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Resumen  
 

El estudio tuvo como objetivo desarrollar un modelo conceptual de tres niveles 
de un sistema automatizado de evaluación del conocimiento basado en IA y 
proporcionar evidencia empírica sobre su desempeño en un contexto de 
educación superior. Para ello, se utilizó un diseño cuasiexperimental (pretest-
postest) con la participación de 250 estudiantes de especialidades de 
humanidades (licenciatura: n = 163; maestría: n = 87). El conjunto de 
herramientas consistió en formas paralelas de la prueba de rendimiento 
académico (40 tareas, α = 0,83), una escala TAM adaptada. Para el análisis, se 
utilizaron la prueba t pareada, el análisis factorial confirmatorio, la regresión 
múltiple jerárquica y el análisis de dominancia. Los estudiantes demostraron un 
mayor rendimiento académico en el postest tras la implementación del modelo 
AKS. El análisis mostró una jerarquía de importancia relativa de los niveles                     
(R² = ,61): nivel semántico-discursivo (50,8 %) > retroalimentación 
personalizada (31,1 %) > sintáctico-formal (18,1 %). Los estudiantes percibieron 
positivamente el sistema en todas las dimensiones del TAM: PU = 3,91,                    
PEOU = 3,67, OS = 3,78. Por lo tanto, la jerarquía de predictores se convirtió 
en una recomendación importante para los desarrolladores del ASZ con 
respecto a la prioridad de las inversiones en el nivel semántico. Los hallazgos 
sugieren que una estrategia de implementación por fases puede representar un 
enfoque pedagógicamente prometedor. Los resultados son relevantes para las 
instituciones de educación superior que operan en formato a distancia o 
semipresencial. 
 
Palabras clave: evaluación automatizada del estudiante; análisis de 
dominancia; educación superior; analítica del aprendizaje; retroalimentación 
personalizada. 
.    

Abstract 
 
The study aimed to develop a three-level conceptual model of an AI-based 
automated knowledge assessment system and to provide empirical evidence 
regarding its performance within a higher education context. For this purpose, a 
quasi-experimental design (pretest–posttest) was used with the participation of 
250 students of humanities specialties (bachelor's: n = 163; master's: n = 87). 
The toolkit consisted of parallel forms of the academic achievement test                          
(40 tasks, α = 0.83), an adapted TAM scale. For analysis, paired t-test, 
confirmatory factor analysis, hierarchical multiple regression and dominance 
analysis were used. Students demonstrated higher post-test academic 
achievement following implementation of the AKS model. The analysis showed 
a hierarchy of relative importance of levels (R² = .61): semantic-discursive level 
(50.8%) > personalized feedback (31.1%) > syntactic-formal (18.1%). Students 
positively perceived the system on all TAM dimensions: PU = 3.91,                               
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PEOU = 3.67, OS = 3.78. Therefore, the hierarchy of predictors became an 
important recommendation for developers of the ASZ regarding the priority of 
investments in the semantic level. The findings suggest that a phased 
implementation strategy may represent a pedagogically promising approach. 
The results are relevant for higher education institutions operating in a distance 
or blended format. 
 
Keywords: automated student assessment; dominance analysis; higher 
education; learning analytics; personalized feedback. 

 

Introduction 
 

The massive digitalization of the educational process has influenced changes in 
approaches to assessing educational achievements. Traditional forms of knowledge 
control, for example, exams, tests, and written works, have given way to automated 
tools that can check the correctness of answers and analyze the cognitive 
trajectories of students in real time. For this reason, the issue of developing and 
implementing automated knowledge assessment systems (AKS) based on artificial 
intelligence has become particularly relevant for modern pedagogical science and 
educational practice. 
 
The scale of the problem is determined by several interrelated factors. First, 
according to UNESCO (2023), more than 220 million students around the world 
study in partial or full distance learning. In addition, the chronic overload of scientific 
and pedagogical personnel in higher educational institutions in the conditions of 
mass education has made it impossible to provide high-quality and timely feedback 
on each student's work. It should also be taken into account that traditional 
assessment methods have become methodologically limited, in particular, they take 
into account only the final result and do not pay attention to the thinking process and 
the dynamics of the formation of competencies  (Fajardo-Ramos et al., 2025). 
 
Therefore, taking into account these three problems: scale, resource limitations and 
methodological insufficiency, there is a demand for artificial intelligence as an 
important tool for the transformation of assessment. 
 
Modern AESs are based on a wide range of technologies: automated essay scoring 
(AES), adaptive computer testing (Computerized Adaptive Testing, CAT), plagiarism 
detection systems with elements of semantic analysis and predictive learning 
analytics platforms. An important core of all these areas were the methods of 
machine learning and natural language processing (NLP), which made it possible to 
move from formal verification of facts to recognition of semantic structures in the 
answers provided by students. 
 
It is also worth considering that the problem of automated assessment has become 
particularly relevant in Ukraine, where the reform of the higher education system in 
accordance with the standards of the Bologna Process was carried out together with 
adaptation to the conditions of martial law and the transition of higher education 
institutions to a hybrid format. 
 
Despite the array of publications on related topics, the research space in this area 
is heterogeneous. In particular, the existing works mainly concern purely technical 
aspects of algorithm development. The rest are based on pedagogical principles of 
assessment. Accordingly, the combination of both dimensions is insufficiently 
represented in modern science. The scientific novelty of the proposed study is 
determined by the original conceptual model of AKS, which integrates three levels 
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of intellectualization: the level of automatic verification, the level of semantic 
analysis, and the level of personalized feedback. 
 
Therefore, the study aimed to develop and provide preliminary empirical support for 
a three-level conceptual model of an automated knowledge assessment system 
(AKS) based on artificial intelligence, which consisted of syntactic-formal verification, 
semantic-discursive analysis and personalized feedback generation. The research 
questions are as follows: 
 
DP1. To what extent does the proposed three-level AKS model provide empirical 
evidence supporting construct and criterion validity when compared with 
independent human expert assessments across different academic disciplines? 
DP2. To what extent were changes in students' academic achievement associated 
with the implementation of the personalized feedback component of the proposed 
AKS model? 
DP3. What is the assessment of students' perceived usefulness, ease of use and 
overall satisfaction with the AKS model at each of the three levels of 
intellectualization, and what factors moderate these perceptions? 
DP4. What is the relative contribution of each level of the model—syntactic-formal, 
semantic-discursive, and personalized feedback—to the overall predictive validity of 
the system? 
 
Theoretical Framework or Literature Review 
 
Artificial Intelligence in Higher Education and Assessment Systems 
 
Modern research on artificial intelligence in higher education has indicated a notable 
shift from the use of individual digital tools to the construction of intelligent 
educational ecosystems. For example, modern systematic reviews                          
(Basilotta-Gómez-Pablos et al., 2022; Durso & Arruda, 2022) have determined that 
the process of integrating AI has depended on the level of digital competences of 
teachers and the ability of institutions to adapt pedagogical models to new 
technological conditions.  
 
Separately, studies by Dung et al. (2026) and Fernandes et al. (2026) have indicated 
that there is a noticeable connection between AI, data management and the quality 
of education. These statements have become important for automated assessment 
systems. However, these studies have been mainly overview and theoretical. 
 
At the same time, the use of AI has been defined as a tool for achieving strategic 
educational goals. In particular, the authors emphasized that AI enables 
sustainability and accessibility (Leal Filho et al., 2024). In addition, conceptual 
models (Lourenço & Valente, 2026) have identified AI as the basis for the 
transformation of learning, assessment, and academic support within the Education 
4.0 paradigm. For this reason, automated knowledge assessment systems (AKS) 
have become important components of the intellectualization of the educational 
process. Early developments (Ferreira et al., 2017) focused on dynamic knowledge 
assessment within adaptive systems. At the same time, it is worth noting that more 
recent studies have pointed to the importance of integrating assessment with 
competency-based recommender systems. 
 
In addition, educational risk prediction models (Martinho et al., 2013) have pointed 
to the important potential of AI for analyzing educational outcomes based on big 
data. However, most of these studies are conceptual and systematic reviews in 
methodological terms. Only a small number of researchers have been involved in 
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empirically testing this issue. This situation determined the importance of conducting 
this study. 
 
Semantic Processing, Feedback, and Personalization in AI-Based Assessment 
 
Recent studies have drawn attention to the transition from formal-syntactic 
assessment to semantic analysis of educational outcomes. For example, the work 
of Dos Santos et al. (2026) pointed to the effectiveness of NLP and text mining in 
structuring knowledge. These findings have become important for the assessment 
of open-ended responses. In addition, Lima et al. (2026) and Dos Santos et al. 
(2026) showed that AI made it possible to analyze complex educational outcomes. 
In particular, the authors analyzed different competencies and behavioral patterns 
of students. 
 
Automated feedback played a special role. In particular, Guardia-Paniura et al. 
(2026) proved that AI-generated feedback became effective under the condition of 
personalization and pedagogical relevance. It is worth noting that                               
Deroncele-Acosta et al. (2025) pointed out the importance of digitalization and AI for 
the development of transversal competencies. In addition, Aquino (2026) and Byrka 
et al. (2024) pointed out the need to combine algorithmic efficiency with the 
principles of critical pedagogy, in particular, preserving the subjectivity of the 
student. 
 
Thus, modern research has determined that effective assessment systems should 
integrate three components: 1. formal verification; 2. semantic understanding; 3. 
personalized feedback. 
 
However, despite the significant amount of research, there are several significant 
gaps. In particular, as noted above, most of the work was conceptual in nature. In 
addition, many works focus on individual technological solutions without integrating 
them into a single system.  
 
There is also a lack of empirical research that would assess the relative contribution 
of different components of automated assessment systems to learning outcomes. In 
addition, there is limited research on the relationship between system architecture 
and student perception within TAM-type models. This determined the need to 
develop a hierarchical model of AKS that integrated different levels of 
intellectualization and was empirically tested. 
 
Methodology 
 
Research design 
 
The study was conducted within the framework of a quantitative research paradigm 
using a quasi-experimental design “before — after” (one-group pretest–posttest 
design). According to the classification of modern scientists, such a design will allow 
maintaining internal validity when studying the effects of educational intervention 
under the conditions of impossibility of randomized distribution of participants. The 
unit of analysis was the individual educational interaction of a student with each of 
the three levels of the AKS model during one semester cycle. 
 
The research process is structured into four consecutive phases: 1. diagnostic 
phase: at this stage, a pre-test was conducted and demographic data was collected; 
2. intervention phase: at this stage, the three-level AKS model was introduced into 
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the educational process for eight weeks; 3. final phase: post-test and questionnaire 
on the perception scale; 4. analytical phase: statistical data processing and 
verification of the conceptual model. 
 
Participants and sampling procedure 
 
The study involved students of mixed majors at higher education institutions in 
Ukraine. The sample was formed based on purposive selection in compliance with 
the relevant inclusion criteria: 1. status of a first (bachelor's) or second (master's) 
level higher education student in the humanitarian field (humanitarian field 
(philology, history, psychology, pedagogy, philosophy, journalism, law and social 
sciences, mathematics & computer science education; 2. experience working with 
digital educational platforms for at least one academic year; 3. voluntary informed 
consent to participate in the study. Exclusion criteria included: incomplete 
completion of the instrument (more than 10% of missing values), participation in 
parallel studies of a similar profile, a break in studies during the intervention phase. 
 
The total sample size was 250 participants. The calculation of the minimum required 
sample size was carried out using the Cohen formula for a paired t-test with the 
given parameters: statistical significance level α = 0.05, power criterion                                       
(1 − β) = 0.80, and expected effect size d = 0.50 (average). The calculated minimum 
is n = 199; the involvement of 250 participants provided a sufficient reserve for 
possible data screening. The demographic profile of the sample is presented in 
Table 1. 
 
Table 1.  
Demographic characteristics of the study sample (N = 250) 

 
Variable Category n % 

Gender Female 171 68.4 

Male 79 31.6 

Age 18–21 years 102 40.8 

22–25 years 109 43.6 

26 years and older 39 15.6 

Academic level Bachelor's degree (Years 1–4) 163 65.2 

Master's degree (Years 5–6) 87 34.8 

Year of study Year 1 48 19.2 

Year 2–3 68 27.2 

Year 4 47 18.8 

Year 5–6 (Master's) 87 34.8 

Field of study 
(ISCED-F 2013) 

Philology & Linguistics 67 26.8 

Psychology & Education 58 23.2 

History & Philosophy 45 18.0 

Journalism & Communication 41 16.4 

Law & Social Sciences 24 9.6 

Mathematics & Computer Science Education 15 6.0 

Prior digital 
assessment experience 

No experience 54 21.6 

Occasional use (1–2 platforms) 124 49.6 

Regular use (3+ platforms) 72 28.8 

Prior AI tool experience No experience 71 28.4 

Occasional use 126 50.4 

Regular use 53 21.2 

Total 
 

250 100.0 
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Instruments and Procedure 
 
The research instrument integrated several measurement blocks that made it 
possible to operationalize all four research questions. 
 
Block 1 — Academic Achievement Test. To measure cognitive outcomes, parallel 
test forms (pre-test / post-test) were developed, consisting of 40 tasks of three types: 
tasks with the choice of one correct answer (n = 20), tasks to establish 
correspondence (n = 10), and open-ended tasks with a detailed written response                   
(n = 10). The open-ended tasks were focused on the specifics of humanitarian 
discourse — argumentation, interpretation of primary sources, and critical analysis 
— which ensures the content relevance of the instrument to the studied population. 
The parallelism of the forms was verified on a pilot sample (n = 45): r = 0.87                               
(p < 0.001); internal consistency was confirmed by Cronbach's α = 0.83. 
 
Although the academic achievement test demonstrated satisfactory psychometric 
properties (r = 0.87; α = 0.83), it was specifically developed for the purposes of this 
study. Consequently, a potential alignment bias between the assessment instrument 
and the conceptual architecture of the proposed AKS model cannot be completely 
excluded. To minimize this risk, parallel test forms, independent expert evaluation, 
and comparison with human-rater scores were employed. Nevertheless, future 
research should validate the proposed model using standardized or independently 
developed assessment instruments to strengthen external validity. 
 
Block 2 — Combined Technology Perception Scale. Students’ perception of the 
system was measured using an adapted scale that integrated three subscales:                    
(a) “perceived usefulness” (PU; 6 items); (b) “perceived ease of use” (PEOU;                        
6 items); (c) “overall satisfaction” (OS; 4 items). Responses were recorded on a five-
point Likert scale (1 — “strongly disagree”, 5 — “strongly agree”). The psychometric 
properties of the adapted scale were tested using the confirmatory factor analysis 
(CFA) method: CFI = 0.96, RMSEA = 0.048, SRMR = 0.051, which met the criteria 
for acceptable model fit (Hu & Bentler, 1999). Subscale reliability: α(PU) = 0.87, 
α(PEOU) = 0.84, α(OS) = 0.81. 
 
Block 3 — Author's questionnaire. To collect additional qualitative and contextual 
data, a special author's questionnaire of 18 items was compiled, which included: 
experience of previous interaction with digital assessment tools (5 items), subjective 
assessment of the quality of feedback at each level of the AKS (9 items on the Likert 
scale), and open-ended questions about barriers and benefits of using the system 
(4 items). The content validity of the questionnaire was confirmed based on the 
expert evaluation method (n = 7 experts in the field of educational technologies and 
humanitarian didactics; content validity index CVI = 0.91). 
 
Implementation of the artificial intelligence system (AI System Implementation) 
 
The developed automated knowledge assessment system (Automated Knowledge 
Assessment System, AKS) is implemented as a modular three-level architecture. In 
it, each functional level performed separate analytical tasks and sequentially 
transferred the results to the next system component. Such an architecture made it 
possible to make a phased transition from formal verification of students' answers to 
semantic analysis of content and generation of personalized pedagogical feedback. 
 
The first level (Tier 1 – Syntactic-Formal Verification) was responsible for automated 
formal-syntactic verification of student works. At this stage, algorithms based on 
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rules (rule-based approach) were used, which analyzed spelling correctness, 
syntactic structure, text formatting, completeness of answers and compliance with 
the established requirements of the task. Pre-processing of texts included 
tokenization, lemmatization, Part-of-Speech tagging, and Regular Expressions to 
detect typical structural errors. This level was to ensure high accuracy of automatic 
verification of formal characteristics of written responses before conducting a deeper 
semantic analysis. The second level (Tier 2 – Semantic-Discursive Analysis) 
implemented an intelligent analysis of the content of students’ responses using 
modern methods of Natural Language Processing (NLP). To form semantic 
representations of the text, pre-trained transformative language models of the 
BERT/RoBERTa family were used, which provided the generation of context-
dependent embeddings of student responses. The similarity between the student’s 
response and the reference responses was determined using the cosine similarity 
measure. In addition to assessing semantic correspondence, the system analyzed 
the discursive organization of the text, the logical sequence of argumentation, 
conceptual coherence, and compliance with the criteria of the evaluation rubric. For 
this, elements of Rhetorical Structure Theory (RST) and automated comparison of 
the content of the answer were used. 
 
The third level (Tier 3 – Personalized Feedback Generation) provided automatic 
formation of individualized pedagogical feedback. The generation of 
recommendations was based on Retrieval-Augmented Generation (RAG). This 
involved analyzing the results of previous levels with the student's educational 
activity profile. The profile included the results of previous assessments, typical 
errors, the level of formation of individual competencies, and the history of 
completing educational tasks. Based on the integrated information, the system 
formed personalized recommendations regarding the strengths of the answer, 
identified shortcomings, possible ways to eliminate them, and further educational 
actions. At the same time, the final assessment remained available for verification 
by the teacher. 
 
The integration of the three levels was carried out through a single modular 
architecture, in which the results of each previous stage were automatically 
transferred to the next module. The formal characteristics of the response obtained 
at the first level were used during semantic analysis, and the results of the semantic 
assessment together with the student's learning profile formed the basis for 
generating personalized feedback. 
 
The study used pre-trained general-purpose language models without additional full-
scale fine-tuning on specialized subject corpora. This provided an opportunity to test 
the proposed conceptual architecture in the conditions of using available modern 
language models. 
 
Research procedure 
 
The research procedure was carried out according to the quasi-experimental design 
“before — after” and consisted of four consecutive phases. The total study lasted 12 
weeks. Each phase was defined by separate tasks, data collection tools and 
measurement points. 
 
In the first, diagnostic phase (weeks 1–2), the primary measurement of dependent 
variables was carried out: students completed a pre-test of academic achievements 
(40 tasks) and filled out an author’s questionnaire on their previous experience of 
interaction with digital assessment tools. 
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In the next phase - intervention (weeks 3–10) - the sequential implementation of 
three levels of the AKS model into the natural educational process of the participants 
is provided. Each level was activated in stages with an interval of two weeks: Tier 1 
(syntactic-formal verification) - weeks 3–4; Tier 2 (semantic-discursive analysis) - 
weeks 5–6; Tier 3 (personalized feedback) — weeks 7–8; integrated use of all three 
levels — weeks 9–10. 
 
Thus, the model of the automated knowledge assessment system, which is verified 
in this study, is based on the principles of hierarchical architecture of 
intellectualization. In particular, each subsequent level is built on the previous one 
and expands the analytical capabilities of the system from formal-syntactic 
verification to semantic understanding. The theoretical basis of the model is: 
adaptive learning theory, psychometric theory of task response, architecture of 
transformative language models and Technology Acceptance Model. The full 
specification of the model is given in Table 2. 
 
Table 2.  
Conceptual model of the AI-based Automated Student Assessment System 

 
Tier / Level Theoretical 

basis 
Core construct Input data Algorithmic 

mechanism 
Outcome 
indicator 

Tier 1 Syntactic-Formal Verification 

Formal and 
syntactic 
control 

Rule-based 
systems; 
classical NLP 

Structural 
accuracy; lexical 
conformity; 
format 
compliance 

Raw student 
text; 
submission 
metadata; 
formatting 
parameters 

Regex parsingPOS 
taggingSpell-check 
pipelineGrammar 
rules 

Accuracy Rate 
(AR) 
False Positive 
Rate (FPR) 
Cohen's κ (inter-
rater) 
Processing time 
(ms) 

Tier 2 Semantic-Discursive Analysis 

Semantic-
discursive 
analysis 

Distributional 
semantics; 
IRT, discourse 
theory  

Conceptual 
coherence; 
argumentation 
quality; semantic 
depth; 
disciplinary 
relevance 

Tier 1 verified 
text; reference 
answer 
vectors; rubric 
ontology 

BERT / RoBERTa 
embeddingsCosine 
similarityRST 
discourse 
parsingRubric 
alignment scoring 

Semantic 
Alignment Score 
(SAS) 
Criterion validity 
(r vs expert) 
F1-score (per 
rubric criterion) 
Discourse 
coherence index 

Tier 3 Personalized Feedback Generation 

Personalized 
feedback 

Adaptive 
learning, self-
regulated 
learning  

Feedback 
relevance; 
individualization 
degree; learning 
gain attribution; 
scaffolding 
adequacy 

Tier 1 + Tier 2 
outputs; 
student 
learning 
profile; 
historical 
performance 
data 

RAG (Retrieval-
Augmented 
Generation) 
Student profile 
modellingAdaptive 
scaffolding 
logicLLM-based 
generation 

Perceived 
Usefulness — 
PU (TAM) 
Perceived Ease 
of Use — PEOU 
(TAM) 
Overall 
Satisfaction — 
OS 
Learning gain 

Integrated AKS results Holistic student competency profile; 
longitudinal learning trajectory; 
predictive performance score 

Ensemble 
scoringLongitudina
l profiling 

Predictive 
validity (R²); 
overall system 
accuracy; 
student learning 
outcome (post-
test score) 

 
The final phase (weeks 11–12) involved conducting a post-test of academic 
achievement (parallel form to the pre-test, r = 0.87), completing the adapted TAM 
scale (PU, PEOU, OS) and the open part of the author's questionnaire. The 
analytical phase was carried out outside the interaction with the participants (See 
Table 3). 
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Table 3.  
Research procedure aligned with the three-tier AKS model 

 
Phase Timeline AKS tier 

activated 
Key activities Data collection 

instrument 
Measurement 

point 

Phase 1 
Diagnostic 

Weeks 1–2 — (baseline) Informed consent; 
demographic survey; 
baseline knowledge 
assessment; prior 
experience 
questionnaire 

Pre-test (40 items); 
Demographic form; 
Author's 
questionnaire (Block 
3, items 1–5) 

T0 — baseline 
measurement 

Phase 2 
Intervention 

Weeks 3–4 Tier 1 
Syntactic-
Formal 

Automated syntax 
and format checking 
of written 
assignments; error 
flagging; rule-based 
feedback delivery 

System accuracy 
logs; Author's 
questionnaire (Block 
3, items 6–8) 

T1 — Tier 1 
exit 
measurement 

Weeks 5–6 Tier 2 
Semantic-
Discursive 

Semantic coherence 
and argumentation 
analysis via BERT 
embeddings; cosine 
similarity scoring; 
comparison with 
expert ratings 

Semantic alignment 
scores (SAS); Expert 
rater sheets; Author's 
questionnaire (Block 
3, items 9–11) 

T2 — Tier 2 
exit 
measurement 

Weeks 7–8 Tier 3 
Personalized 
Feedback 

RAG-based 
individualized 
feedback generation; 
adaptive scaffolding; 
student learning 
profile updating 

Feedback quality 
logs; TAM subscale 
(PU, PEOU); Author's 
questionnaire (Block 
3, items 12–14) 

T3 — Tier 3 
exit 
measurement 

Weeks 9–10 Tiers 1+2+3 
Integrated use 

Full-system 
interaction across all 
three tiers 
simultaneously; 
naturalistic 
assessment 
conditions 

Integrated system 
logs; Overall 
Satisfaction subscale 
(OS) 

T4 — 
integrated 
system 
measurement 

Phase 3 
Post-
intervention 

Weeks 11–
12 

— 
(assessment) 

Post-test 
administration; full 
TAM scale 
completion; open-
ended questionnaire 
on perceived barriers 
and affordances 

Post-test (40 parallel 
items); TAM scale 
(PU + PEOU + OS); 
Author's 
questionnaire (Block 
3, items 15–18) 

T5 — final 
outcome 
measurement 

Phase 4 
Analytical 

Post week 
12 

— (analysis) Statistical analysis 
(paired t-test, CFA, 
regression, 
dominance analysis); 
model evaluation; 
manuscript 
preparation 

R software (v. 4.3.2); 
packages: lavaan, 
psych, effectsize 

T0→T5 — 
longitudinal 
comparison 

Total duration 12 weeks (+ analytical phase) 6 measurement points (T0–T5) 

 
Data analysis 
 
Statistical analysis was implemented using the R software environment (version 
4.3.2; R Core Team). The general analysis strategy was based on the hierarchical 
structure of the research questions and included four consecutive stages: testing 
statistical assumptions, descriptive statistics, hypothesis testing, and model 
structure analysis. For each statistical test, the significance level α = 0.05 was set; 
for multiple comparisons, the Bonferroni correction was applied. 
 
Before conducting the main statistical analysis, the relevant assumptions for each 
method were checked. The normality of the distribution of differences between pre-
test and post-test indicators was assessed using the Shapiro-Wilk test; if the 
distribution was non-normal (p < 0.05), the nonparametric Wilcoxon test for 
dependent samples was used as an alternative. The Levene test checked the 
homogeneity of variances between subgroups. For regression models, 
multicollinearity of predictors (VIF < 10), independence of residuals (Durbin-Watson 
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test) and homoscedasticity (Breusch-Pagan test) were diagnosed. 
 
Pearson correlation coefficients and Cohen's kappa were calculated to examine the 
degree of agreement between the system's output and the independent expert 
ratings. These analyses were intended to provide empirical evidence for criterion 
validity, rather than definitive validation of the proposed model.  The paired t-test 
method was also used with the establishment of practical significance based on 
Cohen's d effect size; in case of deviation from normality, a non-parametric 
alternative is provided - the Wilcoxon test for dependent samples. The structure of 
students' perception of technology (DP3) was determined on the basis of 
confirmatory factor analysis (CFA) with an assessment of the model's adequacy by 
the CFI, RMSEA and SRMR indices. The relative contribution of each level of the 
AKS model to the predictive validity (DP4) was established by the dominance 
analysis method. For this purpose, the hierarchical multiple regression method was 
also used. 
 
Results and Discussion 
 
Before conducting statistical analysis, the data were checked for compliance with 
statistical assumptions, which is a prerequisite for the correct application of 
parametric methods in quasi-experimental studies. The normality of the distribution 
of the main variables was checked using the Shapiro-Wilk test: the distribution of 
pre-test (W = 0.98, p = .112) and post-test (W = 0.97, p = .089) scores did not deviate 
significantly from normal. In addition, the asymmetry and kurtosis indicators for both 
variables were within acceptable limits. The homogeneity of variances between 
subgroups (bachelor's vs master's; different specialties) was confirmed using the 
Levene test (p > .05 for all comparisons), which allows the use of parametric tests 
without Welch's correction. 
 
Descriptive statistics for all key study variables are presented in Table 4. The mean 
score of students on the pre-test was M = 58.3 (SD = 11.4). This corresponded to a 
level below the mean relative to the maximum possible score (100 points) and 
indicated room for learning growth. In addition, the standard deviation on the pre-
test (SD = 11.4) exceeded the similar indicator on the post-test (SD = 10.8). This 
indicates the leveling of students' learning outcomes in the process of interaction 
with the AKS - an effect known in the literature as "narrowing of variance in learning". 
The mean scores of the TAM subscales - perceived usefulness (PU = 3.91,                              
SD = 0.74), perceived ease of use (PEOU = 3.67, SD = 0.81) and overall satisfaction 
(OS = 3.78, SD = 0.77) exceeded the neutral value of the scale (3.0). These data 
indicated a positive perception of the system by the study participants. 
 
Analysis of minimum and maximum values indicated variability in academic 
achievement before (min = 28, max = 89) and after (min = 38, max = 98) the 
intervention. This determined the feasibility of investigating the moderating effect of 
demographic variables. The score gain indicator (Δ) indicated significant individual 
variation (SD = 6.7; min = −4; max = +34). 
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Table 4.  
Descriptive statistics for pre-test, post-test, and TAM subscale scores (N = 250) 

 
Variable M SD Mdn Min Max Skew Kurt α 

Pre-test score 58.3 11.4 57.0 28 89 0.21 −0.34 0.83 

Post-test score 71.6 10.8 72.0 38 98 −0.18 −0.27 0.83 

Score gain (Δ) 13.3 6.7 13.0 −4 34 0.09 0.11 — 

PU — Perceived 
Usefulness 

3.91 0.74 4.00 1.5 5.0 −0.43 0.18 0.87 

PEOU — Perceived Ease 
of Use 

3.67 0.81 3.67 1.3 5.0 −0.31 −0.09 0.84 

OS — Overall Satisfaction 3.78 0.77 3.75 1.5 5.0 −0.38 0.14 0.81 

Semantic Alignment Score 
(SAS) 

0.74 0.11 0.75 0.41 0.97 −0.22 0.07 — 

Note. M = mean; SD = standard deviation; Mdn = median; Skew = skewness; Kurt 
= excess kurtosis; α = Cronbach's alpha. PU, PEOU, OS were measured on a                   
5-point Likert scale. SAS = Semantic Alignment Score (cosine similarity, range                
0–1). Pre- and post-test scores expressed as percentage of maximum (100 points). 
Score gain (Δ) = post-test minus pre-test. 
 
To determine the differential impact of the intervention depending on the academic 
specialty, a comparative bar chart (Figure 1) was formed, which was based on the 
mean pre-test and post-test scores for each of the five humanities disciplines 
represented in the sample. Thus, the positive dynamics of academic achievement is 
noticeable in all groups without exception, but its intensity varied. The greatest 
increase was recorded among students of the specialties "Philology and Linguistics" 
(Δ = 14.8 points) and "Journalism and Communications" (Δ = 14.2 points). At the 
same time, the smallest increase was recorded in the group "Law and Social 
Sciences" (Δ = 10.1 points). Students of Mathematics & Computer Science 
Education (n = 15) had a moderate gain (Δ = 12.1), with Tier 2 validity somewhat 
lower (r = 0.84) compared to humanities disciplines, which may reflect the structural 
differences between STEM-oriented and discursive academic writing. 

 

 
Figure 1. Knowledge Assessment Scores. 
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An important task of the study was to determine the effectiveness of the 
implemented three-level model of the AKS in ensuring an increase in the academic 
achievements of students of humanities specialties. In accordance with the specified 
research design (one-group pretest–posttest), a paired Student t-test was used to 
test the corresponding hypothesis. The data from this test indicated an increase in 
academic achievements: the average score of the participants increased from                          
M = 58.3 (SD = 11.4) on the pre-test to M = 71.6 (SD = 10.8) on the post-test. This 
indicated an absolute increase of ΔM = 13.3 points (95% CI [12.47, 14.13]):                        
t(249) = 31.42, p < .001. It is important to note the effect size of Cohen's d = 0.98, 
which indicated a practical effect according to generally accepted interpretive criteria                       
(d ≥ 0.80; Cohen, 1988). The resulting d = 0.98 is significant: it exceeded the median 
effect size typical of studies on the implementation of technology in the educational 
process (d ≈ 0.40–0.60). 
 
A differentiated analysis by academic level indicated that a significant increase was 
recorded in the subgroup of undergraduate (ΔM = 13.3, d = 0.94, p < .001) and 
graduate (ΔM = 13.3, d = 1.08, p < .001) students. Therefore, despite the increase, 
the larger effect size in masters (d = 1.08 vs d = 0.94) can be explained by the 
smaller input variability of scores in this subgroup (SD = 10.4 at pre-test versus                    
SD = 11.8 in bachelors). These indicators mathematically increased the value of 
Cohen's d with equal increase. At the same time, the higher basic level of knowledge 
of masters (M = 60.8 vs M = 57.1 in bachelors) did not level the effect of the 
intervention. On the contrary, this indicator indicated that the AKS model was 
effective at different levels of input training. 
 
Comparison of the dynamics of the increase between the six measurement points 
(T0–T5) indicated that the most intensive increase in scores occurred at the stage 
of transition from Tier 1 to Tier 2 (T1 → T2) and from Tier 2 to Tier 3 (T2 → T3). At 
the same time, the increase at the stage of integrated use of the system (T4 → T5) 
became the least pronounced. Details are summarized in Table 5, while the 
dynamics of learning growth by level of academic training are illustrated in Figure 2. 

 

 
Figure 2. Learning growth by level of academic training 
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proposed three-level AKS model corresponded to the ratings of independent human 
experts. This provided evidence regarding construct and criterion validity. The 
overall correlation between the results of the integrated system and the mean ratings 
of the two experts was r = 0.87 (p < 0.001), indicating a high level of agreement. 
However, these results should be interpreted as preliminary empirical evidence 
indicating that the proposed measurement approach is valid, rather than as definitive 
evidence of construct or criterion validity. Since expert ratings served as the primary 
external reference, further validation using independent data sets, multiple expert 
panels, standardized assessment instruments, and diverse educational contexts is 
needed. The second aim was to examine changes in student academic achievement 
after the implementation of the proposed AKS model. A paired Student's t-test was 
used in accordance with the single-group pretest–posttest design. After the 
intervention, students demonstrated higher posttest scores: the mean score 
increased from M = 58.3 (SD = 11.4) at pretest to M = 71.6 (SD = 10.8) at posttest, 
corresponding to an absolute increase of ΔM = 13.3 points (95% CI [12.47, 14.13]), 
t(249) = 31.42, p < .001. The observed effect size was large (Cohen's d = 0.98) by 
conventional criteria (Cohen, 1988) and exceeded the median effect sizes typically 
reported in educational technology intervention studies (d ≈ 0.40–0.60). 
 
The differentiated analysis by model levels indicated a special pattern that had 
important theoretical significance for understanding the architecture of the model. In 
particular, Tier 1 (syntactic-formal verification) had the highest accuracy rate 
(Accuracy Rate = 96.3%) due to the deterministic nature of the rule-based 
algorithms. However, Tier 1 had a relatively lower correlation with expert ratings                       
(r = 0.79). Tier 2 (semantic-discursive analysis) based on BERT embeddings and 
RST parsing indicated the highest correlation with experts (r = 0.91) and                                      
F1-score = 0.87. Tier 3 (personalized feedback) indicated lower accuracy                           
(AR = 84.2%). This is determined by the fundamentally different nature of the task: 
the relevance of personalized feedback is more difficult to formalize verification 
compared to the accuracy of the assessment. Analysis of the results by specialty 
indicated that the highest validity indicators were recorded for texts by philology 
students (r = 0.91 at Tier 2) and psychologists-pedagogues (r = 0.89). The lowest 
scores were recorded for lawyers (r = 0.82). This pattern can be determined by the 
specificity of legal discourse, which is characterized by a higher proportion of 
precedent references, formalized argumentative structure, and terminological 
density. 
 
Table 5.  
TAM subscale scores by AKS 

 
TAM subscale Tier 1 M 

(SD) 
Tier 2 M 

(SD) 
Tier 3 M 

(SD) 
F (2, 747) p η² Post-hoc 

Perceived 
Usefulness (PU) 

3.61 
(0.82) 

3.94 
(0.71) 

4.18 
(0.68) 

28.74 <.001 .071 T1<T2<T3* 

Perceived Ease of 
Use (PEOU) 

3.88 
(0.77) 

3.64 
(0.83) 

3.49 
(0.84) 

11.32 <.001 .029 T1>T2*, 
T1>T3** 

Overall Satisfaction 
(OS) 

3.52 
(0.81) 

3.79 
(0.76) 

4.03 
(0.72) 

19.87 <.001 .051 T1<T2<T3* 

CFA model fit CFI = 0.96; RMSEA = 0.048 [0.031, 0.065]; SRMR = 0.051 

Note. * p < .05; ** p < .001 for Tukey HSD post-hoc pairwise comparisons. η² = eta-
squared effect size: small ≥ .01, medium ≥ .06, large ≥ .14 (Cohen, 1988).                        
CFA = Confirmatory Factor Analysis.  
 
The radar chart in Figure 3 indicated an integrated visual representation of the 
perception profile for the three levels of the AKS model simultaneously in the three 
dimensions of the TAM. The characteristic “shift” between the three levels is obvious: 
Tier 3 occupied the largest area along the PU and OS axes. At the same time,                  
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Tier 1 was inferior to Tier 2 and Tier 3 only along the PEOU axis. The larger polygon 
area for Tier 3, followed by Tier 2 and Tier 1, suggests a more favorable overall 
pedagogical profile at higher levels of intellectualization.  
 

 
Figure 3. The visual representation of the perception profile for the three levels of 
the AKS model. 
Source: Author’s development 
 
The fourth research question was the most difficult in this study, as it involved 
establishing the overall predictive impact of the three-level model of the AKS on 
students’ academic achievement and decomposing this impact into the relative 
contributions of each level separately. Standard multiple regression methods were 
insufficient for this task, since standardized regression coefficients (β) are not correct 
indicators of the relative importance of predictors. Therefore, dominance analysis 
was used for this purpose, which decomposes the overall R² of the regression model 
into the contributions of each predictor. Hierarchical multiple regression with three 
predictors — Tier 1 indicator, Tier 2 indicator: R² = .61, F(3, 246) = 128.7, p < .001. 
Adjusted R² = .607 indicated a minimal degree of overfitting of the model. All three 
predictors made a significant contribution to explaining the variability of the 
dependent variable: Tier 1 (β = 0.18, t = 4.21, p < .001), Tier 2 (β = 0.47, t = 9.84,                 
p < .001), Tier 3 (β = 0.29, t = 6.17, p < .001). 
 
The results of the dominance analysis also indicated a hierarchy of the relative 
importance of the predictors. The largest overall dominance weight belongs to Tier 
2 (semantic-discursive analysis): 0.31. This accounts for 50.8% of the total explained 
R² = .61. Thus, the semantic capacity of the system - its ability to capture the 
conceptuality, argumentative quality and discursive coherence of student responses 
- became a particularly important single predictor of academic achievement in the 
humanities. 
 
Tier 3 (personalized feedback) ranked second in dominance weight (0.19, 31.1% of 
R²). Thus, students’ subjective perception of the system is related to real academic 
achievement. However, Tier 1 (syntactic-formal verification) received the lowest 
dominance weight (0.11, 18.1% of R²). This determined its role as a necessary but 
insufficient fundamental level of the model. 
 
The analysis of conditional and complete dominance allowed us to establish a stable 
hierarchy of predictors: Tier 2 completely dominated Tier 1 and Tier 3 in all possible 
subsets of the models (i.e., adding Tier 2 always increased R² more than adding any 
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other predictor, regardless of what other predictors were already included in the 
model). Data from the regression analysis and dominance analysis are presented in 
Table 6.  
 
Table 6.  
Hierarchical multiple regression and dominance analysis 

 
Predictor β SE t p sr² ΔR² Dom. 

weight 
% of 

R² 

Tier 1 — Syntactic score 0.18 0.04 4.21 <.001 .031 .089 .11 18.1% 

Tier 2 — Semantic score 
(SAS) 

0.47 0.05 9.84 <.001 .184 .412 .31 50.8% 

Tier 3 — Perceived 
Usefulness 

0.29 0.05 6.17 <.001 .072 .109 .19 31.1% 

Model F(3, 246) = 128.7, p 
<.001 

R² = .61; adj. 
R² = .607 

VIF range: 1.14–1.38 

Note. β = standardized regression coefficient; SE = standard error of β; sr² = squared 
semi-partial correlation (unique variance explained by each predictor);                                  
ΔR² = incremental R² upon entry in hierarchical sequence (Tier1 → Tier2 → Tier3). 
 
Thus, the increase in academic achievement reported in this study (ΔM = 13.3,                       
d = 0.98) is one of the most important empirical findings that needs to be interpreted 
in the context of the current literature. A systematic review by Cavalcanti et al. (2021) 
of 60 primary studies on distance learning platforms found that 65% of documented 
cases of automatic feedback implementation were accompanied by an improvement 
in student academic achievement. The Cohen's d = 0.98 obtained in our study 
exceeded the median effect size typical for this body of research (d ≈ 0.45–0.60). 
This effect can be explained by several factors. In particular, unlike most studies 
included in the review by Cavalcanti et al. (2021), in which automatic feedback is 
limited to confirming the correctness of the answer, the AKS model in this study 
provided feedback of different levels of semantic complexity: argumentative and 
personalized dimensions. Mello et al. (2022) in a study of the use of NLP and 
learning analytics for assessing open-ended responses in Brazilian universities 
confirmed that it was semantically oriented feedback that became an important 
factor in learning progress when working with extended text responses. 
 
However, it is worth noting that not all previous studies have reported improvements 
comparable to those observed in this study. Several studies of AI-assisted 
assessment and automated feedback have reported only modest to moderate 
improvements in learning outcomes or inconsistent effects across educational 
settings (e.g., Cavalcanti et al., 2021; Fajardo-Ramos et al., 2025). Such differences 
may be explained by variations in study design, intervention duration, disciplinary 
context, and functionality of the AI systems used. In many previous studies, AI tools 
have primarily been used for automated assessment or basic feedback generation. 
At the same time, the current AKS has integrated syntactic validation, semantic 
analysis, and personalized feedback within a single three-tier architecture. 
Therefore, the results should be interpreted with these methodological and 
technological differences in mind, rather than as direct evidence of superior 
effectiveness. 
 
Differences between these results and previous studies may also reflect 
characteristics of the study population and study design. Participants represented 
humanities disciplines in which extended written responses and argumentation are 
the main learning activities. Such contexts may particularly benefit from AI systems 
capable of semantic analysis and individualized feedback. In contrast, studies 
conducted in STEM disciplines or using shorter interventions have often reported 
more modest effects. Furthermore, because this study used a single-group pre-
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posttest design, the observed improvements cannot be attributed solely to the AKS 
intervention. Further research should compare the proposed model with alternative 
AI-based assessment systems using randomized or controlled experimental designs 
in different disciplines and educational contexts. 
 
The dynamics of growth between measurement points T0–T5, however, the most 
intense growth at the stages T1→T3 and a further slowdown after T4, is in 
agreement with the findings of da Silva et al. (2022). These authors indicated that 
students who interacted with digital environments had a nonlinear dynamics of 
learning progress with a characteristic “plateau” after the initial intense growth. The 
observed effect of slowing growth after T4 did not contradict the overall effectiveness 
of the model. This effect reflected the natural regularity of adaptive systems, in which 
the initial “novelty of the stimulus” gradually reduced its motivational potential without 
reducing the educational effect in absolute terms (Falcão et al., 2020;                            
Skrypnyk et al., 2024). 
 
The correlation between the AKS and experts (r = 0.87, κ = 0.79) became important 
in the comparative dimension. Hilliger et al. (2020) in their study of the adaptation of 
learning analytics in Chilean, Colombian and Ecuadorian universities indicated that 
the main condition for the pedagogical legitimacy of algorithmic assessment systems 
was their ability to reproduce the numerical result and the logic of the disciplinary 
judgment of the human assessor. It was this ability that became crucial for the 
acceptance of the system by the pedagogical community. In this context, it is 
significant that Tier 2 of our model (r = 0.91) exceeded the typical values of inter-
expert agreement for the humanities in terms of correlation. This determined the 
ability of transformative architectures to capture the semantic structures of human 
text. The lower Tier 2 validity for law students (r = 0.82 compared to the average                    
r = 0.91 for philologists and psychologists) requires a separate discussion. In 
particular, Cechinel et al. (2020) in a large-scale mapping of educational analytics 
initiatives in Latin America pointed to the problem of “contextual shift”. The authors 
proved that tools developed and verified in one disciplinary space systematically 
lose effectiveness when transferred to another without prior domain adaptation. In 
our case, the model, trained mainly on general academic corpora, lost in legal 
discourse, in which precedential argumentation, terminological precision formed a 
semantic space that was insufficiently represented in the original training data.               
Ruiz-Casado et al. (2005) in early studies of automatic extraction of semantic 
relations for NLP systems recorded a fundamental dependence of the quality of 
semantic analysis on the representativeness of the training corpus. A practical 
solution may be fine-tuning of domain-specific variants of the model on legal 
academic corpora. This direction is developed in studies of automatic evaluation of 
Portuguese and Spanish texts (Carvalho et al., 2024). 
 
The TAM analysis data (PU = 3.91, PEOU = 3.67, OS = 3.78) indicated a positive 
perception of AI tools by humanities students. This was a non-trivial result given the 
traditionally skeptical attitude of the humanities academic community towards 
algorithmic assessment. In particular, Salas‐Pilco and Yang (2020) in their analysis 
of educational analytics initiatives in Latin America indicated that the main barrier to 
the adoption of digital educational technologies in the region is the lack of trust in 
algorithmic solutions by students and teachers. However, the higher PU score for 
Tier 3 (M = 4.18) in our study indicated that the personalized nature of the feedback 
partially eliminated this trust barrier. In addition, Ramírez-Montoya et al. (2022) 
indicated that students had a higher level of engagement with AI tools when they 
offered adaptive learning experiences. 
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The relationship between the level of intellectualization and perceived ease of use 
(PEOU: Tier 1 > Tier 2 > Tier 3) was theoretically predictable and consistent with 
patterns documented in educational technology research in the region.                                
Garcia et al. (2021) and Oksanen  et al. (2026) found that students rated more 
complex tools as less convenient even when they provided greater pedagogical 
benefit. This fact created a paradoxical tension between subjective perception and 
objective effect. Resolving this paradox requires thoughtful UX design of the AOS 
interface, which will be aimed at reducing cognitive load when interacting with the 
semantic and personalized levels of the system (Fajardo-Ramos et al., 2025;                                      
Guerrero-Quiñonez et al.,  2023; Kosasi et al., 2020). 
 
The data from the dominance analysis (Tier 2 = 50.8% > Tier 3 = 31.1% > Tier 1 = 
18.1% of the total R² = .61) were the most informative result of this study. The study 
indicated that the dominance of Tier 2 (semantic-discursive analysis, 50.8%) 
confirmed the position about the central role of semantic understanding in the 
pedagogical assessment of humanities texts. Carvalho et al. (2024) also confirmed 
that NLP systems based on transformer embeddings had a higher correlation with 
learning outcomes compared to systems that were based on lexical-syntactic 
features. 
 
The second most important contribution was made by Tier 3 (31.1%). It is worth 
considering the fact that Mello et al. (2022) found that the ability of the teacher to 
provide quality feedback on students' open-ended responses became important for 
learning progress. At the same time, the automation of this process based on the 
Tier 3 RAG architecture made it possible to scale personalized feedback without a 
proportional increase in the workload of the teacher. This effect has been identified 
as the main pedagogical value of automated assessment systems in education 
(Cavalcanti et al., 2021; Rodrigues et al., 2020). The potential of automated 
feedback systems extends beyond the humanities. A small pedagogical study of 60 
third-year software engineering students who used AI-based pronunciation training 
tools (ELSA Speak, Speechling) for one semester found that 51.7% of participants 
showed significant improvement and 36.7% showed little improvement on a 
combined protocol of student self-assessment and pedagogical observation. 
Although the nature of the feedback tasks differed significantly from the discursive 
assessment proposed in this study, this converging evidence indicated that the 
underlying mechanism – systematic, personalized, AI-generated feedback – 
provided measurable learning outcomes across disciplinary contexts. This further 
strengthened the case for extending the three-tiered AKS architecture beyond the 
humanities. 
 
The smallest contribution was received by the Tier 1 indicator (18.1%). This 
determined its role as a necessary, but functionally limited link in the model.                         
da Silva et al. (2022), who analyzed the features of distance learning in Brazilian 
universities, indicated that formal indicators of text quality (spelling, syntactic 
structure) became weak predictors of academic success. The authors compared it 
with indicators of cognitive engagement and quality of argumentation. Other authors 
have also pointed out that the syntactic-formal level of text processing is a 
necessary, but insufficient foundation for modern systems (Cechinel et al., 2020; 
Duarte Ehlert et al., 2025). 
 
Thus, the obtained data have several important practical implications. In particular, 
the hierarchy of predictors (Tier 2 > Tier 3 > Tier 1) became a direct recommendation 
regarding the priority of investments in the development of the system. Therefore, 
improving the semantic-discursive level will provide the highest expected 
pedagogical effect and should be prioritized compared to increasing the formal 
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accuracy of Tier 1. In addition, the phased strategy of implementing the levels of the 
AKS - which is implemented in the design of our study - became a pedagogically 
sound response to the identified “inverse relationship between depth and simplicity”. 
In addition, Lin et al. (2024) and Salas‐Pilco and Yang (2020) indicated that adaptive 
interface complexity has become an important condition for the effective 
implementation of modern AI systems. 
 
At the same time, the use of knowledge assessment systems based on artificial 
intelligence requires taking into account a number of ethical aspects. First of all, it 
has become important to ensure the transparency of algorithmic decisions so that 
teachers and students can understand the general principles of forming grades and 
recommendations. No less important is the problem of potential algorithmic bias, 
because language models can interpret student responses differently depending on 
the characteristics of the discipline, writing style or language structures. In addition, 
the implementation of such systems requires compliance with the principles of 
protecting students' personal data and secure storage of assessment results 
(Feitosa et al., 2025). In the proposed model, automated assessment was 
considered as a tool to support pedagogical decision-making, and not as a complete 
replacement for the teacher. That is why the human-in-the-loop principle, in which 
the teacher retains the ability to check and correct the results of automatic 
assessment, is considered a necessary condition for the responsible use of artificial 
intelligence in the educational process. 
 
However, the study has a number of methodological limitations that must be taken 
into account when interpreting the results. In particular, the use of a quasi-
experimental design of the one-group pretest-posttest type without a control group 
did not allow us to broadly exclude alternative explanations for the observed 
changes. For example, part of the increase in academic performance could be 
associated with the use of the AKS system and with the natural academic 
development of students during the semester (maturation effect). It is also worth 
paying attention to the opinions of Toda et al. (2018), who discussed the “shadow 
side” of gamification and digital educational technologies. The authors recalled that 
any assessment technology that strives for personalization carries the risks of 
algorithmic bias and increasing inequality between students with different language 
levels. These points should also be taken into account in further research.  It is also 
worth considering the possible effects of re-testing (testing effect), when participants 
perform better on the post-test due to prior familiarity with the assessment structure. 
In addition, the influence of the Hawthorne effect cannot be completely ruled out, 
according to which the very fact of participation in the study and increased attention 
to the educational process could have a positive effect on student motivation and, 
accordingly, on learning outcomes. Also, the academic test was specially designed 
for the purposes of this study. Despite satisfactory psychometric characteristics, the 
use of the author's assessment tool may limit the external validity of the results due 
to the potential risk of constructive agreement between the test structure and the 
concept of the proposed AKS model. 
 
Additional limitations are that the study was conducted only among students of 
humanities majors at Ukrainian higher education institutions during one academic 
semester. This may limit the possibility of generalizing the results to other 
disciplinary fields, educational systems, and longer periods of use of automated 
assessment systems. Further research is advisable to conduct using randomized or 
controlled experimental designs, using standardized assessment tools, independent 
samples from different universities, and testing the effectiveness of the proposed 
model in natural science, technical, and interdisciplinary educational contexts. 
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Conclusions 
 
Thus, the study provides preliminary empirical support for the proposed three-level 
conceptual model of an automated knowledge assessment system (AKS) based on 
artificial intelligence. 
 
The study provides preliminary empirical evidence supporting the construct- and 
criterion-related validity of the proposed three-level AKS model. The overall correlation 
with the average score of two experts was r = 0.87 (p < .001), the inter-expert agreement 
coefficient Cohen's κ = 0.79, F1-score = 0.89. At the same time, the somewhat lower 
validity for law students (r = 0.82) indicated the need for domain-specific fine-tuning of 
the model for highly specialized academic genres. 
 
The findings suggest a significant increase in students’ academic achievement: t(249) = 
31.42, p < .001, ΔM = 13.3 points, Cohen's d = 0.98. This value exceeded the values 
typical for studies on automated feedback and was recorded in both the subgroup of 
bachelors (d = 0.94) and masters (d = 1.08). 
 
In addition, students of humanities specialties generally positively perceived the AKS 
model on all three dimensions of the TAM: PU = 3.91, PEOU = 3.67, OS = 3.78 (all 
significantly higher than the neutral value of 3.0, p < .001). The revealed pattern — the 
increase in PU and OS with an increase in the level of intellectualization of the system 
while simultaneously decreasing PEOU — indicated a fundamental pedagogical 
compromise between the semantic system and the subjective ease of interaction with it. 
 
The study also recorded a hierarchy of the relative importance of the levels of the model 
in explaining the variability of educational achievements (total R² = .61): Tier 2 
(dominance weight = .31; 50.8% of R²) > Tier 3 (.19; 31.1%) > Tier 1 (.11; 18.1%).  
 
All three levels made a statistically significant and unique contribution to the total R² and 
indicated that none of them is redundant in the structure of the model. 
 
Thus, the scientific novelty of this study lies in the verification of a three-level hierarchical 
model of the AKS, which integrates the syntactic-formal, semantic-discursive, and 
personalized levels of intellectualization into a single architecture. Hence, the present 
study provides preliminary empirical support for the proposed three-tier conceptual 
model.  
 
Further studies should evaluate the proposed model using randomized controlled 
designs, standardized assessment instruments, and diverse educational contexts to 
establish its generalizability and strengthen the evidence supporting the proposed 
architecture. 
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