d

z
S

ICSSR Sponsored
ISSN: 2319-9997

Journal of Nehru Gram Bharati University, 2025; Vol. 14 (11):214-231

Neuromarketing 5.0: A Systematic Review of
Al-Driven Emotional Analytics and Its Impact
on Consumer Engagement

Pragya Singh' and Rajesh Kesari?

Department of Management,

Nehru Gram Bharati (Deemed to be University)
Kotwa, Dubawal, Prayagraj, Uttar Pradesh
'ORCID ID: 0009-0003-4126-0394
0ORCID ID: 0009-0002-3391-5023

Received: 11.08.2025 Revised:24.10.2025 Accepted:18.12.2025
Abstract

This paper presents a systematic review of the literature from the
past five years on Neuromarketing 5.0, with particular attention
to the integration of artificial intelligence (Al)-driven emotional
analytics and its influence on consumer engagement. The review
explores how emerging technologies such as emotion Al, facial
coding, and biometric sensors are transforming consumer-brand
interactions in the era of Marketing 5.0. Secondary data were
drawn from peer-reviewed journal articles, industry reports, and
case studies published between 2019 and 2024, selected through
a defined inclusion strategy that prioritized Al, emotional
analytics, and consumer engagement in neuromarketing
contexts. The findings indicate that Al-powered emotional
analytics have substantially enhanced neuromarketing strategies
by enabling hyper-personalization, real-time monitoring of
consumer emotions and the creation of stronger emotional bonds
between brands and consumers. Nonetheless, persistent ethical
concerns—including privacy, data transparency, and the
potential for consumer manipulation—remain central to the
scholarly debate. This paper contributes to the growing body of
work on Neuromarketing 5.0 by offering a comprehensive
synthesis of recent applications, challenges, and opportunities. It
also proposes a conceptual framework linking Al-driven
emotional analytics to consumer engagement outcomes and
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identifies key gaps for future research.

Keywords: Neuromarketing 5.0, Emotional Analytics, Atrtificial
Intelligence in Marketing, Consumer Engagement, Systematic
Review, Al-Driven Consumer Insights.

1. Introduction

Neuromarketing, the application of neuroscience tools and insights to
understand consumer behavior, has undergone significant transformation
over the past decade. As digital technologies evolve, traditional
neuromarketing techniques such as eye-tracking, electroencephalography
(EEG), and facial coding are increasingly being integrated with artificial
intelligence (Al) and advanced data analytics to form what scholars and
practitioners are calling Neuromarketing 5.0 (Ramsgy et al., 2022;
Plassmann et al., 2020). This new phase aligns closely with the principles
of Marketing 5.0, where brands leverage intelligent technologies to deliver
personalized, human-centric, and emotionally resonant experiences
(Kotler et al., 2021).

In this context, Al-driven emotional analytics — including emotion Al,
facial coding enhanced by machine learning, and biometric data analysis
— play a critical role in shaping consumer-brand interactions. These
technologies enable marketers to monitor and respond to consumers'
cognitive and emotional states in real-time, facilitating hyper-
personalization and deeper emotional engagement (Venkatraman &
Huettel, 2020).

While recent years have seen rapid adoption of such technologies, there is
a need to systematically consolidate insights on how these Al-powered
tools are influencing consumer engagement outcomes. Moreover, growing
ethical concerns — particularly related to privacy, data transparency, and
potential manipulative practices — necessitate a careful review of current
practices and academic discourse.

Therefore, the objective of this study is to conduct a systematic review of
secondary data sources, including peer-reviewed journal articles, industry
reports, and case studies published between 2019 and 2024. The review
aims to:

1. Analyze how Al-driven emotional analytics have been applied within
neuromarketing.

2. ldentify key benefits and challenges associated with their adoption for
consumer engagement.
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3. Propose a conceptual framework linking Al emotional analytics with
engagement outcomes.

4. Suggest future research directions based on identified gaps.

2. Theoretical Background

2.1 Evolution from Neuromarketing 1.0 to 5.0

Over the last five years, neuromarketing has progressed through several
distinct phases:

Neuromarketing 1.0 and 2.0 primarily involved exploration
through fMRI, EEG, eye-tracking, and GSR to understand basic
attention and emotional arousal. These methods were foundational
but limited in scalability and cost-efficiency.

Neuromarketing 3.0 integrated emotional intelligence and
psychographic profiling underpinned by behavioral economics and
consumer psychology.

Neuromarketing 4.0 saw the infusion of Big Data and cloud-
based digital tracking, enabling large-scale, personalized content
optimization.

Neuromarketing 5.0—the current frontier—Ileverages Al and
affective computing to perform real-time emotion recognition
across modalities such as facial expressions, EEG, eye-tracking,
and voice. Deep learning frameworks (e.g., CNN, LSTM) and
multimodal fusion models now drive predictive and prescriptive
analytics, shifting from reactive to anticipatory marketing
strategies. Recent literature underscores this convergence,
especially in EEG-driven, machine-learning models for consumer
choice prediction and preference decoding [1][2][3].

2.2 Emotional Analytics: Concepts and Mechanisms

Emotional analytics employs Al to decode human affect via multiple
channels:

Facial expression analysis through computer vision and facial
action coding systems [4].

Voice recognition, using tone, pitch, and prosody within ML
frameworks [5].

Text sentiment analysis via advanced NLP pipelines.
Physiological signals such as EEG, GSR, and heart rate variability
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analyzed through time—frequency and ERP approaches [2][6].

Deep neural networks—CNNs for visual data, and transformers or RNNs
for  textual or speech  data—are @ commonly  deployed.
Fusion of signals, particularly EEG and eye-tracking, has shown superior
accuracy in emotion and preference recognition [3][6]. The advantage lies
in capturing non-conscious emotional responses, offering marketers
deeper and more reliable insight than traditional self-reports [2][6].

2.3 Consumer Engagement Frameworks

Consumer engagement is understood as composed of three dimensions:
1. Cognitive (attention, mental focus).
2. Emotional (feelings and affective bonds).
3. Behavioral (actions like purchase and advocacy).

Contemporary research integrates real-time emotional feedback loops
within a multidimensional engagement model, converting engagement into
a dynamic process rather than a static outcome [7]. This allows marketers
to modulate messaging across cognitive, emotional, and behavioral layers
based on real-time emotional signals, delivering timely and emotively
resonant interventions.

3. Research Methodology
3.1 Research Design

To critically examine the evolution of Neuromarketing 5.0 and its
implications through Al-driven emotional analytics, a Systematic
Literature Review (SLR) approach was adopted. This method is
particularly ~ well-suited  for  synthesizing  knowledge  across
interdisciplinary fields such as neuromarketing, artificial intelligence, and
consumer psychology. The review protocol was structured using
PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines to ensure methodological transparency,
replicability, and quality assurance in reporting [8].

The use of SLR allows for the aggregation of existing empirical evidence,
identification of research gaps, and thematic categorization of current
trends in neuromarketing. This approach aligns with previous literature
review frameworks in marketing and behavioral neuroscience, which
emphasize methodological rigor through structured identification,
screening, eligibility checks, and inclusion criteria [9].

The following phases were implemented:
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o Identification Phase: Databases such as Scopus, Web of Science,
IEEE Xplore, ScienceDirect, and SpringerLink were searched
using Boolean combinations of keywords like ‘“Neuromarketing
5.0,> “emotional analytics,” “Al in marketing,” “affective
computing,” and “consumer engagement.”

« Screening Phase: The initial search yielded 217 articles from 2020
to early 2025. After removing duplicates and unrelated records
based on titles and abstracts, 96 articles were selected for
eligibility review.

« Eligibility and Inclusion: Final inclusion was limited to peer-
reviewed journal articles published between January 2020 and
May 2025, focusing on empirical studies, systematic reviews, or
conceptual frameworks relevant to Al-enabled neuromarketing and
consumer engagement.

o Data Extraction and Synthesis: A coding framework was created
to extract study objectives, sample size, neuromarketing tools used
(e.g., EEG, facial coding, NLP), emotional response variables
(e.g., arousal, valence, sentiment), Al techniques (e.g., CNN,
LSTM, transformer models), and outcomes related to consumer
engagement.

This design ensures a structured and theory-informed synthesis of
knowledge, suitable for mapping the development trajectory from
Neuromarketing 1.0 to 5.0.

4. Literature Review and Thematic Synthesis

The growing intersection between neuroscience, artificial intelligence, and
marketing has generated a diverse body of literature examining how
emotional analytics enhances consumer insight and engagement. This
section synthesizes findings across four thematic clusters: tools and
techniques in emotional analytics, AI’s role in deriving consumer insights,
application domains, and associated challenges.

4.1 Tools and Techniques in Emotional Analytics

Modern emotional analytics utilizes a multi-layered toolkit integrating
neural, physiological, and computational inputs to decode consumer
emotions.

Electroencephalography (EEG) and functional Magnetic Resonance
Imaging (fMRI) are the most widely used neuroimaging tools in
neuromarketing. EEG offers excellent temporal resolution, enabling the
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real-time capture of electrical activity in the brain, particularly useful for
detecting attention, cognitive workload, and decision-making signals [10].
fMRI, although costlier and limited in mobility, provides spatial accuracy
for mapping brain regions associated with reward and emotion processing
[11].

Eye-tracking technologies enable the measurement of gaze patterns,
fixation durations, and visual attention, making them valuable for
assessing how consumers interact with visual stimuli such as
advertisements, websites, and product placements [12]. Facial coding
systems, especially those grounded in the Facial Action Coding System
(FACS), decode facial micro-expressions into affective states such as joy,
surprise, or disgust [13].

Natural Language Processing (NLP) tools are used to analyze emotional
tone in consumer-generated content such as reviews, feedback, and social
media posts. These tools extract affective insights by leveraging semantic
analysis, emotion lexicons, and transformer-based language models (e.g.,
BERT, GPT) [14].

Sentiment analysis, a subdomain of NLP, classifies text into positive,
negative, or neutral sentiments and increasingly applies supervised and
unsupervised machine learning (ML) techniques to improve predictive
accuracy [15].

Affective computing frameworks combine multiple modalities—
physiological signals, facial expressions, voice tone, and textual input—
using deep learning to interpret emotional responses. These systems are
instrumental in recognizing subtle emotional variations and delivering
context-aware marketing interventions [16].

4.2 AI’s Role in Enhancing Consumer Insights

Recent studies underscore Al’s pivotal role in transforming raw emotional
data into actionable marketing intelligence. Al systems enable:

o Real-time personalization, tailoring messages and product
recommendations based on consumers’ immediate affective state
[17].

o Emotional feedback loops, where user responses are dynamically
fed into Al systems to refine engagement strategies [18].

o Adaptive content delivery, wherein advertisements, interfaces, or
chatbot replies evolve based on emotional triggers, significantly
enhancing brand resonance and consumer satisfaction [19].
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These capabilities have been shown to boost brand loyalty, emotional
bonding, and purchase intention, particularly when Al interprets
affective cues with transparency and ethical sensitivity [17][19].

4.3 Application Domains

The integration of Al-driven emotional analytics spans multiple industry
sectors:

o Retail and E-commerce: Emotion-aware product placement,
virtual try-ons, and recommendation engines increase conversion
rates and customer retention [20].

o Political Campaigns: Real-time emotion analysis of voter
reactions helps tailor messaging strategies and identify persuasive
content [21].

o Entertainment and Streaming: Platforms like Netflix and Spotify
use emotional signals to refine content suggestions and maximize
viewer/listener engagement [22].

« Healthcare Marketing: Emotional analytics helps assess patient
sentiment, design empathetic campaigns, and improve doctor—
patient communication interfaces [23].

These use cases demonstrate the versatility of emotional Al systems in
shaping contextualized experiences across domains.

4.4 Challenges and Ethical Considerations

Despite its potential, Al-enabled emotional analytics presents several
ethical challenges that must be critically examined:

e Consumer privacy and consent: The collection and processing of
emotional data often occur passively, raising significant concerns
about informed consent and data ownership [24].

e Risk of emotional manipulation: Targeted campaigns designed
around consumers’ vulnerabilities could lead to psychological
harm and exploitative persuasion techniques [25].

e Algorithmic bias and transparency: Emaotion recognition models
may reproduce cultural, racial, or gender biases embedded in
training datasets, compromising fairness and trust [26].

To ensure sustainable adoption, it is essential that regulatory frameworks
evolve in tandem with technological innovation to safeguard consumer
autonomy and psychological well-being [24][26].
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Table 1. Summary of Tools, Al Models,
Insights in Emotional Analytics

Application Areas, and

Category Tools/ Al Models/ | Application | Key Insights
Technologies Methods Areas
Neurophysiologica |EEG [10], fMRI | Signal Advertising, |EEG  reveals
I Tools [11] processing, product attention,
ERP, deep |testing engagement;
learning fMRI maps
deep emotional
response.
Biometric Tools Eye-tracking Facial Action | UX/UI Measures gaze,
[12], Facial | Coding design, expressions;
Coding [13] System digital key for
(FACS), content optimizing
CNNs visual layouts.
Textual Emotion | Sentiment Transformers | Social media, | Decodes
Analysis analysis, NLP |(BERT), RNN, |reviews, sentiment from
[14][15] LSTM feedback text; improves
real-time
consumer
sentiment
insights.
Multimodal Affective Hybrid models | E-commerce, |Increases
Fusion computing [16] | combining entertainmen | accuracy in
text, video, |t emotional
and EEG detection and
contextual
personalization
Adaptive Chatbots, Al | Feedback Customer Real-time
Engagement content engines |loops, service, emotional
[18][19] personalizatio | advertising adaptation
n engines improves
conversion and
loyalty.
Retail/E- Virtual try-on, |Behavioral Fashion, Increases click-
Commerce Al modeling, consumer through  rates
recommendatio | clustering goods and satisfaction
n [20] by tailoring
visual
suggestions.
Political Campaign  ad |NLP + | Election Enhances
Messaging optimization emotion campaigns persuasive
[21] detection content via
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emotional
resonance
analysis.
Streaming & | Viewer User profiling, | Netflix, Emotional data
Media feedback reinforcement | Spotify, shapes
analysis [22] learning YouTube personalized
viewing
experiences.
Healthcare Emotion-aware | Empathy Hospital Enables more
Marketing health mapping, marketing, empathetic and
communication | sentiment flow | wellness effective
[23] apps patient
messaging.
Ethical Safeguards | Consent Fairness Cross-sector | Promotes
interfaces, Al |checks, transparency,
auditing explainable Al avoids
[24][25][26] (XAI) manipulation,
addresses
algorithmic
bias.

[ Literature Review and Thematic Synthesis

4 N N
Tools Al's Role in Enhancing
« EEG and FMRI Consumer Insights

« Eye-tracking and Studies reveal Al enables
facial coding — real-time personalization,
emotional feedback
loops, and adaptive
marketing content,

« Natural Language
Processing (NLP)

« Sentiment Analysis us improving brand loyaalty
ML models and purchase intention
Nk P l
—~
Application Domains Challenges and Ethical

¢ Retail and E-commerce Considerations
* Political Campaigns + Consumer privacy and
. consent

¢ Entertainment and . .
* Risk of emotional

Streaming ioulati
¢ Healthcare Marketing manlr?u g .|on.
\ ) * Algorithmic bias and
transparency

Figure 1: Overview of Tools, Al Models, Application Areas,
and Ethical Considerations in Emotional Analytics and
Neuromarketing 5.0.
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5. Discussion
5.1 Emerging Trends

Recent advancements in neuromarketing demonstrate a marked shift
towards multi-modal data integration, where EEG, facial recognition,
eye-tracking, and voice sentiment analysis are fused using Al to detect
and interpret emotional states in real-time [27]. These multi-sensor
platforms are enhanced through machine learning algorithms and deep
neural networks, enabling context-aware systems that continuously learn
and adapt to consumer behavior patterns.

A particularly disruptive innovation is the use of generative Al—
especially transformer-based models—to simulate consumer personas and
behavioral responses. These simulations allow marketers to test
marketing stimuli on virtual replicas of target demographics before real-
world deployment, significantly reducing cost and improving strategic
foresight [28]. Brands are now capable of hyper-personalizing customer
experiences based on real-time affective inputs, moving beyond traditional
segmentation toward micro-moment marketing [29].

Moreover, emerging studies explore neuroadaptive interfaces, which
dynamically change based on real-time cognitive load and emotional
response, providing a seamless interaction loop between the consumer and
the digital interface [30]. These developments signify a paradigm shift in
how brands will engage with emotionally aware consumers in the near
future.

5.2 Theoretical Contributions

This study contributes to the academic discourse by integrating emotional
analytics into the theoretical frameworks of consumer engagement and
neuromarketing. Traditional engagement models predominantly
emphasized cognitive and behavioral dimensions—for instance,
attention, comprehension, and action [31]. However, affective
engagement, which involves the subconscious emotional drivers, has
remained underexplored.

By reviewing and synthesizing recent developments, this paper proposes a
multidimensional extension to the existing consumer engagement
models. Emotional analytics adds a **third dimension—affective
engagement—**into the conceptual framework, allowing for a more
holistic understanding of the consumer journey [32].

Further, the incorporation of Al-driven affective computing introduces a
predictive layer to traditional frameworks, enabling not only
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measurement but also the anticipation of consumer preferences, which
enhances the theoretical robustness of neuromarketing as a predictive
science [33].

5.3 Managerial Implications

From a managerial perspective, the findings of this study present both
strategic opportunities and ethical responsibilities:

o Strategic Advantages: Marketers can leverage emotional analytics
to:

o Tailor content in real time.

o Track emotional resonance across customer segments.
Design emotionally engaging interfaces and advertisements
[34].

This emotional customization has been shown to improve campaign
effectiveness, enhance customer experience, and boost brand loyalty
[35]. Dynamic emotional tracking enables companies to fine-tune their
strategies based on live feedback loops, thereby improving the overall
return on engagement (ROE).

« Ethical Challenges: However, the increasing use of emotional
surveillance raises critical concerns:

o Privacy Invasion: Emotional data, especially when
gathered passively, requires strict consent frameworks.

o Manipulative Marketing: The ability to exploit emotional
vulnerabilities can erode consumer trust.

o Algorithmic Transparency: Lack of explainability in Al
decisions can cause ethical blind spots [36].

Managers are encouraged to implement ethical Al protocols, including:
e Transparent communication of data usage.
e Opt-in emotional data collection.
e Independent auditing of Al models for bias and fairness [37].

Failing to address these concerns may not only lead to regulatory
backlash but also damage brand credibility and consumer trust in the
long term.

6. Research Gaps and Future Agenda
Despite the progress in integrating emotional analytics and Al within
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neuromarketing frameworks, several critical gaps remain in the current
body of literature. These gaps point to promising avenues for future
research and highlight the need for more comprehensive, inclusive, and
ethically grounded studies.

6.1 Lack of Longitudinal Studies on Emotional Analytics Impact

Most existing studies in neuromarketing and emotional analytics are
cross-sectional or experimental in nature, often focusing on short-term
emotional responses to specific marketing stimuli [38]. While such studies
offer immediate insights, they fall short of capturing the long-term effects
of Al-driven emotional personalization on consumer trust, brand loyalty,
and psychological well-being.

Longitudinal research is necessary to explore:

e How sustained exposure to emotional tracking influences
consumer decision-making over time.

e Whether Al-enabled personalization leads to emotional fatigue or
desensitization in digital interactions.

e The evolution of consumer perception regarding Al transparency,
fairness, and intrusion [39].

Such studies would provide robust evidence for evaluating the enduring
ethical and psychological implications of neuromarketing practices in
the age of Al.

6.2 Under-Representation of Non-Western Consumer Behavior

A significant portion of current neuromarketing literature s
geographically skewed toward Western, educated, industrialized, rich,
and democratic (WEIRD) populations [40]. This limits the generalizability
of insights, especially considering that emotional expression, cognitive
appraisal, and brand perceptions are often culturally bound.

For instance, emotional recognition algorithms trained primarily on
Western datasets may:

e Misinterpret facial expressions or gestures in non-Western
populations.

e Fail to capture cultural nuances in emotional triggers and
consumption behaviors.

e Reinforce biases and marginalization in global marketing
practices [41].
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Future research must address this gap by:
« Incorporating cross-cultural datasets into training models.

e Conducting comparative neuromarketing studies across Asian,
African, Latin American, and Middle Eastern consumer
segments.

« Designing culturally adaptive affective computing systems [42].

6.3 Need for Interdisciplinary Frameworks Combining Ethics, Al,
and Marketing

The rapid convergence of Al and emotional analytics in marketing has
outpaced the development of integrated ethical frameworks. EXxisting
models tend to treat ethics, Al, and marketing as disparate domains,
often resulting in fragmented or superficial treatments of privacy, consent,
and algorithmic bias [43].

There is a pressing need for interdisciplinary frameworks that:

e Embed ethical design principles into marketing Al systems from
the outset.

« Combine perspectives from behavioral science, computer
science, ethics, and law to guide the responsible development of
affective technologies [44].

e Provide practitioner-oriented toolkits for ethical auditing,
consumer consent protocols, and algorithm explainability [45].

Such integrated approaches will help ensure that neuromarketing
technologies serve both commercial effectiveness and societal well-
being, safeguarding against manipulative practices and reinforcing trust in
Al systems.

7. Conclusion

The evolution of Neuromarketing 5.0 signifies a paradigm shift in how
brands interact with consumers—transitioning from intuition-based
strategies to emotionally intelligent, Al-enhanced decision-making
tools. This new wave of neuromarketing integrates insights from
neuroscience, behavioral economics, and artificial intelligence,
resulting in an ecosystem where emotional responses are continuously
monitored, interpreted, and acted upon to enhance customer experience
and drive business value [46].

Central to this transformation is the emergence of real-time emotional
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analytics that empower marketers to decode consumers’ subconscious
affective states using tools like EEG, facial coding, NLP, and sentiment
analysis. This technological convergence fosters hyper-personalization,
predictive modeling, and adaptive content generation, allowing brands
to forge deeper, more meaningful consumer relationships [47].

However, alongside these advances lies the imperative to tread
cautiously. The increasing reliance on emotional data introduces
significant ethical, psychological, and regulatory challenges. Risks such
as emotional manipulation, privacy breaches, and algorithmic bias
raise legitimate concerns over consumer autonomy and trust [48]. The
commercial enthusiasm for deploying such tools must be tempered by
responsible governance mechanisms that prioritize transparency,
fairness, and informed consent.

Furthermore, the global applicability of neuromarketing is hindered by
cultural asymmetries in data and model generalization. The existing
over-reliance on Western-centric samples and emotional taxonomies
underscores the need for more inclusive, cross-cultural studies that
reflect the emotional diversity of global consumer populations [49].

To advance the field meaningfully, future research should prioritize three
key agendas:

1. Developing robust ethical Al frameworks that integrate
emotional intelligence while preserving user rights.

2. Exploring cultural variability in emotional expression and
consumer behavior to improve model accuracy and fairness.

3. Validating engagement frameworks across industries to test the
practical efficacy and psychological impact of Al-driven emotional
marketing strategies [50].

Ultimately, Neuromarketing 5.0 holds the promise of redefining
engagement—not merely through technological sophistication but
through a human-centered, ethically sound, and globally inclusive lens.
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