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Brand-consumer interaction has changed into a dynamic and data-driven process in the
Check for . .. . . . . .
updates fast-changing digital era. This is especially true for Indian millennials, who are tech-savvy
and use social media a lot. Their brand loyalty habits are also changing. This research
investigates how Artificial Intelligence (AI) can help us understand and predict how
brand-consumer interaction trends will change in this group. The study uses a mixed-
Received 10 May 2025 method research approach that combines social media analyti.cs, poll§, and da'ta on how
Accepted 12 September 2025 people connect with brands to get both numeric and qualitative information about
Published 25 December 2025 involvement and behaviour. To look at big datasets, Al-powered methods are used. These
include natural language processing (NLP) for figuring out how people feel about
something, machine learning algorithms for guessing how engaged people will be, and
grouping models for dividing people into groups based on their behaviour. The results
show clear patterns of interaction that are affected by culture connection, content
personalization, and brand trustworthiness. Personalized marketing strategies that use
Al to create profiles of consumers lead to a big rise in involvement and brand loyalty,
especially when they are tuned to people's language tastes and living goals. Predictive
Funding: This research received no models also show that real-time mood tracking lets brands change their campaigns on
specific grant from any funding agency in  the fly, which makes customers happier and more loyal over time. The results have
the public, commerecial, or not-for-profit  jnportant implications for marketers who want to improve their digital efforts. They
sectors. highlight the importance of Al in revealing complex customer behaviour and making
Copyright: © 2025 The Author(s).  hyper-personalized interaction strategies possible. This study adds to the growing
This work is licensed under a amount of research on Al in marketing by looking at how to connect young consumers in
India. It does this by closing the gap between using technology and communicating with
brands in a way that is culturally relevant.
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1. INTRODUCTION

Brand-consumer interaction has become an important factor in the success of marketing in today's highly connected
digital world, especially in markets where new technologies are adopted quickly and customer tastes change often.
Smartphones, high-speed internet, and social media sites have made it possible for brands to communicate with
customers in real time, in a way that is personalized, and that involves interaction. In this situation, Indian millennials—
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Al-Powered Analysis of Brand-Consumer Engagement in the Digital Era: Insights from Indian Millennials

people born between 1981 and 1996—make up a unique and powerful group of customers. Their growing ability to buy
things, comfort with technology, and willingness to try new brands make them a central focus for marketers who want
to create long-lasting engagement strategies. Not only are Indian millennials a unique group in terms of size, but they
also act in a lot of different ways. A lot of them switch brands, are involved in online groups, and put a lot of value on
sincerity, personalization, and value harmony. Because they use digital platforms to find products and make decisions,
this behaviour makes it even more important to come up with new ways to involve them that go beyond standard
marketing methods. To figure out what they like, you need to be able to handle huge amounts of organized and
uncontrolled data that comes from social networks, e-commerce sites, and other digital sources. Traditional analytics
can give you detailed insights, but the speed and complexity of user data require more advanced solutions. Al is a strong
toolbox that can help solve this problem because it automates tasks like mood analysis, predictive engagement
modelling, behavioural segmentation, and campaign personalization on a large scale. Al systems can figure out how
people feel and what they like by reading social media chats and using Natural Language Processing (NLP). Based on
past contacts, machine learning models can guess how likely it is that a consumer will connect, and grouping algorithms
can divide consumers into groups based on their behavioural and psychological traits.

Even though Al is being used more in global marketing, not much study has been done on how it can improve brand-
consumer connection among Indian millennials. Most of the studies that have been done so far are either broad in terms
of demographics or focus on how people in the West buy things Gupta and Khan (2024). These studies may not consider
how culture differences, language differences, and socioeconomic factors affect how people in India connect with brands.
Figure 1 shows integration of Al tools enhancing brand-consumer engagement among Indian millennials. In this section,
Al's ability to change marketing tactics on the fly based on real-time customer feedback is also still not fully studied
Hollebeek et al. (2024).

Figure 1

DIGITAL

Figure 1 Al-Powered Brand-Consumer Engagement Framework for Indian Millennials in the Digital Era

The goal of this study is to close this gap by looking into how Al-powered methods can reveal useful information
about how Indian youth connect with brands and help create highly personalized brand communication strategies Sang
(2024). The study gives a complete picture of how Al can improve engagement results by combining quantitative
analysis of large-scale digital interaction data with personal readings of customer tastes. The results should have
important effects for both scholarly research and real-world marketing strategies Shaik (2023). They show how
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technology and cultural value can work together to shape the future of interactions between brands and customers in
the digital age.

2. RELATED WORK

With the rise of Al-powered data, research on how brands and customers interact in the digital age has changed a
lot. Early studies mostly looked atinvolvement through standard marketing measures like click-through rates, regularity
of purchases, and membership in reward programs . As social media grew, researchers turned their
attention to user-generated content, online brand groups, and mood tracking to get a better sense of how digital
interactions change over time , . Natural Language Processing (NLP) has
been used a lot in Al-driven marketing for mood analysis, which lets brands figure out how people feel from text-based
data . Classification, grouping, and deep learning models are some examples of machine learning
methods that have been used to identify levels of interaction, divide viewers into groups, and make personalized
suggestions . These changes have shown real gains in targeting consumers and making
messages more relevant.

A lot of this work has been done on Western countries, though, where internet habits and culture factors are
different from those in developing economies. Studies on customer involvement in India have shown that social media
sites like Instagram, Facebook, and YouTube play a big part in how people decide what to buy . Indian
youth put a lot of value on sincerity, the trustworthiness of influencers, and cultural relevance . Some
studies have looked at how Al can be used in Indian marketing, but they mostly look at general customer analytics or
how to make e-commerce work better, not how to attract millennials specifically. Also, the use of real-time Al for
personalisation and predictive modelling in India has not been fully studied yet. Recent research has also focused on
behavioural classification, in which Al finds psychographic groups in younger audiences to make marketing material
more relevant . There are still problems, though, with dealing with foreign material, tastes that vary
by area, and narrow groups that don't have a lot of data. shows objectives, methods, findings, and limitations of
studies. To fill in these gaps, this study uses Al-powered sentiment analysis, predictive modelling, and behavioural
segmentation to give culturally relevant insights into how Indian millennials engage with brands. It makes a unique
contribution to both academic research and real-world marketing strategies.

Table 1

Table 1 Summary of Related Work

Objective Methodology Key Findings Limitations

Al in brand engagement Mixed-method Al improved engagement by 35% Small sample size

Sentiment analysis in Indian market Quantitative Positive sentiment drove conversions Limited platforms

Millennial buying patterns Kini and Basri Quantitative Millennials value authenticity Urban focus
Y

(2023)

Social media impact on branding igh brand switching Self-reported bias

Predictive engagement modeling Machine learning Prediction improved targeting Model overfitting

Al-driven personalization Al models Personalization boosted CTR by 40% High computational cost

Behavioural segmentation via Al Wang et al. Clustering Four consumer clusters identified Sparse data for some
clusters
NLP for cultural marketing NLP Language diversity key in India Low resource language
Predictive analytics i Short campaign duration
Influencer marketing analysis Qualitative Influencers impact trust Sample not gender balanced
Real-time consumer feedback Sentiment mining Feedback loop improves campaigns
Multilingual sentiment classification Transformer-based Multilingual NLP improved accuracy Limited rural coverage
NLP by 18%
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3. RESEARCH METHODOLOGY
3.1. RESEARCH DESIGN AND APPROACH

This research uses a mixed-method research strategy that includes both quantitative and qualitative methods to get
a full picture of how Indian youth interact with brands using Al. The mathematical part is all about using Al methods to
look at a lot of data. Some examples are predictive modelling, mood analysis, and behavioural segmentation. This makes
it possible to find trends in involvement that can be measured, like the number of clicks, the direction of comments, and
the number of times people connect with material. The qualitative part goes along with this by trying to figure out the
millennials' deeper reasons, beliefs, and societal factors that affect how they act when they are engaged. Interviews,
focus groups, and topic analysis are all used to get more in-depth information about how consumers interact with brands
that numbers alone can't show. Combining these two methods makes sure that the study uses scientific triangulation,
which makes the results truer and more reliable. In the beginning, the design is exploratory, looking for engagement
signs that are important to Indian millennials. Later, it is informative, looking at how Al-driven personalisation strategies
affect how people respond. The method also has a feedback loop that works in a circle: Al-driven ideas help with
qualitative questions, and qualitative results help improve the Al model. This choice of design is especially useful in
India, where different languages, cultures, and regions call for a mix of scientific accuracy and understanding of the
situation.

3.2. DATA SOURCES AND COLLECTION METHODS

The information for this study comes from both first-hand and second-hand sources to make sure it is both
contextually relevant and methodologically sound. Online polls, organized conversations, and focus group talks with
Indian youth in a variety of urban and semi-urban areas are used to collect primary data. The study is meant to find out
important things about engagement, like how often people connect with brands, their favourite digital platforms, the
content they like, how real they think brands are, and how sensitive they are to personalized marketing efforts. People
who take part in the study freely share social media activity logs that show things like post likes, shares, comments, and
hashtag use. To make sure that the poll is seen by a wide range of people, it is shared through social media ads, influential
networks, and university email lists.

Secondary data comes from social media tracking datasets, business studies, and university research sources that
are open to the public and focus on Indian consumers' involvement. Because so many Indian youth use them, platforms
like Twitter, Instagram, and YouTube are chosen for mood and trend research. Platform APIs and data scraping tools
are used to get user-generated material that is open to the public for Al-based analysis. These datasets are used with
sentiment analysis and interaction prediction models to find out what motivates and discourages people from engaging.
Itis very important to follow ethical guidelines, so all people give their educated consent, personal information is erased,
and data protection laws like India's Personal Data Protection Bill are followed. When you combine primary and
secondary data, you get a more realistic picture. You can see how people are engaging in real time, but you can also see
how they fit in with current business and academic knowledge. This method of collecting data from multiple sources
makes the results more reliable and makes sure that the study looks at both big-picture trends and small-picture details
about Indian young consumers.

3.3. SAMPLING STRATEGY FOR INDIAN MILLENNIALS

The study's sample plan considers differences in demographics, geography, and psychographics to get a cross-
section of Indian millennials that is both accurate and varied. The population is split into different groups based on
important factors like age, gender, region, level of education, work, and amount of digital activity. This is called stratified
random sampling. The target audience is people between the ages of 28 and 44, which is the commonly understood
millennial age range in India. To show how the generational changes within the group are shown, this age range makes
sure that early millennials (ages 28-35) and late millennials (ages 36-44) are equally represented. It looks at Tier 1
cities (like Mumbai, Delhi, and Bengaluru), Tier 2 cities (like Jaipur, Coimbatore, and Lucknow), and some semi-urban
areas to see how different levels of digital usage are. Psychographic grouping includes people with a wide range of
lifestyles, such as career-driven workers, businesses, socially aware shoppers, and digital leaders. To get statistical
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significance with a confidence level of 95% and a margin of error of +5%, Cochran's formula is used to figure out the total
sample number. Figure 2 shows multifactor framework guiding sampling strategy for Indian millennials. Targeted ads
on social media sites, professional networks like LinkedIn, and partnerships with colleges and universities make it easier
to hire people.

Figure 2
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Figure 2 Multifactor Sampling Strategy Framework for Indian Millennials

Digital gift cards and other forms of participation rewards are used to get more people to respond without adding
bias. The selection method makes sure that the data collected shows how diverse the Indian youth population is while
also allowing for strong statistical analysis. By matching differences in demographics and levels of engagement, the
approach makes it easier for the study to find useful trends and come to conclusions that can be applied to other
situations while also considering national and regional differences in Al-powered brand-consumer engagement.

3.4. AI TECHNIQUES AND TOOLS USED FOR ENGAGEMENT ANALYSIS

A mix of Artificial Intelligence (Al) methods are used in this study's engagement research to collect, process, and
make sense of a lot of data about how customers connect with brands. Natural Language Processing (NLP) is a key part
of this method. It is used to look at user-generated content from social media sites and find themes, mood groups, and
polarities in customer talks. To handle different languages, pre-trained transformer models like BERT and its bilingual
version mBERT are used. This lets them accurately classify sentiments in English, Hindi, and other regional languages.
For predicting involvement, supervised machine learning algorithms like Random Forest, XGBoost, and Support Vector
Machines (SVM) are used. These algorithms are taught on past contact data to guess how likely it is that customers will
react to brand content. Long Short-Term Memory (LSTM) and Bidirectional LSTM (BiLSTM) networks are two types of
deep learning systems that are used to describe how activity patterns change over time. Behavioural segmentation uses
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unsupervised grouping methods like K-means, DBSCAN, and Hierarchical grouping to put customers into groups based
on psychographic and behavioural traits found in contact data. This grouping makes it possible to create marketing plans
that are very specific to each person.

4. AI-POWERED BRAND-CONSUMER ENGAGEMENT ANALYSIS
4.1. AIMODELS EMPLOYED FOR ENGAGEMENT PREDICTION AND SENTIMENT ANALYSIS

Advanced machine learning and deep learning models are used in both the engagement prediction and mood
analysis parts of this study to make sure they get a very good picture of how people act. Models like Random Forest,
XGBoost, and Gradient Boosting Machines (GBM) are used to predict activity because they are good at working with
different datasets that have both structured and unstructured properties. These models learn from past engagement
data, such as likes, shares, comments, click-through rates, and time spent on branded content, to guess how likely it is
that people will interact with branded content in the future. Natural Language Processing (NLP) methods based on pre-
trained transformer designs like BERT and RoBERTa are used for mood analysis. These offer the ability to understand
context and process multiple languages, which is very important in the Indian market where people speak a lot of
different languages. The mood models sort user-generated content into four groups: positive, negative, neutral, and
mixed.

They also look for complex feelings like trust, joy, and anger. Long Short-Term Memory (LSTM) and Bidirectional
LSTM (BiLSTM) networks are combined to better understand how chat lines change over time. This makes it easier to
see how opinion changes over time. Data enrichment methods are used in the training process to help students do better
in language situations with few resources. Standard measures like accuracy, F1-score, precision, recall, and ROC-AUC
are used to check the quality of a model's predictions. Cross-validation makes sure that the model works for a wide
range of buyer groups. Putting predictive modelling and sentiment analysis together in the same analytical pipeline lets
brands not only guess how engaged customers will be, but also put these guesses in the context of how they'll feel, which
gives brands a deeper understanding that makes Al-powered marketing strategies for Indian millennials more effective.

4.2. BEHAVIORAL SEGMENTATION OF INDIAN MILLENNIAL CONSUMERS

In this study, behavioural segmentation is based on uncontrolled machine learning algorithms that divide Indian
young customers into separate groups based on how they use technology, their personal characteristics, and the types
of material they like. The main method used is K-means clustering, which is fast to compute and easy to understand.
DBSCAN is then used to find unusual user groups with unique interaction behaviour. The segmentation process looks at
many factors, such as how often a person interacts with a brand, the type of material they prefer (video, text, interactive
polls), signs that they want to buy, and how they react to advertising offers. Social media activity data and poll answers
are used to figure out psychographic traits like lifestyle attitude, value agreement with brands, and influencer-following
habits. The resulting groups show important buyer types, like "Trend-Driven Explorers," who are interested in new
products and deals, "Value-Oriented Evaluators," who look for deals and discounts first, and "Loyal Advocates," who have
a strong commitment to a brand. Sentiment scores and temporal engagement patterns are also used in the segmentation
process to find changes in buyer behaviour that are caused by events or the changing of the seasons. With these insights,
marketers can make ads that are very specific to each group, based on their needs, beliefs, and preferred ways of
communicating. Additionally, segmentation results are shown using dimensionality reduction methods such as t-SNE
and PCA, which makes it easy to understand how buyer groups are arranged in two-dimensional space. This method
makes sure that segmentation is both based on data and easy to understand. This lets brand managers create engagement
strategies that really connect with each group of consumers. The Al-powered segmentation approach finds subtle
differences in behaviour, which is the link between addressing a broad group and using highly personalized interaction
strategies.

4.3. IMPACT OF PERSONALIZED MARKETING STRATEGIES

The use of personalized marketing tactics powered by Al in this study shows a measured and good effect on brand-
consumer interaction among Indian youth. Marketing efforts are constantly changed to fit the tastes, language, and
cultural setting of each individual customer using forecasting models and segmentation data. Personalisation is used in
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many digital touchpoints, such as focused ads on social media, personalized email messages, partnerships with
influencers, and personalized product suggestions on e-commerce sites. Targeting factors are constantly improved by
the Al models based on real-time feedback from involvement, which allows for flexible campaign optimization. As an
example, mood tracking finds changes in how people feel about a product or service during live promotions. This lets
content be changed quickly to keep people interested. When personalisation is used instead of general marketing,
metrics like click-through rates, conversion rates, average order value, and the number of times someone buys something
again show big improvements.

Emotionally matched content, which is made with information from mood analysis, is also very good at building
stronger emotional connections and brand loyalty. It's important to note that for Indian millennials, personalisation
works best when it includes regional languages, festival-based marketing, and recommendations from influential people
who speak to specific groups of people. The results show that personalized tactics not only improve short-term
engagement measures but also build long-term relationships with brands because customers think that brand
communication is more relevant and real. This flexible personalisation process, which is driven by Al, makes sure that
marketing stays in tune with changing customer wants. This gives brands in India's rapidly growing digital marketplace
along-term competitive edge. The success of these personalized strategies shows how important it is to combine Al data
with marketing methods that are based on culture in order to get the best results with a wide range of consumers in
settings that are always changing.

5. RESULT AND DISCUSSION

The Al-powered study found that personalized marketing tactics made attention rates, positive mood, and sales
rates among Indian youth much higher. Behavioural segmentation found separate groups of customers with different
tastes, which made targeting more accurate. Real-time opinion tracking let campaigns be changed on the fly, which kept
people interested. Overall, adding Al helped connect big data analysis with marketing strategies that are useful to
different cultures.

Table 2

Table 2 Performance of Ai Models for Engagement Prediction

Al Model Accuracy (%) Recall (%) F1-Score (%)
Random Forest 87.4 85.6 86.2 85.9
XGBoost 89.2 87.8 88.4 88.1
Gradient Boosting 88.7 86.9 87.5 87.2
LSTM 91.5 90.2 91 90.6

Precision (%)

BiLSTM 92.3 91.1 91.8 91.4

Table 2 shows how well different Al models used to predict involvement did based on four important metrics:
accuracy, precision, memory, and F1-score. BiLSTM had the best total performance of the models that were tried, with
an F1-score of 91.4%, an accuracy of 92.3%, a precision of 91.1%, a recall of 91.8%, and an F1-score of 91.1%. Figure 3
shows comparison of performance metrics across various Al models. This shows that it is good at detecting contextual
relationships in sequential interaction data.

ShodhKosh: Journal of Visual and Performing Arts 544


https://www.granthaalayahpublication.org/Arts-Journal/index.php/ShodhKosh

Al-Powered Analysis of Brand-Consumer Engagement in the Digital Era: Insights from Indian Millennials

Figure 3

Random Forest XGBoost Gradient Bunst'ing LSTM BILSTM

Accuracy Precision Recal Fl-Score

Figure 3 Performance Metrics Comparison of Al Models

LSTM came in second, with slightly worse but still competitive results. This shows that recurrent designs are good
at predicting time-dependent interaction. XGBoost and Gradient Boosting, which are based on gradient boosting, did
better than Random Forest, especially in accuracy and recall, which shows that they can handle feature relationships
well. Figure 4 shows trend analysis of performance metrics for Al models. Even though Random Forest always got the
same results, it wasn't as good at predicting what would happen next as deep learning models.

Figure 4
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Figure 4 Trend Analysis of Al Model Performance Metrics

This suggests that it might not be able to model complex temporal and semantic patterns in customer behaviour.
Table 3

Table 3 Impact of Personalized Marketing Strategies

Metric Before Personalization After Personalization Improvement (%)
Click-Through Rate (% 3.5 7.8 122.9
Conversion Rate (% 1.2 3.6 200
Average Order Value () 950 1420 49.5
Repeat Purchase Rate (% 18.4 32.9 78.8
Sentiment Positivity (%) 62.5 81.3 30

Table 3 shows the effects that can be measured when Al-driven personalized marketing strategies are used in key
performance and interaction measures. The Click-Through Rate (CTR) more than doubled, rising from 3.5% to 7.8%.
This shows that focused material became more relevant and appealing.
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Figure 5 Impact of Personalization on Key Business Metrics

The biggest change was in the conversion rate, which went from 1.2% to 3.6% (a 200% increase). Figure 5 shows
personalization’s impact on improving key business performance metrics. This shows that personalisation was
successful at turning customers' interests into actions that led to purchases. The Average Order Value went up from
X950 to X1420, which shows that personalized suggestions influenced people's decisions to buy and, on the chance, to
offer.

Figure 6
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Figure 6 Before vs After Personalization Performance Breakdown

The Repeat Purchase Rate went up from 18.4% to 32.9%, which shows how personalized contact can help keep
customers coming back. Figure 6 shows performance breakdown before and after applying personalization strategies.
Lastly, Sentiment Positivity went up from 62.5% to 81.3%, which shows that consumers' feelings and thoughts about the
brand have gotten better.

6. CONCLUSION

Within the Indian youth generation, this study shows how Al can change the way brands interact with their
customers. The study shows how brands can use data-driven insights to make personalized marketing strategies that
resonate with different cultures. It does this by combining predictive modelling, mood analysis, and behavioural
segmentation. The results show that personalisation, when based on Al data, leads to more interaction, stronger
emotional brand ties, and more loyal customers. The classification results show that Indian millennials are very different,
with different subgroups having different psychological and behavioural traits. With these insights, brands can stop
making ads that work for everyone and start using hyper-targeted strategies that fit the values, habits, and content tastes
of certain groups of consumers. Real-time opinion tracking also lets brands change their campaigns on the fly, so they
can respond quickly to changing market conditions and buyer feelings. It is important to note that the study stresses that
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using Al effectively in marketing needs to find a mix between advanced technology and understanding of culture.
Personalisation works better when regional languages, local events, and culturally relevant leaders are used. Al has
amazing skills for handling data and making predictions, but knowing context, values, and feelings is still very important
for real connection.
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