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Abstract: This research investigates the improvement of learning systems that utilize
avatars by shifting from elementary language compatibility to emotion-driven interactions.
An assessment of various instructional approaches indicated marked differences in overall
effectiveness, with the system showing steady but slight improvements and little variation,
suggesting it has the potential for consistent use. Analysis through one-way ANOVA
identified noteworthy disparities in post-test results across different teaching strategies.
However, the pairwise comparisons with Tukey’s HSD did not reveal significant group
differences. The group variation and limited sample sizes probably affected statistical
strength. Evaluation of effect size demonstrated that the traditional approach had an edge
over the avatar-based method, with lessons recorded on video displaying more moderate
distinctions. The innovative nature of the system might account for its initial lower effective-
ness, as students could need some time to adjust. Participants emphasized the importance
of emotional authenticity and cultural adaptation, including incorporating a Kazakh accent,
to boost the system’s success. In response, the system was designed with sentiment-driven
gestures and facial expressions to improve engagement and personalization. These findings
show the potential of emotionally intelligent avatars to encourage more profound learning
experiences and the significance of fine-tuning the system for widespread adoption in a
modern educational context.

Keywords: avatar-based learning system; sentence-based gesture mapping; e-learning;
sentiment analysis; emotion

1. Introduction
Avatars have emerged as a revolutionary tool in educational technology, providing

new opportunities to improve the interactivity and personalization of learning systems. In
Kazakh language education, where cultural and linguistic nuances are essential, avatars
can offer learners a relevant and supportive atmosphere. These virtual avatars mimic
human-like interactions, applying visual signals such as facial expressions and gestures to
increase engagement and learning results [1].

Facial expressions and gestures significantly impact digital learning [2], particularly
for low-resource languages such as Kazakh. Nonverbal communication strategies bridge
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emotional and cognitive gaps, allowing students to stay engaged and connected to the
topic.

The potential of avatars is enhanced when they dynamically adjust to the linguistic
and emotional context of the learner’s input [3]. This is especially important in Kazakh,
where sentence structure and emotional tone are intricately linked. By combining linguistic
and structural alignment with sentiment-driven expressions, avatars can generate gram-
matically correct responses while being culturally and emotionally suitable. This article
explores the creation of an advanced avatar-based learning system for Kazakh education.
It demonstrates how integrating linguistic alignment and sentiment analysis can make
learning systems more successful and human-centered, addressing learners’ requirements
while building a stronger connection between them and the content.

Creating an avatar-based learning system consistent with linguistic frameworks
presents substantial hurdles, especially for low-resource languages like Kazakh. Kazakh’s
grammatical complexity and distinct syntactic patterns necessitate exact language align-
ment to enable genuine and relatable interactions. The initial experiments focused on
aligning avatar behaviors with these language patterns to improve sentence clarity and
engagement. However, while this method produced grammatically correct responses, it
lacked emotional depth and adaptability, limiting the avatar’s potential to connect with
learners empathetically.

Kazakhstan lacks the robust sentiment analysis techniques and datasets which are
required for building emotionally expressive avatars. Sentiment analysis is critical in deter-
mining the emotional tone of a learner’s input, allowing avatars to adjust their expressions
and gestures dynamically. Without such resources, avatars are limited to predefined, basic
behaviors that do not convey the subtle interaction of verbal meaning and emotional tone.
This limitation has an impact not only on avatar expressiveness but also on their ability
to inspire learner engagement and motivation. To remedy this, sentiment analysis should
be integrated into the avatar-based system, allowing for context-aware and emotionally
resonant interactions suited to the Kazakh language’s linguistic and cultural specifics.

This article focuses on improving the avatar-based learning system by transitioning
from basic language alignment to more complex, sentiment-driven expressions. Drawing
on recent advances in sentiment analysis for Kazakh texts, the proposed approach combines
a semantic knowledge base and a hybrid sentiment analysis model to generate avatars
that can dynamically adjust their behaviors based on both the input’s linguistic struc-
ture and emotional tone. This approach attempts to make avatars grammatically correct
and emotionally intelligent, resulting in deeper engagement and personalized learning
experiences.

2. Related Works and Background
Virtual avatars can represent people online, enabling social interactions, collaborative

learning, and secure communication. AI-powered educational avatars provide personalized
training but confront issues such as disinformation and data privacy [4]. These avatars
can be customized for specific material, languages, and teaching styles [5] and connected
with user personalities for increased relevance [6]. Virtual tutors have been developed
to improve cultural heritage education [7–9] and as helpful tools in case-based anatomy
learning [10]. However, 19 limited studies have investigated AI avatars in immersive
learning environments, exposing gaps in experience and research despite rising student
interest in these approaches [11,12].

In healthcare, AI-driven avatars have demonstrated success in enhancing self-care
knowledge [13], modeling clinical scenarios [14], supporting diabetic education via smart-
phones [15], and assisting Arab children with autistic spectrum disorder [16]. Trials are
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also being conducted to investigate their potential for acute coronary syndrome educa-
tion [17] and reading skill enhancement in dyslexic youngsters [18]. Furthermore, virtual
technologies assist impaired people in overcoming obstacles to online interaction [19].

A platform promotes collaborative learning and ethical decision-making in business
education [20], whereas intelligent systems use AI and machine vision to enhance teaching
efficacy [21]. Virtual humans enhance instructional environments with animations and
decision-making capabilities [22], and research investigates the impact of avatar audio [23],
interaction styles [24], and customization on user engagement and outcomes [25–27].
Furthermore, virtual simulations help with teacher preparation [28] and pre-service skill
development [29], demonstrating the diverse potential of AI-driven avatars in education.

Recent studies have looked into many areas of avatar-based interaction and emotion
recognition. Research [30] on 3D avatars demonstrates that integrating Blendshape ad-
justment, real-time facial capture, and text-driven lip synchronization can significantly
improve emotion identification. Public attitudes toward virtual beings in China [31] focus
on technology breakthroughs, virtual idols, and concerns about ethical difficulties and tech-
nological unemployment. Chatto, a conversational agent for elders [32], exhibits avatars’
potential for promoting social engagement and emotional well-being in ambient assisted
living (AAL) environments. In immersive VR, avatars with pleasant facial expressions cre-
ate trust, whereas negative ones reduce it [33]. Avatar personalization has also been proven
to significantly impact emotional responses in VR, specifically happiness [34]. Furthermore,
a study [35] on data-driven sign language interpreting avatars emphasizes its potential
for increasing communication in the deaf community, giving significant insights into vir-
tual signing systems. These findings highlight the relevance of avatar design, emotional
expression, and personalization in improving user interaction across various apps.

Incorporating avatars capable of reading text with intonation and using text-to-speech
(TTS) technology with expressive features dramatically improves the user experience by
delivering a more natural and engaging audio interaction [36]. Notably, a study [37] has
provided an intonation model adapted for the Kazakh language based on previous work in
sentiment analysis [38–44] and the development of a morphological analyzer [45,46]. These
fundamental efforts led to the development of this research, which intends to evaluate and
enhance avatar-based learning systems by aligning linguistic structures with sentiment-
driven expressions. Additionally, [47] determined the optimum technique for designing
the interface of the Kazakh digital intelligent platform, which influenced the design and
functionality of avatar-based systems. A complete semantic knowledge library of over
16,000 annotated words and phrases has been created [48], which includes a 5-point senti-
ment scale for nuanced sentiment identification. This hybrid model applies the semantic
knowledge base to reliably measure sentiment orientation at the sentence and document
levels, accounting for contextual variability, which is critical for practical natural language
sentiment analysis. By classifying text into emotional categories—positive, neutral, and
negative—the model enables avatars to demonstrate expressive behaviors, improving the
learning experience in avatar-based systems.

3. Methods
The research methodology depicted in Figure 1 involves the creation and evaluation

of an avatar-based learning system designed to align with Kazakh sentence structures.
The process began with sentence-based gesture mapping, focusing on the design and
development of gestures and facial mimics that correspond to Kazakh syntax, semantics,
and cultural norms.
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Figure 1. Research methodology.

Following this, the gestures were implemented into the avatar-based system through
the three key components of audio processing, which includes speech generation and fre-
quency modulation for natural intonation; animation synchronization, which ensures the
precise timing of animations to match speech patterns; and speed adjustment for alignment,
which synchronizes speech and animation by adapting to varying speech tempos. The
effectiveness of the system was evaluated through comparative analysis with traditional
classroom learning and video-based lessons. This study measured knowledge gain, en-
gagement, and perceived effectiveness across these learning modalities. A mixed-methods
approach was applied for data analysis, incorporating quantitative assessments through
pre- and post-test score comparisons using ANOVA alongside qualitative thematic analy-
sis of participant responses. The results were shaped by educator and student feedback,
identifying areas for refinement. Based on these insights, enhancements were made to
the avatar-based system, improving gesture accuracy, synchronization, and usability to
optimize its overall effectiveness. This structured methodology provides a strong foun-
dation for developing and assessing innovative, technology-enhanced learning systems.
This streamlined methodology offers a solid framework for creating and evaluating an
innovative teaching system.

3.1. Design of Sentence-Based Gesture Mapping for Kazakh Sentences

Sentence-based gesture mapping (SBGM) is recognized as a methodological frame-
work particularly relevant in intelligent interactive systems, including avatar-based learn-
ing environments. This framework establishes associations between specific gestures
and facial expressions and distinct sentence structures or categories, such as declarative,
interrogative, and exclamatory sentences. The primary objective is to align non-verbal
communication with the spoken content’s linguistic characteristics and emotional tone,
thereby enhancing the naturalness and efficacy of interaction [49,50].
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To ensure seamless interaction, gestures and facial expressions were meticulously
synchronized with the avatar’s speech. This procedure required careful hand gesture and
facial expression coordination with Kazakh phrases’ intonation and rhythmic patterns.
Advanced animation software, such as Blender 3.6 (Amsterdam, Netherlands), created and
optimized the synchronization between verbal and nonverbal elements.

Furthermore, a thorough investigation of Kazakh sentence structures was conducted
to establish the best alignment of gestures and expressions with vocal communication.
This analysis identified typical phrase structures and emotional expressions frequently
seen in conversational Kazakh. A thorough study of Kazakh cultural norms and common
emotional responses aided this mapping approach.

No existing solutions have been specifically developed for the Kazakh language that
account for its syntactic structure when generating gesture animations. Most available
virtual character gesture animation systems are designed for English or other widely spoken
languages, where sentence structures differ significantly.

The proposed sentence-based gesture mapping model introduces an innovative ap-
proach by adapting gestures to the syntactic characteristics and word order of the Kazakh
language. Unlike English, which follows a rigid subject-verb-object (SVO) structure, Kazakh
exhibits greater flexibility, commonly employing subject-object-verb (SOV) and other struc-
tural variations. These syntactic differences influence intonation, pauses, and expressive
elements in communication. By aligning gestures, facial expressions, and speech with
the natural linguistic patterns of Kazakh, this model enhances the synchronization and
realism of interactions in intelligent educational systems and avatar-based applications for
Kazakh-speaking users. Table 1 depicts the gesture and facial expression models created
for Kazakh sentence structures.

Table 1. Models of gestures and face mimics for Kazakh sentence structures.

Word Class of
the Sentence
Structure

Gesture Face Mimics

Sentence structure 1:

Subject
open hand gesture to draw attention to an
object.

a smile to positively acknowledge an object;
raise eyebrows to express surprise or
curiosity about an object.

· · · · · · · · ·
Sentence structure 20:

Attributive
to show both palms with fingers naturally
spread around the abdomen and
concentrate on explaining the object.

raise eyebrows and slight smile as
characteristic signs of attributive gestures.

Object
to bring the fingertips of both hands
together towards the abdomen, denoting
the object.

slight smile, tilt the head slightly to the right
which typically conveys a sense of gentle
curiosity, mild amusement, or a relaxed,
approachable demeanor.

Subject
to emphasize subject priority, align the
fingers of both hands in a straight line at the
abdomen.

slight smile and slightly raised eyebrows
which convey a blend of calmness, mild
curiosity, or gentle amusement. This
combination suggests a relaxed but
attentive or interesting expression.
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Table 1. Cont.

Word Class of
the Sentence
Structure

Gesture Face Mimics

Adverbial modifier
the position of the subject point is defined in
action methods, and the gesture is retained
in place.

to imagine himself in motion with a mixed
gaze to convey the image of the action

Predicate to indicate the end of an action, return the
hands to their neutral initial posture.

smile, nod slightly in agreement or
gratitude, and then slowly turn avatar’s
gaze to the left, indicating that the
conversation has come to an end

Previous research [37] presented a natural language processing framework and an
intonational model for the Kazakh language, which served as the foundation for this
investigation.

In the Kazakh language, the predicate is one of the key components of a sentence, and
its form varies depending on the type of sentence. Interrogative sentences ask questions,
and the predicate often involves a question particle or interrogative pronoun while exclam-
atory sentences express strong emotions like surprise, joy, or anger. The predicate is similar
to that of declarative or interrogative sentences but is often accompanied by an exclamatory
particle or intonation. Table 2 presents the combinations of gestures and facial expressions
created for the predicate’s forms.

Table 2. Models of gesture and face mimics for interrogative and exclamatory forms of sentence.

Predicate Gesture Face Mimics

Interrogative form raising one eyebrow to
show doubt;

to gaze with head tilted to the side
to show curiosity or doubt;

Exclamatory form

to create a visual picture of
the exclamatory sentence’s
dynamic structure using
sweeping hand movements
(left).

using a slight smile to indicate the
relationship between the subject
and the predicate.

3.2. Implementation in Avatar Based System

The designed motions and facial expressions were integrated into a 3D avatar, with
movements and expressions modeled using Blender 3.6 to ensure fluidity and respon-
siveness. Blender is a sophisticated open-source 3D creation suite widely used across
industries such as animation, modeling, simulation, and gaming. It provides comprehen-
sive 3D content creation capabilities, including modeling, texturing, rigging, rendering,
and compositing. Figure 2 illustrates a 3D avatar generated using Blender.

For example, based on Sentence Structure 1, we will consider how the avatar performs
gestures and facial expressions for the sentence. This sentence begins with the subject, and
Figure 3 illustrates the corresponding use of gestures and facial expressions. According to
Table 1, the avatar performs an open-hand gesture to draw attention to an object. Addi-
tionally, the avatar smiles to acknowledge the object positively and raises its eyebrows to
express surprise or curiosity. Since it is not feasible to display the full animation sequence,
Figure 1 presents key excerpts that illustrate the essential stages of executing the open-hand
gesture. These selected frames effectively depict the transition and synchronization of facial
expressions and gestures in alignment with the sentence structure.
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The animations were saved in .mov format and dynamically assigned using Python
3.10 (Wilmington, DE, USA) scripts based on the input Kazakh sentence structure. This
ensured that the avatar’s non-verbal communication was contextually relevant to the
ongoing conversation.

This approach outlines how the gestures and facial expressions were designed and
integrated, with a focus on aligning them with the cultural and linguistic characteristics of
Kazakh sentences.

To integrate TTS output with avatar animations, ensuring synchronized audio-visual
communication, the methodology involves the following three core components of au-
dio generation and frequency modulation, calculation of animation timing, and speed
adjustment for animation alignment.

3.2.1. Audio Generation and Frequency Modulation

To generate speech, a local TTS engine (Microsoft SAPI 5.4, Redmond, WA, USA) with
SSML was employed. SSML allowed control over the pitch, rate, and pauses, ensuring
alignment with the syntactic structure of the sentence. The TTS system relied on the
KazakhTTS2 dataset [51], which contains 271 h of speech from five speakers on a variety of
topics. This corpus supports high-quality Kazakh TTS models, with evaluations averaging
3.6–4.2.

Each word in the input text is allocated a frequency range depending on its complexity
score C, which is determined using the following formula [52–55]:

C = a · S + b · L + c · WPOS (1)
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where a, b, c are weighting factors assigned to each component; S is the number of syllables;
L—number of characters; and WPOS—weight to the type of word or parts of speech in a
sentence.

The complexity score C is then transferred to a frequency range using the mapped
frequency F formula based on these studies [56–58]:

F = Fmin +
(C − Cs min)

Cs max − Cs min
F·Fmax − Fmin, (2)

This formula ensures that words with lower complexity scores are mapped to the lower end
of the frequency range, and words with higher complexity are transferred to the upper end.

The TTS output is supplemented with these frequency modulations via SSML, guaran-
teeing that the audio dynamically reflects word complexity.

3.2.2. Calculation of Animation Timing

To synchronize the avatar’s motions with the TTS output, the system extracts the
duration of each word from the generated audio. Word timings are used to elicit appropriate
face emotions and gestures. Each animation corresponds to a certain word or phrase. TTS
generates exact timing for each syllable, usually measured in milliseconds. Afterward,
animations are designed to correspond with the calculated duration. For example, if a
word has a duration of 500 ms, the corresponding animation is changed accordingly.

3.2.3. Speed Adjustment for Animation Alignment

To synchronize avatar animations with TTS audio, a speed adjustment factor (SAF) is
calculated to match the duration of animations to the spoken audio:

SAF =
Ani
Aud

, (3)

where Ani is the animation duration and Aud is the audio duration.
To synchronize avatar motions with TTS-generated speech, a speed adjustment factor

(SAF) was developed and applied in Python. This approach included calculating the speed
factor, resampling video frames, and altering playback speed to match the audio time. The
MoviePy library was used to dynamically adjust the animation speed, resulting in precise
alignment with the spoken content. Furthermore, Wav2Lip (Hyderabad, India) [59] was
used to synchronize the avatar’s lip movements with the spoken text, which improved the
realism of audiovisual communication. This approach ensures a smooth and synchronized
audiovisual experience, improving the effectiveness of avatar-based learning.

This methodology ensures a fully synchronized audiovisual system in which avatar
animations blend perfectly with TTS-generated sounds, resulting in a realistic and engaging
user experience.

3.3. Evaluating Avatar-Based Learning Through Comparing with Other Methods

The primary goal of this research is to examine the effectiveness of three different
teaching approaches, with a particular emphasis on evaluating the Avatar-based system
(ABS) as a new approach to education. This system is a unique, interactive, AI-driven
learning platform that simulates personalized education and engages students. This study
compares it to traditional classroom learning (TCL) and video-recorded lessons (VRL) to
identify its potential advantages and limitations in improving educational outcomes. This
study evaluates the following hypotheses:

• The null hypothesis (H0) states that there is no significant difference in learning
outcomes between the three teaching methods.
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• The alternative hypothesis (H1) states that there are significant variations in learning
outcomes.

To guarantee clarity and emphasis in this study, the variables have been carefully
defined and classified. The independent variable is the teaching approach, which is
classified into the three types of traditional classroom learning, video-recorded classes,
and avatar-based systems. The dependent variable is learning effectiveness, which is
assessed using post-test scores, retention rates, and the capacity to apply newly acquired
abilities. To remove any confounding effects, several control factors were standardized,
such as instructional content, session time, task difficulty, and participant demographics.
These metrics verify that the observed disparities in outcomes are completely due to the
educational techniques being evaluated.

A total of 90 participants were recruited through stratified sampling to assure de-
mographic similarity. To ensure consistency, these individuals were divided into three
groups of 30 students, each enrolled in a bachelor’s program at the same institution. All
participants completed a standardized baseline test to assess their initial knowledge levels.
This exam served as a reference point for monitoring subsequent learning gains.

A between-subjects design was used to compare the three instructional approaches.
Group 1 participated in TCL through a live, face-to-face lecture. Group 2 learnt through
VRL, which presented the same instructional information, whereas Group 3 used an ABS
for interactive learning of the same topic. After the intervention, all participants were given
a post-test that was identical to the pre-test. This test was used to determine knowledge
gains and the efficacy of each teaching style. Furthermore, surveys were issued to solicit
subjective input on participant engagement, contentment, and perceived learning efficacy.

This study gathered both quantitative and qualitative data to provide a comprehen-
sive assessment of the teaching methods. The quantitative data include pre-test scores
(Appendix A, Table A1) and post-test scores (Appendix B, Table A2), which were recorded
for each participant in the three groups: TCL, VRL, and ABS. These tests measured students’
knowledge levels before and after the intervention. A statistical analysis was performed
to evaluate learning improvements across the methods in the next section. Qualitative
data, such as surveys, collected participant perceptions of satisfaction, engagement, and
perceived learning efficacy. This systematic methodology ensures the reliability of the data
and provides a comprehensive understanding of the efficiency of each teaching style.

An experiment with five educators was carried out to assess the effectiveness of the
learning approaches. These instructors gave comments by comparing the three methods. To
achieve a thorough assessment of the three learning modalities, a mixed-methods approach
was used. This strategy merged quantitative data (ratings) with qualitative insights (open-
ended survey questions). The combination of both methodologies provided for a more
in-depth assessment of the findings, overcoming the limitations of a smaller sample size by
collecting both numerical patterns and personal perspectives.

3.4. Data Analysis

Google Forms was used as the primary tool for developing and delivering surveys
and tests to simplify the collection of feedback and test results. The platform’s user-friendly
interface made it easy for participants to reply, and its connectivity with spreadsheets
permitted seamless data export for additional analysis.

The data obtained from student assessments, questionnaires, and educator comments
were analyzed using Python 3.10 and Microsoft Excel to ensure accuracy and complete
insights. Python was used for the statistical analysis, which included calculating percent-
ages, creating visualizations (such as bar charts and pie charts), and spotting trends in
the data. Its powerful libraries, including Pandas 2.2.3 and Matplotlib 3.8.2, allowed for
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faster data processing and visualization. Excel was used to organize the raw data, complete
preliminary analysis (e.g., averages, counts), and double-check the results for accuracy. Its
user-friendly interface allowed for clear data representation and validation before moving
on to deeper Python 3.10 analysis.

3.4.1. Quantitative Data Analysis

The obtained data were subjected to rigorous statistical analysis [60] to establish the
efficacy of each teaching method. To begin, the mean and standard deviation of each
group’s pre- and post-test scores were computed to provide an overview of performance.
Table 3 displays descriptive statistics for the quantitative analysis, which includes pre- and
post-test scores.

Table 3. Descriptive statistics.

Group Pre-Test
Mean ± SD

Post-Test
Mean ± SD

Knowledge Gain
Mean ± SD

TCL 2.73 ± 2.32 4.20 ± 3.87 1.47 ± 5.35
VRL 1.93 ± 1.34 3.00 ± 3.67 1.07 ± 3.78
ABS 1.47 ± 1.17 1.73 ± 1.14 0.27 ± 1.46

These statistics illustrate the changes in test scores for each teaching method. They
share information on the knowledge progress across groups by showing the variability (by
standard deviations) and the magnitude of gains or losses in the learning effectiveness (via
mean and range of gains).

The standard deviations for pre-test results were modest, indicating that baseline
knowledge varied little within each group. The TCL group had a somewhat higher baseline
than the other two. The mean post-test results rose for all groups. The TCL group showed
the most progress, followed by the VRL group. The ABS showed minimal improvement.
The range of gains shows that some individuals in the TCL approach improved significantly
(up to +12), whilst the ABS made modest and consistent advances.

The TCL approach had the most variability in post-test scores and knowledge gains
(SD = 3.87 and 5.35, respectively), indicating a wide range of outcomes for participants.
Nonetheless, the ABS had the least variability (SD of gains = 1.46), indicating steady but
modest performance.

Afterwards, the post-test results were used in a one-way analysis of variance (ANOVA)
to see whether there are statistically significant variations in learning outcomes across the
three teaching approaches. Table 4 summarizes the findings of the ANOVA analysis
calculated using the [61] approach.

Table 4. ANOVA summary.

Source Degrees of
Freedom (DF)

Sum of
Squares Mean Square (MS) F-stat p-Value

Between groups 2 91.2889 45.6445 4.6033 0.0126

Within groups 87 862.6667 9.9157

Total 89 953.9556

The F-statistics value is 4.6033. This number implies that the difference between group
means is 4.603 times the variance within each group. The p-value of 0.0126 is smaller than
the conventional significance level (e.g., 0.05), indicating a statistically significant difference
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in the means of the three groups. This shows that at least one of the learning strategies
produces different results than the others.

However, the ANOVA test only tells us if there is a significant difference; it does not
specify which groups are different. For that, a post-hoc test is required. ANOVA assumes
that the data are approximately normally distributed, or the groups have equal variances
(homogeneity of variances). To investigate the significant differences between the groups
revealed in the ANOVA, we will perform a post-hoc test with Tukey’s honestly significant
difference (HSD). It handles this by comparing all possible pairs of groups and determining
where the disparities exist.

The Tukey HSD value is determined by the following formula [62]:

HSD = q·
√

MSW
n

, (4)

where q is the critical value from the studentized range distribution; MSW is the mean
square within groups; and n is the number of observations in each group.

We need to look up the critical value (q) for α = 0.05, df_between = 2, and
df_within = 87 in a Tukey’s HSD critical value table. MSW = 45.6445 from the ANOVA
analysis table, n = 30. The result is HSD = 3.84 which means that any pairwise difference
between the group means greater than 3.84 is considered statistically significant at the
0.05 level.

We now compare the differences between the group means to this HSD value to
determine statistical significance if the TCL, VRL, and ABS groups have means of 4.2, 3,
and 1.73, respectively.

Now, let us compute the pairwise differences.

1. TCL vs. VRL: |4.2 − 3| = 1.2 (not significant since 1.2 < 3.84);
2. TCL vs. ABS: |4.2 − 1.73| = 2.47 (not significant as 2.47 < 3.84);
3. VRL vs. ABS: |3 − 1.73| = 1.27 (not significant as 1.27 < 3.84).

Based on the HSD value of 3.84, none of the disparities between the group means
exceeds this threshold, indicating that assuming the calculated means and values, there is
no statistically significant difference between the groups in this investigation.

Next, metrics like Cohen’s d were used to estimate the practical significance of ob-
served discrepancies. Cohen’s d calculates the effect size, or the amount of the difference
between two groups. This adds to the statistical significance of the ANOVA test, which
simply shows whether a difference exists, not how significant it is. The following formula
determines Cohen’s d value [63]:

d =
Mean1 − Mean2

SDpooled
(5)

where SDpooled is the pooled standard deviation, computed as follows:

SDpooled =

√
(N1 − 1)·SD2

1 + (N2 − 1)·SD2
2

N1 + N2 − 2
(6)

The results obtained from the formula indicate that the effect sizes differ between the
learning strategies. Cohen’s d = 0.32 for TCL vs. VR suggests a moderate to medium effect
size, implying tiny variations in learning outcomes that may have practical significance in
some settings. In contrast, TCL vs. ABS gave Cohen’s d = 0.86, indicating a large effect size
and emphasizing a significant practical advantage for the traditional classroom. Finally,
the comparison between VRL and ABS resulted in Cohen’s d = 0.47, which is a medium
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effect size and indicates moderate differences, with video-recorded lectures showing some
advantages over the avatar-based method.

3.4.2. Qualitative Data Analysis

Following the intervention phase, participants (students) were surveyed to collect
qualitative data. These surveys contained closed-ended Likert scale questions to capture
broad trends and open-ended questions to elicit detailed participant input about their
experiences with the assigned teaching method. The survey was designed to collect
qualitative and quantitative feedback from participants on their experiences with the
assigned learning technique. This input was designed to assess each method’s engagement,
clarity, interactivity, and perceived efficacy and identify areas for improvement. The survey
was administered online following the intervention phase. To promote honest feedback,
participants completed the survey anonymously.

The teacher feedback survey sought professional perspectives from educators on the
efficacy, engagement levels, and pedagogical worth of three learning approaches. These
insights gave an experienced viewpoint to supplement the student-centered data.

4. Results
4.1. Student Feedback

The raw pre-test scores (Appendix A, Table A1) indicate that participants had varying
levels of prior knowledge before the intervention. Some students, particularly in the VRL
and ABS groups, had no initial understanding (score = 0), whereas the TCL group exhibited
higher initial scores on average.

After the intervention, the post-test scores (Appendix B, Table A2) demonstrated
improvements across all groups, with the highest individual gains observed in the VRL
method. The ABS group also showed moderate improvements, while the TCL group
exhibited mixed results.

The results of the analysis indicate some noteworthy facts about the efficacy of the
three teaching methods. Pre-test results showed relatively minimal fluctuation among
each group, indicating consistent baseline knowledge, albeit the TCL group had somewhat
higher initial scores. Post-test scores increased across all groups, with the TCL group
showing the most improvement, followed by the VRL and ABS groups. Notably, the TCL
group exhibited significant individual knowledge gains, with some participants reaching
+12, whereas the ABS group showed small but consistent gains. The TCL group had the
most variability in outcomes (SD = 3.87 for post-test scores, SD = 5.35 for knowledge
increases), indicating that this strategy elicited a wide range of participant reactions.

Statistical analysis using one-way ANOVA revealed a significant difference in post-
test scores between groups (F = 4.6033, p = 0.0126). However, Tukey’s HSD post-hoc test
revealed that none of the pairwise differences between group averages above the HSD
threshold of 3.84, implying that no statistically significant differences existed between
individual groups. The effect size analysis (Figure 4) demonstrates that while the ANOVA
findings show statistically significant differences in learning outcomes between groups,
the practical significance differs. The TCL approach has a significant practical advantage
over the ABS, although the differences between VRL and the other two methods are
less noticeable.

Participants in this study were chosen from the same age range and had the same
educational level, resulting in a homogeneous sample. This uniformity removes external
variables such as age or education, resulting in a consistent baseline for comparison.
Although the participants are similar in age and educational background, the gender
distribution among the three instructional modalities is shown in Figure 5.
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The consistency of age and education assures that any reported differences in engage-
ment, comfort, or perceived efficacy are more likely related to the teaching approach itself,
rather than demographic variances.

While women consistently outnumber men across all approaches, the transfer from
TCL to ABS shows a steady decline in male participants, indicating possible variations in
comfort or preferences while switching to technology-driven learning environments.
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Moreover, survey analysis reveals that while moderate experience with online learning
dominates across methods, ABS and VRL show higher variability in prior experience. Some
students had extensive familiarity, while others reported minimal or no prior exposure.
This gap in prior knowledge might impact comfort levels, engagement, or adaptability
to new teaching methods. Overall, while students show some divergence in their ratings
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(Figure 6), ABS generally appears to be perceived more positively than TCL and VRL, with
VRL having the widest range of feedback.
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Figure 7 depicts a boxplot that visually compares the engagement scores for each
teaching style, demonstrating the distribution and spread of ratings. Participants’ ratings
ranged from one (poor engagement) to five (great engagement).
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Figure 7. Engagement levels across teaching methods.

VRL was discovered to be the most engaging teaching style overall. TCL also per-
formed well, albeit with little fluctuation. ABS elicited a wider range of responses, implying
that it was engaging for some but not others.

Figure 8 shows students’ ratings of how clear and understandable the topic was
conveyed using the three different teaching approaches. The TCL and VRL techniques
were equally effective in terms of clarity and understandability, accounting for 35.5% of
the average distribution. The ABS technique obtained a lower average score, indicating
that students perceived the knowledge conveyed through avatars slightly less clearly and
intelligibly than the other ways.
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Figure 8. Average clarity and understandability across methods.

A heatmap was used in Figure 9 to visually represent the student feedback on different
teaching methods, making it easier to compare comfort across the methods. VRL tends to
be the most generally comfortable strategy for students, followed by TCL, and ABS yields
mixed results.
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Figure 9. Heatmap of comfort level across learning formats.

An examination of student responses to future learning approaches revealed unique
trends. VRL was the most popular method, with the majority of students responding “Yes,
definitely”. TCL also received a lot of good comments, with responses ranging from “Yes,
definitely” to “Maybe”, showing that it has a lot of promise as a future learning approach.
ABS, on the other hand, garnered mixed reviews. While a few students stated a strong
preference (“Yes, definitely”), the majority skewed towards “Maybe”, with a significant
percentage selecting “No, not at all”.

Table 5 is analyzed with percentages for each interactivity level across the three
techniques. VRL has the highest number of highly interactive responses (46.67%), whereas
ABS has the highest proportion of moderately interactive responses (56.67%). TCL has a
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very balanced distribution but includes a tiny fraction (6.67%) of not interactive replies,
which are absent from VRL and ABS.

Table 5. Breakdown of interactivity levels as percentages for TCL, VRL, and ABS.

Interactivity TCL (%) VRL (%) ABS (%)

Highly Interactive 33.33% 46.67% 26.67%
Moderately Interactive 53.33% 46.67% 56.67%
Slightly Interactive 6.67% 6.67% 16.67%
Not Interactive 6.67% 0.00% 0.00%

Students’ open-ended comments provided significant information on their preferred
learning methods. Students valued the face-to-face interaction with teachers and peers, the
organized atmosphere that encouraged focus and discipline, and the involvement in real-
time conversations and collaborative activities. Regarding VRL, respondents emphasized
the flexibility of accessing videos at their leisure, the option to pause, rewind, and repeat
content for greater understanding, and the opportunity for autonomous study at their own
speed. Additionally, students expressed that the ABS method was engaging, adaptable,
and stimulating. It enabled them to learn at any time and in any location they preferred.

The survey’s open-ended question “What did you dislike or find challenging about
this learning method?” yielded the following observations. Students complained that
traditional schools’ set schedules and locations made it difficult for them to learn at their
own pace or review information as needed. However, students noted that the VRL method
lacked real-time connection with teachers and peers, making it impossible to ask questions
or receive prompt feedback. Furthermore, several students found it difficult to stay engaged
and motivated when watching videos, particularly for extended periods of time, which
resulted in distractions or decreased concentration.

In addition, students provided suggestions for improving each learning method. For
TCL, they recommended integrating multimedia and interactive digital tools to enhance
engagement and cater to diverse learning styles. In VRL, students highlighted the lack of
real-time interaction and suggested incorporating discussion forums, live Q&A sessions,
and shorter, segmented videos to improve engagement. For ABS, they proposed refin-
ing speech expressiveness, adjusting pacing, and integrating a Kazakh accent to enhance
cultural alignment and clarity. Additionally, many students emphasized the benefits of a
hybrid learning model, combining structured classroom discussions with video-based and
avatar-driven content to maximize flexibility and effectiveness. These insights offer valu-
able guidance for refining each approach and optimizing digital and traditional learning
experiences.

4.2. Educator Feedback

A total of 80% of educators reported 1–5 years of teaching experience, indicating that
they are in their early professional stages and have new ideas on emerging teaching meth-
ods. The remaining 20% of the educators had 6–10 years of teaching experience, providing a
more seasoned perspective when evaluating learning approaches. This distribution ensured
a balanced mix of perspectives, drawing on insights from both the newer educators and
those with more established teaching techniques. Figure 10 provides a stacked bar chart
illustrating educators’ ratings of the three learning techniques’ effectiveness in improving
student learning results. Each bar reflects the percentage of educators who provided a
given rating (1–5) for each strategy.
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Figure 10. Educators’ ratings of learning methods’ effectiveness.

ABS had the largest percentage of “highly effective” ratings, with 60% of educators
choosing this choice. In comparison, only 40% and 20% of instructors regarded TCL and
VRL as “highly effective”, respectively. However, ABS earned the highest percentage of
minimal ratings, with 20% of educators rating it “slightly effective”. In contrast, neither
TCL nor VRL earned any minimum scores (1 or 2), emphasizing their consistent perceived
efficacy among instructors.

The average ratings for each approach, as determined by the Google Form analysis,
are as follows: TCL—4.20, VRL—4.20, and ABS—4.40. These findings indicate that the
ABS approach earned somewhat higher engagement ratings than TCL and VRL, which
had equal average ratings. Participants were asked which technique they thought best
supported differentiated education, which is described as responding to varied learning
styles and capabilities. TCL has 60% interest out of 100%, demonstrating a significant belief
in its capacity to enable individualized instruction. VRL has 40% interest out of 100%,
indicating a lower preference than the other approaches. ABS likewise has 60% interest out
of 100%, which matches TCL’s perceived efficacy in catering to different learning styles and
abilities.

Participants rated the effectiveness of three methods in improving students’ critical
thinking and problem-solving skills on a scale from level 1 to level 5 in Figure 11. TCL’s
effectiveness increases significantly between Levels 3 and 5, indicating a stronger reported
influence at advanced levels. VRL has modest effectiveness, with consistent ratings at
Levels 4 and 5. ABS is rated as the most successful method at Level 5, with significant
improvement in ratings.
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Figure 11. Effectiveness of methods in improving critical thinking and problem-solving skills.

The following information was produced from an examination of responses obtained
via a Google Form survey. Educators were asked to identify the strategy that they believe
best promotes self-directed learning among pupils. The results, presented as percentages
from 100%, are as follows: TCL—40%, VRL—60%, and ABS—60%. VRL and ABS appear
to be similarly effective approaches for improving self-directed learning, with a stronger
preference over traditional classroom learning. In addition, participants were asked how
comfortable they were with incorporating technology (such as video classes or avatar
systems) into their teaching. The findings, presented in percentages, show that rating 4 is
20%, while rating 5 is 80%.

The following observations are based on feedback from educators on the major
strengths of each learning technique. Educators emphasized the need for face-to-face
connection in cultivating instant feedback and a strong teacher–student relationship for
TCL. They also commended VRL’s flexibility for both teachers and students, which allows
lessons to be accessed at any time. They valued the ability to review content and the
convenience of asynchronous learning. Educator feedback emphasized the ABS method’s
engaging and interactive nature. They claimed that it boosts student motivation and en-
ables for a more personal learning experience, especially for distant or self-paced students.
Moreover, educators identified challenges related to limited flexibility in scheduling for
TCL, as well as the potential difficulty in catering to the diverse learning needs of all
students within a fixed timeframe. Some educators expressed concerns about the lack of
real-time interaction for the VRL method, which can make it difficult to address student
questions immediately. One of the challenges identified by educators regarding the ABS
is the lack of a sense of an authentic teacher. While the system provides interactive and
engaging content, some educators expressed concerns that the absence of a real human
instructor may lead to a feeling of detachment or lack of personal connection.
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Educators proposed numerous essential modifications, including expanding the au-
thenticity of the avatar’s emotions, improving the emphasis in the pace of speech, and
incorporating a Kazakh accent into the language to boost the ABS’s effectiveness. In re-
sponse to the question about interest in using the ABS for their own teaching, 80% of
educators indicated that they would be interested, while 20% expressed that they would
not. This demonstrates a strong majority is open to integrating such technology into their
teaching practices, though some reservations remain.

A comparative study was performed involving Syntheses [64,65], D-ID [66], and the
suggested avatar-based intelligent interactive learning system to assess the functionalities of
AI-enhanced avatar-based platforms in educational settings. The comparison emphasizes
important aspects such as language support, customization of avatars, expressiveness of
speech, interactivity, and deployment of the system. Table 6 provides a systematic summary
of these platforms.

Existing platforms such as Synthesia and D-ID offer advanced AI-driven video genera-
tion and real-time interactions but are primarily designed for corporate training, marketing,
and customer engagement. They lack deep integration with structured educational frame-
works. Synthesia relies on pre-recorded video outputs, while D-ID supports real-time
AI-driven interactions but lacks tailored educational adaptability.

A significant limitation of both is their insufficient support for the Kazakh language.
While Synthesia supports over 140 languages, its Kazakh phonetic adaptation is underde-
veloped. Similarly, D-ID’s Rosetta-1 model facilitates multilingual lip synchronization, but
its accuracy for Kazakh phonemes remains unverified. Other related studies [4–36] also fail
to address the linguistic and interactive needs of Kazakh-speaking learners fully.

In contrast, the intelligent ABS is specifically designed for Kazakh learners. It inte-
grates custom sentence-based gestures and facial mimics aligned with Kazakh linguistic
structure to ensure natural pronunciation, expressive speech delivery, and cultural rele-
vance. Its real-time interactivity enables adaptive gestures, facial expressions, and speech
intonation, enhancing engagement.

Table 6. Comparison of AI-driven avatar-based platforms.

Feature Synthesia D-ID Avatar-Based System

Platform overview

A video generation
platform powered by AI
features over 230 avatars,
enabling users to produce
videos in more than 140
languages. It is ideal for
corporate training,
marketing, and creating
explainer videos.

AI-driven video and audio
manipulation platform
enabling dynamic
avatar-based interaction. It
is primarily used for
customer support,
real-time digital human
applications, and content
automation.

Web-based intelligent
interactive learning system
designed specifically for
the Kazakh language,
integrating speech
synthesis, avatar
animation, and
sentiment-driven
interactions to improve
engagement.

Language support

Over 140 languages are
supported, but the
availability of support for
the Kazakh language is
limited or lacks native
phonetic adjustments.

Offers support for various
languages; however,
Kazakh is not specifically
mentioned, and the
precision of phonetic
representation is unclear.

Created uniquely for the
Kazakh language,
guaranteeing precise
phonetic articulation,
authentic intonation, and
cultural relevance for those
learning.
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Table 6. Cont.

Feature Synthesia D-ID Avatar-Based System

Avatars and
customization

Offers a range of
pre-designed avatars, with
limited ability to modify
facial expressions and
gestures dynamically.

Provides customizable
avatars, allowing users to
manipulate visual
appearance and emotional
expressions to some extent.

Custom-designed avatar,
incorporating
sentence-based gestures
and facial mimics
optimized for Kazakh
linguistic structure.

Speech expressiveness

AI-generated speech with
preset intonation. Limited
Customization over voice
modulation.

AI-driven voice
synchronization lacks
real-time intonation control
tailored for specific
linguistic needs.

Applies sentence-based
intonation mapping for
Kazakh, ensuring natural
sounding speech and
expressive vocal delivery
for better comprehension.

Interactivity

Mainly consists of
pre-recorded videos, which
do not offer real-time
engagement or user
interaction.

It focuses on real-time
AI-driven conversations
but lacks deep integration
with structured
educational content.

An engaging learning
environment in which the
avatar adjusts its gestures,
facial expressions, and
vocal intonation in
real-time according to the
material and user
engagement.

Facial and gesture
animation

GAN- and CNN-based
facial animation; natural
expressions but limited
emotional variation.
Gesture animation with
minimal head movement
and no hand gestures.

AI-generated facial motion
with subtle expressions.
Gesture animation with
limited head movement,
no hand gestures.

Custom sentence-based
expressions using Blender
3.6. Full-body gestures
dynamically linked to
speech.

Lip synchronization

Utilizes a proprietary AI
system that leverages
machine learning and deep
learning techniques to
achieve photorealistic
facial synthesis. However,
that is not optimized for
Kazakh speech
articulation.

It employs a proprietary
model known as Rosetta-1,
which integrates AI
capabilities for video
translation, voice cloning,
and lip-syncing. This
model enables the
synchronization of lip
movements with translated
audio while preserving the
original speaker’s voice
characteristics. But that is
not explicitly trained for
Kazakh phonemes.

Integrated with Wav2Lip
for lip synchronization,
ensuring accurate lip
movements corresponding
to Kazakh text-to-speech
(TTS) output.

Security and compliance
SOC 2 and GDPR
compliant, ensuring data
privacy.

Employs SSL encryption
(TLS 1.3) along with the
automatic removal of
temporary data to ensure
security.

Custom data privacy
controls aligned with
organizational security
policies.

System deployment and
accessibility

Web-based, accessible via
browser on Windows,
macOS, Linux, requiring
an internet connection.

Web-based, accessible on
various platforms but
dependent on cloud-based
AI processing.

Web-based and deployable
on institutional servers,
supporting both online and
offline modes for improved
accessibility in educational
environments.
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5. Discussion
The analysis of the teaching methods yielded several key insights into their effec-

tiveness based on student performance and feedback. Pre-test scores showed minimal
variability within each group, highlighting uniform baseline knowledge. However, the TCL
group exhibited slightly higher initial scores. Post-test scores increased across all groups,
with the TCL group showing the most significant improvements, followed by VRL and
then ABS. The TCL group exhibited substantial knowledge gains but high variability in
outcomes (SD = 5.35), while VRL showed moderate, balanced improvements. ABS demon-
strated consistent but modest gains with the lowest variability (SD = 1.46), indicating its
uniform yet limited effectiveness.

Statistical analysis using one-way ANOVA confirmed a significant difference in post-
test scores among the groups (F = 4.6033, p = 0.0126). However, Tukey’s HSD post-hoc test
indicated that pairwise differences between group means did not exceed the threshold of
3.84, suggesting no statistically significant differences between specific groups. While the
ANOVA results indicate a significant overall difference among the teaching methods, the lack
of statistically significant pairwise differences identified by Tukey’s HSD suggests that the
variability within groups may have diluted the observed effects. This limitation, combined
with the relatively small sample sizes, may have impacted on the statistical power of the
analysis. While stratified sampling was used to ensure group representativeness, the sample
size of 90 individuals (30 each group) remained a restriction. A greater sample size might
improve the statistical results’ reliability and generalizability, potentially lowering the impact
of individual differences on the conclusions. Future research should include increasing the
sample size to improve the validity of the findings and investigating how different learner
demographics influence the effectiveness of ABS, TCL, and VRL techniques.

Nevertheless, effect size analysis suggests that TCL offers a meaningful practical
advantage over the ABS. This finding implies that students in TCL may have benefited
from direct instructor interaction, a structured learning environment, or other pedagogical
factors that contributed to improved learning outcomes. The relatively small effect size
differences between VRL and the other methods indicate that VRL may serve as a viable
alternative, particularly in scenarios where traditional classroom instruction is not feasible.

The lower performance of ABS may be attributed to its novelty, suggesting that students
may require additional time to adapt to this learning approach. However, the findings also
highlight the need for further refinement of ABS, including enhancements in interactivity,
the integration of adaptive feedback mechanisms, and the incorporation of sentiment-driven
gestures and facial expressions. These improvements could potentially bridge the gap between
avatar-based learning and traditional instructional methods. Further research should examine
the influence of learner engagement, cognitive load, and instructional design on the practical
effectiveness of various teaching methodologies to optimize the implementation of intelligent
interactive learning systems. While this study focusses on short-term evaluations of ABS
using immediate post-test findings, knowing its long-term influence is an important area for
future research. Assessing long-term knowledge retention, learner engagement, and flexibility
would reveal more about the system’s effectiveness.

The deployment of ABS in educational settings does not necessitate extensive hard-
ware. The animations and interactions can be run on standard computers or web-based
platforms. While tools like Blender and Wav2Lip are freely available, their effective use—
particularly for rendering and real-time interaction—may require computational resources
such as mid-to-high-end GPUs. However, once animations are pre-rendered, the system
operates efficiently on standard hardware, ensuring accessibility for various educational
institutions without significant resource constraints.
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The data presented in this study reveal valuable insights into educators’ perceptions
of three distinct learning methods. The majority of educators (80%) are relatively inexperi-
enced in their teaching careers, offering fresh perspectives on emerging methods, while
20% have more experience, contributing a balanced viewpoint.

When it comes to differentiated instruction, both ABS and TCL were equally favored
(60%), indicating their perceived effectiveness in addressing diverse learning styles. How-
ever, for critical thinking and problem-solving, ABS emerged as the most effective method
at the advanced level, with TCL showing a more significant impact at higher levels.

The analysis of self-directed learning revealed a strong preference for VRL and ABS,
with both methods seen as more conducive to student autonomy compared to traditional
classroom learning. Furthermore, educators expressed a high level of comfort with inte-
grating technology, especially video lessons and avatar systems, into their teaching.

In terms of strengths, TCL was praised for its face-to-face interaction, VRL for its flexibility,
and ABS for its engaging and interactive nature. However, educators highlighted challenges
related to the lack of real-time interaction in VRL and the absence of a “real” teacher in ABS.
To improve ABS, educators recommended enhancing the avatar’s emotional authenticity and
incorporating a Kazakh accent to strengthen the learning experience.

Finally, the survey indicates a good response to incorporating ABS into teaching tech-
niques, with 80% of educators showing interest in applying it, while certain worries remain.
The findings show the need for additional ABS improvement to meet educator concerns and
maximize its usefulness in modern classroom environments.

Based on participant feedback and perceived constraints, we chose to improve the ABS
by incorporating sentiment-driven gestures and facial mimics. This attempts to create a more
empathic and engaging learning environment, potentially boosting its effectiveness. This
finding is consistent with the accumulating evidence that emotionally intelligent systems
generate improved engagement and learning results.

6. Sentiment-Driven Development
The semantic knowledge base from the research [48] incorporates a 5-point sentiment

scale, enabling the detection of nuanced sentiment. The semantic base also considers con-
textual variability, which is essential for natural language sentiment analysis. Building on
this, the sentiment analysis model identifies emotions in input text. By categorizing the text
into these emotional groups, the model supports the generation of expressive behaviors in
avatars. To enhance the responsiveness and engagement of the avatar in the learning system,
facial expressions and gestures are dynamically adapted based on the sentiment analysis
results. The system utilizes a 5-point sentiment scale (−2 to +2) to categorize emotions into
the five levels of very negative, negative, neutral, positive, and very positive. Each sentiment
category is associated with a specific set of facial expressions and gestures in Table 7, designed
to naturally reflect the emotional tone of the analyzed text.

By combining linguistic structure alignment with sentiment analysis, the avatar generates
context-aware responses that are both grammatically accurate and emotionally resonant. For
example, while linguistic structure guides the avatar to emphasize key sentence elements,
sentiment analysis enriches this response with appropriate emotional expressions and gestures.
This dual-layered approach ensures that the avatar’s reactions consider both the meaning and
emotional tone of the input text. For instance, if a learner inputs a positive question, the avatar
smiles, raises its eyebrows (to indicate attentiveness), and uses open gestures while providing
an encouraging answer. For a negative statement, the avatar furrows its brows, tilts its head
empathetically, and adopts a slower, softer tone while delivering feedback.

The avatar’s behavior adapts in real-time, ensuring responses that feel natural and
contextually appropriate. The integration of linguistic structure ensures the avatar’s gestures
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and expressions emphasize key grammatical and semantic elements, while sentiment analysis
provides the emotional depth needed for a truly engaging interaction. This approach results in
an emotionally intelligent avatar capable of fostering deeper engagement and support within
the learning environment. It not only enhances learner motivation but also builds a more
empathetic and personalized educational experience.

Table 7. Mapping sentiment scores to expressions and gestures.

Sentiment
Score Description Facial Expressions Gestures

−2
(Very

negative)

At this extreme, the
avatar conveys
strong
dissatisfaction or
frustration through:

Deeply furrowed
brows, tightly
pressed lips, and
narrowed eyes

A slow shake of the
head, crossed arms,
and a slight backward
lean to indicate
withdrawal.

−1
(Negative)

The avatar displays
subtle concern or
disappointment
through:

A slight frown,
raised inner
eyebrows, and
slightly drooping
eyes.

Slow, minimal hand
movements, a slight
downward head tilt,
and simulated sigh
gestures.

0
(Neutral)

The avatar
maintains a
composed and
attentive demeanor
through:

Relaxed features,
natural resting
eyebrows, and
minimal eye
movement.

Subdued hand
movements, a small
nod for attentiveness,
and an open hand
position to convey
neutrality.

+1
(Positive)

Positive emotions
are represented
with a friendly and
encouraging
presence through:

A soft smile slightly
raised outer
eyebrows, and
bright eyes.

Open hand gestures, a
slight forward lean,
and subtle applause.

+2
(Very Positive)

The avatar displays
animated joy and
enthusiasm
through:

A broad smile
showing teeth,
lifted cheeks, and
fully raised
eyebrows.

A clear thumbs-up,
animated waving, and
open arms to
symbolize warmth and
happiness.

A lexicon-based sentiment analysis approach will be applied to match the avatar’s
motions and facial expressions to the emotional tone of the spoken information. To assess a
sentence’s overall sentiment, the analysis uses tokenization, lemmatization, lexicon matching,
and contextual aggregation. The avatar selects appropriate actions and facial expressions
based on the derived sentiment score. To ensure temporal synchronization, animations
are assigned in accordance with sentence structure and speech duration, using a SAF in
MoviePy to adjust animation speed, Wav2Lip for precise lip synchronization, and blended
animation sequences to smooth transitions between sentiment shifts. This strategy improves
the expressiveness of the avatar, increasing engagement and realism in avatar-based learning.

7. Conclusions
This study underscores the transformative potential of the ABS method in modern

education by comparing it to TCL and VRL. While TCL demonstrated the highest knowledge
gains and VRL provided flexibility, ABS emerged as a consistent and promising tool for
fostering critical thinking, self-directed learning, and personalized educational experiences.
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However, this study also revealed key limitations in ABS, particularly the lack of emo-
tional alignment and cultural authenticity. These challenges emphasize the need for en-
hancements to make ABS more engaging and relatable for learners. To address these gaps,
we propose integrating sentiment-driven development into ABS. By leveraging a semantic
knowledge base and hybrid sentiment analysis model for Kazakh texts, future systems can
dynamically adjust gestures, facial mimics, and expressions to align with linguistic structure
and emotional tone.

This sentiment-driven method attempts to elevate ABS beyond basic accuracy to emo-
tional intelligence, resulting in deeper learner engagement and better outcomes. Sentiment-
driven animations will be refined by increasing transition handling between emotional states,
resulting in smoother, more natural avatar movements. Furthermore, including culturally rel-
evant characteristics such as a Kazakh accent and adaptive learning methods would improve
the system’s responsiveness and relatability.

As educators increasingly adopt technology-driven methods, these advances position
ABS as a pivotal tool in modern teaching, capable of addressing diverse learning needs. Future
work will focus on evaluating the impact of these enhancements on learner engagement and
performance, as well as conducting long-term studies to assess the system’s effectiveness
over extended periods. In the long term, understanding how ABS influences knowledge
retention, sustained motivation, and learning adaptability will provide deeper insights into its
role in modern education. These findings will lay the groundwork for adopting emotionally
intelligent avatar-based systems in education.
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Appendix A

Table A1. The pre-test scores for each participant in the groups.

Participants Traditional Classroom Video-Recorded Avatar-Based

Student 1 2 0 2
Student 2 2 2 2
Student 3 2 0 2
Student 4 2 2 0
Student 5 2 4 2
Student 6 2 4 2
Student 7 2 2 2
Student 8 2 2 2
Student 9 0 2 4
Student 10 2 4 2
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Table A1. Cont.

Participants Traditional Classroom Video-Recorded Avatar-Based

Student 11 2 2 4
Student 12 2 2 2
Student 13 0 2 2
Student 14 2 0 0
Student 15 2 4 2
Student 16 2 2 2
Student 17 0 2 2
Student 18 0 0 0
Student 19 2 0 0
Student 20 2 0 0
Student 21 4 0 2
Student 22 8 4 0
Student 23 8 2 0
Student 24 8 2 2
Student 25 4 2 0
Student 26 2 4 2
Student 27 8 2 0
Student 28 2 2 2
Student 29 4 2 2
Student 30 2 2 0

Appendix B

Table A2. The post-test scores for each participant in the groups.

Participants Traditional Classroom Video-Recorded Avatar-Based

Student 1 4 2 2
Student 2 8 2 2
Student 3 2 16 4
Student 4 2 0 2
Student 5 6 2 2
Student 6 6 4 2
Student 7 12 2 2
Student 8 0 2 2
Student 9 2 0 2
Student 10 6 0 0
Student 11 2 2 2
Student 12 8 2 0
Student 13 12 2 0
Student 14 10 2 2
Student 15 2 6 2
Student 16 0 2 2
Student 17 10 2 2
Student 18 12 0 2
Student 19 0 0 0
Student 20 2 4 0
Student 21 4 4 2
Student 22 0 14 0
Student 23 0 0 2
Student 24 2 2 2
Student 25 2 4 2
Student 26 2 6 2
Student 27 2 2 4
Student 28 2 2 4
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Table A2. Cont.

Participants Traditional Classroom Video-Recorded Avatar-Based

Student 29 4 0 2
Student 30 2 4 0
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