
72Cite as: A. Brahmbhatt, S. Kevin Andrews, A. P. Awati, N. Al Said, N. Sherkuziyeva, and V. Rawat, “Deep learning approaches to personalized marketing and consumer response analysis,” 
Conf. Proc. Sci. Manag., vol. 1, no. 1, pp. 72⁠-⁠75, 2026. https://doi.org/10.68337/cpsm.v1.i1.2026-018.
Copyright © 2026 The Authors. Published by SHORAM Editorial Services, India, under the Creative Commons Attribution 4.0 License (CC BY 4.0).

Proceedings of the 2nd International Engineering Data Analytics and Management Conference (EAMCON 2026), 8 to 10 July 2026, Shinawatra University,
Thailand

Vol. 1, Issue 1 | Proceeding Paper
DOI: https://doi.org/10.68337/cpsm.v1.i1.2026-018

Deep Learning Approaches to Personalized Marketing and
Consumer Response Analysis

Anandkumar Brahmbhatt1,*, Kevin Andrews S.2, Amruta Pratik Awati3, Nidal Al Said4, Nasiba Sherkuziyeva iD 5, and
Vivek Rawat6

1Silver Oak Institute of Management, Silver Oak University, Ahmedabad, India
2Department of Computer Science and Engineering, Dr. M.G.R. Educational and Research Institute, Chennai, India

3Department of Artificial Intelligence and Data Science, Annasaheb Dange College of Engineering and Technology, Ashta, India
4College of Mass Communication, Ajman University, Ajman, United Arab Emirates

5Department of Corporate Finance and Securities, Tashkent State University of Economics, Tashkent, Uzbekistan
6Department of Hospitality Management, Graphic Era (Deemed to be University), Dehradun, India

*Corresponding author: dranandkumarbrahmbhatt@gmail.com

Abstract. Personalized marketing has become a vital strategy in the age of big data and digital transformation because it allows
organizations to deliver content, recommendations, and offers tailored to individual consumers. This paper empirically investigates the use
of deep learning models, including long short-term memory (LSTM) networks, convolutional neural networks (CNNs), and Transformer-
based models, to predict consumer response and optimize personalized marketing. Model performance was assessed on multi-channel
customer interaction datasets in predicting click-through rates, purchase likelihood, and engagement measures. In the reported
experiments, the deep learning models outperformed traditional machine learning techniques, which the authors attribute to their ability to
capture sequential behavior and latent preferences. The results suggest that advanced architectures can improve targeting accuracy and
customer experience, although data privacy and model interpretability remain open challenges.
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I. Introduction
Personalized marketing has become a pillar of customer-
centered business strategy in the digital age, allowing orga‐
nizations to provide experiences tailored to individual pref‐
erences and behaviors  [1], [2]. The rapid growth of big
data, social media, and e-commerce platforms has generated
large volumes of consumer information, which creates op‐
portunities for advanced analytics and intelligent decision-
making. Traditional marketing methods based on static seg‐
mentation and rule-based systems do not always capture the
dynamism and complexity of consumer behavior [3], [4].

Deep learning, a subfield of artificial intelligence (AI),
provides powerful methods for modeling high-dimensional
data and revealing hidden patterns in consumer interac‐
tions  [5]. It can process sequential, textual, and contextual
data to predict consumer responses with high accuracy.
These capabilities help marketers improve targeting, in‐
crease customer engagement, and raise conversion rates.

The growing complexity of consumer behavior and the
explosion of multi-channel data call for more sophisticated
analytical tools than traditional ones [6]. Deep learning can
identify hidden patterns and provide highly accurate, real-
time insights for personalized marketing. The novelty of this

paper lies in combining several deep learning architectures
in one framework to analyze consumer response in multi-
channel data. The framework also integrates behavioral,
contextual, and textual information to achieve more precise
and complete personalization.

II. Literature Review
The application of deep learning to personalized marketing
has received considerable attention because of its potential
to model complex consumer behavior and improve deci‐
sion-making  [7], [8]. Early methods relied on traditional
machine learning (ML) techniques such as logistic regres‐
sion and decision trees, which required manual feature engi‐
neering and often failed to detect nonlinear relationships in
customer data. With the development of deep learning, se‐
quential user behavior has become a popular subject of
study using models such as long short-term memory
(LSTM) networks [9].

Convolutional neural networks (CNNs), widely used in
image processing, have also been applied to extract latent
features from structured and semi-structured marketing
data [10], [11]. These models are especially useful for find‐
ing latent patterns in customer interaction datasets.
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Fig. 1. Proposed framework, from data collection and preprocessing through the LSTM, CNN, and Transformer (BERT) models to feature fusion and con‐
sumer response prediction.

Transformer-based architectures such as Bidirectional En‐
coder Representations from Transformers (BERT) have
transformed natural language processing tasks in marketing
by enabling sentiment analysis, opinion mining, and contex‐
tual understanding of customer feedback in reviews and on
social media platforms  [12]. Recent research has investi‐
gated reinforcement learning methods for dynamic recom‐
mendation systems, in which models continuously adapt
marketing strategies in response to real-time user interac‐
tions [13]. Generative models such as generative adversarial
networks (GANs) and variational autoencoders (VAEs) have
also been used to simulate consumer behavior and to create
synthetic training datasets  [14]. Most current research,
however, focuses on single deep learning models or single-
channel data, which cannot capture consumer behavior as
a whole.

III. Methodology
The study used a heterogeneous dataset composed of cus‐
tomer demographics, transaction history, browsing behav‐
ior, and textual data from social media and reviews. Data
preprocessing involved handling missing values, normaliza‐
tion, categorical encoding, and sequence generation for
time-dependent behavioral data. Embedding methods
were used to convert textual inputs into dense vector
representations that preserve semantic context. Fig. 1 shows
the proposed framework.

The methodology uses three complementary deep learn‐
ing architectures. LSTM networks capture temporal depen‐
dencies in sequential user interactions and thereby model
changing consumer preferences, CNNs extract features from
structured data, and a Transformer (BERT) model provides
contextual understanding of textual data. The models
were trained independently and then combined
through an ensemble strategy to improve stability and
predictive performance.

Consumer response prediction is formulated as a binary
classification task that estimates the probability of user en‐
gagement or conversion. The prediction function is

where  is the predicted response,  is the input feature vec‐
tor built from multi-source data,  is the learned weight
matrix,  is the bias term, and  is the sigmoid activation
function. The model was optimized with binary cross-
entropy loss and trained by backpropagation with gradient
descent. Accuracy, precision, recall, and F1-score were used
as performance metrics to provide a complete evaluation of
predictive capability.

IV. Results and Analysis
The empirical analysis shows that deep learning models are
effective in forecasting consumer reactions and improving
personalized marketing outcomes. The key evaluation
metrics used to determine how well these models predict
consumer responses are presented in Table 1.

Table 1. Comparison of Model Performance

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)

LSTM 91.2 89.5 90.3 89.9
CNN 88.7 87.2 86.5 86.8
Transformer 93.5 92.1 91.8 91.9

The Transformer model performed best on all measures,
which may reflect its ability to model contextual dependen‐
cies. Table  2 compares traditional ML and deep
learning methods in predicting consumer engagement
measures, namely the click-through rate (CTR) and the
conversion rate.

(1)
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Table 2. Prediction of Consumer Engagement

Metric Traditional ML Deep learning

Click-through rate (CTR) 0.62 0.81
Conversion rate 0.48 0.74

Deep learning models outperformed conventional ML
models in predicting consumer engagement. The improve‐
ment in CTR and conversion rate suggests better targeting
and personalization. Table 3 and Fig. 2 give projected busi‐
ness outcomes estimated by the authors for personalized
marketing driven by deep learning, namely customer reten‐
tion, revenue growth, and customer satisfaction. These val‐
ues were not measured in the experiments reported here;
they suggest that such personalization could improve cus‐
tomer retention, revenue, and customer satisfaction.

The results in Tables 1 and 2 indicate that the deep learn‐
ing methods had an advantage over traditional approaches
in these experiments. The Transformer model was the most
effective, which the authors attribute to its ability to learn
context, and the LSTM also performed well on sequential
behavior. Integrating these models may yield a scalable
personalized marketing system, although the combined
ensemble was not evaluated separately in these experiments.

Fig. 2. Projected business outcomes of personalization estimated by the au‐
thors.

V. Conclusion and Future Scope
This work suggests that deep learning methods can support
personalized marketing and consumer response analysis be‐
cause they capture complex, multi-dimensional patterns of
behavior. In the reported experiments, the deep learning
models, particularly the Transformer, outperformed tradi‐
tional ML methods in predicting click-through and conver‐
sion rates. Integrating sequential (LSTM), feature extraction
(CNN), and contextual (Transformer) models may provide a
basis for precise and scalable personalization. Multi-source
(behavioral and textual) data may further improve predictive
capability; the business gains in Table 3 are projections esti‐
mated by the authors and remain to be validated.

Table 3. Projected Business Outcomes of Personalization Esti‐
mated by the Authors

Factor Improvement (%)

Customer retention 35
Revenue growth 28
Customer satisfaction 40

Despite these promising results, some issues remain.
Model interpretability is still low, and marketers cannot
fully understand the decision processes. Data privacy was
not examined in this study. Future studies could develop ex‐

plainable AI models to make marketing decisions more
transparent.
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