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ABSTRACT

Purpose of the Research. This study investigates respondents’ emotional reactions to Almaty Management
University’s promotional videos and examines how those reactions influence perceived attractiveness of the
videos and recall of their content. Understanding these effects may inform the development of more effective
educational-marketing strategies by showing how emotional engagement drives prospective students’ interest.

Methodology. The research is based on the observations of the facial expressions of subjects showing two
promotional videos developed by the marketing department of Almaty Management University. Twenty pro-
spective students (ages 16-20), who were considering applying to the university, took part in the study. Facial
expressions were recorded using FaceReader during video viewing, after which each participant completed
surveys to assess ad recall and perceived attractiveness, allowing to examine their relationship with the record-
ed emotional responses. To predict the memory output and the perceived attractiveness based on FaceReader
results machine learning models such as Random Forest and Gradient Boost were employed.

Originality/Value of the Research. By having combined facial expression analysis with predictive analyt-
ics, this study intends to serve as a contribution in the growing area of neuromarketing within educational
marketing. Contrary to traditional marketing methods which mainly rely on self-report, our research provides
an objective evaluation for emotional involvement and its cognitive consequences.

Findings. Positive emotions like joy and sentimentality significantly enhance memory retention and per-
ceived attractiveness of university promo videos. Fear and anger, however, had lower predictive power. Ac-
cording to machine learning models, positive emotion is important for student engagement and recall. Positive
emotion-engaging video content will prove a strong tool in educational marketing to increase brand recall and
prospective students’ decision-making. The results are of practical importance in providing necessary informa-
tion to universities to better their marketing strategies.

Keywords: Neuromarketing, Educational marketing, Emotional engagement, Memory retention,
Perceived attractiveness, FaceReader, Machine learning models (Gradient Boosting, Random Forest),
University promo-tional videos

INTRODUCTION

These days, universities are using more multimedia, especially promotional videos to attract students in
the competitive education market. Students’ decision-making processes are ultimately influenced by their
emotional engagement with the multimedia, which is crucial for improving memory retention and perceived
attractiveness [1]. Studies also has shown that emotionally engaging content has greater impact on student
learning and recall [2].

To improve educational marketing, it’s important to measure and optimize emotional responses, especially
as emotionally driven content becomes more common. Neuromarketing is one of the new-age interdisciplinary
field which integrate marketing, psychology and neurobiology. Through neuromarketing researcher can pres-
ent advanced approaches in investigating and optimizing emotional engagement [3]. Neuromarketing strate-
gies can also be used for improving the content of universities for enhancing memory recall. In these terms, fa-
cial expression analysis is as able to offer insights into how emotionally-driven content can contribute to better
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memory recall. Facial expression analysis has been popular among neuromarketing tools. It allows real-time
detection of emotional responses through micro-expression tracking [4]. Tools like FaceReader, integrated
into platform named iMotions, is able to provide a way to measure facial expressions. Understanding these
emotional reactions can enhance the effectiveness of educational marketing strategies. [5].

Despite all of this, the effect of emotional engagement in university marketing strategies on cognitive out-
comes has not been thoroughly studied. Addressing this gap will pave the way for creating data-driven content
strategies for engaging and recruiting prospective students.

Our study seeks to examine emotional responses of respondents to promotional videos, and their relation to
memory retention and perceived attractiveness. The main objectives of research are:

1. Identify emotions that impact memory retention and perceived attractiveness.

2. Evaluate the predictive power of machine learning models (such as Gradient Boosting and Random For-
est) in analyzing influences of emotions.

This research combines neuromarketing instruments and predictive analytics with the aim of benefiting
universities when improving their promotional videos through engagement and better recall.

Neuromarketing and Facial Expression Analysis

Neuromarketing represents the merge of cognitive psychology, neurophysiology, and marketing. It offers
valuable insights into how consumer reaction at a subconscious level [6]. One of the advanced tools in neuro-
marketing is FaceReader. FaceReader serves as an advanced solution for studying human behavior. It enables
the collection of precise and reliable data on emotions through facial expression analysis. These expressions
are the result of muscle movements beneath the skin, which provide researchers a more profound understand-
ing of consumer behavior and decision-making processes [7]. Besides according previous studies, emotional
analysis is considered highly accurate, because emotions directly influence human behavior and are most
clearly reflected on the face [8].

Emotional Responses in Advertising

Emotions are generally characterized as fleeting and temporary. They have a key influence on consumer
behavior by affecting perceptions, brand choices, and buying decisions. Neuromarketing studies have shown
that different marketing stimuli, including product images, logos, advertising stories, and the general store
environment, can trigger emotions [9].

Researches have proven that emotionally engaging content has a strong impact on cognitive processes.
According to findings of Tyng et al. and Osugi et al. [1,10] perception, attention, learning, memory, reasoning
and problem-solving are significantly influenced by emotions. Particularly, they increase memory retention, by
making them more vivid and easier to recall.

Memory Retention and Emotional Arousal

Positive emotions like joy and sentimentality, correlate with better recall and higher brand likeability. It has
been proven that ad campaigns that evoke positive emotions generate 6 times more brand lift and 20% more ad
recall than those with less emotional engagement [11,12]. This phenomenon is also evident in neuromarketing
researches. For instance, Vences et al. [13] demonstrate that positive emotions enhance purchase intentions
and brand loyalty. They highlight the importance of emotional connection between brands and customers.

On the other hand, negative emotions, while less frequently used, can also create lasting impressions. Stud-
ies have shown that campaigns generating strong negative emotions can lead to higher recall rates. It indicates
that negative emotional arousal can enhance memory retention [14].

Emotionally charged experiences are encoded more deeply in memory. Advertisements that trigger strong
emotional reaction are more likely to be retained in customers’ long-term memory. [15]. Moreover, by using
consumer neuroscience methods to study emotional responses, marketers and researchers can evaluate the sub-
conscious reactions. It contributes to understanding of connection between emotions and memory retention [16].

These findings highlights the importance of emotional engagement in content creation. Both positive and
negative emotions can significantly impact memory retention and consumer perception.

Emotional Engagement in Educational Marketing

Universities are increasingly utilizing video content to attract students and build brand identity. Emotion-
ally engaging content has been shown to strengthen connections between students and institutions, enhancing
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engagement and recall [1,2]. However, empirical research directly linking emotional responses to cognitive
outcomes in educational marketing remains limited, highlighting the need for further studies in this area.

Machine Learning for Emotion and Consumer Behavior Analysis

Recent research has shown that the diversity of emotional reactions is frequently not well captured by
conventional statistical techniques. Machine learning models have been rather effective in deeper analysis of
consumer behavior. They are able to identify patterns in self-report and physiological metrics, including facial
expressions and gaze patterns. For example, research indicates that models like Random Forest and Gradient
Boosting outperform other models in predicting customer purchase behavior, by achieving higher accuracy
scores. [16,17]

Machine Learning in Educational Marketing

While machine learning has proven itself effective in commercial marketing, its application in educational
marketing is still underexplored. Combining facial expression analysis with predictive modeling can help edu-
cational institutions to enhance student engagement and memory recall. Previous researches proposed system
which uses machine learning models to identify students' facial expressions and define engagement levels.
This approach allows to optimize teaching methods and materials, by ensuring they resonate emotionally with
students. Their results indicated that use of deep learning techniques has shown promise in accurately assess-
ing engagement levels [18,19].

Literature Gap

Previous studies have begun applying neuromarketing techniques to educational contexts, but none have
directly linked emotional facial responses to memory and attractiveness outcomes for university marketing
content. For example, a recent multi-campus study used facial expression analysis to evaluate student engage-
ment with online course materials and websites, illustrating the growing role of neuromarketing in higher
education branding [20]. However, that work focused on usability and learning engagement rather than on
promotional videos or memory recall of marketing messages. Another experiment compared viewer engage-
ment for advertisements with mixed vs. uniform emotional tones using EEG, confirming that varied emotional
content can sustain attention [21]. Yet, it did not assess recall or appeal, and it was not specific to education
marketing. This research addresses this clear gap. To our knowledge, this is the first study to objectively track
prospective students’ emotional reactions (via facial coding) to actual university promo videos and examine
how those reactions correlate with what information they remember and how attractive they find the video and
its message. It also complements earlier survey-based studies in higher-ed marketing that highlighted the im-
portance of emotional connection in shaping college choice [22]. By combining biometric emotion measures
with cognitive outcomes, our work provides novel empirical evidence on why emotionally engaging recruit-
ment content is effective. In summary, whereas earlier research either measured emotional engagement or
memory in isolation, our study bridges the two. It fills an empirical gap by showing which specific emotions
(e.g. joy, sentimentality) are most influential in enhancing recall and attractiveness of university marketing
videos — insights that were previously unquantified in the literature.

MAIN BODY

Materials and Methods

This section describes the research approach used in this study. Our study aims to investigate how emo-
tional responses impact memory retention and perceived attractiveness of university promotional videos. The
study integrates FaceReader, a facial expression analysis tool by iMotions, with machine learning models
(Gradient Boosting and Random Forest) and conducts a quantitative analysis of emotional engagement and its
cognitive impact.

Research Questions

The study is guided by the following key research questions:

1. How do specific emotional responses elicited by promotional videos impact memory retention and per-
ceived attractiveness?

2. To what extent can machine learning models (Gradient Boosting and Random Forest) predict the influ-
ence of emotional engagement on memory retention and attractiveness?

3. Do positive emotions play a more significant role in perceived attractiveness than in memory retention?
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Hypotheses

Based on prior neuromarketing research, this study tests the following hypotheses:

H1: Positive emotions significantly enhance memory retention of video content compared to neutral or
negative emotions.

H2: Emotional engagement, measured through facial expressions, is a strong predictor of perceived attrac-
tiveness, with higher engagement correlating to higher attractiveness ratings.

Research Design

This study adopts a quantitative experimental approach to evaluate the relationship between emotional
responses and cognitive outcomes. After participants were informed of the study’s aims and provided written
informed consent, they watched two university promotional videos while their facial expressions were re-
corded in real time using FaceReader. Subsequently, each participant completed memory recall tests and rated
the perceived attractiveness of the videos on a Likert scale.

Participant Selection

The sample consisted of 20 prospective students (10 females, 10 males), aged 16-20 years, who had ex-
pressed interest in Almaty Management University. Participants were recruited through the university's admis-
sions office to ensure contextual relevance. According to ESOMAR guidelines, sample composition should
reflect the natural target audience to enhance relevance and interpretability [23]. Although our sample size (n =
20) is smaller than typical thresholds for large-scale surveys, it aligns with standard neuromarketing practice,
where focused cohorts often produce reliable physiological and emotional insights [24]. Vozzi et al. (2021)
demonstrated in a neuromarketing context that meaningful and interpretable results can be obtained from as
few as 16 participants when analyzing biometric metrics such as EEG, eye movements, or facial expressions;
subgroups of this size still showed moderately strong correlations with full-sample outcomes [25]. Neverthe-
less, future work should recruit larger and more diverse samples to strengthen the generalizability of these
findings.

Experimental Procedure

The study followed a structured experimental protocol:

1. Pre-Experiment Survey: Participants rated their likelihood of choosing the university on a scale of 1 to 10.

2. Video Exposure: Participants watched two university promotional videos.

3. Emotional Response Measurement: FaceReader recorded micro-expressions in real time.

4. Memory Test & Attractiveness Ratings: Participants completed memory recall tests and rated video at-
tractiveness on a Likert scale.

5. Post-Experiment Survey: Participants re-evaluated their university preference after viewing the videos.

Experimental Equipment

The FaceReader software, via the iMotions platform, was used to automatically categorize participants’
facial expressions into distinct emotional states. Specifically, FaceReader detects the six basic emotions de-
fined by Ekman — Joy (Happiness), Sadness, Anger, Fear, Disgust, Surprise — as well as Neutral (no strong
emotion). In addition, the version used includes Contempt (as a seventh fundamental expression) and two
advanced affective states: Sentimentality (a warm, nostalgic emotional response) and Confusion. This yields a
total of 9 classified emotional states. Alongside these categories, the system computes an “Engagement” met-
ric reflecting the level of expressiveness or intensity of the facial reactions, and a “Valence” score indicating
overall positive vs. negative emotional tone [26]. These measures were captured at ~30 frames per second as
participants watched the videos. As recommended by the manufacturer, we calibrated the software with each
participant’s neutral expression at baseline to improve accuracy [27]. The FaceReader tool has been validated
in prior research for reliably recognizing facial expressions and micro-expressions corresponding to the above
emotion categories [28]. We thus obtained a time-series of probabilities for each emotion per participant,
which were later averaged per video or used to compute features (e.g., peak “Joy” level) for our analysis.

Research Materials

The stimuli used for this study consisted of two short promotional videos lasting 1 minute and 10 seconds,
and 31 seconds respectively. These videos, provided by the university’s marketing department, showcased
essential information about available programs and highlighted the benefits of attending the university, aiming
to engage and attract prospective students.
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Data Collection and Preprocessing

The study collected two types of data:

= Facial Expression Data: Captured via FaceReader (emotion intensities recorded in real-time).

= Survey & Memory Test Data: Post-video recall scores and attractiveness ratings.

Data preprocessing included:

= Filtering out outliers in emotional responses.

= Standardizing values for model training.

= Splitting data into training (80%) and testing (20%) sets.

Data analysis and Machine Learning Models

To quantify the relationship between recorded emotional responses and cognitive outcomes, two super-
vised learning algorithms were employed. Additionally, hyperparameters described below were selected to
balance model expressiveness and overfitting risk. A Random Forest regressor was configured with 100 de-
cision trees (n_estimators=100), a maximum depth of 10 (max_depth=10), and the Gini impurity criterion
(criterion='gini'), reflecting common defaults shown to perform well in small-to-medium sized datasets. The
Gradient Boosting regressor was initialized with 100 boosting stages (n_estimators=100), a learning rate of 0.1
(learning_rate=0.1) to ensure gradual improvement, and a maximum tree depth of 3 (max_depth=3) to prevent
overfitting. Data were randomly divided into training (80 %) and testing (20 %) sets (random_state=42), and
model stability was further assessed via 5-fold cross-validation on the training data. Both models’ predictive
performance was evaluated on the held-out test set using Mean Squared Error (MSE) and the coefficient of
determination (R?); detailed results for each model and media condition are reported in Section Results. Given
the modest sample size (n = 20), these hyperparameter choices help mitigate overfitting while preserving suf-
ficient model complexity. Future studies with larger and more diverse cohorts should explore tuning these
parameters further to optimize predictive accuracy.

Ethical considerations

This study was conducted in accordance with international and national research ethics guidelines. All
participants (and parents/guardians for minors) gave informed consent prior to participation. We followed
the ICC/ESOMAR Code and the Neuromarketing Science & Business Association (NMSBA) Code of Eth-
ics, which emphasize voluntary participation, privacy, and protection of participants’ welfare [29, 30]. The
procedures (watching short publicly available university videos and answering questions) presented no more
than minimal risk, comparable to everyday media consumption. According to the Common Rule’s definition
of minimal risk, the probability and magnitude of any harm or discomfort in our research were not greater
than those ordinarily encountered in daily life [31]. In line with this and APA ethical standards for minimal-
risk research, the study did not require formal ethics committee review[32]. Nevertheless, we adhered to legal
requirements on data protection: no personal identifiers were retained, and data were analyzed in aggregate.
This is consistent with GDPR-aligned Kazakhstan law, which mandates informed consent and secure handling
of personal data [33]. All experimental protocols (recruitment, data collection, and storage) were designed to
ensure participants’ rights and well-being were fully respected.

RESEARCH RESULTS

The results include descriptive statistics, model performance comparisons and a detailed examination of the
predictive power of emotional variables. This integrated approach offers key insights into the role of emotions
in shaping consumer engagement.

General Findings From Survey Responses And Face-Reader Emotional Valence Analysis

Table 1 presents the key metrics for Media 1 and Media 2, such as preference ratings for universities before-
after exposure, media attractiveness score, emotional valence based on survey and Face-Reader and memory
test results. Such summary outlines a significant scene for further discussion.

The university preference ratings remained consistent at 8.32 for both media before the experiment. How-
ever, after exposure of medias there was a slight increase in ratings, with Media 2 scoring 8.74 compared to
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Media 1 with score 8.58 on scale 1 to 10. It may indicate that Media 2 had a stronger impact on respondents’
preference. While both videos were rated highly in terms of attractiveness, Media 2 showed a slight advantage
over Media 1 (8.95 vs. 8.84). Regarding emotional valence, the survey revealed that Media 1 had a higher posi-
tive emotional response (84.2%) compared to Media 2 (78.9%), which is consistent with FaceReader results
(Media 1 — 5,42; Media 2 — 2,51). Additionally, based on survey results, Media 2 showed a higher proportion
of neutral responses (21% compared to 15.7% for Media 1). This pattern is also consistent with FaceReader
data. It may indicate that Media 1 evoked higher engagement.

Table 1 - General Findings From Survey Responses And Face-Reader Emotional Valence Analysis

Category Media 1 Media 2

University Preference Before Experiment on scale from 1 to 10 (survey) 8.32 8.32
Media Attractiveness on scale from 1 to 10(survey) 8.84 8.95
Positive Emotional Valence (%)(survey) 84.21 78.95
Negative Emotional Valence (%)(survey) 0.00 0.00
Neutral Emotional Valence (%)(survey) 15.79 21.05
Correct Memory Test Answers (%)(survey) 84.20 80.30
Valence AVG. (FaceReader) 5.41 2.51
University Preference After Media on scale from 1 to 10 (survey) 8.58 8.74
Note - Compiled by the authors based on research findings.

Detailed Face-Reader-based Emotional Data Comparison Across Media Types (AVG. Values)

Figure 1 presents the average emotional responses (AVGQ) triggered by Media 1 and Media 2, provided by
Face-Reader. It offers deeper understanding of respondents’ emotional engagement. The chart includes all key
emotional metrics, including engagement and neutral response. This comprehensive approach provides a more
holistic view of how participants emotionally responded to each media type

Media 1 consistently triggered stronger emotional reactions. Particularly, it is observed in terms of positive
emotion, with Joy averaging 7,16. The higher engagement score of 15,40 for Media 1 suggests that respon-
dents were more attentive. It further enhances emotional impact of first media. In contrast, Media 2 evoked
lower Joy (2,56), slightly higher Sentimentality (2,40) in contract to Media 1 (2,28). The lower engagement
level (10,66) indicates lower emotional response. Negative emotions also varied between the two media types.
Media 1 recorded higher levels of Contempt (3,08) and Disgust (0,52) compared to Media 2 (2,6 and 0,05
respectively). The lower engagement in Media 2 reflects a less emotionally charged viewing experience, po-
tentially leading to weaker memory retention and lower perceived attractiveness.

Overall, these findings highlight that Media 1 fostered a stronger emotional connection. The higher engage-
ment and valence, lower neutrality of Media 1 suggest that it had a more significant cognitive and emotional
impact on respondents compared to Media 2.
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Comparative Emotional Response Analysis
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Figure 1 - Comparative Emotional Response Analysis for Media 1 and Media 2
Note - Compiled by the authors based on emotional response data captured using FaceReader analysis.

Machine Learning Model Performance for Memory and Attractiveness

To predict memory retention and perceived attractiveness the study employed Random Forest (RF) and
Gradient Boosting (GB) models. The findings showed different levels of model performance. It provides in-
sights into feature importance, models’ predictive ability and their limitations.

The analysis of machine learning models reveals varying predictive ability in assessing memory retention
and perceived attractiveness for the two medias. For memory retention, both models showed lower predictive
accuracy, with negative R-squared values. It indicates limited predictive ability, which can be explained by
small sample size and complex, non-linear relation of memory with different factors. However Sentimentality,
Contempt, and Joy emerged as key predictors, suggesting that emotionally charged content influences viewers’
recall.

For perceived attractiveness, the models performed better, particularly for Media 2, where GB achieved the
highest R? (0.41) and lowest MSE (1.00), indicating a stronger predictive relationship. Joy, Sentimentality, and
Surprise were primary contributors to attractiveness perceptions, reinforcing the role of positive and emotion-
ally engaging content in shaping viewer preferences. The Random Forest model for Media 1 underperformed,
with negative R? (-0.58) and higher MSE (1.19), suggesting that attractiveness perception in this media type
was influenced by additional factors beyond the emotional features captured.

Table 2 - Summary Table of Model Performance Metrics

Model Media Variable MSE R-squared | Top Features (Importance), % | Average APE (%)
Random Forest | 1 Memory 205.69 -0.76 Sentimentality (36.5), -
Retention Contempt (30.3), Joy (8.3)
Random Forest |1 Perceived 1.19 -0.58 Joy (31.5), Surprise (19.2), -
Attractiveness Sentimentality(8.5)
Random Forest |2 Memory 367.91 -0.18 Joy (15.9), Fear (15.3), Sadness | -
Retention (11.7)
Random Forest |2 Perceived 1.35 0.20 Joy (23.8), Anger (20.8), -
Attractiveness Surprise (16.8)
Gradient 1 Memory 235.31 -1.01 Contempt (51.9), 12.50
Boosting Retention Sentimentality (37.2), Joy
(10.9)
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Gradient 1 Perceived 1.24 -0.65 Joy (52.0), Sadness (22.1), 10.71
Boosting Attractiveness Contempt (12.4)

Gradient 2 Memory 605.30 -0.94 Sentimentality (39.8), Disgust |21.52
Boosting Retention (28.6), Joy (14.2)

Gradient 2 Perceived 1.00 0.41 Sentimentality (37.4), Joy 7.35
Boosting Attractiveness (22.3), Confusion (19.5)

Note - Compiled by the authors based on research findings.

Overall, the results suggest that while emotions significantly impact attractiveness perceptions, their role
in memory retention is less straightforward, requiring further refinement of predictive models and possibly
incorporating additional cognitive and contextual variables.

Discussion

The findings of this study highlight the intricate relationship between emotional engagement, memory
retention, and perceived attractiveness in the context of promotional media. By employing facial expression
analysis and machine learning models, this study provides insights into how different emotional reactions
influence cognitive and perceptual outcomes. The discussion below synthesizes the key patterns observed,
compares findings with existing literature, and outlines theoretical and practical implications.

Emotional Engagement and its Impact on Memory Retention

Findings from the analysis show that Media 1 triggered a greater emotional response comparing to Media
2. For example: Joy (7,16), Sadness (1,54), and Engagement (15,40) scores. Additionally, the higher valence
(5.41) of Media 1 suggests that participants had a more positive and emotionally immersive experience com-
pared to Media 2, which had a significantly lower valence (2.51). This aligns with previous studies emphasiz-
ing that emotionally charged content enhances memory retention by strengthening encoding processes in the
brain [14,15].

According to memory test results positive emotions correlated with better recall performance. However, the
predictive power of machine learning models in terms of memory retention was relatively weak, with negative
R-squared values across both RF and GB. This suggests that memory formation may not be solely dependent
on emotional valence or engagement but also on other cognitive and contextual factors, such as narrative com-
plexity, prior knowledge, or personal relevance [1].

The Role of Emotional Responses in Perceived Attractiveness

The results indicate that perceived attractiveness of the media content was more strongly influenced by
emotions than memory retention. Machine learning models consistently identified Joy, Sentimentality, and
Surprise as key predictors of attractiveness perception. This aligns with neuromarketing research, which sug-
gests that positively valenced emotions contribute to higher consumer engagement and brand appeal [11,12].

A notable observation was that Media 2 was rated slightly higher in attractiveness (8.95) than Media 1
(8.84), despite eliciting weaker emotional engagement. This indicates that attractiveness ratings may be mod-
erated by something other than emotional engagement. Sequential viewing of both media could also have had
a hand in this. Since participants viewed Media 1 first, their perception of Media 2 may have been shaped by
a contrast effect, making it appear relatively more engaging or appealing. Overall, these findings suggest that
media characteristics, as well as ordering effects, must be taken into consideration in the interpretation of at-
tractiveness judgments.

Interestingly, Surprise played a larger role in attractiveness perceptions than in memory retention, particu-
larly in Media 1 (19.2% importance in the Random Forest model). This aligns with research suggesting that
unexpected emotional elements can heighten engagement and make content more appealing [34]. However,
its role in memory retention remained limited, indicating that surprise alone is not sufficient for deep cognitive
encoding.

Comparative Model Performance and Predictive Insights

The predictive models yielded varying levels of accuracy, with perceived attractiveness being more reli-
ably predicted than memory retention. The Random Forest model for memory retention in Media 1 produced
a weak R? (-0.76) and MSE (205.69), suggesting that memory retention is influenced by additional cognitive
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factors beyond emotional expressions. In contrast, Gradient Boosting performed better for perceived attrac-
tiveness, especially in Media 2 (R? = 0.41, MSE = 1.00), reinforcing the idea that affective engagement plays
a crucial role in attractiveness perception.

A striking result was that Sentimentality was a dominant predictor across multiple models, with a signifi-
cant impact on both memory and attractiveness outcomes. This suggests that content evoking warm, nostalgic,
or emotionally complex reactions may be particularly effective in influencing consumer perceptions. Addition-
ally, the relatively high contribution of Contempt in memory retention models (30.3% in RF and 51.9% in GB
for Media 1) highlights that not all negative emotions hinder cognitive processing—some may enhance atten-
tion and recall under specific conditions.

Theoretical and Practical Implications

These findings have several implications for both theoretical models of consumer engagement and practical
marketing applications:

Theoretical Contribution: The study contributes to neuromarketing literature by demonstrating that memory
retention and attractiveness perception are influenced by distinct emotional dynamics. While positive emotions
like Joy and Sentimentality enhance attractiveness, memory retention is more complex, requiring a balance
between arousal, engagement, and cognitive relevance.

Marketing Implications: For educational marketing, these results suggest that emotionally engaging promo-
tional videos may be more effective in influencing prospective students' perceptions of an institution’s brand.
However, simply increasing emotional intensity may not be sufficient for memory retention, strategic storytell-
ing and personalized engagement strategies should be considered.

Machine Learning Applications: The study highlights both the potential and limitations of machine learn-
ing in neuromarketing. Both models successfully identified key emotional predictors. However due to their
lower predictive ability in terms of memory retention, it is suggested to incorporate additional cognitive and
contextual factors into future studies.

Limitations and Future Research

This exploratory study has several limitations that open avenues for future 6 research. First, our sample
size (N=20) was small. While common in neuromarketing pilot studies, such a sample yields limited statisti-
cal power and may inflate certain effects [35]. Minor variations in individual reactions can disproportionately
impact results when groups are this small [36]. Future studies should include a larger and more diverse sample
to increase the robustness and generalizability of the findings — for instance, recruiting 50—100 participants
across multiple universities. Larger samples would also permit more fine-grained analysis (e.g., segmenting by
demographic or prior familiarity with the university). Second, participants watched the videos in a controlled
setting, free of distractions. However, Gen Z prospects in the real world often encounter university ads amid
the clutter of social media, and their attention spans are notably short — often cited around 8 seconds on average
[37]. Thus, future research should test emotional engagement with promotional videos in situ on platforms like
Instagram, YouTube, or TikTok. Metrics like view duration, skip rates, or click-through could be combined
with facial coding to see how emotions translate to behavior in natural viewing environments. The platform
and delivery medium might moderate the impact of emotional content. For example, an emotional story might
captivate in a YouTube pre-roll but be overlooked in a fast-scrolling TikTok feed. Adapting our methodology
to field experiments on social media will help validate these findings in ecologically valid settings. Third, It
should be noted that while actual university choice also involves rational criteria such as tuition fees or institu-
tional rankings, this study deliberately isolates emotional responses - holding those factors constant and leav-
ing their integration for future research - so our results reflect the role of emotions ceteris paribus. Moreover,
our findings pertain only to the specific promotional videos tested (with respect to their length, style, and a
Gen Z sample) and do not include a formal content analysis of narrative, music, or pacing; different formats
(e.g., social-media clips or long-form presentations), other content elements, or demographic cohorts may
therefore elicit distinct emotional patterns, warranting dedicated follow-up studies. Furthermore, main focus
of this study was on facially expressed emotions and two self-reported outcomes, but did not capture other
physiological or cognitive measures. Emotions are only one piece of the decision puzzle. Future work should
integrate multi-modal measures — such as eye-tracking (to see where attention is focused), galvanic skin re-
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sponse or heart rate (for arousal), and post-viewing interviews or surveys (to assess rational impressions). No-
tably, combining neurophysiological indicators with traditional self-report has been shown to greatly improve
prediction of real-world behavior [38]. For university marketing, this means correlating emotional engagement
data with later outcomes like whether the student actually applies or requests more information. Finally, our
predictive models showed that emotional facial features alone did not reliably predict memory retention, im-
plying that recall depends heavily on other variables (e.g., prior interest, video relevance, or individual differ-
ences in information preference). We recommend future studies include these rational and contextual factors.
For example, a “dual-path” model could be tested, where emotional engagement (facial expressions, etc.) and
cognitive evaluation (knowledge gained, perceived informational value) are both used to predict outcomes like
recall, attractiveness, and eventually decision-making. Investigating the interplay between the emotional and
rational appeals — perhaps by comparing an emotion-centric video with a fact-centric video — would provide
deeper insight into optimal messaging strategies. In summary, addressing these limitations — larger samples,
real-world testing, multi-modal data, and inclusion of rational metrics — will build on our findings and further
advance the application of neuromarketing in the educational field.

CONCLUSION

This study examined the role of emotional engagement in memory retention and perceived attractiveness
of university promotional videos, applying facial expression analysis and machine learning models to assess
viewer responses. The findings reveal that positive emotions, particularly Joy and Sentimentality, significantly
enhance perceived attractiveness, whereas memory retention is influenced by a more complex interplay of
emotional states, including Sentimentality and Contempt.

Machine learning models demonstrated higher predictive accuracy for attractiveness than for memory re-
tention, suggesting that cognitive recall processes involve additional contextual and psychological factors
beyond emotional valence alone. While Media 1 elicited stronger emotional engagement, Media 2 was rated
slightly higher in attractiveness. It suggests that factors beyond emotional arousal may have influenced the
results. Moreover, the sequential exposure to both media could have contributed to this effect.

The results support the hypotheses only partially. In H1, it was found that positive emotional engagement
correlated with recall; however, H1 presented mixed support in terms of memory retention prediction model-
ing. Strong support was obtained for H2, whereby emotional engagement predicted attractiveness since both
self-rating of attractiveness and machine learning models identified Joy and Sentimentality as predominant
predictors.

This study highlights the need to produce emotionally engaging content in order to appeal to the brand.
Universities may leverage neuromarketing and predictive analytics to assess factors that allow promotional
products to elicit necessary emotions that trigger engagement and recall. The main limitations of this study are
its small sample size, the absence of additional physiological measures, and the lack of formal content analysis
of the promotional videos. Building from this, future experiments should include more biometric data, a larger
sample size, and exploration of contextual variables to overcome these shortcoming.

In general, the present study emphasizes the increasing relevance of emotionally engaging marketing strat-
egies within higher education contexts. It provides insight into how affective engagement can influence pro-
spective students' perceptions and decision-making.
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BLJIIM BEPY CAJIACBIHJIAFbI HEHPOMAPKETHUHI TIH KOJIJJTAHBICHI:
YHUBEPCUTETTIK BUJAEOJIAP/JIbI KABBIIIAY TUIMALJIII'THE DOMOIUAJIBIK
KOHTEHTTIH BIKITAJIBI

I'. Bekenosal, J. b. OpasraiueBa'”
'Anmatel MeHemKkMeHT YHUBEpCUTETI, AiMatsl, Kasakcran

AHIATIIA

3epmmey maxcamoi. byn 3eprrey Anmarbl MeHE/DKMEHT YHHUBEPCUTETIHIH JKapHAMAIBIK BUJICONIapbIHA
KATBICYIIBUIAP.IBIH SMOIMOHANJIBIK PEAKIUSIIAPBIH TalJIall, COJ peaKiusiap OeiHeNep iH TapThIMIABUIBIFbIHA
YKOHE OJIapIbIH Ma3MYHBIH €CTe caKTayFa Kajai ocep eTeTiHiH KapacTeIpaasl. byt ocepiepi TyciHy Oomanrakra
THIMIIpEK OUTiM Oepy MapKETHHT CTPATETHsUIAPBIH 93ipJeyre, SFHU dMOIUSIIBIK KATBICY apKbUIBI YMITKEp
CTYIEHTTEPIH KbI3BIFYIIBUIBIFBIH apTTHIPY JKOJIAPEIH KOPCETYyre MYMKIHIIIK Oepei.

Ooichama. 3epTTeyIe aaIMaThUIBIK 0acKapy YHUBEPCHTETI MapKETHUHT O6JIiMi 93ipJIeTeH eKi KapHaMallbIK
BUJICOHBI Kapay Ke3iHJe KaThICYNIBUIAPIbIH OeT-oNIeT KO3FalbICTaphl OaKblUlayFa albIHIbI. 3epTTeyre
16-20 >xac apanbIFBIHIAFBI, YHUBEPCUTETKE TYCYII OHIaFaH >KHBIpMa PECIIOHACHT KaThICTHL. Bumeo kapay
ke3inme Oet-ommet kopiHicTepi FaceReader 6armapimamMacsl apKbUTBI TIPKENIi, COMaH KEHiH opOip KaTBICYIIIBI
ecTe CakTay >KOHE TapThIMJBUIBIKTHI Oaranay MaKcaTbIHJA cayadHama TONThIpabl. Ochuiaiiina, Ka3bUIFaH
AMOITUSUTBIK KOPCETKIMITEPIIH €CTe CaKTay MEH TapTHIMIBLIBIKKA KaJlaii OalmaHbIcaThIHGI 3epTTenai. CoHmai-
ak, FaceReader nHoTmxenepi HeTi3iHIE €CTe caKTay KOPCETKIITepi MEH TapTHIMIBIIBIKTEI O0JDKay yimiH Ran-
dom Forest skone Gradient Boosting cexinmi MammnHAIBIK OKBITY MOJCIBIEP] KOIIAHBIUIIBI.

3epmmeyoiy Oipecetinici/Kynoviivizvl. JIoCTYpal MapKETHHTTIK 3€pTTEYJEPACH alBIPMAIIBIIBIFRL, OV
3epTTEy IMOIUSIBIK KATHICY MEH OHBIH KOTHUTHBTI 9CepiH OOBEKTHBTI Oaraiaiibl.

3epmmey namuoicenepi. KyaHbIlll IeH CEeHTUMEHTAJBUIBIK €CTE CaKTay MEH OCHHEHIH TapThIMIbUIBIFbIH
ApTTHIPIBI, aJl allly MEH KOPKBIHBIII 9JICI3 9cep KOPCETTI.

KOpBITBIHABL: SMOITMOHANABI BHICOKOHTEHT YHUBEPCUTETTEPAIH MAPKETHHTIHIH THIMIUIITIH apTTHIPHIII,
YHHUBEPCUTET OPCH/IIH KaOBUIIAY bl )KaKcapTaabl. ByJ 3epTTey YHUBEPCUTETTEPre eCTe KaIapiiblK )KapHaMaITbIK
MaTepuaimap 93ipyey OOHbIHIIIA YCHIHBICTAp Oepeti

Tytiin co30ep: HelipoMapkeTuHr, OiliM Oepy MapKETHHTI, IMOIIMOHAIIBIK TapTy, €CTe caKkTray KaOijeTi,
TapTBIMIBUIBIK, FaceReader, mammmambik okeiTy Mopembraepi (Gradient Boosting, Random Forest),
YHUBEPCHUTETTIK KapHAMAJIBIK OCHHEPOIUKTE.

HEMPOMAPKETHHI B OBPA3OBAHUMN: BJUSAHUE SMOIIMOHAJIBHOI' O
KOHTEHTA HA 9®®EKTUBHOCTD BOCIIPUATUA YHUBEPCUTETCKHUX
BUAEOPOJINKOB

I'. BekenoBal, J. b. Opasraiuena'”
'Anmatel MeHemKMeHT Y HUBEpCUTET, AnMaThl, Kazaxcran

AHHOTALNUSA
Lenv uccnedosanus. B HACTOSIIEM UCCIECOBAHUM AHAJIM3UPYIOTCS OMOIMOHAJBHBIC —PEaKIHN
PECIIOHJICHTOB Ha TPOMO-BUIECO AJMaThl MEHEKMEHT YHUBEPCUTETA M U3ydaeTcsi, KaK JTH PeaKIuu
BIMSIFOT HA BOCIPHSTHE IPHUBICKATEIBHOCTH BUICO W 3allOMUHAHWE WX cojepkanus. [loHMMaHue STHX
3(PEeKTOB MOXKET CIOCOOCTBOBAThL paspaboTke Oomee S(PPEKTUBHBIX CTpaTeTHHl 00pa30BATEIHLHOTO
MapKeTUHra, JeMOHCTPHPYS, KaKk O3MOIIMOHAJbHAS BOBICUEHHOCTh TMOBBIMIACT 3aWHTEPECOBAHHOCTH
OyIyIIHX CTYICHTOB.
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Memooonozus. B uccnenoBannu GUKCHPOBAINCH MUMUYECKUAE PEAKIIUH YYaCTHUKOB TIPU JIGMOHCTPAIHN
JBYX TPOMO-BHUJICO, Pa3pabOTaHHBIX MApKETHHIOBBIM OTJIEJIIOM YHHBepcuTeTa. B HEM mpHHsIM yuyacThe
JBaIaTh OTEHIMAIBLHBIX a0UTYpHEHTOB B Bo3pacte 1620 sier. Bo Bpems mpocMoTpa BHIEO C MOMOIIBIO
nporpamMmbl FaceReader peructpupoBaiuch BBIpOKEHHS JIMIA, TTOCIE Yero Ka)KIbli yYaCTHUK 3arlOJTHSII
OIIPOCHMKH JIJIsl OLICHKHU 3alIOMHUHAHUSI BUJICOKOHTEHTA M €r0 MPHUBJICKATSILHOCTH. DTO TIO3BOJIMIO U3YYUTh
B3aUMOCBSI3b MEXKAY 3aUKCHPOBAHHBIMH SYMOIIMOHAILHBIMH JJAHHBIMU M OIIPOCHBIMU pe3ylibTatamu. Kpome
TOro, Ha OCHOBE BbIXOJIOB FaceReader juisi mporHo3upoBaHMs TMOKa3aTesed 3allOMHUHAHUSI M BOCIIPHSITHUS
MIPHUBJICKATEIIBHOCTH UCIIOJIB30BAIMCH MOJIe)IN MalHHOro o0y4denusi Random Forest u Gradient Boosting.

OpueunanbHoCmy/YeHHOCMb Uccaed06anus. B OTIIMYrE OT TpaJUIIMOHHBIX MAPKETHHTOBBIX UCCIIEIOBAHUH,
OCHOBaHHBIX Ha CaMOJCKIAPHPYEMbIX IaHHBIX, ATO HCCICJAOBAHHE NpeaiaractT OOBEKTUBHYIO OIICHKY
SMOIMOHATFHOTO BOBJICUCHHUS M €0 BIUSHUS HA KOTHUTHBHBIC TIPOLIECCHI.

Pesynomamul uccreoosanus.. JlaHHble TOKa3ald, YTO PajOCTb W CEHTHUMEHTAJIBHOCTH 3HAYMTEIHHO
yIy4IIAIOT 3alIOMUHAHUE ¥ BOCTIPHATHE MTPUBIICKATEIBHOCTH BHJIEO, TOT/Ia KaK THEB M CTpaxX OKa3alu ciadoe
BIIMSIHUE.

3TH BBIBOBI [TOJITBEPIKJAFOT, YTO SIMOIMOHAIBHO HACHIIIICHHBIH BUICOKOHTEHT MOKET CTaTh () ()EeKTHBHBIM
WHCTPYMEHTOM 00pa30BaTEIbHOTO MApKETHHT'a, YIIy4lllas BOCIPUSATHE OpEH/Ia U BIIUSIS HA BBIOOD CTY/ICHTOB.
HccnenoBanue mpejiaraeT NpakTHUECKHE PEKOMEHIAIUH YHUBEPCUTETaM 110 CO3/IaHHIO 3alIOMUHAOIIIXCS U
3G PEKTHBHBIX TPOMO-MATEPUAIIOB.

Kouesvie cnosa: HelipomapkeTHHT, 00pa30BaTeIbHBIA MAapKETHHI, 3MOIMOHAJIBHOE BOBJICUCHHE,
3allOMUHaHWe WHPOPMAIUK, TpHUBIEKaTeIbHOCTh, FaceReader, Mmomenu mamunHOro o0y4enust (Gradient
Boosting, Random Forest), yauBepcuteTckie pekjaMHbIe BUICOPOIHKH.
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