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Abstract:  The study examines the integration of emotion analysis and 

association rule mining to facilitate intelligent customer segmentation, 

aiming to deliver hyper-personalized experiences. A sample comprising 

250 respondents has been utilized to analyse the relationship between 

emotional sentiment and behavioral attributes in shaping consumer 

preferences and engagement patterns. The analysis of sentiment and 

emotion has been employed to classify textual feedback into contemporary 

emotional categories, such as joy, anticipation, and anger, thus providing a 

nuanced understanding of customer perceptions. In combination, 

association rule mining was used to highlight encoded patterns and 

interconnections amongst the demographic characteristics, behavioral 

responses, and emotional states. The findings suggest a strong correlation 

between customer sentiments and emotional expressions, and also their 

purchasing tendencies, including a preference for personalized offers and 

engagement with AI-powered chatbots. The insights gained the 

identification of independent emotional-behavioral customer segments, 

each characterized by specific personalization requirements. The 

integration of rule-based approach with emotion mining in the study 

displays an effective technique for extracting actionable insights, thereby 

improving customer targeting and engagement strategies. The findings 

would help in developing scholarly discussion and practical 

implementations in marketing analytics, highlighting the significance of 

emotional intelligence in data-driven personalization.  
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1. Introduction 

 

1.1 The Need for Intelligent Segmentation in the Digital Age 

The influence of emotions is critical in the formation of customer perceptions and decision-making 

processes. The analysis of sentiment and emotion within textual data, including reviews or feedback, 

can uncover significant psychological factors influencing consumer decisions (Pang & Lee, 2008; 

Cambria et al., 2017). By integrating rule-based insights obtained through association rule mining, 

organizations can reveal concealed patterns and relationships within consumer behavior (Tan, 

Steinbach, & Kumar, 2005).  

In the modern-day digital marketplace, it is essential that consumers receive experiences that are 

thoroughly personalized to align with their individual preferences, behaviors, and emotional responses. 

Conventional segmentation techniques frequently fail to adequately represent the intricate, real-time 

data that characterizes contemporary consumer behavior. Consequently, organizations are progressively 

adopting advanced analytics and artificial intelligence (AI) to connect data with personalized 

engagement. Among these, intelligent segmentation—driven by machine learning, sentiment analysis, 
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and association rule mining—presents a compelling strategy for providing hyper-personalized customer 

experiences. (Wedel & Kannan, 2016), 

The insights derived from this analysis facilitate a more precise segmentation of audiences and 

contribute to the development of marketing strategies that resonate on an emotional level (Gentsch, 

2019). 

1.2 Emotion-Driven Marketing in the Age of AI 

Emotions play a crucial role in shaping consumer decisions, particularly in the context of high-

involvement or experiential purchases. Sentiment analysis and emotion mining techniques facilitate the 

interpretation of emotional nuances embedded in user-generated content, including reviews, surveys, 

and feedback (Cambria et al., 2017). Comprehending these emotional dimensions can enhance 

communication efficacy and foster improved alignment between consumers and brands. 

The integration of emotional intelligence within digital marketing significantly improves 

communication effectiveness and promotes enhanced personalization and alignment between consumers 

and brands (Gentsch, 2019). For example, campaigns that are emotionally adaptive have the capacity to 

modify their messaging in response to the customer's mood or behavioral context, which in turn 

enhances engagement and conversion rates (Pentina, Zhang, & Basmanova, 2013). Furthermore, brands 

exhibiting emotional awareness tend to cultivate more robust relationships, leading to enduring customer 

loyalty and advocacy (Kotler, Kartajaya, & Setiawan, 2017). 

1.3 The Rise of Hyper-Personalization 

In the dynamic world of digital marketing, the significance of personalization has become increasingly 

paramount for achieving success. Consumers today anticipate not merely product suggestions, but 

personalized experiences that align with their specific needs, preferences, and emotional conditions. 

Hyper-personalization, facilitated by artificial intelligence (AI), machine learning, and real-time data 

analytics, transcends traditional demographic targeting to provide content and experiences that appear 

distinctly tailored for each individual (Gentsch, 2019). 

In the ever-evolving landscape of digital marketing, the importance of personalization has emerged as a 

critical factor for attaining success. Contemporary consumers expect more than just product 

recommendations; they seek tailored experiences that resonate with their individual needs, preferences, 

and emotional states. Hyper-personalization, enabled by artificial intelligence (AI), machine learning, 

and real-time data analytics, goes beyond conventional demographic targeting to deliver content and 

experiences that seem uniquely customized for each individual (Gentsch, 2019). 

This methodology is fundamentally grounded in the analysis of behavioral, contextual, and emotional 

data, facilitating the development of tailored user journeys across various digital touchpoints. In contrast 

to traditional personalization methods that often depend on generalized segments or fixed 

characteristics, hyper-personalization facilitates a more dynamic engagement through the utilization of 

predictive analytics, real-time intent signals, and user sentiment (Wedel & Kannan, 2016). Through the 

integration of data from diverse sources—such as browsing behavior, purchase history, geolocation, and 

social media activity—brands are able to provide messaging that is both timely and emotionally 

impactful (Rust & Huang, 2014). 

Moreover, hyper-personalization significantly improves customer satisfaction and loyalty by 

showcasing a profound comprehension of the unique customer journeys (Lemon & Verhoef, 2016). 

With the growing expectation among consumers for brands to demonstrate an understanding of their 

individual preferences, organizations that effectively adopt hyper-personalization strategies are 

positioned to achieve a significant competitive advantage. This is evidenced by enhanced engagement 

levels, decreased customer attrition, and improved conversion rates. 

1.4 Research Objectives 

• To explore the emotional and sentiment-based dimensions present in customer feedback  

• To identify key emotional triggers influencing consumer behavior. 

• To analyse consumer data using association rule mining techniques to uncover significant patterns 

and correlations in decision-making behavior. 

• To evaluate the effectiveness of an intelligent segmentation framework that combines emotional and 

behavioral insights for delivering hyper-personalized customer experiences. 

This study combines emotion detection and rule mining methodologies to establish a thorough 

framework for intelligent segmentation. This analysis of the emotional tone and behavioral patterns of 

consumers seeks to illustrate how a hybrid approach can enhance customer targeting and promote deeper 

engagement. 
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2. Review of Literature 

 

2.1. Assessing AI-Driven Segmentation for Next-Gen Personalization 

Traditional segmentation methods frequently depend on demographic or psychographic characteristics, 

which do not adequately address the complicated emotional and behavioral aspects of modern digital 

consumers (Wedel & Kannan, 2016). The amalgamation of machine learning and emotional analytics 

facilitates advanced segmentation, enabling marketers to develop micro-segments informed by real-time 

emotional and behavioral stimuli (Chatterjee, Rana, Tamilmani, & Sharma, 2021).  

Hyper-personalization utilizes these micro-segments to customize messages, offers, and experiences, 

thereby improving customer satisfaction and loyalty. Research indicates that AI systems with emotional 

awareness can enhance engagement levels by up to 30% when personalization strategies are in harmony 

with the user’s emotional state (Ghorbani & Zou, 2018). As a result, intelligent segmentation serves as 

a crucial connection between analytics and the formulation of actionable marketing strategies. 

2.2. Analysing Emotional Triggers and Their Impact on Consumer Perceptions 

Understanding consumer emotions is now recognized as a fundamental aspect of modern marketing 

strategies. The role of emotional intelligence in customer interactions is essential in influencing brand 

perception, loyalty, and satisfaction (Cambria et al., 2020). Sentiment analysis employs Natural 

Language Processing (NLP) techniques to identify subjective opinions and emotions expressed in text. 

This methodology has found extensive application across diverse fields to interpret customer attitudes 

(Medhat, Hassan, & Korashy, 2014). Studies indicate that emotions including joy, anger, and 

anticipation significantly affect consumer preferences as well as post-purchase engagement (Pang & 

Lee, 2008). 

Recent advancements in affective computing have allowed organizations to progress from simple 

polarity classification (positive/negative) to the identification of more nuanced emotional categories 

(Mohammad & Turney, 2013). The emotional cues present significant indicators regarding consumer 

needs and expectations, especially within sectors such as automotive and e-commerce, where purchasing 

decisions frequently involve strong emotional influences. 

2.3. Analysing Consumer Behavior Through Association Rule Mining 

Association rule mining (ARM) has developed into a significant unsupervised learning method for 

revealing hidden patterns and relationships within customer data (Agrawal & Srikant, 1994). In the field 

of marketing, ARM serves as a tool for identifying opportunities for product bundling, understanding 

consumer buying habits, and developing cross-selling strategies through the analysis of co-occurrence 

patterns found in transactional data (Liu, Hsu, & Ma, 1998).  

This technique enables marketers to discern behavioral patterns, indicating that customers who exhibit 

a favourable response to chatbots and personalized offers demonstrate a greater tendency to complete a 

purchase. The implementation of these rules facilitates the refinement of targeting strategies while 

concurrently contributing to the minimization of marketing waste. The integration of ARM with 

emotional and sentiment data provides a comprehensive perspective on the consumer journey—an 

approach that is increasingly being adopted in advanced marketing systems (Li, Xu, & Li, 2018). 

2.4. Theoretical Framework 

The framework illustrates how emotional and behavioral data are integrated into an intelligent 

segmentation model using sentiment analysis, emotional analytics, and association rule mining. 

1. Customer Feedback Collection 

The basis of the framework is provided by customer feedback data, which can be sourced from online 

reviews, surveys, chatbot logs, and various digital interaction channels. The raw textual data is important 

for the analysis of behavioral intentions and emotional states (Cambria et al., 2017). 

2. Sentiment & Emotion Analysis 

Once the feedback is gathered, it is processed using sentiment analysis (to classify into positive, neutral, 

or negative) and emotion detection models (to extract emotions like joy, anger, anticipation, etc.). These 

helps uncover emotional triggers that influence customer engagement (Mohammad & Turney, 2013). 

• Sentiment Analysis supports understanding overall attitudes. 

• Emotion Detection refines this understanding by identifying discrete feelings that guide decision-

making (Plutchik, 1980; Wang et al., 2020). 
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3. Behavioral Data Enrichment 

Parallelly, structured data on demographics, purchasing preferences, loyalty memberships, and AI 

interactions are incorporated. These features provide contextual dimensions of customer behavior. When 

combined with emotional states, they create a richer profile of the customer (Wedel & Kannan, 2016). 

4. Association Rule Mining 

Using techniques like Apriori algorithm, the study extracts hidden patterns and frequent item sets linking 

emotions, behaviors, and outcomes (e.g., "joy + chatbot helpful = high income level"). These rules guide 

actionable insights for marketers (Agrawal & Srikant, 1994). 

5. Intelligent Segmentation Engine 

The core of the model is a hybrid segmentation engine that groups customers based on: 

• Emotional responses, 

• Behavioral traits, and 

• Discovered rules. 

This leads to psychographic-persona creation—emotionally attuned, behaviourally distinct customer 

segments ready for personalization (Tsai & Chiu, 2004; Bhatnagar & Mehta, 2021). 

6. Hyper-Personalized Marketing Strategy 

The outcome of the segmentation is the design of hyper-personalized campaigns, tailored to individual 

emotional and behavioral patterns, improving customer satisfaction, conversion, and loyalty (Davenport 

et al., 2020). 

 

 
Fig 1: Theoretical Framework (author developed) 

 

3. Research Methodology 

 

3.1 Research Design 

The study adopted an exploratory and descriptive research design to develop an intelligent segmentation 

model that integrates emotional analytics and association rule mining for hyper-personalized customer 

experience strategies. The methodology consisted of four key stages: data collection, sentiment and 

emotion analysis, association rule mining, and model development and visualization. 

3.2 Data Collection 

A structured questionnaire has been administered to collect data from 250 respondents residing in the 

Delhi NCR region. The survey captured consumer behavioral and attitudinal variables, including 

structured demographic attributes such as age group, income level, and loyalty program membership, as 

well as behavioral preferences like online research behavior and interactions with AI chatbots. 

Additionally, respondents were invited to provide open-ended feedback on their customer experience, 

which was used as the input for sentiment and emotion analysis. 

3.3 Data Analysis 

3.3.1 Sentiment and Emotion Analysis 

The open-ended feedback responses had evaluation through text mining techniques, employing the NRC 

Lexicon alongside the syuzhet package in R. This facilitated the identification of essential sentiments 

(positive/negative/neutral) and prevailing emotions (e.g., joy, trust, anger, anticipation), thereby offering 

a deeper comprehension of the emotional stimuli that shape customer decisions. 
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3.3.2 Association Rule Mining 

Using the arules package in R, the structured data was transformed into a transaction format and analysed 

using association rule mining (Apriori algorithm). This uncovered frequent co-occurring patterns and 

relationships between variables such as consumer behavior, sentiment-emotion profiles, and 

demographic features. 

3.3.3 Intelligent Segmentation 

Insights from the emotion analysis and rule mining were synthesized to develop an intelligent 

segmentation framework. This framework enables hyper-personalized marketing strategies by 

identifying behavior-emotion clusters that align with specific consumer profiles. 

This sequential and integrated research approach allowed for both exploratory and confirmatory 

insights, ensuring that emotional, behavioral, and attitudinal dimensions were meaningfully interpreted 

in the context of data-driven customer segmentation. 

 

4.  Discussion and Findings  

 

4.1 Sentiment Analysis  

Sentiment Score: 

The numerical value has been assigned to each customer feedback, tweet, review, or text comment. It 

represents how positive or negative the sentiment is: 

• Typically ranges from -1 (very negative) to +1 (very positive). 

In the table given below (table 2), the scores range from 0.50 to 1.55, and they are all positive values, 

suggesting that the feedback was generally positive. 

Sentiment Category: 

This is the qualitative label derived from the Sentiment Score: 

• If score > 0 → Positive 

• If score = 0 → Neutral 

• If score < 0 → Negative 

So, all rows are labelled Positive, meaning every feedback reflects a favourable experience. 

 

Table 1: Sentiment Anlaysis 
Sentiment Score Sentiment Category 

1.00 Positive 

1.00 Positive 

1.00 Positive 

0.80 Positive 

1.55 Positive 

1.00 Positive 

0.80 Positive 

1.00 Positive 

0.50 Positive 

1.35 Positive 

 

 
Fig 2: Sentiment Analysis (Graphical Representation) 
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Fig 3: Emotion Analysis 

 

Anger Segment (Left Column) 

These rules are strongly associated with customer anger. For example: 

• Rule 1: 

• RHS: CustomerFeedback=didn't get enough support during the purchase 

• This rule likely has an LHS such as AI_Chatbot_Interaction=Not Helpful or Sentiment=Negative 

• Lift is relatively high (~2+), meaning this type of feedback is more likely to occur when those 

conditions are met. 

• Common triggers for anger: 

• Negative chatbot interaction 

• Poor financing clarity 

• Annoying experience 

• Low income or no purchase interest 

• Emotions like sadness, fear, disgust 

Joy Segment (Middle Column) 

These rules represent conditions under which customers express joy or happiness: 

• Top Rule: 

• RHS: CustomerFeedback=The chatbot was very helpful and guided me well 

• This is associated with LHS values like: 

• AI_Chatbot_Interaction=Helpful 

• trust=1 

• positive=1 

• Other triggers for joy: 

• Personalization success 

• Positive emotions like anticipation, trust 

• Purchase online or interest (Interest_Purchase Online =Yes) 

• These rules have high lift, showing strong positive correlation between helpful chatbot behavior, 

personalization, and joyful responses. 

Positive Segment (Right Column) 

This section captures broader positive sentiment (not necessarily high emotional joy): 

Ironically, one of the top rules is: 

• CustomerFeedback=Customer support was rude and unhelpful→ But it's categorized under positive, 

which suggests there might be a misclassification or perhaps it's a sarcastic comment detected as 

"positive" by the sentiment engine. 

• Other RHS items: 

• Sentiment=Negative (could be showing how certain behaviors surprisingly lead to "positive" 

sentiment due to complex emotion layering) 

• Emotional indicators such as anger=0, sadness=0, fear=0, etc., suggesting absence of negative 

emotions corresponds with overall positive sentiment. 
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Table 2: Key Insights 
Emotion Key Drivers (LHS) Outcomes (RHS) 

Anger Poor chatbot interaction, no interest, low income, high negative, 

disgust, fear, etc. 

Complaints, frustration, 

negative feedback 

Joy Helpful chatbots, personalized offers, interest, high trust, 

positive anticipation 

Happy feedback, confidence, 

satisfaction 

Positive Absence of negative emotions (anger, fear), possible 

misclassification, neutral feedback 

Generic or inconsistent positive 

tags 

 

4.2. Association Rule Mining Graph 

The network visualization highlights the associative relationships that are present between customer 

attributes and behavioral variables, determined by rules gathered from transactional data. Each node 

indicates either a rule (for instance, “rule 6”) or a variable (such as “Prefers_Online_Research=Yes”). 

The relationships (edges) among nodes demonstrate insights derived from the Apriori algorithm. 

Key observations: 

• Strong association rules (like Rule 6 and Rule 7) are highlighted in deep red, indicating higher lift 

and confidence. 

• Attributes like “AI_Chatbot_Interaction=Helpful”and“Prefers_Online_Research=Yes” repeatedly 

occur in the antecedents of strong rules. 

• This highlights the importance of digital interaction preferences as major contributors to predicting 

variables like “Income Level” or “DominantEmotion”. 

Interpretation: 

The interconnectivity of nodes shows how certain behaviors (e.g., doing online research, interacting 

with chatbots) tend to cluster around specific customer types. For instance, those showing joy or positive 

personalized offer responses are likely to be high-income, tech-engaged consumers. 

 
Fig 4: Association Rule Mining 

Table 3: Key Association Rules from Consumer Behavior Dataset 
S.No LHS (Antecedents) RHS (Consequent) Support Confidence Coverage Lift Count 

1 Interest_Purchase=Yes, 

Prefers_Online_Research=Yes, 

AI_Chatbot_Interaction=Helpful, 

DominantEmotion=joy 

IncomeLevel=High 0.0533 0.8889 0.0600 3.1008 8 

2 Prefers_Online_Research=Yes, 

AI_Chatbot_Interaction=Helpful, 

DominantEmotion=joy 

IncomeLevel=High 0.0800 0.7500 0.1067 2.6163 12 

3 IncomeLevel=Low, 

Response_to_Personalized_Offer

DominantEmotion=an

ger 

0.0533 0.6667 0.0800 2.3810 8 



Arhita Uppal et al. Emotion-Driven Intelligent.......                                                                         979 

s=Positive, 

AI_Chatbot_Interaction=Helpful 

4 Prefers_Online_Research=Yes, 

LoyaltyProgram_Member=No, 

DominantEmotion=joy 

IncomeLevel=High 0.0600 0.6429 0.0933 2.2425 9 

5 Interest_Purchase=Yes, 

LoyaltyProgram_Member=No, 

DominantEmotion=anticipation 

IncomeLevel=Low 0.0533 0.8889 0.0600 2.1164 8 

6 IncomeLevel=Medium, 

Prefers_Online_Research=Yes 

Response_to_Persona

lized_Offers=Neutral 

0.0600 0.6000 0.1000 2.0930 9 

7 IncomeLevel=High, 

Interest_Purchase=Yes, 

Prefers_Online_Research=Yes, 

AI_Chatbot_Interaction=Helpful 

DominantEmotion=jo

y 

0.0533 0.8889 0.0600 2.0833 8 

8 IncomeLevel=High, 

Prefers_Online_Research=Yes, 

AI_Chatbot_Interaction=Helpful 

DominantEmotion=jo

y 

0.0800 0.8571 0.0933 2.0089 12 

9 Response_to_Personalized_Offer

s=Positive, 

LoyaltyProgram_Member=No, 

AI_Chatbot_Interaction=Helpful 

Prefers_Online_Resea

rch=No 

0.0800 1.0000 0.0800 1.9481 12 

10 Prefers_Online_Research=Yes, 

Response_to_Personalized_Offer

s=Positive, 

LoyaltyProgram_Member=No 

AI_Chatbot_Interacti

on=Not Helpful 

0.0533 1.0000 0.0533 1.9481 8 

 

The table displays a summary of the ten most significant association rules derived from the customer 

dataset through the application of the Apriori algorithm in R. The outlined rules demonstrate multiple 

interconnections among broad consumer behavioral and emotional characteristics, highlighting their 

collective impact on purchasing patterns and socio-economic segments. Every rule elucidates the 

connections among various prior circumstances (LHS) and the anticipated outcome (RHS). 

Rule 1 & 2: Joyful and Informed Customers Tend to Be High-Income 

Rules 1 and 2 reveal that customers who: 

• Show interest in Online Purchase 

• Prefer online research, 

• Have positive chatbot interactions, and 

• Express the emotion “joy” are highly likely to belong to the high-income segment. 

These rules have high lift values (3.10 and 2.61), indicating a strong positive association between joyful, 

research-oriented behavior and higher income levels. This suggests that emotionally satisfied and 

digitally engaged customers form a lucrative segment for hyper-personalized marketing. 

Rule 3: Low-Income Customers May Exhibit Anger Despite Positive Offers 

This rule highlights an intriguing insight: customers with low-income levels who receive positive 

personalized offers and find chatbots helpful still express anger. 

With a lift of 2.38, this suggests a latent dissatisfaction or unmet expectations, possibly due to financial 

constraints or a mismatch in expectations, indicating a need for deeper personalization and 

understanding of emotional context in marketing. 

Rule 4: Joy Without Loyalty is Linked to Higher Income 

Customers who prefer online research, are not loyalty program members, and express joy, are still linked 

with high-income status. This pattern (lift = 2.24) implies that non-loyal high-value customers exist, and 

businesses must actively target and convert them via emotionally intelligent offers. 

Rule 5: Anticipation Emotion Signals Low Income Among Online Purchase-Interested, Non-Loyal 

Users 

Customers who are interested in online purchase and not part of loyalty programs, but express 

anticipation, are likely to belong to the low-income segment (lift = 2.11). This suggests that while 

aspiration exists, financial limitations and lack of brand attachment restrict conversion. This segment 

can benefit from entry-level offers or educational content to build loyalty. 

Rule 6: Mid-Income Researchers Are Neutral to Personalization 

This rule suggests that middle-income customers who prefer online research tend to respond neutrally 

to personalized offers. With a lift of 2.09, the implication is that neutral reactions may be driven by 
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limited perceived value or message fatigue, and personalization strategies should be recalibrated for this 

group. 

Rule 7 & 8: Chatbot Helpfulness Drives Joy in High-Income Online Purchase Enthusiasts 

These rules reinforce the idea that AI chatbot interactions play a vital role in eliciting positive emotional 

responses (joy) from high-income, tech-savvy customers. The consistency of lift values (~2.08–2.01) 

confirms this pattern, supporting the integration of AI in customer journey personalization. 

Rule 9: Helpful Chatbots Can Reinforce Offline or Passive Behavior 

Surprisingly, customers who receive positive personalized offers, are not loyalty members, and find 

chatbots helpful tend to not prefer online research. This indicates that for certain segments, chatbot 

satisfaction may suffice for decision-making, without the need for additional research. It’s a cue to 

streamline digital content for such users. 

Rule 10: Positive Offers May Still Lead to Perception of Chatbot Ineffectiveness 

This rule uncovers that even when customers receive positive personalized offers and prefer online 

research, if they are not loyalty members, they might still perceive the AI chatbot as unhelpful. With 

confidence and lift both at 1, this is a strong and direct rule, underscoring that chatbot performance can 

be a critical pain point, especially for discerning non-loyal customers. 

 

5. Conclusion 

 

The study successfully explored the emotional and sentiment-based dimensions embedded within 

customer feedback, revealing key emotional triggers that significantly influenced consumer behavior. 

Through the application of association rule mining techniques, the analysis uncovered distinct patterns 

correlating specific emotional responses—such as anger, joy, and general positive sentiment—with 

feedback themes and behavioral attributes. Notably, negative sentiments such as anger were linked to 

poor chatbot interactions, lack of Online Purchase interest, and dissatisfaction with financing options, 

whereas joy and positive sentiment were associated with trust in the chatbot, personalization of 

recommendations, and proactive engagement. 

Through the application of association rule mining techniques, the analysis uncovered distinct and 

meaningful patterns that correlated specific emotional responses—such as anger, joy, and general 

positive sentiment—with underlying feedback themes and behavioral attributes. Notably, negative 

sentiments like anger were frequently linked to inadequate chatbot interactions, lack of interest in online 

purchasing, and low satisfaction with personalized offers. In contrast, joy and positive sentiment were 

closely associated with trust in chatbot performance, appreciation for personalized recommendations, 

and higher levels of customer engagement and loyalty program participation. These findings highlighted 

the pivotal role of emotions in shaping customer expectations, preferences, and decision-making 

behavior. 

Furthermore, the research evaluated the effectiveness of an intelligent segmentation framework that 

integrated both emotional and behavioral insights. This framework demonstrated a strong potential for 

delivering hyper-personalized customer experiences by identifying nuanced emotional responses and 

aligning them with customer preferences and interactions. The findings affirmed that emotional 

segmentation, when combined with behavioral cues, provided a more holistic understanding of 

consumer decision-making processes and supported the design of tailored engagement strategies for 

enhanced customer satisfaction and loyalty. 
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