and global leaders in 
AI adoption? 
By formulating these questions, the study 
aims not only to evaluate existing platforms 
but also to provide a deeper understanding of 
how AI can be effectively integrated to 
support more adaptive and transparent 
learning experiences. 
The structure of this paper is designed to 
provide a comprehensive and 
methodologically rigorous analysis of 
contemporary EdTech platforms. The opening 
sections establish the research context, 
motivation and identified research gaps; while 
also synthesizing the existing literature and 
delineating the core conceptual dimensions of 
the study, including EdTech, AI and the 
typologies of digital learning platforms. The 
methodology section then presents a detailed 
account of the research design, including the 
systematic search strategy, dataset 
construction and the analysis procedures. 
Emphasis is placed on ensuring transparency, 
replicability and methodological robustness in 
the selection and analysis of the platforms 
considered. The subsequent results section 
reports the findings derived from the 
comparative analysis, highlighting key 
patterns related to the degree and form of AI 
integration across different EdTech platforms. 
Building on these findings, the discussion 
section interprets the results in relation to the 
existing body of literature, highlighting both 
theoretical implications and practical 
relevance for the design and evaluation of 
intelligent educational systems. Finally, the 
concluding section summarizes the main 
contributions of the study, outlines its 
limitations and proposes directions for future 
research. 
 
2 Literature Review 
Across the academic literature on artificial 
intelligence in education, a marked and 
accelerating interest can be observed in the 
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integration of intelligent technologies into 
teaching, learning and assessment, a trend 
mirrored by their growing prevalence in 
everyday life. In the current reports of the 
Organisation for Economic Co-operation and 
Development (OECD), it is surprising that 
technological evolution is not the only benefit 
due to the integration of AI and that this is a 
structural transformation of educational 
ecosystems that influences several aspects 
[11]. The most significant of these aspects are: 
the personalization of learning, the 
development of digital skills and the role of 
the teacher in the educational process. 
Artificial Intelligence is increasingly 
associated with automated feedback, the 
analysis of educational data and with 
mechanisms for adapting content, but the 
efficiency is influenced by the pedagogical 
and institutional context [12].  
The evolution of EdTech has been gradual and 
closely linked to advances in computing and 
digital infrastructure. More recently, 
particularly in the post-pandemic context, 
EdTech has evolved into a data-driven 
ecosystem increasingly enhanced by artificial 
intelligence, adaptive learning technologies 
and advanced analytics. Digital teaching 
platforms (DTP), a subcategory of EdTech, 
mark the transition from a standardized 
educational model to an adaptive one, in 
which learning is personalized through 
continuous monitoring of student progress 
and the adjustment of content according to 
individual needs [13]. 
Despite the rapid growth of AI in education, 
the literature reveals several important 
limitations that this study addresses. First, 
there is a lack of standardized comparative 
frameworks, as existing studies often evaluate 
educational platforms in isolation or based on 
inconsistent criteria, which makes cross-
platform comparison difficult and non-
replicable [14]. In addition, there is a lack of a 
widely accepted multidimensional framework 
that enables systematic evaluation across 
different categories of EdTech platforms, 
highlighting the need for structured multi-
criteria approaches in this field and further 
research to support the development of the 

next generation of e-learning systems [15].  
Second, most research does not sufficiently 
differentiate between types of AI used in 
educational systems, treating AI as a single 
concept rather than distinguishing between 
Adaptive AI, Generative AI, Rule-Based 
Tutoring Systems or Analytics-Driven 
Recommendation Engines [16]. This limits 
the understanding of how different AI 
architectures influence pedagogical 
outcomes.  
Third, comparative analysis between 
Romanian and international platforms 
remains limited, as Romanian educational 
solutions are underrepresented in global 
studies. This results in a lack of systematic 
evaluation that positions local platforms 
within the broader maturity landscape of AI in 
education [17]. Finally, many existing studies 
lack empirical validation aligned with 
international benchmarks such as OECD 
frameworks, being primarily conceptual or 
descriptive and not fully connected to 
standardized indicators of digital education 
maturity, learning analytics or AI readiness 
[13]. 
Other recent studies highlight that the 
integration of Artificial Intelligence in 
education is greatly influenced by institutional 
and political factors, which extend beyond 
technological considerations. Research on the 
digital transformation in education shows that 
governance structures, teacher training and 
the existence of coherent national or 
institutional strategies are the ones that 
influence the successful adoption of AI-based 
platforms [16]. Given this context, countries 
that have implemented structured policies in 
the field of digital education tend to achieve a 
much more efficient and scalable integration 
of Artificial Intelligence technologies in 
teaching and learning processes [17]. 
Another important dimension identified in the 
existing literature is the rapid expansion of the 
Artificial Intelligence market in education, 
which has led to an increased diversity of 
educational platforms and technological 
solutions. Market analyses show a significant 
increase in investment and innovation, driven 
by the demand for customizable and scalable 



70  Informatica Economică vol. 30, no. 3/2026 

 

learning environments [18]. This expansion 
contributes to the emergence of new emerging 
platforms with different levels of 
technological maturity, leading to more 
complex systematic comparisons and 
reinforcing the need for standardized 
assessment frameworks  [19]. 
New paradigms in educational interaction 
have emerged with the rise of GenAI [20]. 
Conversational learning, real-time feedback 
generation, and dynamic content creation are 
supported by GenAI, unlike traditional 
adaptive systems [21]. All of these 
capabilities improve student engagement and 
support exploratory learning approaches, but 
at the same time they also raise challenges 
related to accuracy, reliability and 
pedagogical alignment. Recent research 
highlights the importance of distinguishing 
between increased engagement and actual 
learning effectiveness when evaluating 
educational systems based on AI [22]. 
A concept increasingly recognized in the field 
of AI as a critical component of modern 
educational systems is that of literacy. Current 
frameworks specify that students should 
develop an understanding of the principles, 
limits and ethical implications that underlie 
them, as simply interacting with Artificial 
Intelligence tools is not enough. The shift is to 
be able to transform AI from a supporting 
technology to an educational objective in 
itself, requiring new approaches to curriculum 
design, assessment and platform evaluation 
[23]. 
Therefore, ethical and governance 
considerations become central when 
analyzing AI in education. Data privacy, 
fairness in automated decision-making, 
algorithmic transparency and potential biases 
that may arise in AI systems are issues that are 
gaining increasing attention in both academic 
and policy-oriented research [24]. All of these 
factors influence user trust, adoption networks 
and the long-term sustainability of 
educational technologies and therefore need 
to be considered essential components in any 
comprehensive evaluation framework [25]. 
To address these gaps, the present study 
makes several key contributions. It proposes a 

Multidimensional Evaluation Model based on 
Multi-Criteria Decision Analysis (MCDA), 
designed to assess educational platforms 
across multiple dimensions, including 
personalization, feedback quality, usability, 
adaptability and AI integration. This 
framework enables consistent and comparable 
evaluation across heterogeneous categories of 
EdTech platforms and can be applied both in 
academic research and practical assessment 
contexts [26]. 
Furthermore, the study introduces a 
classification framework for AI types in 
educational platforms. This taxonomy 
provides a more detailed understanding of 
how artificial intelligence is embedded in 
educational technologies and how it supports 
different learning processes [27]. In addition, 
the research provides a comparative analysis 
between Romanian and international 
platforms, revealing a clear maturity gap in AI 
integration. International platforms 
demonstrate more advanced capabilities in 
personalization, adaptive learning and 
feedback mechanisms; while Romanian 
platforms tend to use AI primarily as a 
supporting feature, indicating an ongoing 
transition in digital education maturity [28]. 
Overall, the study reframes the evaluation of 
educational platforms by shifting the focus 
from performance ranking to paradigm-based 
analysis, emphasizing that technological 
value in education is not absolute, but context-
dependent and pedagogically driven [29]. 
 
3 Methodology 
The evaluation of educational platforms 
cannot be based on a single indicator, but 
requires a multidimensional analysis of the 
factors influencing their performance. 
Accordingly, numerous studies have 
developed evaluation frameworks based on 
hierarchically structured criteria weighted 
according to their relative importance 
[14],[25],[30],[31],[32],[33],[34] in order to 
more accurately capture the complexity of 
digital learning systems.  
In line with the DeLone and McLean 
information systems success model, platform 
success is conceptualized as a 
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multidimensional construct in which 
technological performance, information 
quality and user experience jointly determine 
overall effectiveness [30],[35].  
This perspective is further supported by 
empirical findings in the literature, which 
highlight that technological factors (such as 
system reliability, ease of use, accessibility 
and infrastructure quality) play a decisive role 
in shaping e-learning adoption and usage, 
alongside user-related and organizational 
dimensions [36]. The model emphasizes that 
the success of E-Learning platforms emerges 
from the interaction between system quality, 
content quality, usage, user satisfaction and 
net benefits, rather than from isolated factors.  
From this perspective, this study applies a 
Multi-Criteria Decision Analysis (MCDA) 
framework to assess platform performance. It 
constitutes a robust and flexible method for 
the comparative evaluation of educational 
technologies, providing a structured decision-
support framework for both users and 
developers. This approach enables an 
objective, coherent and comparable analysis 
of platform performance by integrating 
multiple relevant criteria into a unified 
evaluation model [37], consistent with prior 
research that applies multi-criteria approaches 
for the assessment and ranking of EdTech 
tools. In addition, this method is often 
complemented by fuzzy logic methods [38], 
which allow the handling of uncertainty and 
subjectivity in expert evaluations, particularly 
in contexts where qualitative judgments must 
be transformed into quantitative scores [39].  
Hence, this study adopts a mixed-methods 
approach, combining qualitative, semi-
quantitative and comparative analyses to 
provide a comprehensive assessment of AI-
driven EdTech platforms: 
• Qualitative analysis focuses on functional 

and conceptual aspects of each platform, 
examining AI implementation, learner 
adaptivity and feedback mechanisms. 

• Semi-quantitative evaluation applies an 
expert-based scoring model across five 
dimensions: AI functionalities, learner 
adaptivity, feedback quality, user 
experience (UX) and transparency. Scores 

range from 1 (very low) to 5 (very high) 
and are weighted to reflect their relative 
importance. To further enhance robustness 
and reduce subjectivity, fuzzy logic 
principles can be conceptually integrated 
into the evaluation process, allowing 
linguistic expert judgments to be 
interpreted more consistently and 
reflecting uncertainty in qualitative 
assessments. 

• Basic comparative analysis benchmarks 
platforms against each other, highlighting 
differences between Romanian and 
international solutions and identifying 
strategic gaps in AI adoption. 

 
3.1 Sample and Data Collection 
The study adopted a structured expert-based 
comparative design. Data collection involved 
six IT professionals with experience in the 
application of artificial intelligence in 
education, software development and digital 
learning systems. Each expert created 
individual accounts on the selected EdTech 
platforms and conducted standardized hands-
on evaluations under predefined usage 
scenarios to ensure consistency across 
assessments. 
The analysis covers seventeen EdTech 
platforms, including five Romanian (Brio, 
Adservio, LIVRESQ, Aula, NEXTLAB)  and 
twelve international solutions (DreamBox, 
Century Tech, Squirrel AI, Khan Academy, 
MATHia, ALEKS, Pearson, Google 
Classroom, Articulate, Canva, Code.org, 
Tynker). International platforms were 
selected based on comparability in terms of 
target audience, digital-native architecture 
and integration of real-time AI adaptivity, 
ensuring meaningful benchmarking between 
local and global implementations. 
The evaluation was based on a weighted 
scoring framework, where each criterion was 
assessed individually and assigned a 
predefined weight according to its relative 
importance in determining overall platform 
performance. The criteria included system 
usability, AI-driven personalization 
capabilities, responsiveness, content 
relevance and overall user experience, 
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structured within the following five 
dimensions. Weighted scores were aggregated 
to compute a composite performance index 
for each platform. To enhance robustness and 
reduce subjectivity, findings were also 
triangulated with official platform 
documentation, peer-reviewed literature and 
OECD reports 
[11],[40],[41],[42],[43],[44],[45] on AI in 
education. 
 
3.2 Evaluation Framework Description 
Building on this theoretical foundation, the 
evaluation criteria were operationalized into 
measurable dimensions reflecting both 
system-level characteristics and user-centered 
outcomes. Accordingly, the evaluation grid 
includes five dimensions, weighted to reflect 
their relative importance:  
 
Table 1. Evaluation Dimensions and Associ-

ated Weights 
Code Dimension Weight 
D1 AI Functionalities 20% 
D2 Learner Adaptivity 25% 
D3 Feedback Quality 20% 
D4 User Experience (UX) 15% 
D5 Transparency 20% 

 
Based on the findings, higher weights were 
assigned to core AI-related functionalities and 
learner adaptivity, as these dimensions are 
considered most critical for capturing the 
intelligence and personalization capabilities 
of the platforms. The remaining criteria were 
allocated to complementary aspects such as 
feedback quality, user experience (UX) and 
transparency, ensuring a balanced and 
comprehensive evaluation framework. The 
results further indicate that system quality and 
user experience significantly shape the overall 
perception of platform performance, while 
technical and functional dimensions play a 
decisive role in determining the overall 
effectiveness and efficiency of the system. 
Each dimension is scored on a scale from 1 
(very low) to 5 (very high). The final score is 
computed using a weighted aggregation 
approach, which ensures a balanced 
assessment of platform performance across 

multiple criteria, allowing each dimension to 
contribute proportionally to the overall 
evaluation according to its relative 
importance: 

Final Score=
" 𝑆𝑐𝑜𝑟𝑒(𝐷𝑖)	𝑥	𝑊𝑒𝑖𝑔ℎ𝑡(𝐷𝑖)!

"#$  
where ScoreDi represents the score assigned to 
dimension Di, and WeightDi represents the 
weight associated with that dimension.  The 
model is designed to be platform-independent, 
emphasizing functional capabilities rather 
than underlying AI architectures. 
 
4 Results 
The analysis reveals that platforms differ 
significantly depending on their pedagogical 
objective. In the following sections, the 
seventeen platforms are classified into six 
typologies derived from the literature and 
their evaluation is conducted based on five 
analytical dimensions. Adaptive learning and 
tutoring systems show the highest AI 
integration, while LMS and content creation 
tools rely less on AI. Romanian platforms tend 
to use AI as a supporting feature rather than a 
core component. International platforms 
demonstrate higher maturity, especially in 
personalization and feedback mechanisms.  

4.1 Adaptive Learning Platforms 
A first major observation is that adaptive 
learning platforms demonstrate the highest 
degree of AI integration and pedagogical 
sophistication. These systems are designed to 
continuously adapt to learner behavior, 
performance patterns and knowledge gaps. 

 
Fig. 1. Performance Comparison of 

Adaptive Learning Platforms 
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As shown in Fig. 1, they consistently achieve 
higher scores in dimensions such as 
personalization (D1), feedback quality (D2) 
and learning adaptability (D3). Platforms such 
as DreamBox, Century Tech and Squirrel AI 
illustrate this trend, where AI is not an 
auxiliary feature but a core architectural 
component of the system. The relatively 
balanced distribution of scores across 
dimensions also suggests a mature and stable 
implementation of adaptive algorithms. 

4.2. Intelligent Tutoring Systems 
Intelligent Tutoring Systems (ITS) show 
strong overall performance, with Khan 
Academy outperforming MATHia in most 
evaluation dimensions, particularly in 
personalization and learning effectiveness. 
Both platforms demonstrate high scores in 
feedback quality, which appears to be the 
strongest and most consistent dimension 
across ITS solutions. 

 
Fig. 2. Comparison of Intelligent Tutor-

ing Systems 

A key observation(Fig. 2) is that feedback 
represents the strongest dimension across ITS 
platforms, highlighting their effectiveness in 
providing immediate and targeted 
instructional support. Additionally, 
Generative AI technologies are increasingly 
enabling more natural and conversational 
interaction, whereas traditional ITS models 
remain more structured and rule-based in their 
learning pathways. 

4.3. Assessment Platforms 
In contrast, assessment platforms show a more 
heterogeneous profile, where AI is primarily 

used for evaluation and feedback rather than 
deep personalization. While platforms like 
ALEKS and Pearson demonstrate relatively 
strong performance, particularly in structured 
feedback mechanisms, others such as Brio 
reflect lower levels of technological 
sophistication and limited adaptive 
capabilities (Fig. 3). 

 
Fig. 3. Multifaceted Evaluation of As-

sessment Platforms 

This indicates that assessment systems are still 
in a transitional phase, evolving from 
traditional testing models toward more 
intelligent, data-driven evaluation 
frameworks. 

4.4. LMS / Management Platforms 
A similar pattern to that observed in 
Assessment Platforms can also be identified in 
Learning Management Systems (LMS), 
where the primary focus remains on usability, 
content organization and administrative 
support rather than AI-driven learning 
enhancement.  
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Fig. 4. In-Depth Multidimensional Anal-
ysis of LMS platforms 

Platforms such as Google Classroom, 
Adservio, and Aula exhibit strong usability 
and accessibility scores (D4 and D5) as shown 
in Fig. 4, but comparatively low AI 
integration across personalization and 
adaptive learning dimensions.  

This confirms that LMS platforms function 
predominantly as infrastructural tools rather 
than intelligent learning systems. 

4.5. Content Creation Platforms 
Content creation platforms represent another 
distinct category, characterized by a strong 
emphasis on user experience and design 
flexibility rather than pedagogical 
intelligence. Tools such as Canva, Articulate 
and LIVRESQ are primarily focused on 
enabling educators to produce digital learning 
materials efficiently.  

  
Fig. 5. Holistic Evaluation of Content 

Creation Platforms 

Fig. 5 highlights that AI functionalities in this 
category are still emerging and are generally 
limited to content assistance or automation 
features, rather than adaptive educational 
decision-making. 

4.6. STEM / Experiential Platforms 
Finally, STEM and experiential learning 
platforms occupy an intermediate position, 
combining elements of engagement, 
interactivity and partial personalization. 
Platforms like Code.org, Tynker and 
NEXTLAB demonstrate moderate AI 

integration, often embedded in gamified 
learning environments or guided problem-
solving activities. However, their AI 
capabilities remain context-specific rather 
than fully adaptive. 

 
Fig. 6. Multi-Dimensional Evaluation of 

STEM platforms 

A cross-category comparison reveals a 
broader pattern: AI maturity is strongly 
correlated with pedagogical intent. Platforms 
designed for individualized learning (adaptive 
systems and ITS) naturally integrate more 
advanced AI techniques, while infrastructural 
or content-focused platforms (LMS and 
content creation tools) prioritize usability and 
scalability over intelligence. Platforms with 
higher scores in AI functionalities and learner 
adaptivity tend to align with higher levels of 
the proposed AI maturity model.  
Another important finding is the regional 
disparity between Romanian and international 
platforms. Romanian solutions tend to 
implement AI as a supporting feature rather 
than a central component of the learning 
architecture. In contrast, international 
platforms demonstrate a higher level of 
maturity in AI-driven personalization, 
continuous feedback loops and learner 
modeling. This suggests not only a 
technological gap but also differences in 
design philosophy and investment in 
educational AI research. 
Overall, the results indicate a clear 
stratification of educational technologies, 
where AI integration varies significantly 
across categories, reflecting both pedagogical 
objectives and ecosystem maturity. This 
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multidimensional evaluation framework 
highlights the transition from traditional 
digital learning environments toward more 
intelligent, adaptive educational systems. 
 
5 Discussions 
This study aims to compare AI integration 
strategies in EdTech platforms, with a focus 
on identifying architectural patterns, 
performance trade-offs and strategic gaps 
between Romanian and international 
solutions. Using a multi-criteria evaluation 
framework, the research provides a structured 
assessment of how varying levels of AI 
integration influence learner adaptivity, 
feedback mechanisms, transparency and 
overall platform performance. Based on the 
empirical findings, the following responses to 
the initial research questions (RQs) are 
advanced: 
Answer to RQ1: How does the complexity of 
AI architecture influence transparency and 
data governance? 
The findings reveal a structural trade-off 
between algorithmic sophistication (D1) and 
system transparency (D5). Platforms built on 
advanced AI architectures, such as Intelligent 
Tutoring Systems (ITS) and large-scale neural 
networks (e.g., Squirrel AI, DreamBox), 
enable high levels of adaptive intelligence but 
tend to operate as opaque “black-box” 
systems, limiting explainability. In contrast, 
LMS and content creation platforms (e.g., 
Google Classroom, Canva) maintain higher 
transparency by restricting AI to assistive 
roles and preserving user control over data. 
This suggests that AI innovation currently 
outpaces the development of explainability 
and governance frameworks. 
Answer to RQ2: How does system design, 
particularly feedback mechanisms, shape the 
learner–AI relationship and the risk of 
cognitive dependency? 
The results highlight a shift toward dialogue-
driven feedback models. Platforms integrating 
Generative AI (e.g., Khanmigo) use large 
language models (LLMs) to provide guided 
questioning rather than direct answers, 
supporting active learning processes. This 
design redefines AI as a cognitive partner 

rather than a solution provider, fostering 
engagement while reducing the risk of 
dependency. 
However, some findings suggest that these 
benefits are highly dependent on pedagogical 
design. While GenAI can improve 
performance in immediate tasks, this does not 
always translate into durable learning when 
AI support is removed, indicating potential 
risks of externalized cognition, reduced 
metacognitive effort and “false mastery”; 
where perceived understanding exceeds actual 
competence [45]. 
Answer to RQ3: What is the strategic gap 
between local (Romanian) platforms and 
global leaders in AI adoption? 
The comparative analysis indicates a 
fundamental difference in how AI is 
positioned within platform architectures. 
Global leaders (e.g., DreamBox, Khanmigo) 
adopt an AI-centric approach, where artificial 
intelligence acts as the core engine enabling 
dynamic, data-driven learning pathways. In 
contrast, Romanian platforms primarily 
integrate AI as an auxiliary layer within 
traditional LMS or content authoring systems 
(e.g., Adservio, LIVRESQ). While this 
approach supports usability and gradual 
adoption, it limits the development of fully 
adaptive learning environments, highlighting 
a significant strategic gap. 

 
Fig. 7. Relationship between AI com-

plexity (D1) and transparency (D5) 

The figure 7 above highlights an inverse 
relationship between AI complexity (D1) and 
the level of transparency (D5), confirming the 
existence of a structural trade-off between 
performance and explainability. Platforms 
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with high D1 scores (such as DreamBox, 
Squirrel AI and Khan Academy) tend to 
exhibit lower levels of transparency, 
suggesting the use of complex “black-box” 
models. In contrast, platforms with lower 
levels of AI integration (such as Google 
Classroom and Canva), demonstrate higher 

transparency scores, due to greater user 
control over decision-making processes. 
These findings support concerns raised by the 
OECD regarding the limited transparency of 
AI-based systems and emphasize the need for 
the development of explainable AI (XAI) 
mechanisms. 

 
Fig. 8. Relationship between AI complexity (D1) and personalization (D2) 

The figure below illustrates the relationship 
between AI complexity (D1) and the level of 
learner adaptivity (D2), revealing a strong 
positive correlation. In this context, platforms 
with a high degree of AI integration 
demonstrate advanced adaptive capabilities, 
dynamically adjusting both content and 
learning pathways in real time. 

 
Fig. 9. Comparison between Romanian 

and international platforms (D1–D3) 

This pattern is particularly evident in adaptive 
learning platforms (e.g., DreamBox, Century 

Tech), which achieve top scores across both 
dimensions. 
Conversely, platforms with limited AI 
integration exhibit lower levels of adaptivity, 
reinforcing the central role of AI technologies 
in enabling truly adaptive and data-driven 
educational systems. 

 
Fig. 10. Heatmap of platform scores 

across evaluation dimensions 



Informatica Economică vol. 30, no. 3/2026  77 

 

Subsequently, a comparison of the average 
scores between Romanian and international 
platforms was conducted. As illustrated in the 
figure no. 9 above, the results reveal a clear 
gap in terms of AI integration (D1), learner 
adaptivity (D2) and feedback quality (D3). 
International platforms consistently achieve 
significantly higher scores, reflecting greater 
technological maturity and a deeper 
integration of AI into educational processes. 
In contrast, Romanian platforms, while 
performing well in terms of user experience 
and functional integration, tend to incorporate 
AI primarily as a supporting feature rather 
than a core component. These findings 
confirm the existence of a strategic gap in AI 
adoption and highlight important 
opportunities for development, particularly in 
advancing data-driven adaptive learning 
capabilities. 
The heatmap from figure 10 provides a 
comprehensive overview of score distribution 
across all evaluated dimensions, revealing 
distinct patterns across different categories of 
EdTech platforms. Adaptive learning systems 
and intelligent tutoring platforms consistently 
achieve high scores across dimensions D1–D3 
(AI functionalities, learner adaptivity and 
feedback quality), highlighting the central role 
of AI in shaping their core functionality and 
learning processes. These platforms leverage 
advanced AI architectures to deliver dynamic, 
data-driven learning experiences and 
personalized feedback loops.  
In contrast, LMS and content creation 
platforms tend to score higher on user 
experience (D4), reflecting their focus on 
usability, accessibility and interface design. 
However, they exhibit lower performance on 
AI-related dimensions, indicating a more 
limited or auxiliary use of artificial 
intelligence, primarily in support rather than 
as a core driver of the system. 
Overall, these patterns reinforce the proposed 
classification of EdTech platforms and 
demonstrate that pedagogical objectives and 
platform design priorities directly influence 
both the level and the role of AI integration. 
This finding highlights the existence of 
differentiated development strategies within 

the EdTech ecosystem, ranging from AI-
centric architectures to UX-driven platforms 
with limited AI involvement. 
 
6 Conclusions 
The findings of this study suggest that 
educational platforms should not be 
interpreted through a simplistic performance 
hierarchy based on better or less advanced 
systems. Instead, they should be understood as 
belonging to fundamentally different 
pedagogical and technological paradigms. 
Each category of platform is designed with 
distinct instructional objectives, which 
directly influence both the depth and type of 
AI integration. 
In this context, a key insight emerging from 
the analysis is that there is a direct correlation 
between the pedagogical role of a platform 
and the nature of AI technologies it employs. 
Platforms focused on adaptive learning and 
individualized instruction tend to integrate 
advanced AI techniques such as learner 
modeling, predictive analytics and dynamic 
content adaptation. Conversely, Learning 
Management Systems (LMS) and content 
creation tools primarily rely on AI for 
supportive or auxiliary functions (such as: 
automation, recommendation or content 
assistance), rather than deep personalization 
or autonomous decision-making. This 
distinction highlights the fact that AI adoption 
in education is not uniform, but structurally 
dependent on instructional purpose. 
Future research could extend this study by 
validating the proposed multidimensional 
evaluation framework on a larger and more 
diverse set of educational platforms, including 
emerging and region-specific EdTech 
solutions. Empirical validation through group 
testing could also be conducted to assess the 
model’s practical applicability in real 
educational contexts, improving its robustness 
and generalizability. In addition, future work 
could incorporate longitudinal analysis to 
examine the evolution of AI capabilities over 
time, particularly in the context of rapidly 
advancing Generative AI technologies. The 
AI classification framework could also be 
refined through deeper technical distinctions, 



78  Informatica Economică vol. 30, no. 3/2026 

 

while further alignment with international 
standards and policy frameworks would 
enhance its relevance for educational 
decision-making. 
The evolution of EdTech reflects a deeper 
transformation of education itself, one that 
moves from standardized instruction toward 
personalized, lifelong learning ecosystems. 
Ensuring that this transformation remains 
human-centered, ethically grounded and 
pedagogically sound represents one of the 
defining challenges of contemporary 
education. 
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