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ABSTRACT

VISION BASED ARTIFICIAL INTELLIGENCE FOR OPTIMIZING E-COMMERCE

EXPERIENCES IN VIRTUAL REALITY

Advancements in artificial intelligence (AI) and digital technologies have deeply reshaped con-

sumer behavior and marketing strategies, demanding innovative approaches to decoding and op-

timizing customer engagement. This dissertation explores the potential of vision deep neural net-

works, generative AI, and virtual reality (VR) to analyze emotional and behavioral responses and

enhance strategic business insights in digital commerce.

This research focuses on convolutional neural network (CNN) architectures and evaluates their

effectiveness in predicting consumer engagement through facial emotion recognition (FER). The

dissertation addresses limitations in FER datasets by integrating synthetic data generated using

generative adversarial networks (GANs) and real-world open data extracted from social media.

This hybrid approach enhances model generalizability across diverse demographics and advertise-

ment categories.

The dissertation further investigates the role of immersive VR environments in influencing

consumer engagement and purchase intent. By leveraging multi-modal causal analysis, it exam-

ines the interplay between VR design complexity, exposure sequencing, and emotional responses,

providing actionable insights for optimizing e-commerce experiences.

Ethical considerations are central to this research, which address biases, privacy concerns, and

transparency in AI-driven decision-making. The findings contribute to the development of robust,

inclusive, and scalable frameworks for personalized commerce, offering a transformative approach

to understanding consumer behavior in digital environments.

Through a systematic integration of vision deep learning, generative AI, and VR technologies,

this dissertation bridges critical gaps in systems engineering research and business applications;
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advancing both theoretical understandings and practical applications in consumer engagement op-

timization.
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Chapter 1

Introduction

Artificial intelligence (AI) and virtual reality (VR) are transforming how businesses engage

with consumers. As business strategies evolve, the ability to analyze consumer behavior through

data-driven insights becomes increasingly essential. This dissertation explores how vision-based

deep learning and VR technologies can advance our understanding and optimization of consumer

interactions.

The primary motivation for this research lies in addressing critical challenges in consumer be-

havior analysis. Traditional methods of understanding consumer responses, such as surveys or fo-

cus groups, are often limited by scalability, bias, and lack of granularity. Emerging AI technologies

such as vision deep learning, and even more specifically convolutional neural networks (CNNs),

generative adversarial networks (GANs), and immersive VR environments, provide transformative

opportunities to overcome these challenges.

Understanding consumer interest and engagement remains a critical challenge in digital com-

merce. While facial expressions provide valuable nonverbal cues for decoding consumer behav-

iors, accurately interpreting these signals using AI is an underexplored frontier. Traditional datasets

and models often lack the robustness needed to handle real-world scenarios, limiting their practical

utility in dynamic and diverse markets.

This dissertation develops methodologies that integrate vision-based deep learning models,

generative adversarial networks, and VR environments to decode emotional and behavioral re-

sponses, ultimately enhancing business strategies.

By addressing gaps in the literature, this research contributes to a deeper understanding of:

• The role of vision deep learning models in predicting consumer engagement.

• The potential of generative AI and social media data to expand datasets and improve model

generalizability.
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• The specific emotions extracted from facial expressions that correlate strongly with con-

sumer interest and disinterest in advertisements.

• The impacts of design complexity in VR environments on consumer behavior.

• The integration of vision-based deep learning, generative AI, and VR environments into

robust, scalable frameworks for personalized marketing.

1.1 Research Aims and Research Questions

This dissertation is structured around four primary aims, each linked to specific research ques-

tions (RQs). Together, these research questions seek to improve the use of AI and VR for consumer

and e-commerce interactions.

1.1.1 Research Aim 1 Description

The objective of Research Aim 1 is to investigate the effectiveness of convolutional neural net-

works (CNNs), using the two prominent architectures of ResNet-50 and Xception, in analyzing fa-

cial expressions to predict consumer engagement during advertisement viewing. The results of this

research aim have been published in the International Journal of Human-Computer Interaction, ar-

ticle titled "AI-Driven Marketing Personalization: Deploying Convolutional Neural Networks to

Decode Consumer Behavior." The following research questions are addressed in Research Aim 1:

• RQ 1.1: How effective are two prominent convolutional neural network (CNN) architec-

tures, Xception and ResNet-50, in distinguishing consumer engagement (interested vs. dis-

interested)?

• RQ 1.2: What role do specific emotional cues (e.g., happiness, disgust, fear, anger, etc.)

play in consumer interest classification?

• RQ 1.3: What are the implications of facial expression analysis findings for personalized

marketing strategies in digital advertising?
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1.1.2 Research Aim 2 Description

The objective of Research Aim 2 is to assess the potential of generative AI and social media

data to address dataset limitations and enhance the generalizability of vision deep learning models.

The results of this aim have been published in the Journal of Artificial Intelligence Review, article

titled "Leveraging Generative AI Synthetic and Social Media Data for Content Generalizability

to Overcome Data Constraints in Vision Deep Learning." The following research questions are

addressed in Research Aim 2:

• RQ 2.1: Can FER model generalizability be improved using data extracted from social

media (YouTube) and/or generated using AI (GANs), as compared to controlled data from a

laboratory study?

• RQ 2.2: How can FER models trained on specific categories of advertisements be general-

izable to new categories of advertisements?

• RQ 2.3: What are the ethical and practical considerations in using synthetic and real-world

data for FER model training?

1.1.3 Research Aim 3 Description

The objective of Research Aim 3 is to explore the effects of VR design complexity and ex-

posure sequencing on consumer engagement and purchase intent. The results of this paper have

been submitted to the Journal of Business Research, paper titled "A Multi-Modal Causal Analysis

of Product Exploration: Examining the Impact of Immersion and Exposure Sequences on Con-

sumer Behavior in Virtual Reality E-Commerce." The following research questions are addressed

in Research Aim 3:

• RQ 3.1: How do individual differences, such as technological savviness, brand familiar-

ity, and frequency of online gaming and shopping, moderate the relationship between VR

complexity and engagement?
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• RQ 3.2: How does designed visual complexity and opportunities for engagement within VR

affect perceived immersion, engagement, realism, sense of presence, distraction, effort, and

purchase intent?

• RQ 3.3: How do perceptions of VR interactions, such as perceived immersion, engagement,

realism, etc., influence likelihood to purchase?

• RQ 3.4: What are the cognitive and emotional effects of exposure sequencing from a simpler

VR to a more detailed VR environment and vice-versa?

1.1.4 Research Aim 4 Description

The objective of Research Aim 4 is to extend vision deep learning models into immersive

virtual reality environments to analyze emotional responses and engagement while interacting with

VR e-commerce. The results of this research aim plan to be submitted to the journal of Virtual

Reality, article titled "AI-powered virtual reality: Enhancing user experience in VR e-commerce

through facial emotion recognition." The following research question is addressed in Research

Aim 4:

• RQ 4.1: How does accuracy compare for frame-level versus temporal-level CNN-based FER

models in classifying user interest/disinterest in interactive VR environments?

1.2 Contributions to Knowledge

This dissertation makes significant contributions to the field of artificial intelligence (AI) in

e-commerce using a systems engineering approach, particularly in understanding and predicting

consumer engagement through Facial Emotion Recognition (FER). It addresses key gaps in the

literature by advancing the generalizability of deep learning models and introducing novel method-

ologies for integrating diverse datasets. Specifically, this research establishes how the combination

of controlled laboratory data, reaction videos sourced from social media, and synthetic data gen-

erated through Generative Adversarial Networks (GANs) can create more robust FER systems.
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By leveraging these complementary data sources, the research overcomes biases and limitations

associated with traditional datasets, which enables models to perform reliably across diverse de-

mographic and contextual scenarios.

A central innovation of this research lies in its hybrid data strategy, in which synthetic data is

used to enrich underrepresented emotional categories. Through the application of advanced gener-

ative techniques such as StyleGAN2, this approach ensures demographic and contextual diversity

in the training process, addressing long-standing challenges of data set scarcity and lack of inclu-

sion. The integration of real-world data with synthetic enhancements also provides a scalable and

ethical solution to advance FER applications in business and engineering.

In deploying convolutional neural network architectures, including Xception and ResNet-50,

this dissertation deepens the understanding of the relationship between specific emotional expres-

sions and consumer interest. By identifying emotions such as happiness as strong predictors of

engagement, and disgust as an indicator of disinterest, the findings offer actionable insights into

the emotional dynamics of consumer decision-making. These results not only validate the efficacy

of FER for marketing purposes but also provide a foundation for developing more personalized

and effective advertising strategies.

This research also advances the conversation about the generalizability of facial expression

recognition models across different advertising categories. By showing that models trained on

specific datasets can accurately predict engagement with new and unseen content, the dissertation

provides real-world evidence of these systems’ adaptability in dynamic and diverse business en-

vironments. This adaptability is especially important for deploying AI in settings where content

changes frequently and unpredictably.

In essence, this dissertation bridges the gap between cutting-edge developments in deep learn-

ing and their real-world applications in understanding consumer behavior. It makes a meaningful

contribution to the growing field of AI-driven e-commerce by offering a practical framework for

enhancing user engagement and stronger connections between consumers and brands.
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Chapter 2

Background

2.1 Introduction to AI in Business Decision Making

The rapid digitization of commerce has transformed the way businesses operate, pushing them

to rethink their strategies [1]. More than ever, companies are leaning on artificial intelligence

(AI) to boost customer engagement through smarter and data-driven insights [2]. Due to the fast

advancement of AI technologies, businesses can now analyze and make inferences from huge

amounts of consumer data and identify patterns in ways that were previously unattainable [2].

Among the most impactful AI-driven techniques are deep learning methodologies, especially con-

volutional neural networks (CNNs), which have demonstrated their excellence in analyzing and

interpreting complex data such as images and videos [3].

CNNs can revolutionize the field of business analytics by allowing businesses to decode con-

sumer behavior [4]. By using CNNs to analyze facial expressions while people watch advertise-

ments, companies can gain a clearer understanding of their audience’s emotions and engagement

levels [4]. These insights are critical in today’s competitive digital economy, where consumer at-

tention spans are limited and personalized content is a key differentiator [5]. By leveraging CNNs,

marketers can assess real-time emotional cues and preferences; facilitating targeted campaigns that

resonate deeply with specific audience segments [6].

AI extends beyond consumer engagement and can support real-time decision-making pro-

cesses. Predictive analytics, powered by machine learning algorithms, enables businesses to an-

ticipate consumer needs and dynamically adapt their strategies [7]. For example, recommendation

systems on platforms like Amazon and Netflix utilize AI to analyze user behavior and preferences

to deliver personalized suggestions that drive sales and customer satisfaction [8]. In addition, AI

algorithms are employed to analyze social media trends, identify emerging consumer demands,

and forecast market behavior, thereby giving businesses a competitive edge [9].
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AI is also transforming how businesses operate by automating workflows and simplifying ev-

eryday tasks. AI has been used to streamline essential operations like content creation and email

personalization [10]. For instance, tools powered by natural language processing (NLP) can gen-

erate personalized product descriptions, while reinforcement learning algorithms help optimize ad

placements and budgets [11]. These innovations decrease operational costs and boost the efficiency

of marketing campaigns, giving businesses more room to focus on strategic initiatives that drive

long-term growth. [12].

Despite its transformative potential, the adoption of AI in businesses comes with its own set of

challenges and ethical concerns. Issues like data privacy and algorithmic bias are drawing increas-

ing scrutiny [13]. As companies collect and analyze consumer data, it has become more important

than ever to ensure transparency and gain the trust of individuals by seeking their consent for AI

applications [14]. At the same time, while AI brings undeniable benefits in terms of scalability and

accuracy, its implementation is not without hurdles. Businesses must navigate the significant costs

associated with technology upgrades and infrastructure investments [15].

2.1.1 AI Powered Marketing Innovations

The integration of AI into marketing has transformed how brands interact with consumers [1].

For example, Liu et al. [3] focused on quantifying how brands are portrayed on Instagram by

analyzing consumer-generated images with classifiers trained on a Flickr dataset. This approach

allows for the categorization of images based on specific brand attributes, thus enabling an under-

standing of how consumers visually represent brands in their social media posts. Similarly, Li et

al. [1] sought to standardize the quantification of visual information by examining the effects of

visual variation and content, which yielded a foundational methodological framework for future

research on video marketing effectiveness.

Facial emotion recognition technologies leverage deep neural networks to capture and analyze

customer reactions, providing real-time feedback on their engagement and satisfaction. This tech-

nology allows for more personalized marketing interactions and enhanced customer service by
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adjusting the approach based on the consumer’s emotional response [16]. Furthermore, AI’s abil-

ity to process and analyze large volumes of data from various sources like text, images, and video

content has proven that this capability supports more accurate and comprehensive market analyses

and consumer insight gathering [17]. Thus, facilitating more effective marketing strategies [1].

Despite these many benefits, the use of AI in marketing is not without challenges. Issues

such as data privacy, the need for large datasets for training, and the computational demands of

training complex models are significant concerns [18]. Moreover, the interpretability of AI models

remains a critical hurdle, particularly in sectors where understanding the decision-making process

is crucial [19].

2.2 Facial Emotion Recognition (FER) in Consumer Behavior

Analysis

FER-enabled systems offer an innovative approach to bridge the gap between emotional re-

sponses and data-driven decision-making. By analyzing non-verbal cues, these systems provide

valuable information for applications ranging from personalized marketing to adaptive human-

computer interactions. For example, Gaffary et al. [20] demonstrated how kinesthetic and facial

expression displays can enhance emotion recognition, particularly for emotions with high acti-

vation levels through visuohaptic feedback. Similarly, Huang and Romano [21] explored artistic

installations integrating shape-changing textiles and heart rate feedback to regulate emotions mind-

fully.

Advanced computational models further contribute to real-time emotion analysis. For example,

Cohen et al. [22] advanced automatic FER by testing Bayesian network classifiers and introducing

hidden Markov models for video-based facial expression segmentation. Sandiwarno et al. [23]

introduced SES-Net, a multi-task deep neural model that simultaneously learns emotion and se-

mantic information in e-learning environments. These studies collectively illustrate the transfor-

mative potential of emotion recognition technologies in enhancing user experiences across various

domains.
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FER could help analyze non-verbal consumer cues and can provide useful information about

emotional responses that are elicited by advertisements and marketing [24]. The ability to decode

emotions from facial expressions can enable marketers to evaluate the effectiveness of their cam-

paigns and make the necessary adjustments to resonate more effectively with target audiences [16].

At the core of FER systems are advanced convolutional neural network architectures, such as

Xception and ResNet-50 [4], which have previously proven highly effective in classifying complex

emotional states. These architectures leverage large-scale datasets to train deep learning models

that are capable of identifying consumer interest levels with impressive accuracy.

Despite these advancements, FER models face several challenges that limit their applicability

across diverse demographics and cultural contexts. A major issue comes from the limited diversity

in training datasets, which often fail to adequately represent variations in age, gender, ethnicity,

background, and cultural expressions [25]. This lack of representation can lead to biased predic-

tions, which reduces the reliability and fairness of FER models in real-world applications [26].

Addressing these biases requires the development of inclusive datasets that capture the richness of

human expressions across different populations [27].

Ethical concerns surrounding FER also present significant barriers to adoption [18]. The col-

lection and analysis of facial data raise privacy issues, especially when consumers are unaware or

have not provided explicit consent for their data to be used. Furthermore, there is potential for FER

technologies to be misused such as for manipulative purposes [28]. Transparency and user consent

must be prioritized to ensure that FER applications align with ethical standards [29].

Another challenge lies in the interpretability of FER models [30]. While CNNs excel at iden-

tifying patterns in facial expressions, their “black-box" nature often makes it difficult to provide

clear explanations of how decisions are made. This lack of transparency can hinder trust and

adoption, particularly in contexts where interpretability is crucial.

Advancements in FER are further hindered by technical constraints, such as the need for high-

quality input data and robust pre-processing pipelines [31]. Variations in lighting, camera angles,

and background noise can impact the accuracy of FER models; so to overcome these challenges,
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researchers are looking for novel techniques such as transfer learning and domain adaptation to

improve model robustness and reliability in dynamic environments [32].

2.2.1 Facial Emotion Recognition (FER) in Marketing Research

Cohen et al. [22] presented significant advancements in automatic facial expression recognition

from continuous video input. Their study tested various Bayesian network classifiers and intro-

duced hidden Markov models (HMMs) for segmenting and recognizing facial expressions from

video sequences. Results of their study indicated that Tree-Augmented Naive Bayes (TAN) clas-

sifiers outperformed Naive Bayes classifiers by effectively modeling dependencies among facial

motion features.

In another study, Derbaix [33] explored how affective reactions to television advertisements

influence attitudes towards the advertisement (Aad) and post-exposure brand attitude (Abp). They

used facial expressions and traditional verbal measures to gauge affective reactions in a study in-

volving 228 participants. Findings showed that verbal affective reactions significantly contributed

to Aad and Abp.

In the research by Woltman Elpers et al. [34], the authors examined how moment-to-moment

(MTM) entertainment value (EV) and information value (IV) influence consumers’ likelihood of

continuing to watch television commercials. Through two experiments, they found that high MTM

EV decreased the likelihood of viewers stopping, while high MTM IV increased it. The interac-

tion of high EV and IV further escalated the likelihood of viewers discontinuing viewership. These

findings emphasize the importance of balancing entertainment and information in television com-

mercials to avoid consumer overload and maintain viewer engagement.

Zhou et al. [35] addressed the challenge of balancing facial privacy with the need for facial

information in business contexts. The authors propose the contour-as-face (CaF) framework, trans-

forming face images into contour images that incorporate both non-outline and outline features of

facial parts. Through three empirical studies, they compare human perceptions of face and contour

images across 15 marketing-relevant dimensions and investigate the framework’s effectiveness in
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protecting anonymity related to identity, age, and gender. Thus, the results show that the CaF

framework preserves critical perceptual information while making it nearly impossible to infer

identity and very difficult to infer age and gender, thus resolving the privacy-perception trade-off.

Vakratsas and Ambler [36] conducted a comprehensive review analyzing over 250 articles and

books to understand how advertising influences consumers. They challenged the traditional “hi-

erarchy of effects" model and proposed a new framework categorizing advertising effects into

intermediate (beliefs and attitudes) and behavioral effects (purchasing behavior). Their review

identified various model types and provided five generalizations, including the significance of cog-

nitive, affective, and experiential effects in advertising.

2.2.2 Challenges in Facial Emotion Recognition

Facial Emotion Recognition (FER) has garnered extensive research interest due to its appli-

cations in human-computer interaction, psychological analysis, and marketing [25]. Traditional

FER systems rely on large datasets of facial expressions to train models capable of recognizing

a range of emotions [37]. However, these datasets often lack diversity in demographics, cultural

contexts, and emotional expressions, leading to models that perform inadequately when exposed

to new content or different populations [38].

Datasets like CK+ [39] and JAFFE [40] are widely used but have limitations in terms of de-

mographic diversity and expression variability [41]. Overfitting to specific datasets can result in

biased models that do not capture the variability of facial expressions across different cultures,

ages, and contexts [42]. This limitation emphasizes the need for more diverse and representative

datasets to improve the generalizability of FER models [43].

2.3 Data Augmentation and Generalizability in Vision Deep

Learning

Data augmentation has long been a foundational and most useful technique in machine learn-

ing, to improve model robustness and generalizability by artificially enhancing dataset diversity
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and amount [44]. For FER, traditional data augmentation methods such as geometric transfor-

mations, such as rotations, flips, and scaling, and photometric adjustments, such as brightness,

contrast, and saturation changes, have been widely used to mimic real-world variations in facial

expressions and environmental conditions [45]. These techniques help FER models become more

resilient to slight variations in input data, thus reducing overfitting and improving performance on

unseen samples [46].

However, traditional augmentation methods often fall short in capturing the real-world variabil-

ity [47]. For example, geometric transformations cannot generate entirely new facial expressions,

nor can photometric adjustments account for variations in skin tone and lighting condition or cul-

tural nuances in emotional expression [48]. This limitation poses challenges for FER systems,

especially when applied to diverse situations where soft emotional cues and demographic differ-

ences play a crucial role [49].

To address these limitations, advanced generative techniques such as generative adversarial

networks (GANs) and variational autoencoders (VAEs) have transpired as powerful tools for aug-

menting FER datasets [50]. Unlike traditional augmentation methods, GANs and VAEs can gener-

ate completely new data samples that show complex and realistic variations in facial features and

expressions [51].

For instance, GANs, especially architectures like StyleGAN2 from NVIDIA, excel at synthe-

sizing high-resolution facial images with controllable attributes like age, gender, ethnicity, and

emotional expression [52,53]. These synthetic images can fill gaps in underrepresented categories

and possibly increase the diversity and balance of training datasets [54].

VAEs, on the other hand, offer a probabilistic approach to data generation and learning la-

tent representations of input data to create variations that align very closely with the original

distribution [55]. This capability makes VAEs especially useful for generating very small and

natural-looking variations in facial expressions that capture the nuances that are critical for precise

FER [56].
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By augmenting real-world datasets with synthetic samples, FER models can learn to recognize

emotional expressions across a broader range of situations and demographics [27]. For example,

based on previous research, combining synthetic data with real-world datasets has been shown to

reduce overfitting, improve accuracy on previously unseen data, and increase the ability of FERs

to generalize across diverse populations [57].

Despite these advancements, the use of generative techniques for data augmentation is not

without challenges. One important concern is ensuring the quality and authenticity of synthetic

data because poorly generated samples can introduce noise and bias into the training process and

possibly undermine the performance of FER models [58]. Additionally, GANs and VAEs require

substantial computational resources for training, which makes their deployment costly and time-

intensive for many organizations [59].

Another important challenge is the potential for synthetic data to amplify existing biases in

training datasets [60]. If the original dataset used to train a GAN or VAE is biased, the generated

data will likely inherit and propagate those biases, perpetuating disparities in model predictions

[61]. For instance, if the training data lacks representation from certain ethnic groups or age

ranges, the synthetic data may fail to accurately reflect those populations, and thereby limit the

inclusivity and fairness of FER systems [62].

To mitigate these issues, researchers have explored techniques such as fairness-aware data

generation and adversarial debiasing to ensure that synthetic data contributes to more equitable

and reliable FER models [63]. Additionally, validation processes, including cross-validation with

real-world datasets and performance benchmarking, are essential to assess the impact of synthetic

data on model outcomes [64].

2.4 Generative AI for Dataset Expansion in Vision Deep Learn-

ing

Generative AI has emerged as a transformative solution to the data challenges faced by vi-

sion deep learning, more particularly FER systems, by addressing critical limitations such as data
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scarcity, imbalanced datasets, and demographic underrepresentation [27]. By generating synthetic

data that supplements real-world datasets, generative models, particularly generative adversarial

networks (GANs), can enhance the robustness and generalizability of FER systems [27]. This

approach has proven valuable in mitigating overfitting and improving model performance across

diverse applications [65].

GANs have demonstrated remarkable efficacy in producing high-quality, photorealistic facial

images that capture subtle variations in expressions, lighting, and demographic features [66].

These synthetic datasets serve as an essential resource for training FER models to enrich their

capacity to recognize a broader range of emotional expressions. For instance, StyleGAN2 can

generate synthetic faces with diverse attributes, such as age, ethnicity, and gender, which are often

underrepresented in real-world datasets [67]. This diversity is critical for improving the fairness

and inclusivity of FER systems, particularly in applications where accurate emotion recognition

across demographic groups is essential [30].

Combining synthetic data with real-world datasets, such as annotated social media reaction

videos, further can enhance the generalizability of FER models [27]. Real-world data captures the

complexity and variability of human expressions in dynamic environments, while synthetic data

fills gaps in underrepresented categories and this hybrid approach allows FER models to achieve

higher accuracy and robustness by leveraging the strengths of both data sources [27].

Despite these advancements, the use of synthetic data in FER raises several ethical and practical

concerns [68]. One of the primary issues is data authenticity and synthetic data, while visually

convincing, lacks the grounding in real-world experiences that real data provides and it may lead

to biases in FER models, especially if the synthetic data does not accurately reflect the diversity and

complexity of genuine human emotions [69]. For example, synthetic datasets may over-represent

idealized or exaggerated facial expressions, and this results in skewing model predictions in real-

world applications.

Biases in synthetic data generation also pose a significant challenge. GANs and other genera-

tive models are only as unbiased as the datasets they are trained on, and if the training data lacks
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diversity or contains inherent biases, these biases are likely to be replicated in the synthetic outputs

and it can perpetuate inaccuracies in FER models when deployed in sensitive scenarios such as

hiring processes or security systems.

The ethical implications of using synthetic data extend beyond bias to concerns about trans-

parency and accountability. Users of FER systems may not be aware that synthetic data has been

used in model training, raising questions about informed consent and the ethical use of data [28].

Moreover, the potential misuse of synthetic data, such as in creating deepfakes or manipulative

media emphasizes the need for robust regulatory frameworks to govern its application [70].

To address and solve these problems we need to adopt responsible AI practices [71]. Re-

searchers and practitioners must clearly document the sources, methods, and limitations of syn-

thetic datasets to ensure accountability. Additionally, incorporating fairness audits and bias de-

tection mechanisms into the generative process can help mitigate potential issues and improve the

ethical alignment of FER systems [72].

2.5 Virtual Reality (VR) and E-Commerce Business

Virtual reality (VR) has the potential for significant impacts on e-commerce; as VR offers im-

mersive environments that revolutionize the way consumers engage with products and brands [73].

Unlike traditional shopping experiences, which are often limited by physical or digital constraints,

three-dimensional VR provides a platform where consumers can interact with products in lifelike

simulations [74]. VR allows consumers to explore products more intuitively and realistically [75].

The integration of VR into business strategies offers unprecedented opportunities for brands

to differentiate themselves in highly competitive markets [76]. Researchers have explored various

applications of VR in marketing [77], including virtual showrooms [78], interactive product trials

[79], and immersive storytelling [80]. These studies highlight the technology’s potential to enhance

consumer perceptions and drive purchase intent [81].

The emotional engagement facilitated by VR is another significant advantage [82]. Immersive

experiences create a sense of presence [81], where users feel as though they are physically situated

15



within the virtual environment [83]. This heightened sense of presence has been linked to increased

satisfaction and stronger emotional connections with brands [84]. For example, virtual tours of real

estate properties or 360-degree views of luxury items can evoke positive emotional responses and

enhance brand perception and trust [85].

VR also enables personalization in e-commerce by tailoring experiences to individual prefer-

ences and needs [86]. Through AI-driven algorithms, VR platforms may be able to adapt product

recommendations based on user data to create a unique and memorable shopping journey [87].

This level of customization is particularly valuable in competitive markets where differentiated

and engaging customer experiences are crucial for retaining loyalty [88].

Additionally, VR can provide valuable data for businesses. User interactions within VR envi-

ronments generate rich behavioral information such as gaze patterns, time spent on specific prod-

ucts, navigation paths, and stop times [89]. Understanding which virtual features capture the most

attention can inform real-world commerce and advertising decisions [90].

Despite its potential, the integration of VR in e-commerce has many challenges. For example,

the high cost of VR hardware and the technical expertise required to develop and maintain VR

platforms remain significant barriers, particularly for small- and medium-sized enterprises [91].

Furthermore, ensuring a precise and intuitive user experience is critical, as poorly designed VR

environments can eventually lead to frustration and disengagement [92]. Factors such as motion

sickness and system latency must be carefully addressed to maximize user satisfaction and adop-

tion rates [93].

Ethical considerations also play a critical role in the adoption of VR in e-commerce because

businesses collect vast amounts of user data through VR interactions and ensuring data privacy and

security is important [94]. Transparent policies and robust cybersecurity measures are essential to

building consumer trust and avoiding potential misuse of sensitive information [95].
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2.6 Challenges in AI-Powered E-Commerce Research

There are several significant challenges in the adaptation of e-commerce with AI. These chal-

lenges span technical, ethical, security, and operational dimensions, and emphasize the complexity

of deploying AI technologies like facial emotion recognition and virtual reality in business strate-

gies.

FER models often struggle with generalizability across diverse demographics, leading to bi-

ased predictions that can undermine their reliability and fairness [96]. This issue arises from the

lack of diversity in training datasets, which frequently overrepresent certain demographics while

underrepresenting others, such as minority ethnic groups, older adults, or individuals with typi-

cal facial expressions [27]. Consequently, these biases propagate into FER systems and result in

skewed emotional analyses that fail to reflect real-world variability.

Also, the deployment of FER and generative AI in e-commerce raises critical ethical concerns,

particularly related to data privacy and user consent [97]. Facial data is highly sensitive and must be

collected, stored, and analyzed in ways that prioritize transparency and user rights [98]. However,

many existing practices lack sufficient safeguards, exposing consumers to potential misuse of their

biometric data [99]. Furthermore, synthetic data generation through GANs introduces additional

ethical dilemmas, such as the risk of creating deepfake content or reinforcing biases embedded in

the original datasets [100, 101]. Establishing robust ethical frameworks and regulatory guidelines

is essential to mitigate these risks and build trust in AI-driven e-commerce systems [102].

Training deep learning models for real-time FER and VR applications requires substantial com-

putational resources, including powerful GPUs, high memory capacity, and extensive databases

and datasets, among many other requirements [31]. These requirements present a significant bar-

rier for smaller organizations that may lack the infrastructure or budget to invest in such technolo-

gies. Additionally, the real-time nature of e-commerce interactions necessitates low latency and

high accuracy predictions which further compounds the computational demands [103].

While FER and VR individually offer immense potential for e-commerce, their synergistic

application remains underexplored. The integration of FER with VR environments could enable
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marketers to analyze emotional responses to immersive shopping experiences in real-time and pro-

vide valuable information about consumer behavior. However, challenges such as aligning FER

outputs with VR interactions, managing data synchronization, and ensuring precise user experi-

ences must be addressed to unlock this potential. Current research has yet to comprehensively

explore these areas, leaving a critical gap in understanding how FER and VR can be effectively

combined to enhance e-commerce strategies.

2.7 Gaps in Literature

Despite substantial advancements in AI-driven e-commerce research and its application in VR

environments, several critical gaps persist that highlight opportunities for further exploration and

innovation.

Existing FER models lack the robustness required for diverse real-world applications, partic-

ularly in multi-cultural and multi-context environments [104]. Current research often focuses on

controlled laboratory settings, which fail to capture the variability and unpredictability of real-

world scenarios [105]. This gap emphasizes the need for more adaptable FER models that can

generalize effectively across demographic and geographic differences.

While generative AI technologies such as GANs have proven effective in enhancing FER capa-

bilities, their ethical implications require deeper investigation [28]. Issues such as data authenticity

and transparency in synthetic data usage [106] and the potential for misuse (e.g., deepfakes) remain

underexplored [107]. Developing ethical guidelines and validation frameworks for generative AI

applications in e-commerce is essential to ensure responsible deployment [29].

Also, limited research has been conducted to isolate the specific VR design elements and ex-

posure sequences that impact long-term consumer engagement and purchase intent. While studies

acknowledge the importance of interactivity and immersion [108], there is little consensus on how

these factors interact with consumer preferences and cognitive load.

The interplay between FER insights and VR environments remains poorly understood. While

FER excels at decoding emotional responses in static or video-based advertisements, its applica-
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tion in novel, immersive VR settings is underdeveloped. Key questions, such as how VR design

influences FER outputs require further investigation.

Another critical gap lies in understanding the long-term effects of VR shopping experiences on

consumer behavior [109]. While current research focuses on immediate engagement and purchase

intent, there is a limited exploration of how VR interactions influence consumer satisfaction over

time. Examining these longitudinal impacts could offer a more comprehensive view of VR’s role

in e-commerce.

The potential of integrating multiple data modalities, such as FER, eye-tracking, and physio-

logical signals, into a unified framework for analyzing VR shopping behavior is largely untapped

[110]. Multi-modal approaches could provide richer and more holistic insights into consumer

preferences, enabling the design of more personalized and effective marketing strategies [111].

This dissertation seeks to address some of these gaps by integrating FER using CNNs and im-

proving its generalizability by generative AI data augmentation and interacting VR technologies

into a cohesive framework for AI-driven e-commerce strategies. By developing more generaliz-

able FER models, exploring ethical approaches to synthetic data generation and privacy concerns

related to data collection, and advancing the integration of FER and VR, this research aims to

contribute to the development of robust, inclusive, and ethically responsible business marketing

methodologies that transform the e-commerce landscape.
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Chapter 3

Data Overview

This dissertation leverages a variety of data sources and experimental designs to train, validate,

and test the vision deep learning models, as well as to investigate consumer engagement and pur-

chase intent in virtual advertising environments. Each research aim utilizes a distinct dataset and

methodology designed for its specific objectives. A detailed description of the data and analytical

methods used for each research question is provided in the respective results chapters. However,

an overview of the data used across this dissertation is summarized in Table 3.1.

Table 3.1: Data Used for Each Research Aim

Research Aim Data Source Sample Size

Aim 1 NeuroBioSense Dataset 10,450 images

Aim 2 NeuroBioSense Dataset 10,450 images
Synthetic Image(StyleGAN2) Dataset 2,022 images
YouTube Reaction Dataset 2,000 images

Aim 3 Desktop VR Study Surveys Dataset 55 participants

Aim 4 Desktop VR Study Reaction Videos Dataset 443,383 images

In summary, Research Aim 1 (effectiveness of CNNs in predicting consumer engagement) and

Research Aim 2 (addressing dataset limitations with generative AI and social media data) both used

the NeuroBioSense data [112], which is a dataset publicly available on Mendeley and is comprised

of video data of facial expressions for 58 participants while they watch various advertisements.

Additionally, Research Aim 2 integrated two additional datasets that were collected as part of

this dissertation, a synthetic image dataset that was generated using StyleGAN2 and video frames

collected and exported from YouTube.

For Research Aim 3 (effects of VR design complexity and exposure sequencing on engage-

ment) and Research Aim 4 (extending vision deep learning models to VR), a desktop VR study
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was performed with 55 participants from San Jose State University (SJSU) and data collected from

that study were used to answer these research aims. Research Aim 3 focused on the self-reported

survey responses and Research Aim 4 evaluated the facial expression video data of the partici-

pants. The study had approval for human subjects research from the Colorado State University

IRB (protocol #6032).

These experimental designs and datasets provide a robust empirical foundation for exploring

the intersection of AI-driven marketing personalization and immersive technologies. Further de-

tails on the methodologies and findings are elaborated in the next chapters.
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Chapter 4

Aim 1: Effectiveness of CNNs in Predicting

Consumer Engagement

4.1 Aim 1 Summary

Advances in artificial intelligence (AI), specifically convolutional neural networks (CNNs),

have significantly enhanced the ability to analyze and interpret consumer behaviors in digital adver-

tising. This chapter employs two CNN architectures, Xception and ResNet-50, to decode consumer

interest by analyzing facial expressions captured during advertisement viewing. The primary goal

is to assess how these models can predict consumer engagement and provide actionable insights

that could refine marketing strategies and increase customer interaction. Utilizing a comprehensive

dataset, which includes videos of participants’ faces while watching various advertisements, the

chapter demonstrates the effectiveness of these models in distinguishing between interested and

not-interested. The analysis reveals that certain emotions, prominently happiness, are strong in-

dicators of consumer interest, while emotions like disgust and fear correlate with disinterest. The

research findings suggest that CNNs, particularly the Xception model, offer substantial advantages

in recognizing these patterns, thereby presenting a transformative approach for marketers to under-

stand and predict consumer behavior dynamically. This not only aids in personalizing advertising

content but also enhances the overall efficacy of digital marketing campaigns.

4.2 Introduction

Digital transformations have notably shifted consumer shopping behaviors, leading to signif-

icant changes in e-commerce [113]. The convenience of online shopping has not only recali-

brated consumer expectations [114] but has also mandated traditional retail outlets to innovate,

such as by offering unique, visually captivating experiences to maintain customer loyalty [115].
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Within this evolving commercial environment, the nuanced interplay between consumer emotions

and decision-making processes emerges as a primary point of interest for research and applica-

tion [116].

Recognizing and interpreting facial expressions helps understand consumer behaviors, given

their significant impact on preferences and decisions [117]. Research highlighting the influence of

non-verbal cues, such as those by Shiv and Fedorikhin [118] and Mehrabian et al. [119], demon-

strate the necessity for advanced facial expression recognition technologies. These technologies

are pivotal not only in enhancing customer interactions, but also in their application across various

sectors, including interactive gaming, sociable robotics, and especially in data-driven marketing

strategies [120].

Despite notable advancements, the challenge of accurately identifying and interpreting com-

plex human emotions through AI remains substantial [121]. The development and refinement of

AI-based systems, particularly those employing machine learning and deep learning techniques,

are crucial in overcoming these barriers [7]. Deep learning, with its capacity for feature extraction

and classification through multi-layered neural networks, has revolutionized the field of computer

vision [122], offering substantial improvements in facial expression recognition tasks [123].

The emergence of convolutional neural networks (CNNs), introduced by LeCun et al. [124]

and significantly advanced through architectures like AlexNet [125] and GoogLeNet [126], have

been crucial in image classification. These technologies facilitate the categorization of images into

predefined labels, optimizing the training process to improve accuracy and efficiency in interpret-

ing facial expressions. Despite these technological strides, the application of CNNs in evaluating

consumer engagement with advertisements remains under-explored, presenting a notable gap in

current research.

This chapter aims to address this gap by leveraging deep learning, specifically convolutional

neural networks, to advance the understanding of consumer engagement in the context of digital ad-

vertising. The objective of this chapter is to demonstrate the effectiveness of using CNNs to predict

consumer behaviors. By examining the impact of various factors, such as advertisement content
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on viewer engagement through facial expression analysis, this research seeks to provide actionable

insights for the creation of more effective and personalized marketing strategies. Specifically, it

addresses the need for innovative approaches in capturing and analyzing consumer reactions, con-

tributing to the development of personalized and emotionally impactful advertising content in the

digital marketplace.

4.2.1 Problem Statement

Previous research has shown the value of AI and facial recognition in marketing research. How-

ever, recent advancements in deep learning, particularly CNNs, and computational resources have

created a gap in knowledge regarding the effectiveness of CNNs in predicting consumer behavior.

In this chapter, we seek to address this gap by answering the following research questions:

1. RQ 1.1: How effective are two prominent convolutional neural network (CNN) architec-

tures, Xception and ResNet-50, in distinguishing consumer engagement (interested vs. dis-

interested)?

2. RQ 1.2: What role do specific emotional cues (e.g., happiness, disgust, fear, anger, etc.)

play in consumer interest classification?

3. RQ 1.3: What are the implications of facial expression analysis findings for personalized

marketing strategies in digital advertising?

4.3 Analytical Methodology

This section describes the CNN framework used in this research. Convolutional neural net-

works (CNNs) are fundamental to advancing machine learning applications in image recognition

and processing. This section discusses the architectures and functionalities of two prominent CNN

models: ResNet-50 and Xception. Each model leverages unique mechanisms to optimize perfor-

mance and accuracy in tasks such as facial feature extraction, essential for analyzing consumer

engagement in advertising.
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4.3.1 Convolutional Neural Network Architecture

There were two CNN models trained and compared for their ability to predict consumer interest

based on video data of participants watching advertisements. Each CNN model used a different

architecture, which was ResNet-50 and Xception.

ResNet-50

ResNet-50 (Residual Network with 50 layers) is a widely used CNN architecture in deep learn-

ing [127]. ResNet-50 is part of the broader family of ResNets that revolutionized the field by

addressing the problem of vanishing gradients in very deep networks. The central innovation of

ResNet-50 is the introduction of residual learning, which involves the use of shortcut connections,

or skip connections, that bypass one or more layers. These connections allow the network to learn

residual functions concerning the layer inputs. This approach mitigates the problem of vanishing

gradients, enabling the training of much deeper networks.

ResNet-50 employs a bottleneck architecture to enhance computational efficiency and reduce

parameters, using three convolutional layers in each bottleneck block: 1x1 (reduces dimension-

ality), 3x3 (performs spatial processing), and 1x1 (restores dimensionality) convolutions. This

design maintains high accuracy while being efficient. The architecture comprises 50 layers, in-

cluding convolutional, batch normalization, and rectified linear unit (ReLU) activation layers, or-

ganized into five stages with increasing filter numbers, demonstrating exceptional performance.

Thus, in this research, we use ResNet-50 as one of the CNN architectures due to its high accuracy

and manageable computational demands. Figure 4.1 visualizes the ResNet-50 structure.
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Figure 4.1: ResNet-50 layer structure.

Xception

Xception is a type of CNN architecture that was introduced by François Chollet [128], the

creator of the Keras deep learning library. Xception stands for “extreme inception," and it builds

upon the idea of inception modules introduced in the GoogLeNet architecture. However, Xception

takes a different approach to the convolutional layers within these modules [128].

The key innovation of Xception is the use of depthwise separable convolutions, which decom-

pose the standard convolution into two separate operations: depthwise convolution and pointwise

convolution [129]. This separation significantly reduces the number of parameters and computa-

tional complexity compared to traditional convolutions while retaining expressive power [130].

By adopting depthwise separable convolutions, Xception aims to achieve better efficiency and

performance on image classification tasks and it has been shown to outperform previous state-of-

the-art architectures on various benchmarks while being computationally more efficient [131].

Xception employs a combination of architectural advancements alongside techniques like batch

normalization and ReLU activation to enhance model stability and accelerate convergence, and

these components contribute to Xception’s exceptional performance in image classification tasks

[132].
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Xception represents an important advancement in CNN architectures; it demonstrates the effec-

tiveness of depthwise separable convolutions and it facilitates more efficient and powerful models

in the field of computer vision [131]. Figure 4.2 visualizes the Xception structure.

Figure 4.2: Xception layer structure.

4.3.2 Basic Convolutions Neural Network Components

CNN models, despite their diverse variations, share a core structure that follows a consistent

pattern, which includes an input layer, alternating convolutional and pooling layers, followed by

one or more fully connected layers, scattered with activation functions, and concludes with an out-

put layer [133]. The initial part of the network functions as a feature extractor, using convolution

and pooling layers in succession to process and transform raw input into abstract, higher-level fea-

tures. The fully connected layers, combined with activation functions, then undertake tasks like

classification based on these features. To enhance performance, CNNs also incorporate regula-

tory mechanisms such as batch normalization and dropout, alongside various mapping functions.

Figure 4.3 represents an illustration of convolutional neural network architecture for facial feature

extraction.
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Figure 4.3: A proposed CNN architecture for engagement detection classification.

Convolutional Layer

Convolutional layers operate by applying multiple filters (kernels) to an image to extract fea-

tures such as edges, textures, or patterns [134]. These filters are matrices of weights that slide

(convolve) across the image in small steps, a process called stride. At each position, the filter

performs an element-wise multiplication with the part of the image it covers, and the results are

summed up to produce a single pixel in the output feature map. This operation is repeated across

the entire image, creating a feature map for each filter.

The convolution operation in a convolutional layer can be mathematically represented as:

S(i, j) = (I ∗K)(i, j) =
∑

m

∑

n

I(m,n) ·K(i−m, j − n) (4.1)

where S(i, j) is the output of the convolution at position (i, j), I is the input image, K is the

kernel or filter, and ∗ denotes the convolution operation. The sums over m and n iterate over the

entire kernel, applying the kernel’s weights to the input image’s pixels to produce the output feature

map.
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Activation Layer (ReLU)

The activation layer, particularly employing the Rectified Linear Unit (ReLU), is a pivotal

component in convolutional neural networks that introduces non-linearity into the model. ReLU

is defined as f(x) = max(0, x), meaning it outputs the input directly if it is positive, otherwise,

it will output zero. This simple yet effective function allows CNNs to learn complex patterns and

relationships in the data [135]. Positioned after convolutional layers, ReLU helps in mitigating the

vanishing gradient problem, where gradients become too small for the network to learn effectively,

by providing a consistent gradient for positive inputs. Thus, its computational simplicity and

efficiency in accelerating the convergence of stochastic gradient descent make ReLU a preferred

choice in deep learning architectures [136]. By enabling CNNs to model non-linear relationships

without significant computational overhead, ReLU layers enhance the network’s ability to perform

tasks like image recognition and classification with high accuracy.

Dropout Layer

The dropout layer is a regularization technique used in convolutional neural networks to pre-

vent overfitting and it helps the model generalize better to new data [137]. It works by randomly

deactivating a fraction of the input units in each training step, which forces the network to learn

more robust features that are not dependent on specific neurons [138]. This reduces the model’s

sensitivity to particular weights, enhancing its ability to generalize. Dropout is especially useful

before fully connected layers, which are prone to overfitting due to their high parameter count and

it is an important hyperparameter that helps manage the trade-off between underfitting and overfit-

ting. Overall, the dropout layer is an effective tool for improving the robustness and performance

of CNN models.

The dropout layer randomly deactivates a proportion of neurons in the network during training,

described by:

yi = xi ·Di (4.2)
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where xi is the input to a neuron, yi is the output, and Di is a random variable such that:

Di =















0 with probability p

1 with probability (1− p)

(4.3)

Here, p is the dropout rate, indicating the probability that any given neuron is set to zero,

and (1 − p) is the probability of a neuron remaining active. This technique effectively reduces

overfitting by preventing complex co-adaptations on training data.

Pooling (Down Sampling) Layer

The pooling layer reduces the spatial dimensions of the feature maps from the convolutional

layers, simplifying the information and making the detection of features less sensitive to location

and scale [139].

Max pooling is a common technique in convolutional neural networks that simplifies the output

by selecting the maximum value from each region of the feature map, typically set with k=1, fo-

cusing on the most prominent features. This results in a condensed representation z, which retains

crucial information from each feature map while reducing computational load and enhancing the

model’s generalization abilities. By extracting and emphasizing the most significant features, max

pooling effectively aids in tasks like image classification, where recognizing key features is vital

for categorizing images.

Max pooling can be described as:

S(i, j) = max
a,b∈Region(i,j)

I(a, b) (4.4)

Here, S(i, j) represents the output of the pooling operation at position (i, j), I(a, b) is the input

feature map, and Region(i, j) defines the local region around position (i, j) over which the max

operation is applied. The max pooling operation selects the maximum value from each region of

the input feature map, effectively downsampling the input while preserving the most significant

features.
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Fully Connected (Dense) Layer

The fully connected (dense) layer is an essential component of convolutional neural networks,

acting as a bridge between feature extraction and classification stages. Unlike convolutional layers,

where neurons connect to only a local input region, neurons in fully connected layers connect to all

activations from the previous layer. These layers are responsible for interpreting features extracted

earlier in the network and making predictions by learning non-linear combinations of these fea-

tures. The final layer often uses a softmax function to convert these combinations into probabilities

for classification tasks. Essentially, fully connected layers integrate all extracted features to drive

the network’s decision-making process, crucial for both classification and regression outputs.

A fully connected (dense) layer in a neural network can be mathematically represented by the

equation:

y = Wx+ b (4.5)

where x is the input vector to the fully connected layer, W represents the weight matrix asso-

ciated with the layer, b is the bias vector, and y is the output vector of the layer. In this context,

each element of the output vector y is obtained by computing the weighted sum of the inputs plus

a bias term, followed by an activation function (not shown in this equation). The fully connected

layer plays a crucial role in neural networks by integrating learned features into predictions or

classifications.

Softmax Layer

This layer plays a crucial role in the architecture of CNNs and it is typically positioned at the

end of the network and functions as an activation layer that transforms the outputs of the previous

layers into a probability distribution over predicted output classes. The softmax layer computes

the exponential of each input value and normalizes these values by dividing by the sum of all

exponentials; this ensures that the output values are in the range of 0 to 1 and sum to 1. This

transformation provides a probabilistic interpretation of the network’s outputs.
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The formula for the softmax function, applied in the context of neural networks, especially

as the activation function in the output layer for classification tasks, is defined mathematically as

follows:

Softmax(zi) =
ezi

∑K

j=1 e
zj

(4.6)

where: zi is the input to the softmax function for class i, ezi is the exponential of the input

zi, and the denominator
∑K

j=1 e
zj is the sum of the exponentials for all possible classes K, which

normalizes the output.

4.4 Data Overview

This section presents an in-depth explanation of the data utilized in this chapter, predominately

the NeuroBioSense dataset [112] used to train, validate, and test our CNN model for interested/not-

interested. This section also describes the datasets employed for training the Facial Emotion

Recognition (FER) model, which was used to identify underlying emotions in our interested/not-

interested model. The NeuroBioSense dataset, central to this study, offers a diverse representation

of consumer demographics and emotional responses to advertisements across various sectors. Ad-

ditionally, the FER model leverages multiple well-established datasets to enhance its ability to

accurately predict emotional states from facial expressions.

4.4.1 NeuroBioSense Dataset

The NeuroBioSense dataset [112] was used for this research. The data is based on a study of

58 participants ranging in age from 18 to 70, providing a diverse representation across consumer

demographics. Participants were segmented into three groups, each exposed to advertisements

from specific sectors: (1) cars and technology, (2) food and market, and (3) cosmetic and fashion.

This segmentation aimed to uncover sector-specific emotional responses and consumer behaviors,

providing insights into the varying impacts of advertising across these domains. Table 4.1 provides

an overview of the NeuroBioSense study design.
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Table 4.1: Demographics and Advertisement Categories in the NeuroBioSense Dataset

Number of Participants 58

Participant Age Range 18-70

Number of Unique Advertisements 35

Categories of Advertisements

Car and Technology 20 Participants, 10 Ads
Food and Market 20 Participants, 10 Ads
Cosmetic and Fashion 18 Participants, 15 Ads

There were a total of 1,045 videos of participant faces while watching advertisements. A

summary of the number of videos tagged as interested and not-interested by ad category is provided

in Table 4.2.

Table 4.2: Summary of Interested and Not-Interested Videos by Ad Category

Ad Category Total Videos Interested Not Interested

Car and Technology 302 251 (83.1%) 51 (16.9%)
Food and Market 337 186 (55.2%) 151 (44.8%)
Cosmetic and Fashion 406 265 (65.3%) 141 (34.7%)

A visual of the breakdown of ages by ad category and interested/ not-interested is shown in

Figure 4.4. As evidenced by this boxplot, there was more spread in ages for participants that

watched the food and market category, compared to the other two categories.
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Figure 4.4: Distribution of participant ages based on interest levels across ad categories.

4.4.2 Dataset Used for Training the Facial Emotion Recognition Model

The Facial Emotion Recognition (FER) model, which leverages the Visual Geometry Group

(VGG) architecture [140], has previously been trained on extensive datasets designed to capture

a wide range of human emotions through facial expressions. A primary dataset used was FER-

2013 [141], which consists of 35,887 grayscale images of faces, each measuring 48×48 pixels, and

labeled with one of seven basic emotions: Angry, Disgust, Fear, Happy, Sad, Surprise, and Neutral.

In addition to FER-2013, other datasets like AffectNet, CK+ (Extended Cohn-Kanade Database),

JAFFE (Japanese Female Facial Expression Database), and EmotiW (Emotion Recognition in the

Wild) contribute to the model’s robustness. AffectNet [142] provides around one million facial

images from the Internet, labeled with both categorical and continuous emotion labels, enhancing

the model’s ability to generalize across diverse expressions and settings. CK+ [143] offers 593

video sequences from 123 subjects, showcasing transitions from neutral faces to peak expressions,

while JAFFE [144] includes 213 images of Japanese female subjects, each displaying one of seven

facial expressions. EmotiW [145], with its collection of images and videos from various sources,
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presents a real-world scenario for emotion recognition. These datasets collectively ensure that the

FER model is well-equipped to predict emotional states accurately across different populations and

environments.

In our study, the FER model was used to identify the emotional states (i.e., angry, disgust,

fear, happy, sad, surprise, neutral) of the participants from the videos of their faces while watching

the advertisements. These emotional states were then correlated to the self-reported labeling of

“interested” / “not interested”.

4.4.3 Data Pre-Processing

Each video file was labeled as “interested” or “not interested” based on participants’ self-

reported responses after watching the advertisement. Additionally, each video was matched with

metadata regarding the participants’ age, gender, and advertisement category. The videos were not

all the same duration, so 10 random frames were extracted from each video to ensure consistency

across the dataset. Additionally, videos were collected using participants’ smartphones, hence not

all of the videos had the same dimensions. Padding was applied to some of the images to standard-

ize the frames to a resolution of 300×300 pixels. The processed frames were then categorized into

“interested” and “not interested” groups, facilitating the subsequent analysis and model training

stages. Figure 4.5 illustrates this pre-processing pipeline.
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Figure 4.5: Data pre-processing pipeline used for analyzing video reactions.

There were a total of 10,450 frames (7020 “interested” and 3430 “not interested”) used in the

analysis. These frames were randomly allocated to different subsets for model training (3657 im-

ages), validation (1568 images), and testing (5225 images), see Figure 4.6. This approach ensured

balanced representation across the different phases of model development.

Figure 4.6: Distribution of data split for training, validation, and testing.
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4.4.4 Fine Tuning and Data Augmentation

Adaptive Moment Estimation (Adam) is a widely adopted optimization algorithm in the area

of computer vision and is crucial in the fine-tuning phase of training [146]. This algorithm incor-

porates principles from two established optimization techniques, namely adaptive gradient descent

(AdaGrad) [147], which allocates distinct learning rates to each parameter of the model, and root

mean square propagation (RMSProp) [148], which similarly assigns varying learning rates based

on the average of prior magnitudes.

Data augmentation is an essential strategy in machine learning, enhancing the generalizability

of predictive models, especially within the domain of image classification [149].

In this study, a dynamic data augmentation pipeline was implemented using Keras’s Image-

DataGenerator [150]. Image data was augmented on the fly during training, providing the model

with a diverse array of inputs at each iteration (epoch). More particularly, each time the data is

loaded from memory, a minor transformation is applied to the images, producing slightly varied

data. Consequently, the model does not receive identical data in every epoch, reducing its sus-

ceptibility to overfitting. This technique is particularly advantageous when dealing with smaller

datasets.

The augmentation protocol included random rotations of up to 30 degrees, simulating various

camera angles and orientations of subjects. Furthermore, images were subjected to random hori-

zontal flips, effectively doubling the directional variance of the dataset. A zoom range of up to 20%

was utilized to mimic variations in image focus resulting from the camera’s zoom function. Ad-

ditionally, a shear transformation intensity of 0.2 was employed to introduce geometric distortions

related to shifts in perspective.

The training process was conducted using Google Cloud’s e2-highmem-16 instance, which

includes a processor configuration of 16 vCPUs (8 cores) and 128 GB of RAM. For GPU ac-

celeration, an NVIDIA Tesla P100 was utilized, ensuring efficient handling of the computational

demands associated with model training and data augmentation.
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4.5 Results and Discussion

4.5.1 Convergence of Binary Classifier Over Training Epochs

For validation purposes, understanding the convergence behavior of a binary classifier over

training epochs is crucial in assessing the learning influence and stability of the model [151].

Convergence is an indication that the model is learning to generalize from the training data and is

making consistent progress towards minimizing the error on unseen data [152]. In this research, the

convergence patterns of our binary classifiers were closely monitored through the analysis of loss

and accuracy metrics over 300 epochs. This analysis was performed on the training and validation

data splits.

Model Loss

Loss is assessed using the loss function, which is a quantitative measure that captures the

discrepancy between the predicted outputs of the model and the actual outcomes [153]. Since

interested/ not-interested is a binary outcome, we used the Binary Cross Entropy loss function

(Equation 4.7), where L is the loss function, N is the number of samples, yi is the actual label of

the ith sample and ŷi is the predicted probability that the ith sample belongs to the positive class.

L(y, ŷ) = − 1

N

N
∑

i=1

[yi × log(ŷi) + (1− yi)× log(1− ŷi)] (4.7)

The loss trajectory over the 300 training epochs is shown for Xception (left) and ResNet-

50 (right) in Figure 4.7. In both plots, the declining loss curve over successive training epochs

signifies that the model is effectively minimizing the prediction error. Our observations show

a steady decrement in both training (blue line) and validation (orange line) loss, explaining the

model’s improvement in performance as learning progresses. The training loss provides insight

into how well the model fits the training data, while the validation loss offers an indication of

how well the model generalizes to new data. Notable is the Xception CNN’s ability to minimize

loss, indicating improved accuracy and successful generalization over time; whereas the ResNet-50

model has more initial fluctuations in the loss curve.
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Figure 4.7: Loss curve for training (blue) and validation (orange) data for Xception (left) and ResNet-50
(right) models.

Model Accuracy

The model’s accuracy reflects its proportion of correct predictions, as defined in Equation 4.8.

Where N is the total number of predictions, ŷi is the predicted label, yi is the true label, and I is

the indicator function that is 1 when the predicted label equals the true label and 0 otherwise.

Accuracy =
Number of Correct Predictions
Total Number of Predictions

=
1

N

N
∑

i=1

I(ŷi = yi) (4.8)

Figure 4.8 shows the training and validation accuracy for the Xception and ResNet-50 models

over 300 epochs. The plots demonstrate the model’s capacity to correctly classify the training data

while also validating its proficiency on unseen data, indicating effective learning and generalization

capabilities.

For the Xception accuracy, the upward trend in both training and validation accuracy indicates

the model’s enhanced predictive ability. Notably, the consistency between training and valida-

tion accuracy suggests that our model is not overfitting the training data but is instead learning

generalizable patterns.

For the ResNet-50 accuracy, initially, both training and validation accuracy exhibit rapid im-

provement, reaching around 70% accuracy within the first 50 epochs. As training continues, the

accuracy steadily increases, demonstrating the model’s ability to learn and generalize from the
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training data. In particular, the validation accuracy shows more fluctuations compared to the train-

ing accuracy, which is expected as the model is evaluated on unseen data. However, these fluctu-

ations diminish as training progresses, indicating that the model is stabilizing and learning effec-

tively. By the end of the training period, both training and validation accuracy converge around

90%, suggesting that the ResNet-50 model is performing well with minimal overfitting. This con-

vergence indicates a good balance between fitting the training data and maintaining generalization

capabilities which reflects a successful training process and the effectiveness of ResNet-50 for the

given classification task.

Figure 4.8: Accuracy curve for training (blue) and validation (orange) data for Xception (left) and ResNet-
50 (right) models.

Overall, the convergence trends observed in our models are confirmed by the convergence

theory in machine learning, which proposes that a well-tuned model, with sufficient data and under

appropriate learning conditions, should exhibit a reduction in loss and an improvement in accuracy

over time [154]. These trends confirm that our models, equipped with data augmentation and

regularized through early stopping, are capable of learning and generalizing effectively, embodying

the desired characteristics of a robust binary classifier.
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4.5.2 Evaluation Metrics

Evaluation metrics critical for this study include precision and recall, Receiver Operating Char-

acteristic (ROC) Curve, Confusion Matrix, and F1 score, reflecting the nuanced categorization of

engagement levels. These analyses were conducted on the test split of the dataset.

Precision and Recall

Precision measures the accuracy of the positive predictions made by the classification model

(Equation 4.9). It is the proportion of true positive results in all positive predictions made [155].

High precision indicates that the model is accurate in its positive predictions, but it does not indicate

how many actual positives the model fails to detect. In this analysis, a true positive represents

“interested” and a true negative represents “not interested.”

Precision =
True Positives (TP)

True Positives (TP) + False Positives (FP)
(4.9)

Recall (Equation 4.10) is sensitivity or true positive rate, and it measures the ability of the

classification model to find all the relevant cases (positives). High recalls mean that the model is

good at detecting the positive cases but it does not indicate how many negative cases are mistakenly

identified as positive.

Recall (TPR) =
True Positives (TP)

True Positives (TP) + False Negatives (FN)
(4.10)

As such, the precision-recall (PR) curves show the trade-off between precision (proportion of

positive identifications that were actually correct) and recall (proportion of actual positives that

were identified correctly) for different threshold settings.

For the Xception model (Figure 4.9a), the PR curve shows an area under the curve (AUC) of

0.9983, which is very close to 1. This indicates excellent performance, as the model can maintain

a high precision while also achieving a high recall. Similarly, for the ResNet-50 model (Figure

4.9b), the PR curve shows an AUC of 0.9660. Although slightly lower than the Xception model,

this AUC still indicates strong performance, with the model maintaining a good balance between
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precision and recall. Overall, both models demonstrate effective classification capabilities, with

the Xception model slightly outperforming the ResNet-50 model in terms of precision and recall.

(a) Xception model performance (b) ResNet-50 model performance

Figure 4.9: Precision-recall curves for the different models.

Receiver Operating Characteristic Curve

The ROC curve is another common tool for evaluating the performance of a binary classifica-

tion system. It plots the true positive rate (TPR, or recall - Equation 4.10) against the false positive

rate (FPR) at various threshold settings. Where FPR is defined as the number of incorrect posi-

tive predictions (False Positives) divided by the total number of negatives (true negative plus false

positives), Equation 4.11.

FPR =
False Positives (FP)

False Positives (FP) + True Negatives (TN)
(4.11)

As shown in Figure 4.10a, the ROC curve for our Xception model is very close to the upper-left

corner, which denotes an excellent true positive rate for almost all thresholds. More specifically,

the AUCXception = 0.9992. Similarly, as shown in Figure 4.10b, the ROC curve for the ResNet-50

model demonstrates a strong performance, with the curve nearing the upper-left corner. Where
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AUCResNet−50 = 0.9830 reflects its excellent capability to distinguish between the positive and

negative classes.

(a) Xception Model ROC curve (b) ResNet-50 Model ROC curve

Figure 4.10: Receiver Operating Characteristic (ROC) curves for the different models.

Confusion Matrix

A confusion matrix is another foundational tool in machine learning for visualizing the perfor-

mance of classification models; it helps in understanding not just the overall accuracy of the model,

but also provides detailed insights into the types of errors made distinguishing between false pos-

itives, false negatives, true positives, and true negatives [156]. Breaking down the performance

into these categories, enables a deeper analysis of model behavior, particularly in revealing biases

towards certain classes or highlighting areas where the model may be confused.

As shown in Table 4.3 for the Xception model, the number of correct and incorrect predictions

with count values are provided. The matrix quantifies the accuracy of the Xception model on the

test dataset, where rows represent the actual categories, and columns represent the predicted cate-

gories. The matrix shows a high number of true positives (66.85%) and true negatives (32.10%),

which indicates effective classifier performance. The low numbers of false negatives (0.71%)

and false positives (0.34%) further demonstrate the model’s high sensitivity and specificity in dis-
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tinguishing between “interested” and “not-interested” responses. This visualization supports the

evaluation of the predictive accuracy and error types made by the model in the context of viewer

interest assessment.

Table 4.3: Xception Model Confusion Matrix

Predicted Labels

Interested Not Interested

Actual Labels
Interested 66.85% (True Positive) 0.34% (False Negative)

Not Interested 0.71% (False Positive) 32.10% (True Negative)

Similarly, Table 4.4 provides the confusion matrix for the ResNet-50 model and it details the

correct and incorrect predictions across each class. This matrix allows us to quantify the accuracy

of the ResNet-50 model on the test dataset in the same way. The matrix shows a high percentage

of true positives (63.75%) and true negatives (30.14%), indicating effective classification. How-

ever, there are slightly higher percentages of false negatives (2.68%) and false positives (3.43%)

compared to the Xception model.

Table 4.4: ResNet-50 Model Confusion Matrix

Predicted Labels

Interested Not Interested

Actual Labels
Interested 63.75% (True Positive) 3.43% (False Negative)

Not Interested 2.68% (False Positive) 30.14% (True Negative)

F1 Score

The F1 score provides a balanced measure of a model’s performance, ensuring that both false

positives and false negatives are taken into account [157]. This balanced approach makes the F1

score particularly valuable in applications where the cost of misclassification is high, and accuracy
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alone could be misleading due to skewed class distributions. The F1 score (Equation 4.12) reaches

its best value at 1 (perfect precision and recall) and worst at 0.

F1 = 2× precision × recall
precision + recall

(4.12)

Tables 4.5 and 4.6 provide the quantitative analysis of the performance of two CNN mod-

els, Xception and ResNet50, in differentiating between “interested” and “not interested.” For the

Xception model, the precision, recall, and F1 scores are all exceptionally high at 0.99 for the

“interested” class and slightly lower (0.99 and 0.98) for the “not interested” class. Additionally,

the overall accuracy of the Xception model is 0.99. This indicates that the model is highly ac-

curate in identifying instances of interest with few false positives or false negatives. Similarly,

the ResNet-50 model demonstrates strong performance with precision (0.96), recall (0.95), and F1

scores (0.95) for the “interested” class, and slightly lower metrics for the “not interested” class,

resulting in an overall accuracy of 0.94, which, while strong, is lower than the Xception model.

These metrics reflect the robustness and effectiveness of both models across the dataset, indicating

their suitability for classifying participant interest.

Table 4.5: Xception Model Classification Report

Label Precision Recall F1

Interested 0.99 0.99 0.99
Not-Interested 0.99 0.98 0.98

Xception Accuracy = 0.99

Table 4.6: ResNet50 Model Classification Report

Label Precision Recall F1

Interested 0.96 0.95 0.95
Not-Interested 0.90 0.92 0.91

ResNet-50 Accuracy = 0.94
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4.5.3 Evaluation of Misclassified Instances

Since the Xception model performed slightly better than ResNet-50, we selected the Xception

model for further examination on instances where the model’s predictions diverged from the actual

states of interest or disinterest, as demonstrated in the provided images (Figure 4.11). This detailed

examination is imperative not only for understanding the limitations inherent in the current model

but also for identifying crucial areas that may benefit from further refinement and development.

Figure 4.11: Analysis of Xception model inaccuracies in detecting emotional engagement.

Upon close inspection, several instances of misclassification were observed, highlighting a

key challenge which is the model’s handling of the subtle and complex nature of human facial

expressions. Ambiguous expressions such as slight smirks (Figure 4.11 - Number 7) or neutral

looks (Figure 4.11 - Number 6), which do not distinctly convey a single emotional state, were

particularly problematic. An intriguing example includes an individual who appears to be laughing

- a typically positive and engaged expression, yet the true label indicates that the person is not

interested (Figure 4.11 - Numbers 9 and 12). This scenario confirms the complexity of interpreting

expressions [158] that are highly susceptible to individual differences and contextual influences,

aspects not currently accounted for by the model.

The factor contributing to these misclassifications is the variability in how individuals express

emotions, which can be influenced by cultural backgrounds and personal idiosyncrasies [159].
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Additionally, the quality and composition of the images, including factors such as lighting, angle,

head rotation (Head Pose), and resolution, have a crucial impact on the model’s performance [160].

These factors indicate a notable gap in the training dataset and suggest that the model’s algorithm

struggles to generalize across the diverse spectrum of emotional expressions and demographic

backgrounds.

The implications of these misclassifications are significant, particularly in applications where

precise emotion recognition is critical. To mitigate these issues, it is essential to enrich the training

dataset with a broader variety of expressions and environmental conditions. Furthermore, the

adoption of more sophisticated modeling techniques that can better adapt to the subtleties of human

expressions may enhance the model’s insight into genuine emotional states.

Thus, while the model demonstrates high precision and recall in general, the nuanced nature

of human expressions necessitates further refinement. By addressing the highlighted misclassi-

fications and integrating the suggested improvements, the model’s applicability and reliability in

real-world scenarios can be substantially increased, ensuring it meets the complex demands of

accurately interpreting human emotions.

4.5.4 Correlation of Emotions with Interest Levels

To understand how participants’ emotional responses (e.g., happy, angry, sad, etc) to adver-

tisements correlate with their interest levels, further analysis was conducted. By examining the

emotional responses, the aim is to identify which emotions are significant indicators of interest

and which are associated with disinterest. To achieve this, the facial emotion recognition (FER)

model [161] which uses Visual Geometry Group (VGG) architecture [140] was used to predict the

probabilities of the seven basic emotions (anger, disgust, fear, happy, sad, surprise, neutral).

Figure 4.12 presents the pairwise relationships and distributions of the seven basic emotions

between participants who are interested (blue points) and not interested (orange points) in the

advertisements. Each plot compares one emotion against another, and the diagonal plots show

the distribution of each emotion individually. The different colors in the Kernel Density Estimate
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(KDE) plots in the lower triangle of the pairwise relationship figure represent varying levels of

density where warmer colors (red or orange) represent higher density areas, while cooler colors

(blue or purple) represent lower density areas. Also, the shape of the KDE plot indicates how

the data points are distributed. For example, a circular shape (e.g., density plot between fear and

happiness) indicates a more uniform distribution (weaker correlation), while an elongated shape

(e.g., density plot between fear and neutral) suggests there is a stronger correlation between the

two emotions.

Figure 4.12: Pairwise distribution and correlation of emotional responses between interested and not-
interested classes.

Additionally, Figure 4.13 shows the density plots for each emotion, highlighting the differences

in distribution for the interested and not-interested classes by revealing distinct patterns in the

emotional responses. These plots provide a clear view of how each emotion varies between the two

groups, supporting the findings from the scatter plots in the pairwise Figure 4.12. From this figure,

the inference can be made that happiness emerges as a significant indicator of interest, with higher
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values observed in the interested group. In contrast, emotions such as disgust, fear, and surprise are

more pronounced in the not-interested group which suggests that these negative emotions correlate

with disinterest. Also, angry, sad, and neutral emotions show less clear differentiation between the

two classes.

Figure 4.13: Density plots of emotional response probabilities for interested and not interested participants.

A series of t-tests were performed to compare the mean probabilities for each emotion between

the interested versus not interested classes. The results, as summarized in Table 4.7, indicate

significant differences in the mean probabilities for certain emotions between interested and not

interested. Specifically, disgust, fear, happiness, and surprise showed statistically significant dif-

ferences, with p-values below the threshold of α=0.05.

The analysis reveals that certain emotions, such as happiness, disgust, and fear, play a sig-

nificant role in differentiating between the interested and not-interested classes. Higher levels of

happiness are associated with interest, while higher levels of disgust and fear correlate with disin-

terest. This aligns with the hypothesis that positive emotions are indicative of consumer interest,

while negative emotions suggest the opposite.
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Table 4.7: T-Test Results Comparing Mean Emotion Probabilities for Interested and Not Interested Classes

Emotion
Mean

(Interested)

Mean

(Not Interested)

Higher

Mean
t-statistic p-value Significant

Angry 0.10 0.10 Interested 0.92 0.355 No
Disgust 0.01 0.02 Not Interested -2.49 0.013 Yes
Fear 0.08 0.09 Not Interested -3.22 0.001 Yes
Happy 0.28 0.23 Interested 3.59 0.0003 Yes
Sad 0.27 0.28 Not Interested -1.82 0.069 No
Surprise 0.02 0.03 Not Interested -3.64 0.0003 Yes
Neutral 0.25 0.26 Not Interested -0.96 0.339 No

The findings suggest that while FER models can offer detailed insights into emotional reac-

tions, binary classifiers specially equipped with advanced architectures may be more practical for

predicting consumer interest in a commercial context. The reduction in complexity and noise

makes binary classifiers a robust choice for applications where the primary goal is to determine

interest levels accurately.

4.6 Conclusions

This chapter highlights the significant impact of convolutional neural networks (CNNs) in en-

hancing digital marketing strategies through precise analysis of consumer emotional responses to

advertisements. Employing advanced CNN architectures, specifically Xception and ResNet-50,

our research successfully demonstrated the ability of these models to discern between “interested"

and “not interested" consumer responses based on facial expression analysis. The findings re-

veal that emotions such as happiness significantly indicate consumer interest, while emotions like

disgust and fear are more often associated with disinterest.

Our comparative analysis of the two CNN models highlighted the superior performance of the

Xception model in terms of precision, recall, and the ability to generalize from training to unseen

data. This was evidenced by its higher accuracy and finer understanding of nuanced emotional

expressions compared to the ResNet-50 model. Furthermore, the statistical analysis reinforced the

50



practical implications of deploying facial emotion recognition technologies in real-time marketing

scenarios to dynamically tailor content based on consumer emotional feedback.

The research also brought to light the complexities and challenges in interpreting subtle emo-

tional cues, which vary widely among individuals and contexts. These findings emphasize the need

for incorporating a diverse range of emotional expressions and demographic variables to enhance

model robustness and accuracy.

In conclusion, the integration of CNNs into marketing analytics represents a transformative

advancement, enabling businesses to not only predict consumer behavior with greater accuracy

but also to engage in more personalized and effective marketing practices. As the integration of

convolutional neural networks (CNNs) into neuromarketing and consumer behavior analysis con-

tinues to show promise, there is a vast landscape of potential research avenues that could further

enhance the depth and applicability of this technology. One important consideration is the explo-

ration of multimodal data sources. By integrating physiological signals such as heart rate and skin

conductance with auditory and visual data, we may be able to achieve a more comprehensive un-

derstanding of consumer responses. Another critical area involves the cross-cultural validation of

these models. Emotional expressions and their interpretations can vary significantly across differ-

ent cultural contexts. It is crucial to validate and adapt CNN models across diverse demographic

and cultural backgrounds to ensure their global applicability and sensitivity to cultural nuances in

emotion recognition.

The development of real-time consumer feedback systems represents a transformative applica-

tion of CNNs. Such systems could provide immediate feedback on consumer emotional responses

during marketing campaigns, allowing marketers to adjust content dynamically. This capability

would enable marketers to optimize engagement based on real-time emotional data, revolutioniz-

ing the way marketing strategies are implemented. Further, there is a need for advanced archi-

tectural innovations. New CNN architectures tailored specifically to the challenges of emotional

recognition in marketing could significantly enhance model performance. Additionally, conduct-

ing longitudinal studies could provide valuable insights into how consumer responses to advertise-
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ments evolve over time and across different contexts. Such studies could help in understanding

long-term consumer behavior trends and the lasting impacts of marketing strategies.
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Chapter 5

Aim 2: Addressing Dataset Limitations with

Generative AI and Social Media Data

5.1 Aim 2 Summary

Generalizing deep learning models across diverse content types is a persistent challenge in

domains like Facial Emotion Recognition (FER), where datasets often fail to reflect the wide

range of emotional responses triggered by different stimuli. This chapter addresses the issue of

content generalizability by comparing FER model performance between models trained on video

data collected in a controlled laboratory environment, data extracted from a social media platform

(YouTube), and synthetic data generated using Generative Adversarial Networks. The videos fo-

cus on facial reactions to advertisements, and the integration of these different data sources seeks

to address underrepresented advertisement genres, emotional reactions, and individual diversity.

Our FER models leverage convolutional neural network Xception architecture, which is fine-tuned

using category-based sampling. This ensures training and validation data represent diverse adver-

tisement categories while testing data includes novel content to evaluate generalizability rigorously.

Precision-recall curves and ROC-AUC metrics are used to assess performance. Results indicate a

7% improvement in accuracy and a 12% increase in precision-recall AUC when combining real-

world social media and synthetic data, demonstrating reduced overfitting and enhanced content

generalizability. These findings highlight the effectiveness of integrating synthetic and real-world

data to build FER systems that perform reliably across more diverse and representative content.

5.2 Introduction

The generalizability of deep learning models, particularly in the domain of Facial Emotion

Recognition (FER), remains a significant challenge due to limited and non-diverse training datasets.
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As a result, some artificial intelligence (AI) models may induce unintended biases, such as inaccu-

rately classifying or recognizing types of people or contexts. While FER models offer numerous

benefits across diverse domains, it is important to uphold ethical responsibilities in the develop-

ment and deployment of these models [162].

Current and previous research has explored deep learning generalizability, yet many challenges

still exist. Addressing these gaps, this chapter investigates the efficacy of integrating synthetic

data generated through StyleGAN2 and real-world social media data from YouTube to enhance

model generalizability. This chapter seeks to answer the critical research question of, “can FER

model generalizability be improved using diverse data extracted from social media and gener-

ated through generative AI?" By systematically combining controlled-based data (Neurobiosense

dataset), StyleGan2 Gen AI synthetic, and real-world YouTube data, this research aims to create

FER systems that perform reliably across real-world scenarios.

5.2.1 Problem Statement

While previous studies have addressed various aspects of dataset diversity and model general-

izability in FER, there remains a need for approaches that integrate synthetic and real-world data

to overcome data constraints comprehensively. This chapter aims to fill this gap by demonstrating

how synthetic data and social media data can be used to create more diverse and representative

datasets for deep learning applications. In this study, we demonstrate FER in the context of in-

terest/disinterest in digital advertisements. This paper leverages novel datasets to compare FER

models trained using data from a controlled experiment, data augmented with synthetic images

generated using Generative AI, and real-world data extracted from YouTube. Through the in-

clusion of emotional responses to broader content and supplementing underrepresented areas in

emotion categories with synthetic data, this research seeks to enhance the generalizability of FER

models. The following research questions are addressed in this chapter:
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• RQ 2.1: Can FER model generalizability be improved using data extracted from social

media (YouTube) and/or generated using AI (GANs), as compared to controlled data from a

laboratory study?

• RQ 2.2: How can FER models trained on specific categories of advertisements be general-

izable to new categories of advertisements?

• RQ 2.3: What are the ethical and practical considerations in using synthetic and real-world

data for FER model training?

5.3 Data Description

In this chapter, we utilized three different data sources of human facial expressions: 1) data

collected in the NeuroBioSense experiment [112], 2) data we extracted from YouTube, and 3) data

we created using a generative AI platform. This data was used to train three separate Xception-

based Facial Expression Recognition (FER) models. Then, the three models were compared for

performance using a subset of the NeuroBioSense data reserved for validation and a subset of the

NeuroBioSense reserved for testing.

These datasets were carefully designed to systematically assess the model’s generalization ca-

pabilities across diverse participant demographics and various advertisement categories. The pur-

pose of employing multiple datasets was to rigorously test the robustness and adaptability of the

model in recognizing and interpreting facial expressions in different contexts.

5.3.1 NeuroBioSense (Baseline) Dataset

The first dataset, referred to as Baseline, is from the NeuroBioSense dataset [112] as used in the

previous chapter for Research Aim 1, and represents data collected in a controlled laboratory-style

environment. It consists of videos of the facial reactions of participants while they were exposed

to three distinct advertisement categories: 1) car and technology, 2) food and market, and 3) cos-

metics and fashion. Each participant was assigned to one advertisement category, ensuring that the

reactions were specific to that category. There were 20 participants assigned to car and technol-
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ogy, 20 to food and market, and 18 to cosmetics and fashion. Participants’ facial expressions were

captured in real-time and labeled based on their self-reported emotional responses, as interested or

not-interested. This dataset includes a total of 58 participants (30 female, 23 male), ages 18 to 66

(mean = 27.4, SD = 11.3). The structured nature of the dataset provided a consistent and controlled

environment, allowing for a reliable baseline in the evaluation of the FER model.

Recall, that the dataset includes a total of 1,045 video recordings capturing participants’ facial

expressions while watching the various advertisements. During the preprocessing phase, we sys-

tematically extracted frames from each of the 1,045 video recordings to capture consistent facial

expressions across the viewing of advertisements. Specifically, we extracted 10 frames from each

video at equal intervals, determined by dividing the total number of frames by 10. This method

ensured that frames were uniformly sampled throughout the entire duration of each video, which

provides a representative temporal cross-section of facial expressions and avoids random selection

to minimize sampling bias and enhance the reliability of subsequent analyses. Thus, this resulted

in a total of 10,450 images for our analysis. Specifically, there were 3,020 images of participant

faces while watching the car and technology ads (2,510 labeled as interested, 83%); 3,370 images

of participant faces while watching the food and market ads (1,860 labeled as interested, 55%);

4,060 images of participant faces while watching the cosmetics and fashion ads (2,650 labeled as

interested, 65%).

The baseline data was divided into a train set, a validate set, and a test set. The images of

the participants watching the food/market were used for training, the images for cosmetics/fashion

were used for validation, and the car/technology was saved for model testing. This was inten-

tionally done to ensure that model validation and testing occurred on novel sets of people and ad

content than the models were trained on.

The baseline train data was further augmented with the additional data sources, described be-

low, for the other two models. However, all three models were validated using the same 4,060

images and tested using the same 3,020 images.
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5.3.2 NeuroBioSense and YouTube Combined (Baseline + YouTube) Dataset

To further diversify the dataset and enhance the model’s ability to generalize, we expanded

the NeuroBioSense data by incorporating a collection of YouTube reaction videos. These videos

capture users’ natural reactions to a variety of advertisements, providing a more dynamic and un-

controlled dataset compared to the original, which was collected in a more structured environment.

The data that support the findings of this study are available from the author’s GitHub [163].

The YouTube reaction dataset focuses on participants’ real-time emotional responses to ad-

vertisements, with reactions categorized as either interested or not-interested. This addition in-

troduced several complexities absent in the NeuroBioSense dataset, including greater diversity in

participants. Furthermore, the types of advertisements covered were broader, introducing a wider

range of products and scenarios, which allowed the model to become more robust in handling

real-world conditions.

To collect this data, we took screenshots of videos available on YouTube. We found these

videos by searching for "reaction videos to advertisements," with the inclusion criteria that the

video contained participants that were verbal, at some point, about their interest/disinterest in the

ad content. Additionally we sourced reaction footage from publicly available YouTube videos, we

used featured titles such as: "Watching Ads That Are Unbelievably Funny," "Reviewing the Most

Controversial Advertisements Ever," "Reacting to Hilariously Cringy Commercials," and "Adults

React To Ads You Won’t Believe Actually Aired! | REACT."

In total, we used 137 different YouTube videos of 137 different people (44 female, 93 male)

and tagged the videos manually as interested or not-interested based on what they said in the video.

For each of the 137 people, there were on average 14 images (SD = 3.44 images) of them included

in the dataset. As a result, the YouTube dataset adds an additional 2,000 images to the baseline

dataset. For these additional images, 1,000 were tagged as interested and 1,000 as not-interested.

This augmentation of the baseline data reflects an increase in diversity in both participant re-

actions and content exposure, helping to ensure that the model can generalize effectively across

different user types and advertising contexts.
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5.3.3 NeuroBioSense and Generative AI-Enhanced Synthetic Dataset (Base-

line + StyleGAN2)

In the third dataset, we introduced synthetic data to further augment the baseline training data.

This dataset was created using RunwayML, a generative AI platform that leverages advanced tech-

niques like Style-based Generative Adversarial Networks (StyleGAN2) developed by NVIDIA,

and designed for generating high-quality realistic synthetic images of human faces [53]. The pri-

mary purpose of this synthetic data was to introduce even more diversity in facial features, such as

hairstyle, race, background, and clothing, while maintaining consistency in emotional expressions.

The synthetic data was created using the labeled (interested or not-interested) NeuroBioSense

training data. For each video in the original NeuroBioSense training data, we randomly extracted

one frame for use in generating the synthetic data. For each of these frames, RunwayML generated

six images, resulting in an additional 2,022 images. This data was then incorporated into the

training set to improve the model’s ability to generalize across participants with unseen facial

characteristics and features.

The use of generative AI allowed us to significantly increase the diversity of facial expressions

and demographic variables without needing additional real-world data. This synthetic augmenta-

tion was instrumental in enhancing the model’s ability to generalize across new faces, helping to

overcome limitations encountered in conventional data augmentation techniques.

5.3.4 Dataset Combinations for Models

The three datasets described above were used to create the three conditions (Baseline, Baseline

+ YouTube, Baseline + StyleGAN2) for use in the FERs. Table 5.1 summarizes the number of

images used in training, validating, and testing each model. Note, that the validate and test sets

were the same across all three models; only the training sets differed. Additionally, the test data

consisted of a subset of participants and advertisement categories that were not seen in any training

data.
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Table 5.1: Number of Images Used in Training, Validating, and Testing Each Model

Model Train Validate Test Total

Baseline 3,370 4,060 3,020 10,450
Baseline +YouTube 5,370 4,060 3,020 12,450
Baseline+ StyleGAN2 5,392 4,060 3,020 12,472

To ensure the robustness and generalizability of our models, we enhanced the diversity of our

training datasets through the integration of social media and generative AI-generated data (Figure

5.1). Specifically, our datasets comprise participants across a broad spectrum of demographics,

including gender, racial/ethnic diversity, and age groups. This approach aligns with recommen-

dations from prior research emphasizing the importance of demographic diversity for developing

FER systems that can accurately interpret facial expressions across various populations [42]. In-

tegrating real-world data from social media platforms, such as YouTube, enables our models to

capture context-rich emotional expressions that are often missing in controlled experimental se-

tups [164]. Additionally, we used Generative Adversarial Networks (GANs) to supplement our

dataset with synthetic images representing underrepresented groups, providing facial diversity that

mirrors real-world conditions [165]. Compared to traditional FER datasets like CK+ and JAFFE,

which often lack sufficient demographic representation [39, 40]. Also, to enhance the contextual

and cultural diversity of our dataset, we included a variety of clothing styles, such as traditional,

casual, and formal attire from different cultures. Clothing serves as a visual cue, providing con-

text for emotion interpretation by reflecting cultural identity, seasonality, and situational factors.

This diversity reduces model bias and prevents overfitting to specific patterns present in limited

datasets [166].
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Figure 5.1: Overview of the training and validating pipeline integrating NeuroBioSense (Baseline), Social
Media (YouTube), and Generative AI (StyleGAN2) datasets.

5.4 Theoretical Framework: StyleGAN2

The resolution and quality of images produced by generative methods, especially generative

adversarial networks (GAN), are improving rapidly [167]. StyleGAN2 is a generative adversar-

ial network (GAN) architecture that advances the capabilities of its predecessor, StyleGAN, by

addressing specific limitations related to image quality and the presence of artifacts [168]. Devel-

oped by NVIDIA researchers [53], StyleGAN2 introduces significant architectural modifications

and new techniques to enhance the fidelity, realism, and controllability of synthesized images.

StyleGAN2 maintains specific facial details like expressions while altering other elements such

as the background. This is achieved through its hierarchical architecture that modulates different

aspects of the image at various layers [66]. The model employs a mapping network that transforms

an input latent vector into intermediate latent codes. These codes influence the generator’s layers

differently, with early layers controlling high-level attributes like facial structure and expressions,

and later layers affecting fine-grained details like texture and background.
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By keeping the latent codes consistent for early layers, StyleGAN2 preserves facial expres-

sions. At the same time, it varies the codes for later layers, allowing background changes. This

approach enables StyleGAN2 to disentangle features effectively [169]. As a result, it can keep de-

tails, like a consistent laugh on the face, while other aspects evolve independently. This is achieved

through the model’s style-based synthesis and progressive refinement mechanisms within the gen-

erator network [170].

At the core of StyleGAN2 is the concept of style-based synthesis [171], where a mapping net-

work transforms a latent vector z ∈ Z into an intermediate latent space w ∈ W . This intermediate

vector modulates the generator to produce images with disentangled attributes [172].

In the original StyleGAN, the generator employed adaptive instance normalization (AdaIN)

layers to inject style information [173]. However, this approach led to characteristic artifacts, such

as droplet-shaped distortions, due to inherent biases introduced by normalization operations [174].

To eliminate these artifacts, StyleGAN2 replaces AdaIN with a novel mechanism called weight

demodulation [53].

Instead of normalizing the activations, StyleGAN2 modulates the weights of the convolutional

layers directly based on the style vector. Mathematically, the modulation and demodulation pro-

cesses are defined as follows:

The convolutional weights wijk are modulated by the style coefficients si:

ŵijk = si · wijk, (5.1)

where i indexes the input feature maps, j the output feature maps, and k the spatial kernel

positions.

To prevent the amplification of certain features and maintain consistent signal magnitudes, the

modulated weights are demodulated:

w̃ijk =
ŵijk

√
∑

i(si · wijk)2 + ϵ
, (5.2)
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where ϵ is a small constant added for numerical stability.

The demodulation step effectively normalizes the weights, ensuring that the style modulation

does not introduce undesired biases or artifacts [175]. This approach maintains the statistical

properties of the feature maps without relying on explicit normalization layers.

Another critical innovation in StyleGAN2 is the introduction of path length regularization [53].

This technique encourages the generator to produce images that respond smoothly and predictably

to changes in the latent space W . The regularization term Rpl is defined as:

Rpl = Ew,y∼N (0,I)

(∥

∥

∥

∥

y⊤∂G(w)

∂w

∥

∥

∥

∥

2

− a

)2

, (5.3)

where G(w) is the generator output (image) given the latent vector w, y is a random vector

sampled from a standard normal distribution and a is an exponential moving average of the path

lengths to stabilize training.

This regularization penalizes deviations from the expected rate of change in the images with

respect to the latent vectors, promoting a more linear and interpretable latent space.

StyleGAN2 also refines the mapping network and the hierarchical application of styles. By

adjusting where and how the styles are applied within the generator, the architecture achieves a

better separation of high-level attributes (such as pose and identity in face generation) from fine-

grained details (like texture and color). The mapping network f : Z → W is designed to increase

the expressiveness of the latent space W , which enables more nuanced control over the generated

images.

The discriminator in StyleGAN2 is augmented with techniques like lazy regularization [53],

where computationally intensive regularization terms are applied less frequently to reduce training

overhead without sacrificing performance. The discriminator loss includes an R1 regularization

term, which penalizes the gradient norm of the discriminator’s output with respect to the input

images:

R1 =
γ

2
Ex∼Pdata

(

∥∇xD(x)∥22
)

, (5.4)
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where:

• D(x) is the discriminator’s output given real image x.

• γ is a regularization coefficient.

• Pdata is the distribution of real images.

The culmination of these architectural and methodological advancements allows StyleGAN2

to generate images with unprecedented quality. The elimination of normalization biases, improved

modulation techniques, and enhanced regularization contribute to the synthesis of images that are

both highly realistic and controllable. The generator can produce high-resolution images (e.g.,

1024× 1024 pixels) that exhibit fine details.

Figure 5.2: Synthetic image generation using a StyleGAN model based on ‘interested’ and ‘not interested’
image categories.
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5.5 Model Training and Optimization Strategy

There were three separate models trained using the data combinations. The inclusion of di-

verse stimuli, such as advertisements across various categories, enhances the model’s ability to

generalize across different content types.

We formulated the FER task as a binary classification problem, distinguishing between ex-

pressions of interest and non-interest. The model optimization involves minimizing the binary

cross-entropy loss function, defined as:

L = − 1

N

N
∑

i=1

[yi log(pi) + (1− yi) log(1− pi)] (5.5)

where N is the number of samples, yi ∈ 0, 1 is the true label, and pi is the predicted probability

that the i-th sample belongs to the positive class.

We employed the Adam optimizer [176], which adapts the learning rate for each parameter

using estimates of the first and second moments of the gradients. The parameter updates are

computed as:

mt = β1mt−1 + (1− β1)gt (5.6)

vt = β2vt−1 + (1− β2)g
2
t (5.7)

m̂t =
mt

1− βt
1

(5.8)

v̂t =
vt

1− βt
2

(5.9)

θt = θt−1 − α
m̂t√
v̂t + ϵ

(5.10)

where gt is the gradient at time step t, mt and vt are the exponentially decaying averages of

past gradients and squared gradients, β1 and β2 are decay rates, α is the learning rate, and ϵ is a

small constant to prevent division by zero.
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The learning rate was initialized at α = 1 × 10−4 and decayed exponentially to ensure con-

vergence and prevent overfitting. Training was conducted over 300 epochs with a batch size of

16. After finalizing the optimization process and model parameters, we utilized Google Cloud’s

e2-highmem-16 instance equipped with an NVIDIA Tesla P100 GPU to handle the computational

demands of training the Convolutional Neural Networks.

5.5.1 Data Augmentation and Regularization

To enhance model robustness and generalization, we applied various data augmentation tech-

niques to the training data [177]. First, we implemented geometric transformations, including

random rotations with angles θ in the range [−15◦, 15◦], horizontal flips, and random cropping to

simulate different viewing angles and facial orientations. Additionally, photometric adjustments

such as random changes in brightness, contrast, and saturation were applied to mimic varying light-

ing conditions. To account for sensor noise, Gaussian noise with zero mean and small variance was

added to the images [177].

Regularization techniques were also employed to prevent overfitting. We applied dropout reg-

ularization with a dropout rate of 0.5 to the fully connected layers, randomly deactivating neurons

during training [178]. Furthermore, weight decay, also known as L2 regularization, was incorpo-

rated by adding a penalty term λ∥θ∥22 to the loss function, where λ is the regularization parameter

and θ represents the model weights [179]. This penalty discourages the network from assigning

excessively large weights, promoting simpler models that generalize better.

5.6 Experimental Design

The experimental design of this study aims to assess the generalizability of FER models by us-

ing data from diverse sources, including both real-world and synthetic datasets. To ensure a robust

and fair evaluation of model performance, a category-based data-splitting strategy was adopted.

This approach ensures that the training, validation, and test subsets are separated based on adver-
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tisement categories, allowing the models to be trained and validated on specific categories while

being tested on entirely new categories.

The rationale for using category-based data splitting lies in the need to evaluate the model’s

ability to generalize beyond the categories it has been trained on. This approach mimics real-world

scenarios where FER systems encounter entirely new content types. By training on one set of

categories and testing on different, unseen categories, the design measures the model’s capacity to

adapt to novel contexts, a critical aspect of enhancing model robustness.

The category-based splitting approach offers several advantages for evaluating the FER mod-

els. First, it provides a realistic assessment of the model’s ability to handle new advertisement

categories, reflecting real-world deployment scenarios where models often encounter unfamiliar

stimuli. Second, this strategy reduces potential biases that could arise from overlapping content

between training, validation, and test sets, ensuring that the model’s performance reflects true gen-

eralizability rather than overfitting to specific patterns.

5.7 FER Model Framework

5.7.1 Xception

In this study, we employ the Xception model, a convolutional neural network (CNN) archi-

tecture that has demonstrated superior performance in previous research by Alipour et al. [4].

The Xception model builds upon the Inception architecture [180] by replacing the standard Incep-

tion modules with depthwise separable convolutions, thereby enhancing both computational effi-

ciency and model accuracy. Our selection of the Xception architecture is motivated by its ability

to optimize resource utilization while achieving high performance in large-scale visual recogni-

tion tasks [181], making it particularly suitable for Facial Emotion Recognition in diverse content

environments.
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5.7.2 Xception Model Architecture

The term Xception stands for Extreme Inception [128], reflecting its evolution from the original

Inception model. The key innovation in Xception is the use of depthwise separable convolutions,

which decompose a standard convolution into a depthwise convolution and a pointwise convolu-

tion. This decomposition allows for a more efficient representation of the convolutional operation,

reducing the number of parameters and computational costs without sacrificing model capacity.

A standard convolutional operation combines spatial filtering and channel mixing in a single

step. Mathematically, a standard convolution for an input tensor X ∈ R
h×w×cin with cin input

channels, applying cout filters of size k × k, produces an output tensor Y ∈ R
h′×w′×cout , computed

as:

Yi, j, k =
∑

u = 1k
k

∑

v=1

cin
∑

c=1

Wu, v, c, k ·Xi+ u− 1, j + v − 1, c (5.11)

where W ∈ R
k×k×cin×cout represents the convolutional filters.

In contrast, a depthwise separable convolution splits this operation into two separate layers of

depthwise and pointwise.

Depthwise convolution which applies a single convolutional filter per input channel indepen-

dently.

Zi,j,c =
k

∑

u=1

k
∑

v=1

Ku,v,c ·Xi+u−1,j+v−1,c (5.12)

where K ∈ R
k×k×cin is the depthwise convolutional filter.

Also, the pointwise convolution which applies a 1 × 1 convolution to combine the outputs of

the depthwise convolution across channels.

Yi,j,k =

cin
∑

c=1

Pc,k · Zi,j,c (5.13)

where P ∈ R
cin×cout represents the pointwise convolutional filters.
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This separation reduces the computational complexity significantly lowering the number of

parameters and operations.

The Xception architecture is organized into three main parts of entry flow, middle flow, and exit

flow. The entry flow is responsible for capturing low-level features and reducing the spatial dimen-

sions of the input data. It typically uses convolutional layers followed by max-pooling operations

to down-sample the data.

Next, the middle flow is made up of several identical modules (repeated eight times) designed

to learn increasingly complex features. These modules contain depthwise separable convolution

layers, which are more efficient than standard convolutions, and they also use residual connections

to help preserve information as it passes through the layers.

Finally, the exit flow focuses on extracting high-level features and preparing the data for clas-

sification. This phase also uses depthwise separable convolutions, followed by global average

pooling to reduce the dimensions further, and a fully connected layer for producing the final output

suitable for classification tasks.

Residual connections are incorporated to mitigate the vanishing gradient problem and facilitate

the training of deeper networks [182]. The overall architecture enables the model to learn rich

feature representations essential for distinguishing subtle facial expressions in FER tasks.

5.7.3 Implementation Details

The model was implemented using the Keras library with a TensorFlow backend. The top

layers were replaced with a global average pooling layer followed by a fully connected layer with

a sigmoid activation function for binary classification and early stopping was implemented based

on the validation loss to prevent overfitting.

5.7.4 Metrics for Evaluating Model Performance

To assess the effectiveness of our models in recognizing facial expressions and determining

interest or non-interest, we employ two primary metrics: loss and accuracy [183]. These metrics

offer a detailed understanding of the models’ learning progress, capacity to generalize to novel
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data, and overall robustness [184]. The combination of these metrics provides a balanced view

of model performance across diverse datasets, highlighting how well the models have learned and

adapted effectively to varying data patterns.

Loss Function

The loss function provides a scalar value that represents the cost associated with the network’s

predictions [185]. During training, the objective is to find the set of network parameters (weights

and biases) that minimize this loss. This process is carried out using optimization algorithms;

Adaptive Moment Estimation and stochastic gradient descent and its variants, which rely on the

gradient of the loss function with respect to the network parameters [125].

Accuracy

Accuracy quantifies the proportion of correct predictions made by the model out of all predic-

tions which provides a straightforward measure of how well the model generalizes to unseen data.

Mathematically, for a dataset with n samples, accuracy A is calculated as:

A =
Number of Correct Predictions
Total Number of Predictions

=
1

n

n
∑

i=1

I(yi = ŷi)

where:

• yi is the true label of the i-th sample.

• ŷi is the predicted label of the i-th sample.

• I is the indicator function, which returns 1 if the argument is true and 0 otherwise.

Accuracy serves as a primary metric during both the training and evaluation phases of convo-

lutional neural network models. It provides an immediate sense of the model’s ability to correctly

classify input data. High accuracy indicates effective learning of the underlying patterns in the

data, while low accuracy suggests the need for model refinement.
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5.8 Results and Discussion

This section presents a comparative analysis of three models trained on distinct datasets: Base-

line, Baseline + YouTube, and Baseline + StyleGAN2. The models are evaluated based on key

performance metrics, including loss, accuracy, precision-recall curves, and ROC curves, providing

discernment into their robustness, generalizability, and adaptability to diverse data sets.

5.8.1 Loss

Figure 5.3 illustrates the progression of training and validation losses across 300 epochs for

each of the models to provide information about their learning dynamics and generalization capa-

bilities. The Baseline + YouTube model (green line) demonstrates the most consistent validation

loss, indicative of its capacity to generalize effectively to unseen data. Its training loss also remains

low and aligns closely with the validation loss which shows that the model effectively learns from

the diverse, real-world data without overfitting. The Baseline + StyleGAN2 model (blue line) ini-

tially displays a higher loss which suggests challenges in adapting to synthetic data, but ultimately

converges. It highlights the potential of synthetic augmentation to effectively complement real-

world data and eventually enhance model performance. Conversely, the Baseline model (red line)

exhibits a rapid initial reduction in training loss during initial epochs that reflects its capacity to

quickly adapt to the limited dataset, yet suffers from elevated validation loss that signifies limited

generalization due to the constraints of its dataset. The persistent gap between its training and

validation losses suggests overfitting, resulting from the constrained diversity of the training data,

which limits the model’s capacity to handle varied, real-world expressions.
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Figure 5.3: Comparison of training and validation losses across the three datasets over 300 epochs.

5.8.2 Accuracy

During training, accuracy is also monitored on both training and validation datasets to assess

the model’s learning progress and generalization ability. Figure 5.4 illustrates the trends in training

and validation accuracy over 300 epochs for each model and it provides insights into their learning

efficiency and generalization capabilities. The training accuracy indicates how well the models

learn from their respective datasets, while validation accuracy measures how effectively the models

generalize to unseen data.
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Figure 5.4: Comparison of training and validation accuracies across three datasets over 300 epochs.

The Baseline + YouTube model, represented in green, demonstrates a steady increase in train-

ing accuracy over the epochs that shows effective learning from the diverse, real-world data. No-

tably, the training accuracy aligns closely with validation accuracy which shows the model avoids

overfitting and maintains robust generalization capabilities. This alignment can be attributed to the

inclusion of varied expressions and contexts from the YouTube dataset, which exposes the model to

a wide range of real-world patterns during training and enables it to handle unseen data effectively.

In contrast, the Baseline + StyleGAN2 model, depicted in blue, achieves rapid improvements

in training accuracy as it reaches high levels early in the training process. This indicates that the

model quickly adapts to the synthetic patterns present in the data. While this suggests effective uti-

lization of synthetic augmentation, it also raises concerns about potential overfitting, as evidenced

by a noticeable gap between training and validation accuracy. The validation accuracy, although

improving over time, remains lower than training accuracy, suggesting that the synthetic data in-

troduces patterns that are less representative of real-world variability. Consequently, the model’s

ability to generalize effectively is limited by the artificial structure inherent to synthetic data, which

may not capture the complexity of natural expressions as accurately as real-world data does.
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The Baseline model, shown in red, displays rapid gains in training accuracy, reflecting its quick

adaptation to the limited patterns of the constrained dataset. However, this strong performance dur-

ing training does not translate well to the validation set, where the accuracy remains significantly

lower. The persistent gap between training and validation accuracy highlights the model’s limited

capacity for generalization, which is likely due to the homogeneity and restricted diversity of the

dataset. As a result, the model tends to overfit the specific patterns present in the training data,

failing to adapt to varied, unseen expressions.

5.8.3 Precision-Recall and Receiver Operating Characteristic Curve

Beyond the evaluation of loss and accuracy, the models’ performance is further assessed using

the Precision-Recall (PR) curve and the Receiver Operating Characteristic (ROC) curve. These

metrics offer a more nuanced and detailed perspective, particularly in contexts where class imbal-

ance may render accuracy alone an insufficient measure of model performance.

The Precision-Recall curve (Figure 5.5 - left) measures the trade-off between precision and

recall across various decision thresholds. Precision, or positive predictive value, reflects the pro-

portion of correctly identified positive cases among all predicted positives, while recall, or true

positive rate, denotes the proportion of correctly identified positive cases among all actual posi-

tives. This metric is particularly informative in contexts where class imbalances are present, as it

helps highlight the model’s capability to minimize false positives while maintaining high recall.

As depicted in Figure 5.5 - left, the Baseline + StyleGAN2 model achieves the highest area under

the PR curve (AUC = 0.94), indicating a superior balance between precision and recall. The Base-

line + YouTube model follows closely with an AUC of 0.89, suggesting strong generalizability

to real-world data. In contrast, the Baseline model, with an AUC of 0.82, demonstrates weaker

performance, suggesting challenges in maintaining both precision and recall due to limited data

diversity.

The Receiver Operating Characteristic (ROC) curve (Figure 5.5 - right) provides another per-

spective by plotting the true positive rate against the false positive rate across varying thresholds.
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The Area Under the Curve (AUC) serves as a summary metric, reflecting the model’s overall ability

to distinguish between positive and negative classes. In Figure 5.5 - right, the Baseline + Style-

GAN2 model again achieves the highest ROC-AUC at 0.94 which indicates a strong discriminative

capacity. The Baseline + YouTube model, with an AUC of 0.88, also exhibits robust performance

which confirms its effectiveness in generalizing to diverse real-world data. The Baseline model,

however, achieves a lower AUC of 0.82, highlighting its limited ability to effectively separate

classes, which can be attributed to the constraints of its dataset.

Figure 5.5: PR (left) and ROC (right) curves illustrating models’ performance and balance across different
datasets.

Additionally, Table 5.2 highlights significant percentage improvements in the Precision-Recall

AUC and ROC-AUC metrics following the integration of diverse data sources into the Facial Emo-

tion Recognition (FER) models. Initially, the Baseline model achieved a Precision-Recall AUC

of 0.82. With the inclusion of real-world YouTube data (Baseline + YouTube), this metric rose to

0.89, representing an approximate 8.5% improvement over the baseline. This gain indicates a more

balanced model performance, with better detection of true positives and reduced false positives.

When synthetic data from StyleGAN2 (Baseline + StyleGAN2) was added, the Precision-Recall

AUC increased further to 0.94, reflecting a 14.6% improvement over the baseline. This notable

enhancement suggests that the synthetic data effectively addressed the variability in facial expres-

sions, filling gaps left by the real-world dataset. Similarly, the ROC-AUC for the Baseline model
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was initially 0.82, which increased to 0.88 with YouTube data, showing a 7.3% improvement.

This indicates stronger discriminative power, as the model became more adept at distinguishing

between positive and negative classes across a broader spectrum of emotional expressions. With

the integration of synthetic data in the Baseline + StyleGAN2 model, the ROC-AUC reached 0.94,

marking a 14.6% improvement.

Table 5.2: Performance Improvements for Precision-Recall AUC and ROC-AUC Across Models

Model/Dataset PR AUC ROC AUC Improvement from Baseline

Baseline 0.82 0.82 –
Baseline + YouTube 0.89 0.88 +0.07 (PR), +0.06 (ROC)
Baseline + StyleGAN2 0.94 0.94 +0.12 (PR), +0.12 (ROC)

Lastly, to further understand the performance differences among the three models, we con-

ducted an Analysis of Variance (ANOVA) on the AUC scores obtained from both the ROC and

Precision-Recall curves. The ANOVA test aims to assess whether the mean differences in AUC

scores across the models are statistically significant.

The ANOVA results revealed a statistically significant difference in the mean AUC scores

across the three models (F (2, 297) = 24.38, p < 0.001). This indicates that the inclusion of

YouTube and synthetic data led to significant improvements in model generalizability, as reflected

in the AUC scores.

5.9 Ethical Considerations and Solutions

The integration of both real-world and synthetic data in Facial Emotion Recognition (FER)

models holds significant potential for enhancing model performance and generalizability. How-

ever, it also raises complex ethical issues related to bias, fairness, and privacy [186]. This section

examines these ethical challenges, discussing potential biases in FER models, privacy concerns

arising from social media data usage [187], and proposing solutions to ensure the responsible de-
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velopment and deployment of FER systems. By addressing these ethical considerations, the study

aims to contribute to the creation of more inclusive and fair FER models [188].

5.9.1 Biases in Facial Emotion Recognition (FER) Models

FER models have gained significant traction across domains such as marketing, mental health

assessment, and human-computer interaction [160]. Despite their potential, these models are sus-

ceptible to biases arising from the limited diversity of training datasets, which can result in skewed

interpretations of facial expressions [189]. A common issue is the overrepresentation or underrep-

resentation of specific demographic groups, such as certain races, age groups, or genders, leading

to model inaccuracies when applied to broader populations [26]. While this study aims to address

these biases by integrating synthetic data, it is critical to observe that synthetic data generation

itself may replicate and even amplify biases inherent in the original datasets [190]. For instance,

GANs, which are used for creating synthetic data, can inadvertently perpetuate imbalances [191],

especially if the initial data contains disproportionate samples from specific groups [192]. This

tendency may affect the fairness and accuracy of FER models when deployed in real-world ap-

plications, making it imperative to examine and mitigate potential biases in both real-world and

synthetic data sources [193].

5.9.2 Privacy Concerns in Social Media Data

The use of social media data to enhance FER models introduces complex ethical challenges,

particularly concerning privacy, consent, and data protection [28]. Social media platforms offer a

vast pool of user-generated content that can provide valuable diversity in facial expressions. How-

ever, this diversity comes with ethical dilemmas related to the rights of users whose content is

used without explicit consent [194]. While social media data presents opportunities for improving

model generalizability, it also poses risks of violating user privacy, as individuals may be unaware

of their content being utilized for research or commercial purposes [195]. Additionally, the un-

structured nature of social media data, which often includes personal information, raises ethical

concerns about the extent to which data can be anonymized without compromising its utility for
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training models [196]. Therefore, it is crucial to reflect on the ethical implications of data use, par-

ticularly in balancing the benefits of model enhancement with the rights of individuals to privacy

and data protection.

5.9.3 Privacy Concerns in Synthetic Data

While synthetic data generation offers a promising solution for augmenting datasets [197] and

alleviating privacy concerns, it also presents unique ethical and privacy challenges [198]. Synthetic

data, particularly from Generative Adversarial Networks, can inadvertently reproduce identifiable

patterns from original datasets [199], risking privacy and potentially perpetuating inherent biases.

This issue is especially prominent with smaller datasets, where GANs may overfit on particular

features, resulting in synthetic data that resembles real individuals with poor quality [200]. By

addressing these privacy challenges, researchers can leverage synthetic data’s benefits.

5.9.4 Addressing Ethical Issues and Promoting Fairness

To foster ethical integrity in FER model development, it is essential to establish robust mea-

sures that address bias mitigation and privacy protection [201]. First, conducting comprehensive

data audits can play a vital role in identifying and correcting imbalances in demographic repre-

sentation [202]. By analyzing demographic distributions in both real-world and synthetic datasets,

researchers can ensure that training data aligns more closely with the intended deployment popula-

tion [193]. This process should be coupled with the adoption of fairness-aware generative models,

such as FairGAN [203] or DebiasGAN [204], which aim to produce synthetic data that better

represent underrepresented groups without exaggerating biases found in the original data.

In addition to addressing biases in training data, it is equally important to consider the ethical

implications of using social media and synthetic AI-generated data [205]. One solution is to en-

sure transparency in data collection processes. This involves using datasets that are licensed for

research, prioritizing those where contributors have provided explicit consent for their data to be

used [206]. Where consent is not feasible, researchers should employ anonymization techniques

that protect individual identities while preserving the diversity of expressions needed for FER
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model training [207]. Establishing clear protocols for obtaining permission and using ethically

sourced datasets is crucial in maintaining the integrity of FER research.

Furthermore, integrating fairness metrics during model training can enhance the equity of FER

models. Metrics such as Equalized Odds [208] and Demographic Parity [209] can help evalu-

ate whether the model performs consistently across demographic groups, thus promoting fairness

and minimizing the risk of discriminatory outcomes. It is imperative to implement these metrics

throughout the model development process, from training to validation, ensuring that the model’s

generalization capabilities extend fairly across different demographic contexts.

Lastly, ethical compliance should extend beyond technical adjustments. Adherence to global

data protection regulations, such as the General Data Protection Regulation (GDPR) [210] and

the California Consumer Privacy Act (CCPA) [211], must guide all aspects of data handling. Re-

searchers should collaborate with legal experts and ethics review boards to ensure compliance

with these regulations, thereby aligning FER model development with legal standards of privacy

protection [212]

5.9.5 Future Ethical Directions in FER Research

Looking ahead, it is essential to adopt more inclusive data collection strategies that are rooted in

explicit consent and ethical sourcing. The implementation of differential privacy techniques holds

promise for safeguarding individual privacy while allowing models to learn from data effectively.

Moreover, advancing explainable AI (XAI) techniques in FER could enhance transparency which

enables users to understand the basis of emotion predictions and identify potential biases in real-

time [213]. Future research should prioritize these approaches, aiming to establish FER models

that are both technologically robust and ethically sound.
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5.10 Conclusions

In this chapter, we set out to improve the generalizability of an FER convolutional neural

network Xception model by integrating diverse data sources. We combined real-world data from

YouTube, controlled experimental data, and synthetic images generated by StyleGAN2.

The results demonstrate that integrating these diverse datasets significantly improves model

performance. The models trained with the combined data sources consistently outperformed those

trained on individual datasets, showing better accuracy and reduced overfitting. The addition of

real-world data from YouTube enriched the models with more natural variations of facial expres-

sions, closely reflecting real-world dynamics. Meanwhile, the synthetic data generated by Style-

GAN2 filled critical gaps, introducing underrepresented facial expressions and enhancing the di-

versity of the training dataset.

These findings highlight the importance of data diversity in achieving model generalizability.

However, this process also highlighted several ethical considerations. The use of social media data

raises privacy concerns, particularly regarding consent and data protection, while synthetic data

carries the risk of reinforcing existing biases if not properly managed. Thus, the study not only

contributes to improving FER models technically but also emphasizes the need for responsible AI

practices that balance innovation with ethical integrity.

In conclusion, while the integration of real-world and synthetic data represents a promising

strategy for enhancing FER models, it also necessitates continuous refinement to ensure both tech-

nical performance and ethical compliance. Future research should focus on further improving the

realism of synthetic data and exploring ways to ensure fairness and transparency in FER systems.

This work thus lays the groundwork for developing FER models that are not only technically

advanced but also ethically robust and capable of performing reliably across diverse, real-world

scenarios.
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Chapter 6

Aim 3: Effects of VR Design Complexity and

Exposure Sequencing on Engagement

6.1 Aim 3 Summary

This chapter investigates how complexity and exposure sequencing in virtual reality (VR) retail

environments influence consumer engagement and purchase intent. Participants (N = 55) interacted

with two desktop VR settings: Simple and Detailed. Employing multi-modal analysis combining

causal evaluation of pre- and post-exposure data, we assess how these environments influence user

experiences. Results indicate Detailed VR significantly enhances participants’ sense of immer-

sion, engagement, and purchase intent compared to Simple VR. This enhanced immersion does

not correspond to increased perceived cognitive load, suggesting that added complexity enriches

user experience without adverse effects. The sequence of VR exposure also plays a critical role.

Participants who began with Simple and then Detailed VR report significantly higher engagement

in the latter; suggesting that transitioning from a simpler to a more complex environment amplifies

user engagement through comparative effects. This research contributes to immersive marketing

literature by isolating the effects of VR design complexity and exposure order on consumer behav-

ior.

6.2 Introduction

This research aim addresses critical gaps in the literature regarding how virtual reality envi-

ronments influence consumer behavior particularly engagement and purchase intent. While prior

research has highlighted VR’s potential to enhance user experiences through immersive and inter-

active features there is limited understanding of the specific design elements that drive these effects.

Moreover, existing studies often overlook the role of individual differences such as technological
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savviness and prior exposure to VR in shaping consumer engagement. Another significant gap lies

in the impact of exposure sequencing whether transitioning from a simple VR environment to a

detailed one or vice versa on user perceptions and behavior. Although traditional business stud-

ies have examined sequence effects in static advertisements, their implications in immersive VR

settings remain largely unexplored. By investigating these gaps, this part of the research seeks to

provide a nuanced understanding of how VR design complexity and exposure order can optimize

consumer engagement and influence purchase decisions.

6.2.1 Problem Statement

To address these identified research gaps and integrate VR into the scope of this dissertation,

which focuses on a systematic analysis of innovative technologies for consumer engagement in

e-commerce, the following research questions are addressed in this chapter:

• RQ 3.1: How do individual differences, such as technological savviness, brand familiar-

ity, and frequency of online gaming and shopping, moderate the relationship between VR

complexity and engagement?

• RQ 3.2: How does designed visual complexity and opportunities for engagement within VR

affect perceived immersion, engagement, realism, sense of presence, distraction, effort, and

purchase intent?

• RQ 3.3: How do perceptions of VR interactions, such as perceived immersion, engagement,

realism, etc., influence likelihood to purchase?

• RQ 3.4: What are the cognitive and emotional effects of exposure sequencing from a simpler

VR to a more detailed VR environment and vice-versa?
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6.3 Methodology

A desktop virtual reality study was performed. The virtual environments provided participants

with advertisements of various Tesla and Apple products. The study had approval for human

subjects research from the CSU Institutional Review Board (IRB).

6.3.1 Participants

There were 61 people that participated in the study. However, six participants were removed

due to incomplete responses (i.e., only completed one or two of the surveys, not all three). After

this data cleaning, there were a total of 55 participants included in the analysis. Participants were

recruited from the undergraduate population at San José State University and received extra credit

in one of their classes for participating in the study. Table 6.1 illustrates the distribution of par-

ticipants across different age groups and genders involved in the study. The sample comprised of

participants ranging from 18 to 50 years old.

Table 6.1: Frequency Distribution of Gender Across Age Groups

Age Group Male Female

18-25 29 16
26-35 3 4
36-45 1 1
46-50 1 0

6.3.2 VR Environments

The experiment included two distinct virtual reality environments, both containing advertise-

ments for the same Apple and Tesla products, representing a virtual Tesla showroom and Apple

store. One VR environment, referred to as VR Simple (Figure 6.1a), provided participants with a

basic immersive experience, where participants could walk around and watch 2-dimensional video

advertisements about the products; designed to be minimalistic and informative. The other VR

environment, referred to as VR Detailed (Figure 6.1b), provided the same products and videos, but
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additionally displayed each product as a 3-dimensional model that enabled a more detailed visual

experience; designed to be more visually stimulating. While we use the terms VR Simple and VR

Detailed for use in this paper, the environments were referred to as VR Room A and VR Room B

to the participants, to not bias them in their interactions.

(a) VR Simple (b) VR Detailed

Figure 6.1: Example of the two VR environments for the Tesla products.

A more detailed example of the VR Detailed environment with the Apple and Tesla products

used in this study is provided in Figure 6.2. The featured Apple products include Apple Watch,

Vision Pro, AirPods, iPhone, iPad, and Mac. Featured Tesla products include vehicle models S, 3,

X, Y, and Optimus the Tesla Bot.

(a) Virtual Apple Store in VR Detailed. (b) Virtual Tesla Showroom in VR Detailed.

Figure 6.2: Example products in VR Detailed for the two brands.

These VR environments were developed and deployed using the Spatial platform. Participants

were asked to create a free Spatial account in order to access the environments. We used the web-

based version of Spatial, meaning interaction with the environments was done using a computer

with a mouse and keyboard.
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6.3.3 Participant Groups

Participants were assigned to one of two groups based on the first letter of their first name.

This group determined the order in which they experienced the VR environments. Group Detailed-

Simple (N = 33), assigned to those with first names beginning with letters A through O, interacted

first with VR Detailed and subsequently VR Simple. Conversely, Group Simple-Detailed (N =

22), which included participants whose first names started with letters P through Z, experienced

VR Simple first, followed by VR Detailed. This grouping strategy aimed to ensure a random

distribution of participants and to control for potential confounding variables [214].

6.3.4 Data Collection Procedure

Data was collected in September and October of 2024. Participants were given written instruc-

tions on how to complete the study procedures and told to perform the study tasks on their own

computers. The instructions provided links to the different VR environments and surveys. The

participants’ first and last names were collected on each survey so that responses could be linked

across the different surveys. Each participant first completed a pre-exposure survey to capture

baseline characteristics about them. They were then instructed to explore the first VR environ-

ment and spend approximately 5-minutes in the environment. Immediately after, they completed

a post-exposure survey on that VR environment. Then, they were asked to explore the second

VR environment and spend a similar amount of time in it. Lastly, they completed a post-exposure

survey about the VR environment they just interacted with, which comprised of the same ques-

tions as the other post-exposure survey. Each survey captured various facets of the participants’

experiences, including familiarity with products, interest in products, likelihood to purchase, and

perceived engagement, immersion, and cognitive load of the VR environments.

Pre-Exposure Survey

The pre-exposure survey collected information on participant demographics and prior famil-

iarity with the technologies and brands featured in the VR environments. Using Likert scale ques-

tions, we captured their self-reported tech-savviness, frequency of playing computer games, fre-
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quency of shopping online, familiarity with VR, familiarity with Apple products, familiarity with

Tesla products, interest in Apple products, and interest in Tesla products.

Post-Exposure Surveys

The post-exposure surveys were designed to capture participants’ immediate reactions follow-

ing their interactions with each virtual environment. The surveys were identical and were com-

pleted immediately after interacting with VR Simple and VR Detailed. Using Likert scale ques-

tions, participants were asked to rate how engaging, immersive, real, present, and distracting they

found the experience. Questions also captured data on the physical and cognitive effort required

to navigate the environments. Additionally, participants evaluated their interest in the products

and their likelihood of purchasing the products, providing valuable information on how such an

environment might influence consumer behavior and purchase intent.

6.3.5 Data Quality and Integrity

Data collection was conducted using structured online surveys administered at appropriate

stages of the experiment. Responses were recorded using Likert scales across all datasets. Stan-

dard data cleaning procedures were implemented to handle missing values, verify consistency in

response scales, and maintain participant anonymity and data integrity. In the survey, some Likert

scale questions were reverse-coded to ensure participants were paying attention and ensuring data

quality. These reverse-coded questions were then flipped for data analysis to ensure consistency in

reporting across scales. Data cleaning and analysis were performed using both Python and R.

6.4 Results

6.4.1 Summary of Pre-Exposure Variables

A correlation analysis was first conducted on the pre-exposure variables related to prior expe-

rience with VR, gaming, online shopping, Tesla, and Apple. Figure 6.3 presents this correlation
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heatmap depicting the pairwise relationships with Pearson correlation coefficients and statistical

significance.

Figure 6.3: Correlation heatmap of pre-exposure variables.

The analysis reveals several significant correlations that provide insights into participants’ tech-

nological behaviors and brand associations prior to the VR interventions. Two particularly strong

positive correlations are observed between tech-savviness with VR familiarity (r = 0.43, p < .01)

and with frequency of playing computer games (r = 0.46, p < .001). This indicates that partic-

ipants who consider themselves more technologically savvy tend to have greater familiarity with

virtual reality technology and more often play computer games. Additionally, there is a positive

correlation between VR familiarity and gaming frequency (r = 0.34, p < .05), which suggests

that participants who play computer games more frequently are also more familiar with VR tech-

nology. A noteworthy negative correlation is found between gaming frequency and Apple interest

(r = −0.33, p < .05). This suggests that participants who frequently engage in computer gaming

tend to have a lower interest in Apple products.
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Other correlations of interest include the relation between Apple familiarity and Apple interest

(r = 0.62, p < .001), which indicates that familiarity with Apple products enhances interest in the

brand, which may influence participants’ receptiveness to Apple products within the VR settings.

A similar relation is seen between Tesla familiarity and Tesla interest (r = 0.59, p < .001). As

well as interest in Apple and Tesla (r = 0.43, p < .001), although not significant for familiarity

with Apple and Tesla (r = 0.24, p > .05).

Pre-Exposure Variables by Gender

Further analysis of these pre-exposure variables based on gender is presented in Figure 6.4.

These pair plots illustrate the relationships among pre-exposure variables, where blue represents

males and red represents females. The diagonal plots display the distribution of each variable by

gender, highlighting differences and similarities in central tendencies and variability within each

gender. Off-diagonal plots feature scatter plots with overlaid linear regression lines and kernel

density estimates, which facilitates the exploration of potential linear relationships and data point

distributions between pairs of variables. The Pearson correlation coefficient (ρ) is annotated on

each scatter plot, denoting the strength and direction of the linear relationship between the vari-

ables.

A notable trend observed in Figure 6.4 is that gender differences only appear in the frequency

of gaming variables. Wilcoxon rank-sum tests on each pre-exposure variable to compare responses

between males and females verifies this; where males report gaming significantly more frequently

than females (p < .001), while no other variable has significant differences between males and

females (p > .05).
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Figure 6.4: Pair plot of pre-exposure variables by gender.

6.4.2 Effects of Individual Differences on Perceived Engagement

An Ordinary Least Squares (OLS) linear mixed model on perceived engagement based on the

pre-exposure variables is presented in Table 6.2. This model examines the influence of individual

differences such as tech-savviness, brand familiarity, and behavioral frequencies on perceived en-

gagement, controlling for the two VR environments. The model also includes a random effect for

participants, to account for the repeated measures at the participant level (i.e., an observation for

VR Simple and VR Detailed for each participant).

Most notably, the VR environment has a significant effect (p = .001) on perceived engagement,

with VR Simple associated with an average engagement score of 0.854 less than VR Detailed. Ad-

ditionally, brand familiarity similarly influences perceived engagement; where each unit increase
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in familiarity with Apple increases engagement by 0.536 points (p = .039), and each unit in-

crease in familiarity with Tesla increases engagement by 0.375 points (p = .058). Self-reported

tech-savviness (p = .555), frequency of playing computer games (p = .364), and frequency of

shopping online (p = .109) do not significantly impact perceived engagement.

Table 6.2: Summary of Linear Mixed Model Predicting Perceived Engagement

Variable Coef. Std. Err. t-value p-value

(Intercept) 2.625 1.396 1.880 0.065
VR Simple (ref. VR Detailed) -0.854 0.245 -3.482 0.001
Tech-Savvy -0.085 0.144 -0.593 0.555
Familiar w/ Apple Products 0.536 0.252 2.126 0.039
Familiar w/ Tesla Products 0.375 0.194 1.936 0.058
Frequency Computer Games 0.138 0.151 0.915 0.364
Frequency Shop Online -0.329 0.201 -1.632 0.109

Model Fit AIC LL LRatio p-value

Model 447.97 -214.98 – –
Null 449.08 -221.54 13.11 .041

Marginal Effects of Predictors on Perceived Engagement

Further analysis using partial dependence plots (PDPs) provides valuable insights into the rela-

tionships between perceived engagement and these individual predictors for both VR Simple and

VR Detailed environments. While regression analysis provides information about the statistical

significance of predictors, these PDP visualizations, which are often used in machine learning (i.e.,

Random Forest), interpret and offer a complementary perspective by exploring non-linear trends

and marginal effects of each predictor while holding all other variables constant [215]. Specifically,

these PDPs show how certain predictors influence perceived engagement under specific conditions,

which might not be fully captured by linear models.

The theory behind PDPs can be described as, for a trained machine learning model f̂(X) that

predicts an outcome y based on a set of features X = (X1, X2, . . . , Xp), the partial dependence

function for a specific feature Xs is mathematically defined as:
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f̂Xs
(xs) = EX−s

[

f̂(xs,X−s)
]

(6.1)

In this equation, xs represents a fixed value of the feature Xs, while X−s denotes the set of all

other features except Xs. The operator EX−s
computes the expectation over the marginal distribu-

tion of X−s and the partial dependence function f̂Xs
(xs) represents the average model prediction

when Xs is fixed at xs, and all other features vary according to their marginal distributions [216].

We applied this to our linear model predicting perceived engagement, as shown in Figure 6.5

for VR Detailed and Figure 6.6 for VR Simple. As shown in Figure 6.5 for VR Detailed, the PDP

for tech-savviness reveals a negative relationship with engagement, which indicates that individ-

uals with higher technological expertise tend to perceive lower levels of engagement. This trend

may reflect heightened expectations among more tech-savvy users, who are more open to innova-

tive technologies but might show lower tolerance for simplicity or perceived shortcomings in VR

experiences. Thus, it shows designers should consider more customizable features and interactions

with more complex tasks. Conversely, familiarity with VR exhibits a positive trend, which sug-

gests that individuals with prior exposure to VR are more likely to find Detailed VR environments

engaging. This effect may stem from reduced cognitive load or greater ease of interaction for

those already accustomed to VR technology. Also, familiarity with VR enhances the user’s ability

to focus on content rather than the interface. However, as VR becomes more common this effect

may reduce, which highlights the dynamic challenges to sustain engagement among experienced

users. Brand familiarity with Apple similarly shows a positive association with engagement while

familiarity with Tesla presents a more nonlinear pattern where moderate familiarity is associated

with higher engagement, but this effect diminishes at both low and high familiarity levels. This

could be attributed to users with moderate familiarity likely balancing curiosity and comfort, while

high familiarity may result in a loss of novelty, and low familiarity may lead to disinterest. The

frequency of gaming appears to have minimal influence on engagement in VR Detailed, as the

relationship remains relatively flat.
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Figure 6.5: Partial dependence plots (PDPs) for predictors influencing perceived engagement in VR De-
tailed.

The VR Simple PDPs (Figure 6.6) reveal patterns that are both consistent with and distinct from

those observed in the VR Detailed environment. The negative association between technological

savviness and engagement persists, which reinforces the idea that higher expectations among tech-

savvy individuals may reduce their engagement with simpler VR experiences. Familiarity with VR

in VR Simple shows a fluctuating trend with engagement peaking at moderate levels of familiarity

before declining among those with very high familiarity, potentially reflecting a novelty effect for

users less experienced with VR technology. This suggests the need for adaptive VR experiences

that evolve based on user expertise. Features like dynamic tutorials or content progression could

help sustain engagement. Familiarity with Apple demonstrates a pronounced positive relationship

and it highlights the role of brand affinity in shaping engagement in simpler virtual environments.

Familiarity with Tesla exhibits a pattern similar to that in Detailed VR, where moderate familiarity

correlates with the highest levels of engagement.
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Figure 6.6: Partial dependence plots (PDPs) for predictors influencing perceived engagement in VR Simple.

6.4.3 Effects of VR Environment Design on Perceptions

A comparative analysis of post-exposure perceptions between VR Simple and VR Detailed, in-

cluding perceived distraction, engagement, immersion, realism, effort, likelihood to purchase, and

sense of presence, is provided in Figure 6.7. This comprehensive comparison sheds light on how

the differing levels of designed complexity in the two virtual environments influence participants’

experiences and perceptions. The density plots illustrate the distributions of participants’ responses

to the respective Likert scale questions for each VR environment. A paired Wilcoxon rank-sum

test was performed for each scale between VR Simple vs VR Detailed, where these p-values are

also provided in Figure 6.7.
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Figure 6.7: Density plots comparing post-exposure perceptions between VR Simple and VR Detailed.

The analysis reveals that VR Detailed generally outperforms VR Simple in terms of engage-

ment (p = .002), immersion (p = .001), and likelihood to purchase (p = .037). Participants

report higher levels of engagement in VR Detailed, which indicates that the dynamic and complex

environment was more effective in capturing their attention and interest. The enhanced 3D model

input and interactive elements in VR Detailed likely contribute to a more captivating experience,

leading to increased participant involvement. Immersion scores are also higher for VR Detailed.

This may stem from the detailed graphics and realistic 3D models and interactive features that VR

Detailed offers, which can create a more convincing virtual experience and facilitate deeper cogni-

tive and emotional engagement. The likelihood to purchase is also significantly higher following

interaction with VR Detailed. This finding implies that the immersive features of VR Detailed not

only enhance the immediate user experience but also positively influence participants’ intentions

to purchase the products featured. The increased likelihood of purchasing indicates that immersive

VR environments can be powerful tools for influencing consumer behavior and driving sales.

It is also noteworthy that participants describe VR Detailed as significantly more distracting

than VR Simple (p = .039). This suggests that distraction may not be viewed as a negative
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attribute in such a setting, as participants felt more engaged, immersed, and likely to purchase in

this more distracting environment.

However, metrics such as realism, effort, and sense of presence show similar ratings across

both VR environments (p > .05). Participants perceive both VR environments as comparably re-

alistic and even the less complex VR Simple effectively creates a believable virtual setting. The

lack of significant differences in presence suggests that both environments are successful in mak-

ing participants feel present within the virtual space. The effort required to interact with the VR

environments does not differ markedly between VR Simple and VR Detailed. Participants do not

perceive the more complex VR Detailed as requiring more effort, which is an important consider-

ation for user experience design. An increase in complexity or immersion that does not add to the

user’s cognitive or physical burden is desirable, as it enhances engagement without causing fatigue

or frustration.

6.4.4 Effects of VR Perceptions on Likelihood to Purchase

A linear mixed model was also fit to predict the likelihood to purchase based on participants’

self-reported perceptions of immersion, engagement, realism, sense of presence, distraction, and

effort. These results are presented in Table 6.3. The results show that the reported likelihood to

purchase increases, on average, by 0.336 points for each unit increase in perceived engagement

(p = .009). Similarly, each unit increase in realism increases the likelihood to purchase by 0.153

points (p = .035), while each unit increase in sense of presence decreases the likelihood to pur-

chase by 0.2 (p = .041). Meanwhile, there is no effect of perceived effort, immersiveness, or

distraction on the likelihood to purchase (p > .05).
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Table 6.3: Summary of Linear Mixed Model Predicting Likelihood to Purchase

Variable Coef. Std. Err. t-value p-value

(Intercept) 0.846 0.894 0.947 0.348
Engaging 0.336 0.124 2.706 0.009
Realism 0.153 0.071 2.172 0.035
Sense of Presence -0.200 0.095 -2.096 0.041
Effort 0.184 0.102 1.799 0.078
Immersive 0.169 0.141 1.199 0.236
Distracting -0.075 0.139 -0.541 0.591

Model Fit AIC LL LRatio p-value

Model 383.13 -182.56 – –
Null 422.53 -208.27 51.40 < .0001

6.4.5 Effects of Ordering on Perceived Engagement

To evaluate the causal effect of the VR exposure sequence/ordering on participants’ engage-

ment levels, we employed propensity score matching (PSM). PSM is a statistical technique that

reduces selection bias in observational studies by balancing groups based on covariates predict-

ing the likelihood of treatment. In this context, “treatment" refers to the sequence of VR room

exposure, specifically, whether participants experienced VR Simple first, Group Simple-Detailed,

(T = 1) or VR Detailed first, Group Detailed-Simple, (T = 0). The model evaluates perceived

engagement in VR Detailed, hence whether exposure to the simpler environment first versus no

prior environment to compare VR Detailed to, influenced perceived engagement in VR Detailed.

The propensity score is defined as the conditional probability of assignment to the treatment

given a set of observed covariates, which in this case, the propensity score represents the proba-

bility that participant i receives the treatment (i.e., exposure to Simple first) given their covariates

Xi:

e(Xi) = P (Ti = 1 | Xi) (6.2)
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where T is the treatment indicator, and Xi is the vector of observed covariates. In our model,

the covariates include measures of tech-savviness, gaming frequency, online shopping frequency,

VR familiarity, familiarity with Apple and Tesla products, age, and gender.

To estimate the propensity scores, we used a logistic regression model, represented as follows:

logit(e(Xi)) = β0 +

p
∑

k=1

βkXik (6.3)

where logit(e) = ln
(

e
1−e

)

and β0 is the intercept, βk are the coefficients for each covariate

Xik, and p represents the total number of covariates. The logistic regression model was used only

to calculate the propensity scores for matching purposes. It represents the probability of each

participant being in the treatment group (Simple-Detailed) based on covariates such as measures

of tech-savviness, gaming frequency, online shopping frequency, VR familiarity, and familiarity

with Apple and Tesla products.

Following propensity score estimation, participants in the treatment group were matched to

those in the control group using nearest-neighbor matching without replacement to ensure balance

between the groups on observed covariates. For each participant i in the treatment group, we

identified a corresponding participant j in the control group such that:

j = argmin
j∈C

|e(Xi)− e(Xj)| (6.4)

where C is the set of control participants.

This approach minimizes the absolute difference in propensity scores between matched pairs

to ensure that the covariate distribution is as similar as possible between the two groups.

This technique specifically explores the causal effect of exposure sequencing on user engage-

ment in VR environments to compare a Simple-Detailed sequence to a Detailed-Simple sequence.

Thus, using PSM to reduce confounding variables, we found how exposure sequencing and design

complexity interact to shape user engagement. As shown in Table 6.4, before matching, covariates

exhibited varying degrees of imbalance, as indicated by an average Absolute Standardized Mean
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Difference (ASMD) of 0.302. Post-matching, the mean ASMD dropped to 0.144, with 85.7% of

covariates achieving ASMD < 0.2 and 28.6% < 0.1, which reflects substantial improvements in

balance. Before matching, treatment and control groups exhibited significant divergence in propen-

sity scores. Post-matching, the overlap improved substantially, validating the matching approach.

The ASMD formula is shown below, where µt and µc are the means for the treatment and control

groups and σ2
t and σ2

c are the variances for the treatment and control groups, respectively.

ASMD =
|µt − µc|
√

σ2

t+σ2
c

2

(6.5)

Table 6.4: Summary of ASMD Values Before and After Matching, and Reduction Percentages for Each
Covariate

Covariate Before After Reduction (%)

Familiar w/ Apple Products 0.125 0.129 -2.65
Familiar w/ Tesla Products 0.046 0.000 100.00
Familiar w/ VR Technology 0.182 0.044 75.99
Frequency Computer Games 0.683 0.219 67.86
Frequency Shop Online 0.134 0.137 -2.38
Gender (Numeric) 0.219 0.109 50.12
Tech-Savvy 0.432 0.188 56.45

After performing the matching, we obtained a sample in which the distribution of the mea-

sured covariates was more closely aligned between the treatment (Simple-Detailed) and control

(Detailed-Simple) groups. This allowed us to more confidently attribute differences in engage-

ment to the sequence of exposure rather than underlying participant characteristics.

Using the matched sample we analyzed the key outcomes of interest, specifically engagement

scores in VR Detailed (YB) for each VR environment. We estimated the average treatment effect

on the treated (ATT ), formulated as:

ATT =
1

NT

∑

i∈T

(

Yi(1)− Ym(i)(0)
)

(6.6)
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where NT represents the number of treated participants, Yi(1) is the outcome for treated partic-

ipant i, Ym(i)(0) denotes the outcome for the matched control participant m(i), and T indicates the

set of treated participants. The ATT thus measures how much higher (or lower) engagement scores

are for those who saw the Simple VR environment first, compared to what their engagement on

average would have been if they had not.

To investigate the impact of VR exposure sequence on engagement levels, we generated a

kernel density estimate (KDE) plot shown in Figure 6.8. This plot compares the distribution of

engagement scores for VR Detailed based on participants in Group Simple-Detailed versus Group

Detailed-Simple. This plot shows the actual engagement scores for the VR Detailed after matching

participants using propensity scores. In the plot, the x-axis represents the self-reported engagement

scores for VR Detailed, as measured on a standardized Likert scale, while the y-axis denotes the

probability density function estimated using kernel density estimation. The KDE smoothing pro-

cess can result in a range of values extending beyond the original scale of 1 to 7 as this is an artifact

of the smoothing technique and does not imply the engagement score outside the actual range. The

density plot reveals a noticeable rightward shift in the engagement score distribution for the treat-

ment group (VR Simple-Detailed) compared to the control group (VR Detailed-Simple). Specif-

ically, the peak for Simple-Detailed occurs at a higher engagement score compared to the peak

engagement score for the Detailed-Simple group. Thus, this plot indicates that participants who

experienced Simple VR followed by Detailed VR reported higher engagement levels in Detailed

VR than those who experienced Detailed VR without prior exposure to Simple VR. Moreover, the

treatment (Simple-Detailed) group’s density curve exhibits a higher concentration of participants

with engagement scores near the upper end of the scale.
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Figure 6.8: Density plot of VR Detailed engagement scores by treatment group for propensity matching
scores.

To rigorously assess the statistical significance of the observed differences in engagement

scores in VR Detailed between the treatment and control groups, we conducted a two-sample

Kolmogorov-Smirnov (K-S) test [217]. The K-S test evaluates the maximum absolute difference

between the empirical cumulative distribution functions (ECDFs) of the two samples. The test

statistic D is defined as:

D = supx |Ftreatment(x)− Fcontrol(x)| (6.7)

where Ftreatment(x) and Fcontrol(x) are the ECDFs of the engagement scores for the treatment and

control groups and supx denotes the supremum over all possible values of x.

In our analysis, the K-S test yielded a test statistic of D = 0.456 with a corresponding p =

0.008. Since the p-value is less than the conventional significance level of α = 0.05, we reject the

null hypothesis that the engagement scores in VR Detailed for the treatment and control groups

come from the same distribution. This result suggests a statistically significant difference in the

engagement distributions attributable to the exposure sequence.
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Also, to illustrate these differences, we present a cumulative distribution function (CDF) plot

in Figure 6.9. This diagram visualizes the empirical CDFs of the engagement scores for both the

treatment and control groups. The horizontal axis represents the range of engagement scores in

VR Detailed, while the vertical axis denotes the cumulative probability. As shown in Figure 6.9,

the empirical CDF of the treatment group (Simple-Detailed) lies consistently to the right of the

control group’s CDF (Detailed-Simple) and it indicates higher engagement scores among partici-

pants who experienced Simple VR before Detailed VR. The maximum vertical distance between

the two curves corresponds to the K-S statistic D = 0.456 (the largest discrepancy between the two

distributions). The significant difference in the distributions of engagement scores, as evidenced

by both the K-S test and the CDF diagram, highlights the influence of exposure sequence on user

engagement.

These analyses are derived from a predictive model rather than raw observational data. By

incorporating covariates and controlling for cofounders through both the logistic regression for

propensity score calculation and the subsequent matching, the differences we observe are more

likely to represent the true effect of the VR exposure sequence rather than artifacts of pre-existing

differences between participant groups.

Figure 6.9: Empirical cumulative distribution functions of VR Detailed engagement scores by treatment
group.
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6.5 Discussion

The results of this chapter provide new insights into the impact of virtual reality (VR) de-

sign complexity and exposure sequencing on consumer engagement and purchase intent, while

accounting for individual characteristics such as technological savviness and brand familiarity.

Our findings align with and extend existing research in immersive marketing and user experience

design.

The demographic composition of the participants is a crucial factor in interpreting the study’s

findings. Since the sample is predominantly young and female, the results may reflect the per-

ceptions and behaviors typical of this demographic segment. Younger individuals are often more

receptive to emerging technologies like virtual reality and may exhibit different engagement levels

compared to older cohorts [218, 219]. Similarly, gender-related preferences and familiarity with

brands such as Apple and Tesla could impact participants’ interactions within the VR environ-

ments. Similarly, those familiar with gaming have likely skilled their spatial and interactive skills

through virtual worlds, and they may more readily adapt to VR scenarios [220].

Analysis of the pre-exposure variables highlights that while our participant group is uniformly

tech-savvy, their engagement in specific technology-related activities such as gaming and online

shopping varies considerably. The high level of tech-savviness across the sample is advantageous

for the study, as it suggests that participants are likely comfortable navigating virtual reality envi-

ronments. However, the variability in gaming frequency may influence individual familiarity with

interactive digital environments, potentially affecting immersion and engagement levels within the

VR settings. Similarly, differences in online shopping frequency could impact participants’ re-

sponsiveness to product exploration tasks and purchase intent within the virtual environments.

The majority of our participants reported fairly high familiarity with Apple’s products, with

limited variability. This high familiarity with Apple products among participants is consistent with

Apple’s widespread market presence and the prevalence of its devices in everyday life [221]. Fa-

miliarity with Tesla products showed that while many participants are familiar with Tesla products,

there is greater variability in their familiarity levels. The distribution suggests that some partici-
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pants are highly familiar with Tesla, while others have limited exposure. The broader range may

reflect the more specialized nature of Tesla’s product line, which includes Optimus (the robotic

humanoid) and energy solutions that may not be as widely encountered as consumer electronics

from Apple. The disparity in interest levels between Apple and Tesla may be attributed to several

factors. Apple, as a consumer electronics giant, has a pervasive presence in the daily lives of many

individuals through its extensive product lineup, including iPhones, iPads, MacBooks, and related

services. This ubiquity likely contributes to the higher and more consistent interest levels observed

among participants, many of whom may be regular users of Apple devices or services. Tesla, on

the other hand, specializes in electric vehicles and sustainable energy products, which, while inno-

vative, may not be as accessible or relevant to the participants, particularly given the demographic

composition of the sample. The participants, predominantly university students aged 18-25, may

have limited financial means or immediate need for such high-investment products, which could

explain the lower median interest and greater variability.

The lower familiarity with VR technology could have implications for the study, as partic-

ipants’ prior exposure to VR may influence their comfort levels, engagement, and immersion

within the VR environments used in the experiment. Participants with limited familiarity may

require more time to acclimate to the VR setting, which could affect their overall experience and

responses in the post-exposure surveys. Flavian (2019) [222] on VR usage suggests that as users

gain experience they often report higher levels of comfort and presence which highlights the impor-

tance of considering prior experience as a moderating factor. Overall, the disparity in familiarity

levels across VR, Apple, and Tesla highlights the importance of considering participants’ prior

experiences with these technologies and brands. The varying degrees of familiarity may serve as

moderating factors affecting how participants perceive and interact with the VR environments, as

well as their subsequent engagement, immersion, and consumer behavior outcomes measured in

the study.

We observed a strong positive correlation between technology savviness with VR familiarity

and with frequency of playing computer games. The strength of these correlations suggests that
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general technological proficiency is closely linked to exposure to or interest in VR and gaming,

which may influence participants’ comfort levels and engagement within the VR environments

used in the study. Similarly, participants in our study who reported greater VR familiarity also re-

ported higher gaming frequency. This is plausible given that VR has been increasingly integrated

into gaming experiences [223]. Interestingly, we observed a negative relation between gaming fre-

quency and Apple interest. This relationship may stem from the perception among some gamers

that Apple’s products are less suited for high-performance gaming compared to other platforms

since Apple’s focus on design and user experience may not align with the preferences of frequent

gamers who prioritize hardware specifications and compatibility with a wide range of gaming soft-

ware [224]. This negative correlation highlights the diversity of technological preferences among

participants and may influence how different subgroups respond to Apple-related content in the VR

environments. Understanding these divergent preferences is critical for understanding VR market-

ing interventions. For instance, content that highlights Apple’s ecosystem and everyday utility

may appeal less to dedicated gamers and more to generalist tech-savvy consumers whereas Tesla’s

innovative offerings may resonate with tech enthusiasts interested in cutting-edge engineering and

sustainability.

6.6 Conclusions

This chapter evaluated how the designed complexity of a desktop virtual reality environment

and pre-exposure individual characteristics influenced consumer engagement, distraction, purchase

intent, and product exploration behaviors. We conducted a 2 (VR design: Simple, Detailed; within-

subject) x 2 (Order: Simple-Detailed, Detailed-Simple; between-subject) mixed factorial design

study with 55 participants. Our VR environments contained videos of Tesla and Apple products

(VR Simple), as well as 3D models of each product (VR Detailed).

Specifically, RQ 3.1 sought to understand how individual differences, such as technological

savviness, brand familiarity, and frequency of online gaming and shopping, influence perceived en-

gagement in a VR environment. Our results show that a more complex VR environment and greater
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pre-familiarity with products resulted in increased perceived engagement, while tech-savviness and

frequency of playing computer games and shopping online had no effect.

In RQ 3.2, we evaluated how designed visual complexity and opportunities for engagement

within VR affect perceived immersion, engagement, realism, sense of presence, distraction, ef-

fort, and purchase intent. Our analysis demonstrated that the more complex VR environment was

characterized by participants as more distracting, more engaging, more immersive, and led to a

higher likelihood to purchase the products, as compared to the simpler VR environment. Whereas

participants reported no difference in effort, realism, or sense of presence between the two VR

environments.

RQ 3.3 explored how perceptions of the VR environment influenced the purchase intent of

the Tesla and Apple products. Using a linear mixed model, our results identified that perceived

engagement and realism increased the likelihood to purchase, sense of presence decreased the

likelihood to purchase, effort navigating the VR environment marginally increased the likelihood

to purchase, while immersiveness and distractions did not have an effect.

Lastly, our RQ 3.4 investigated how the sequencing of VR exposure affected perceived en-

gagement using propensity score matching. We compared perceived engagement scores for the

more detailed VR environment between those who had experienced a simpler VR environment

before those who had not experienced any VR environment prior. The results support that per-

ceived engagement is higher after being exposed to a simpler VR environment, rather than no prior

exposure.

In conclusion, this research highlights the critical role of designed complexity, individual char-

acteristics, and exposure sequencing in shaping consumer experiences within virtual reality envi-

ronments. The findings demonstrate that more complex VR environments significantly enhance

engagement and perceived realism without increasing cognitive load, providing valuable infor-

mation to optimize user experience design. Additionally, the progression from simpler to more

detailed VR settings amplifies engagement, suggesting a strategic approach to presenting VR con-

tent. By integrating these elements, businesses can effectively leverage VR technology to foster
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consumer engagement, enhance brand perception, and influence purchase intent. These insights

contribute to the growing understanding of VR as a transformative tool in consumer behavior and

marketing strategies, paving the way for future research and innovation in immersive technologies.
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Chapter 7

Aim 4: Extending Vision Deep Learning Models to

VR

7.1 Aim 4 Summary

Virtual reality is changing e-commerce by providing immersive and more interactive shopping

experiences. However, evaluating user engagement within these environments remains a challenge.

This chapter uses the convolutional neural network (CNN) model validated in Research Aims 1 and

2, to analyze user engagement in the desktop VR study evaluated in Research Aim 3, where partic-

ipants interacted with the virtual Apple store and virtual Tesla showroom. In this chapter, we pro-

pose different video-level interest probability using frame-level probability aggregation techniques

such as mean, median, Gaussian-weighted, peak-weighted, and trend-aware attention methods to

transition from frame-level to video-level engagement classification and overcome constraints in

computational resources needed. The findings show that temporal aggregation significantly en-

hances predictive accuracy, with trend-aware fusion outperforming other methods by effectively

capturing temporal dynamics. This research provides actionable information for optimizing VR

commerce experiences and enabling businesses to incorporate interactions based on user engage-

ment patterns. The results highlight the potential of AI-powered methodologies in refining VR

user experience design and improving engagement-driven business strategies.

7.2 Introduction

Virtual reality is reshaping how users engage with digital environments, particularly in e-

commerce, education, healthcare, industry, and entertainment. Unlike traditional online shopping

which relies on static images and text, VR enables consumers to interact with products in a fully

immersive 3D space, creating a shopping experience similar to visiting a physical store [225]. Ac-
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curately measuring engagement in VR remains a challenge, but advances in deep learning, such as

facial emotion recognition, provide a new way to evaluate engagement by analyzing user expres-

sions in real-time [226].

Several studies have explored the use of FER in virtual environments. Caserman et al. [227]

examined body tracking in VR to assess user motion, but their work focused on movement rather

than facial expressions. Jeong et al. [228] introduced a multimodal model for predicting cyber-

sickness in VR, considering factors such as physiological signals and head movement; while their

approach offers valuable information into user experience, it is designed to prevent discomfort

rather than analyze engagement.

Morin et al. [225] investigated self-avatars in mixed reality, demonstrating that personalized

avatars enhance user presence and interaction. However, their study did not focus on emotion

recognition. Meanwhile, Cortes et al. [226] conducted a review of CNN applications in VR to

emphasize object tracking and interaction, but not to evaluate user engagement.

Despite these advancements, two major gaps remain in the body of knowledge regarding VR

engagement. First, many studies rely on self-reported data or indirect behavioral metrics, which

do not provide real-time insights into user emotions [229]. Second, FER in VR is prevented by

occlusion issues caused by head-mounted displays, which obscure key facial features needed for

accurate emotion detection [225].

This chapter expands upon prior work by integrating FER models using convolutional neural

networks into VR commerce environments to analyze user interest in real-time. Unlike previous

studies that focus on static engagement metrics [228], our approach uses frame-level probability

aggregation to enhance classification accuracy over time.

Building on the Xception model from Research Aim 1 [4], our research incorporates temporal-

based classification methods of video frames, rather than treating frames as independent observa-

tions, to extract meaningful engagement patterns from VR interactions. In this chapter, we com-

pare the accuracy of the Xception CNN in classifying interested/not-interested using frame-level

(baseline), mean, median, gaussian-weighted, peak-weighted, and trend-aware attention methods.
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7.2.1 Problem Statement

Virtual reality is changing the landscape of e-commerce and is providing consumers with a new

way to experience products and connect with brands [230]. VR environments create an immersive

and interactive shopping experience that brings online retail closer to the feel of an in-store visit,

which offers a richer and more engaging way for consumers to explore products [231]. However,

the success of VR based e-commerce depends on how well it engages users and resonates with

their emotions, as that plays a key role in shaping purchase decisions and the overall shopping

experience [232]. While VR holds great promise, measuring user engagement in these environ-

ments remains a challenge. Traditional metrics like click-through rates [233] and dwell time [234]

fall short of capturing the deeper emotional and cognitive interactions that make VR experiences

unique. Recent advances in vision deep learning FER offer a promising way to handle this chal-

lenge. By using convolutional neural networks to analyze facial expressions, FER can classify

emotional states and provide deeper information into user engagement [235]. Vision deep neural

networks’ potential in dynamic and interactive VR environments is largely unexplored. Unlike

traditional settings, VR presents unique challenges such as real-time interactions which demand

more advanced methods capable of accurately detecting user interest and disengagement as they

occur.

To bridge this gap, Research Aim 4 focuses on extending vision deep learning models into im-

mersive VR environments to analyze emotional responses and engagement patterns during virtual

reality e-commerce interactions. This research expands upon the validated and tested Xception

model from Research Aim 1 [4] by developing frame-level probability aggregation techniques to

account for temporal effects, in an effort to improve the robustness of AI-based image detection in

VR. This chapter seeks to address one core research question:

• RQ 4.1: How does accuracy compare for frame-level versus temporal-level CNN-based FER

models in classifying user interest/disinterest in interactive VR environments?
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7.3 Data Collection and Description

The data collected with the San José State University students, experimental design described

in Research Aim 3 (Section 6.3), was also used to support this Research Aim 4. Recall, that in

this study, a desktop virtual reality study was conducted to capture user engagement in two VR

showrooms (Simple and Complex) for Apple and Tesla products.

7.3.1 Procedures

Participants were provided written instructions on how to complete the study procedures. Half

of the participants were instructed to start with VR Simple and then do VR Complex, while the

other half experienced the VR environments in reverse order. The VR rooms were described as

VR Room A and VR Room B to the participants, so as to not bias them towards the respective

designs. Each participant completed the study on their own time and with their own equipment.

They were instructed to interact with each VR room on their computer and to record a video of

their face for the entirety of their interaction with the VR room. Participants were asked to record

this video using either their phone or their laptop, and then upload their video file. After each VR

room, they completed a survey about the VR experience they just had. One of the questions in this

survey was “Were you interested in the experience? (Yes/No)”. Their self-reported responses from

this survey question were used to tag their video as “interested” or “not-interested.” Participants

were asked to provide their first and last name in each survey and video file, to facilitate linking

survey responses to videos.

Data collection occurred between September to October of 2024. Figure 7.1 provides an

overview of the study procedures. Participants interacted with the desktop VR while providing

video recordings of their faces, which were then used to compare CNN classification techniques

for their ability to make engagement (interested/not-interested) predictions.
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Figure 7.1: Experiment workflow for vision deep learning comparisons of user engagement in VR.

7.3.2 Participants

There were a total of 61 people who participated in the study. However, not every participant

uploaded their video files. Hence, for this data analysis, there were 46 participants included. Table

7.1 summarizes the age and gender demographics for the participants, where there were a total of

19 males and 27 females, ranging in age from 18 to 45.

Table 7.1: Participant Ages and Genders

Age Group Male Female

18-25 14 23
26-35 4 3
36-45 1 1

7.3.3 Video Data

Initially, there were 95 different reaction videos from participants. However, after matching

video filenames with survey responses, the final dataset included 91 videos, as 4 video files could

not be matched to survey data. This included 45 videos from VR Simple and 46 videos from VR

Complex.
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The videos varied in duration (mean = 132.972 seconds, SD = 49.998 seconds) and frame

rate (mean = 35.129 fps, range = 14.333 to 60.003 fps). To ensure computational efficiency and

eliminate redundancy, a standardized frame sampling strategy was applied to extract one frame

for every ten frames. After pre-processing, 42,712 frames were selected for FER analysis, which

represents approximately 10% of the total frames.

Each frame was assigned a label of “Interested” or “Not Interested” based on the survey re-

sponse. Key statistics of the videos and frames used for FER analysis are summarized in Table

7.2.

Table 7.2: Summary Statistics of the Dataset

Metric Mean Std Dev Min Max N

Video Frame Rate (fps) 35.12 13.74 14.13 60.00 –
Video Duration (seconds) 132.97 49.99 12.30 398.14 –
Video Duration (frame count) 469.37 245.16 36.90 1,375.90 –
Videos Labeled “Interested” – – – – 59
Videos Labeled “Not Interested” – – – – 32
Frames Labeled “Interested” – – – – 29,584
Frames Labeled “Not Interested” – – – – 13,128

7.4 Analytical Methodology

The same CNN Xception architecture model that we trained, validated, and tested in Research

Aim 1 [4] was used with this data. Recall, that this pre-trained model was fine-tuned for facial emo-

tion recognition. Specifically, all 42,712 frames from this present dataset were passed through our

Xception model of facial recognition to predict if the participant was interested or not interested.

While in Research Aim 1 we primarily used frame-level classification, this chapter expands

upon the Xception methodology by incorporating frame-level probability aggregation to video-

level (temporal) classification techniques that aggregate frame-level probabilities into a single and

temporally consistent video-level probability. This refinement helps make the final classification

better align with user engagement trends over time rather than relying solely on independent frame
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predictions. Hence, we are able to account for the sequential video nature of the data, rather than

treating each frame as independent observations. The classification methods used in this chapter

are summarized in Table 7.3.

Table 7.3: Frame and Temporal Level Classification Methods Employed

Method Type Description

Frame (Baseline) Frame Each frame treated independent
Mean Temporal Average across frames in video sequence
Median Temporal Median across frames in video sequence
Gaussian-Weighted Temporal Higher weight to frames near center of video sequence
Peak-Weighted Temporal Higher weight to frames with strong expression intensity
Trend-Aware Attention Temporal Peak-weighting plus how expression changes over time

To transition from frame-level predictions to a single video-level interest probability, we em-

ployed multiple aggregation techniques, as described above. The formulas for each of these tech-

niques are provided below.

Frame (Baseline) Method: The baseline method used in Research Aims 1 and 2, where each

frame of a video is processed independently by the model, regardless of the temporal associations

across frames from the same video.

Mean Method: A basic method of equal weight across all frames, that computes the average

of classifications across all frames in a video sequence. See Equation 7.1.

Pvideo =
1

N

N
∑

i=1

pi (7.1)

where pi is the CNNs classification for the ith frame across the total number of frames (N ),

and Pvideo is the classification probability assigned to the video sequence.

Median Method: A basic method also applying an equal weight across all frames, that com-

putes the median of feature classifications across all frames in a video sequence. See Equation

7.2.
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Pvideo = median(p1, p2, . . . , pN) (7.2)

where, p1...pN are the CNNs classifications for the ith frame, and Pvideo is the classification

probability assigned to the video sequence.

Gaussian-Weighted Method: A somewhat more complex approach that applies a Gaussian

distribution over time, giving higher weight to frames near the center of the video sequence. See

Equation 7.3.

wi = exp

(

−(i−M)2

2σ2

)

, Pvideo =

∑N

i=1 wipi
∑N

i=1 wi

(7.3)

where M = N/2 is the middle frame index, σ controls the spread of weighting for Gaussian

weighted method, and the final video-level classification probability is Pvideo.

Peak-Weighted Method: A more complex approach that assigns higher weights to frames

within a video sequence where the CNN’s expression intensities are strongest, thus prioritizing the

most expressive moments in a video. See Equations 7.4.

Formally, a frame i is considered a peak if:

wi = f(pi > pi−1 and pi > pi+1), Pvideo =

∑N

i=1 wipi
∑N

i=1 wi

(7.4)

where f is an indicator function. This method prioritizes high-confidence moments by assigning

weights based on local maxima in probability values.

Trend-Aware Attention Method: An adaptive approach, which is an extension of the peak-

weighted approach that further accounts for temporal trends. Specifically, this approach assigns

importance to frames based on the intensity of the expression and whether the expression is in-

creasing, decreasing, or stable over time. See Equations 7.5, 7.6, 7.7, and 7.8.

The trend score is computed as:

Ti = |pi+1 − pi| (7.5)
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The combined score Si is calculated as:

Si = αpi + (1− α)Ti (7.6)

Frames are selected based on the highest combined scores:

F = {i | Si in top 50% of all frames} (7.7)

The final classification probability is given by:

Pvideo =
1

|F|
∑

i∈F

pi (7.8)

7.5 Results and Discussion

7.5.1 Receiver Operating Characteristic (ROC) Curves for Each Method

The six different classification methods (one frame-level, 5 video-level) were each used within

the Xception CNN model for classifying the data. Figure 7.2 compares the performance, using

Receiver Operating Characteristic curves, of these different methods for aggregating frame-level

probabilities into video-level predictions. The ROC curve evaluates the trade-off between the

true positive rate (sensitivity) - y-axis, and false positive rate - x-axis, with the area under the

curve summarizing each method’s performance. Higher AUC values indicate better discrimination

between “Interested” and “Not Interested” classes. It is noteworthy that the trend-aware attention

method achieved the highest AUC (0.927).
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Figure 7.2: ROC curves comparing the six methods for aggregating frame-level probabilities.

Not surprisingly, the frame-level (baseline) predictions method, which treats each frame in-

dependently, yielded the lowest AUC (0.813). The simple mean approach, which averages frame

probabilities, had improved AUC (0.891), but still does not fully account for temporal dependen-

cies. Similarly, the median aggregation achieved a slightly lower AUC (0.880) compared to the

mean approach, as the median approach focuses on the central tendency, but disregards dynamic

frame relationships.

The more advanced methods of Gaussian-weighted (AUC = 0.901) and peak-weighted (AUC

= 0.896) incorporate temporal weighting schemes, increasing performance compared to the frame

(baseline) method. Gaussian-weighted emphasizes central frames, while peak-weighted prioritizes
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moments of high confidence. However, these methods still fall short of capturing complex temporal

trends fully.

The temporal fusion via trend-aware attention achieved the highest AUC (0.927), showing its

superior performance. This method combines frame-level probabilities with temporal gradients,

dynamically emphasizing frames with both high probabilities and significant temporal changes.

By effectively capturing temporal dependencies and trends, this approach provides a more accurate

representation of video-level interest.

7.5.2 Overall Performance for Each Method

In addition to the comparison of area under the curve (AUC) from the ROC curves, perfor-

mance was compared across the methods based on their accuracy, precision, recall, and F1 score.

Where accuracy describes the proportion of correct classifications across all observations; preci-

sion represents the correctly predicted positive classifications out of all predicted positives; recall

describes the proportion of predicted positive classifications out of all actual positives; and F1

score is the harmonic mean of precision and recall.

This performance comparison across the different aggregation methods is provided in Table

7.4. As evidenced in this table, trend-aware attention achieved the highest performance in terms

of accuracy (0.87), recall (0.95), F1 score (0.90), and AUC (0.93). Whereas the frame (baseline)

and simple mean and median aggregations exhibit lower recall and overall performance; further

showing their limitations in capturing temporal dependencies. The Gaussian-weighted and peak-

weighted approaches perform better, but still worse than trend-aware attention, which dynamically

integrates temporal patterns for improved classification accuracy.
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Table 7.4: Overall Performance Comparison of the Different Aggregation Methods

Method Accuracy Precision Recall F1 Score AUC

Frame (baseline) 0.706 0.85 0.68 0.756 0.813

Mean 0.74 0.87 0.69 0.77 0.89

Median 0.70 0.88 0.63 0.73 0.88

Gaussian-Weighted 0.76 0.89 0.71 0.79 0.90

Peak-Weighted 0.77 0.87 0.76 0.81 0.90

Trend-Aware Attention 0.87 0.86 0.95 0.90 0.93

7.6 Conclusions

This chapter’s results demonstrate that the trend-aware attention method outperforms both the

baseline and heuristic approaches, achieving the highest accuracy, recall, F1, and AUC. By ef-

fectively capturing temporal trends and emphasizing informative frames, the trend-aware method

provides a robust and accurate solution for video-level probability aggregation.

A key advantage of the trend-aware approach is its ability to selectively emphasize informative

frames. While peak-weighted methods prioritize moments of maximum intensity, they may over-

look valuable contextual information, especially when engagement develops gradually rather than

manifest in sudden bursts. The trend-aware method mitigates this limitation by considering both

the intensity and trajectory of engagement over time. This ensures that the final video-level prob-

ability estimation is not only more stable but also more reflective of the user’s overall experience

throughout the VR interaction.

The implications of these findings extend beyond engagement classification in VR. The su-

perior performance of the trend-aware attention method underscores the importance of temporal

modeling in deep learning applications for engagement analysis. Traditional frame-by-frame clas-

sification often fails to account for the dynamic nature of interactive VR environments, where user

interest fluctuates over time. This study highlights the need for more sophisticated temporal-aware

models that can track engagement in real-time.

117



For VR-based e-commerce, businesses can leverage this approach to accurately evaluate cus-

tomer interest during virtual interactions. By identifying patterns of engagement and disengage-

ment, companies can personalize user experiences, optimize virtual store layouts, and incorporate

interactive features to maximize user retention. A deeper understanding of how users engage

with VR shopping environments can also inform decisions about product placement, promotional

strategies, and overall UX design.

The impact of this research extends to a broader range of applications beyond VR shopping.

The ability of the trend-aware attention method to identify and analyze engagement trends has

potential use cases in education, gaming, and telemedicine. In virtual learning environments, ed-

ucators could detect shifts in student attention and adjust lesson delivery to maintain engagement.

In telehealth, emotion and engagement tracking could enhance remote patient interactions, helping

healthcare providers assess patient responsiveness in real-time. In gaming, adaptive experiences

could be designed based on real-time emotional cues, making virtual environments more immer-

sive and responsive.

Given the effectiveness of this method, future research could build upon these findings by

incorporating multimodal data. Combining facial expression recognition with physiological and

behavioral signals, such as eye tracking, voice modulation, and heart rate variability, could further

enhance engagement prediction accuracy. Additionally, integrating more advanced deep learning

architectures, such as transformers or recurrent neural networks, could improve temporal model-

ing by capturing long-term dependencies in engagement trends. Expanding these methodologies

into real-time applications would allow businesses and educators to dynamically adapt experiences

based on live engagement feedback and treat more personalized and responsive virtual interactions.

As AI-driven emotion and behavior analysis continues to evolve, approaches like this will be in-

strumental in shaping the future of personalized and interactive VR experiences across industries,

from e-commerce to education, healthcare, and entertainment.
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Chapter 8

Conclusions

8.1 Research Contributions

This dissertation has made several significant contributions to the fields of artificial intelligence

(AI) and e-commerce using a systems engineering approach. These research contributions focus on

advancing methodologies and frameworks that integrate facial emotion recognition, generative AI,

and virtual reality. These contributions address critical gaps in the existing literature and provide

actionable understanding for both academic and practical applications.

This research has made significant advancements in FER methodologies by optimizing and

validating convolutional neural network architectures (Xception and ResNet-50) to enhance the

accuracy and generalizability of FER models in business research. By leveraging diverse datasets

including synthetic data generated through generative adversarial networks, this dissertation has

improved the ability of FER systems to classify emotional responses across a wide range of de-

mographics and scenarios. In addition to that, the integration of generative AI techniques has

addressed the inherent dataset limitations often encountered in FER and vision deep learning re-

search [236]. The use of synthetic data in combination with real-world datasets sourced from

social media has demonstrated the potential to improve model robustness and mitigate overfitting

and enhance the applicability of FER models in diverse e-commerce applications.

Moreover, this work has explored the transformative role of immersive virtual reality environ-

ments in shaping consumer behavior and user experiences. By examining VR design elements,

cognitive load, and exposure sequencing, the research highlights their influence on engagement

and purchase intent, and the integration of FER into VR environments has provided new findings

into the emotional dynamics of VR based shopping experiences, which offers a deeper understand-

ing of how consumers interact with immersive technologies.
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This dissertation has contributed to the development of ethical AI practices within business

applications by addressing critical challenges related to data privacy and algorithmic bias as well

as transparency. The proposed frameworks emphasize fairness, inclusivity, and user trust, thereby

establishing a foundation for more sustainable and ethically responsible AI-driven strategies [237].

Collectively, these contributions advance the intersection of AI, consumer behavior, and business

research using a systems engineering approach to provide a roadmap for future investigations.

8.2 Revisiting Research Aims and Research Questions

This dissertation addressed four primary research aims, each associated with specific research

questions. Below is a summary of the aims, research questions, and the key findings, in brief,

derived from the results.

8.2.1 Aim 1 Findings

Effectiveness of CNNs in Predicting Consumer Engagement

RQ 1.1: How effective are two prominent convolutional neural networks (CNN) architectures,

Xception and ResNet-50, in distinguishing consumer engagement (interested vs. disinterested)?

Answer: Both Xception and ResNet-50 demonstrated strong predictive capabilities by high

accuracy and F1 score in predicting consumer engagement, with Xception achieving slightly better

performance due to its use of depthwise separable convolutions.

RQ 1.2: What role do specific emotional cues (e.g., happiness, disgust, fear, anger, etc.) play

in consumer interest classification?

Answer: Positive emotions such as happiness and surprise strongly correlated with interest,

while disgust and fear were key indicators of disinterest.

RQ 1.3: What are the implications of facial expression analysis findings for personalized mar-

keting strategies in digital advertising?

Answer: Recognizing emotion-based engagement enables highly targeted and personalized

marketing and improves the relevance of advertisements to consumers. The results suggest that
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integrating FER with AI-driven recommendation systems can optimize the relevance of advertise-

ments to consumers.

8.2.2 Aim 2 Findings

Addressing Dataset Limitations with Generative AI and Social Media Data

RQ 2.1: Can FER model generalizability be improved using data extracted from social media

(YouTube) and/or generated using AI (GANs), as compared to controlled data from a laboratory

study?

Answer: Synthetic data generated using Generative Adversarial Networks (GANs), specifically

StyleGAN2, enriched underrepresented emotional categories, which led to significant performance

improvements in the FER model. Similarly, the inclusion of YouTube data increased generalizabil-

ity, allowing the model to better handle unseen data, as seen through higher precision-recall values.

RQ 2.2: How can FER models trained on specific categories of advertisements be generalizable

to new categories of advertisements?

Answer: The model was able to perform with high accuracy when validated and tested on

reaction videos towards advertisements not seen in the training data, suggesting that the model

was agnostic of the type of advertisements used in training.

RQ 2.3: What are the ethical and practical considerations in using synthetic and real-world

data for FER model training?

Answer: Key concerns include ensuring transparency, avoiding bias propagation, and securing

user consent for real-world data.

8.2.3 Aim 3 Findings

Effects of VR Design Complexity and Exposure Sequencing on Engagement

RQ 3.1: How do individual differences, such as technological savviness, brand familiarity, and

frequency of online gaming and shopping, moderate the relationship between VR complexity and

engagement?
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Answer: Greater brand familiarity led to higher immersion levels, while tech-savviness and

frequency of playing computer games and shopping online had no effect on engagement.

RQ 3.2: How does designed visual complexity and opportunities for engagement within VR

affect perceived immersion, engagement, realism, sense of presence, distraction, effort, and pur-

chase intent?

Answer: More interactive and visually complex VR environments significantly enhanced en-

gagement and purchase intent.

RQ 3.3: How do perceptions of VR interactions, such as perceived immersion, engagement,

realism, etc., influence likelihood to purchase?

Answer: Perceived engagement, realism, and effort increased purchase intent, indicating that

the increased complexity of the environment did not overwhelm the participants.

RQ 3.4: What are the cognitive and emotional effects of exposure sequencing from a simpler

VR to a more detailed VR environment and vice-versa?

Answer: First-exposure bias played a role when participants experienced a simpler VR envi-

ronment first, where they reported stronger novelty effects. Users transitioning from simpler to

complex VR environments reported higher engagement and perceived value compared to those

who started with high-complexity environments where cognitive overload was more prevalent.

RQ 3.5: How does cognitive load interact with VR complexity in decision-making?

Answer: While higher complexity increased cognitive load, this was mitigated by user familiar-

ity and interactive guidance, leading to an increased likelihood to purchase and increased perceived

engagement and realism.

8.2.4 Aim 4 Findings

Extending Vision Deep Learning Models to VR

RQ 4.1: How does accuracy compare for frame-level versus temporal-level CNN-based FER

models in classifying user interest/disinterest in interactive VR environments?
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Answer: Frame-level classification, where each frame is treated as an independent observation,

fails to capture the sequential nature of engagement. In contrast, the trend-aware attention method

achieved the highest accuracy, outperforming traditional methods such as mean, median, Gaussian-

weighted, and peak-weighted aggregation. Empirical results show that the trend-aware method

achieved the highest accuracy, recall, F1-score, and AUC, demonstrating its ability to distinguish

between interested and not-interested users with greater reliability.

8.3 Limitations

This research, while advancing the integration of facial emotion recognition with virtual re-

ality applications, acknowledges several limitations that need further exploration. One important

limitation is the diversity of datasets. Although synthetic data was used to enhance variability, the

real-world datasets used in this study may still underrepresent certain demographics and cultural

expressions that potentially affect the generalizability of FER models.

Additionally, the computational demands of deploying resource-intensive models such as con-

volutional neural networks (CNNs) and generative adversarial networks (GANs) impose con-

straints. These requirements could limit the scalability of the proposed methodologies, particularly

for smaller organizations or applications requiring real-time processing.

Furthermore, while this research proposed multi-modal frameworks, its primary focus re-

mained on the integration of FER and virtual reality (VR). As such, there is an opportunity for

future research to include a more comprehensive analysis that incorporates physiological and be-

havioral data for deeper findings.

Another limitation arises from the controlled experimental labs, which, while ensuring consis-

tency, as mentioned above may not fully capture the variability and unpredictability of real-world

e-commerce scenarios. Specifically, the study conducted as part of this dissertation for Research

Aims 3 and 4 poses potential limitations that should be noted. The first one is the sample size

(N=55) which is relatively small and predominantly comprised of undergraduate students from a

university in California, which may limit the generalizability of the findings to broader populations
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with varying demographic and cultural characteristics. Future studies should address this limitation

by considering larger and more diverse participant samples to ensure robust and widely applica-

ble conclusions. Additionally, the study relied on self-reported measures for evaluating variables

such as engagement, immersion, and purchase intent. Although these metrics are widely used in

behavioral research, they are inherently subjective and susceptible to response biases [238].

Integrating objective measures such as eye tracking [239], facial emotion recognition [4] and

physiological data [240] in future research could complement self-reported data and provide a

more comprehensive understanding of user interactions with VR environments. Also, the focus on

two brands (Tesla and Apple) may have influenced participants’ responses due to preexisting brand

perceptions and loyalties. Future work could expand the scope of VR environments to include a

wider range of products and brands, thereby examining whether the observed effects are consistent

across various contexts.

Lastly, ethical and privacy considerations, though addressed in this research, need further inves-

tigation into user perspectives on data privacy and consent; especially as AI technologies continue

to evolve. These limitations emphasize the need for ongoing research to build upon the foundations

developed in this dissertation.

8.4 Future Work

This dissertation provides a foundation for advancing the integration of AI and VR technologies

in business. However, several opportunities for further exploration remain.

One critical area for future work is enhancing the diversity of datasets used in FER research.

While this dissertation utilized synthetic data to address some diversity challenges, real-world

datasets often remain underrepresentative of the wide range of demographics and cultural con-

ditions encountered in practice [241]. To ensure FER models can generalize effectively, future

research must prioritize the creation and utilization of datasets that capture this diversity [31].

Collaborations with global organizations and cross-cultural studies could facilitate access to such

datasets that enable FER systems to better reflect the variability and richness of human emotion.
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Another notable direction involves the development of real-time FER and VR applications

[242]. Practical deployment in dynamic environments such as e-commerce may require FER mod-

els that are both lightweight and computationally efficient [243]. These models must be capable of

delivering rapid predictions without compromising accuracy to ensure accurate integration into VR

systems. Currently, optimizing VR environments for real-time interaction is essential and this in-

cludes reducing latency to ensure smooth transitions between virtual experiences [244]. Achieving

real-time FER and VR integration will unlock transformative applications such as adaptive virtual

shopping experiences that respond instantly to consumer emotions [245].

Expanding the scope of multi-modal frameworks is another promising field of study for fu-

ture research. While this dissertation focused primarily on FER, incorporating additional data

modalities, such as physiological signals like heart rate, skin conductance, and eye-tracking data,

offers the potential to provide a richer understanding of consumer behavior [246–250]. These data

sources could complement FER by capturing emotional and cognitive states that are not readily

observable through facial expressions alone and by doing that we can make comprehensive in-

ferences into consumer decision-making processes and enhance personalization and the overall

effectiveness of business strategies [244].

Current research primarily examines immediate outcomes such as engagement and purchase

intent. However, understanding the long-term effects of VR based shopping experiences on con-

sumer behavior is equally important [81]. Future studies should investigate how repeated inter-

actions with VR environments influence factors such as customer satisfaction and retention over

extended periods. This longitudinal perspective will provide a more nuanced understanding of

VR’s impact on consumer behavior and inform the design of sustainable virtual experiences.

Ethical and policy considerations remain a vital area for future exploration. The use of FER

and VR in business raises significant ethical questions, including data privacy, consent, and algo-

rithmic fairness [251]. Further research is needed to develop robust ethical guidelines and policy

frameworks that address these concerns. These frameworks must ensure transparency in data col-
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lection and use established mechanisms for accountability and prioritize fairness in algorithmic

decision making.

Lastly, the methodologies developed in this dissertation can be incorporated into applications

beyond business and e-commerce. The generalizability of FER and VR frameworks to other in-

dustries such as healthcare, education, entertainment, and many others represents a valuable di-

rection for future research. For instance, FER could be used to monitor patient well-being in

healthcare, while VR could transform educational experiences by creating immersive learning en-

vironments [252] By extending these technologies to diverse domains, researchers can unlock their

transformative potential to address a broader range of societal challenges.

8.5 Publications of Results

The findings and methodologies presented in this dissertation have led to the following peer-

reviewed publications. These journal papers contribute to the academic and professional fields of

systems engineering, AI, and business.

1. Alipour, P., Gallegos, E.E., & Sridhar, S. (2024). AI-driven marketing personalization: De-

ploying convolutional neural networks to decode consumer behavior. International Journal

of Human–Computer Interaction, 1–19. doi.org/10.1080/10447318.2024.2432455

• Journal Impact Factor: 3.4

2. Alipour, P., & Gallegos, E.E. (2025). Leveraging generative AI synthetic and social me-

dia data for content generalizability to overcome data constraints in vision deep learning.

Journal of Artificial Intelligence Review. doi.org/10.1007/s10462-025-11137-6

• Journal Impact Factor: 10.7

3. Alipour, P., Gallegos, E.E., & Sridhar, S.(submitted for review). Multi-modal causal anal-

ysis of product exploration: Examining impacts of immersion and exposure sequences on

consumer behavior in virtual reality e-commerce. Under review at Journal of Business Re-

search.
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• Journal Impact Factor: 10.5

4. Alipour, P., & Gallegos, E.E. (forthcoming). AI-powered virtual reality: Enhancing user

experience in VR e-commerce through facial emotion recognition. Target journal: Journal

of Virtual Reality.

• Journal Impact Factor: 4.4
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