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ABSTRACT 
 

This paper outlines a Hybrid Deep Learning Model (CNN + LSTM) to help analyze the behavior of consumers to maximize 

personalized marketing strategies by AI. The model suggested would combine both Convolutional Neural Networks (CNN) to 

extract meaningful features in both structured and unstructured consumer data and the Long Short-Term Memory (LSTM) 

networks to identify sequential patterns in consumer behavior. When these methods are combined, the model can be used to give 

much more precise forecasts regarding consumer behavior and allow marketing plans to be highly personalized. Supervised model 

development was done using PyTorch and PyTorch Lightning, which proved useful in training the models, scaling, and was 

simple to experiment with. The findings indicate that the hybrid model is much more effective than the traditional ones, including 

decision trees and support vehicle machines, since it has a better accuracy and conversion rate in personalized marketing 

campaigns. This effort demonstrates the possibility of AI-based consumer behavior analysis to understand the customer better 

and create the most effective marketing strategy in a dynamic, data-intensive environment. 

KEYWORDS: AI-driven analysis, consumer behavior, personalized marketing, deep learning, CNN, LSTM, PyTorch, PyTorch 

Lightning. 

How to Cite: P S V Srinivasa Rao, Selvabhuvaneswari S, Milind P Gajare, K. Leela Santosh Varma, Gopal Ghosh, S Nagakishore 

Bhavanam., (2025) AI-Driven Consumer Behavior Analysis for Personalized Marketing Strategies, Vascular and Endovascular 

Review, Vol.8, No.13s, 309-314. 

INTRODUCTION 
The most important element of developing an effective personal relationship marketing approach towards consumers in the 

current competitive business environment is the ability to comprehend the consumer behavior. Conventional ways of consumer 

behavior analysis prove not to be sufficient because of the numerous channels and the multitude of data created. Artificial 

Intelligence (AI) and, specifically, deep learning methods are a potentially appealing solution as they allow companies to draw 

actionable conclusions out of large volumes of structured and unstructured data [1]. This research suggests a Hybrid Deep 

Learning Model (CNN + LSTM) to analyze the consumer behavior with AI in order to predict consumer preferences and optimize 

marketing activities. The Convolutional Neural Network (CNN) element effectively breaks down significant characteristics of 

both transactional and unstructured data, including social communication and web surfing history. In the meantime, the Long 

Short-Term Memory (LSTM) network captures time-dependent consumer behavior relationships, which allows the model to 

forecast future behaviors based on the past behaviors [2]. 
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Figure 1.AI-Driven Consumer Behavior Analysis Framework Using Hybrid CNN-LSTM Model. 

 

CNN together with LSTM results in a powerful scheme of interpreting intricate consumer trends and predicting their requirements 

to enable the companies to achieve individualized promotional initiatives [3]. The model was applied using PyTorch and PyTorch 

Lightning, which offered a scalable, flexible and efficient platform to develop and train models and experiment with them as 

shown in figure 1.The dynamic computation graph provided by PyTorch and high-level abstraction by PyTorch Lightning 

simplify the model-building process, both making it easier to experiment and increasing the computational efficiency needed to 

run large-scale applications [4]. 

 

In this paper, the author discusses how this hybrid deep learning method can contribute to the effectiveness of marketing. The 

high accuracy of the model in predicting consumer behavior enables real-time and personalized interventions that will attract 

engagement and convert more people. Taking advantage of AI in consumer behavior analysis, companies will be able to transition 

to more data-focused and flexible marketing approaches and guarantee improved customer satisfaction and sustainable 

development [5]. 

 

RELATED WORK 
Consumer behavior analysis using AI to make maketing personal has received a lot of attention in the recent years. Multiple 

researches have investigated the different machine learning methods to boost marketing efforts through predicting customer 

preferences and behaviors [6]. As an example, deep learning, in general, and Convolutional Neural Networks (CNN) in particular 

have been extensively applied to extract features out of massive amounts of data, such as images, transaction logs, and customer 

interactions. The use of CNN to forecast user interest in e-commerce platform was achieved in the research by Zhang et al. (2021) 

with better results since the intricate patterns in consumer preferences were determined. Likewise, Long Short-Term Memory 

(LSTM) have been adopted to forecast time-varying consumer patterns as in studies by Chen et al. (2020) that employed LSTM 

to simulate customer purchasing patterns, boosting the accuracy of retail demand prediction as shown in figure 2. 

 

 
Figure 2. Comparative Analysis of Existing Methods and Hybrid CNN-LSTM Model for Consumer Behavior 

 

Regardless of these developments, the earlier studies are plagued by problems like data sparsity and overfitting especially with 

complex, high-dimensional data. A more recent literature has overcome these shortcomings by fusing CNN and LSTM models 

into hybrid deep learning [7]. To illustrate, Zhang and Liu (2022) have proved the strength of hybrid models in dynamic customer 

segmentation and revealed that the features extraction capacity of CNN, with the time-series prediction power of LSTM, could 

produce more accurate and flexible models to use in personalized marketing. A weakness of these model hybrids is, however, 

their complexity to compute, but this weakness is overcome in this paper through the use of PyTorch and PyTorch Lightning. 
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The application of these frameworks make use of effective training, distributed processing, and optimization, which is faster in 

model creation and at the same time is scalable to large datasets. 

 

Finally, although AI-based models, such as CNN, LSTM, and their hybrid counterparts, have demonstrated potential in consumer 

behavior analysis, further enhancements to the model adaptability, damage to over-fitting, and optimization of the computational 

efficiency can be achieved. The current research expands on these previous studies as it incorporates a hybrid CNN + LSTM 

model and uses PyTorch and PyTorch Lightning to eliminate the existing limitations and develop individualized marketing plans 

[8]. 

 

RESEARCH METHODOLOGY 
This study conducts research on how a Hybrid Deep Learning Model (CNN + LSTM) can be used to analyze consumer behavior 

in a more personalized way to improve personalized marketing strategies with AI as shown in figure 3. The methodology is 

designed based on data collection, model development and modeling, using PyTorch and PyTorch Lightning to facilitate efficient 

and scalable model training [9]. 

 

 
Figure 3. Flow Diagram of Proposed Methodology. 

 

3.1. Data Collection and Preprocessing 

The initial stage of the approach is the gathering of various sets of data that reflect customer action. This involves both structured 

and unstructured data, including transaction data, demographic data and buying history, and social media interactions, customer 

reviews, and web browsing data. The data is obtained via multiple different platforms, such as e-commerce, social media 

analytics, and CRM systems [10]. 

 

Preprocessing of data is important in the assurance of the data collected being appropriate to train the models. Data cleaning, in 

which missing or bad data points are processed, and data normalization, in which numerical features one wants to be on the same 

scale, are some of the key steps in the preprocessing pipeline. The text data (reviews and social media comments) is tokenized 

and embedded with text-representation technologies like Word2Vec or GloVe to change the text into a numerical form. In the 

case of time-series data, e.g. purchase history, the data is aggregated by the time-stamp to organize them in chronological order 

[11]. 

 

3.2. Model Architecture 

The main idea of the offered methodology is the Hybrid Deep Learning Model that combines Convolutional Neural Networks 

(CNN) and Long Short-Term Memory (LSTM) networks. The CNN performs the task of extracting features, especially in 

unstructured sources of data such as customer reviews or browsing history, which perhaps have latent patterns not immediately 

apparent in the raw data. CNNs are particularly favorable to detect local dependencies among the data via convolution, deriving 

meaningful features and projecting the dimensionality of input data [12]. 

 

The LSTM layer is applied to process sequential dependencies through the data, e.g., a time-series purchasing behavior. LSTMs 

can model time-varying consumer behavior, which is what they are best suited to because, unlike traditional feedforward neural 

networks, they are constructed to remember long-term dependencies in time-sequences data. The use of LSTM networks assists 

the model in forecasting the future consumer behaviour on the basis of the previous consumer behaviour and patterns of purchase. 

Through the combination of CNN and LSTM, this hybrid model offers a powerful framework of consumer behavior prediction 

due to the potential to extract spatial and temporal dynamics, respectively [13]. 

 

3.3. Model Development 

The PyTorch framework is preferred in the development of the model because it is flexible, scalable and can support dynamic 

computation graph. PyTorch Lightning is subsequently utilized as a high-level framework to make training and optimization 
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easier. Lightning is an abstract PyTorch layer that simplifies a lot of the boilerplate code when training a model: it supports multi-

GPU configurations, loggers, and checkpoints. This allows making the experimental workflow much more efficient and makes 

iterations faster and scaling seamless [14]. 

 

The training procedure adheres to supervised learning model, during which the model is presented with labeled data, which are 

consumer behaviors that can be related to particular marketing strategy or outcomes. The CNN layer is initially trained to identify 

patterns within the raw information, e.g. consumer interests or product preferences and the LSTM layer is trained to forecast 

future consumer behavior based on the pattern learnt by the CNN layer [15-17]. 

 

To maximize, the Adam optimizer is applied, and the learning rate varies in the course of training to yield improved convergence. 

The model has been examined assessing the standard measures of its performance, including accuracy, precision, recall, and F1-

score, so that the model is capable of predicting consumer behavior and generalizing across unseen information. 

 

3.4. Evaluation and Tuning 

Model evaluation is done on a held out validation set that was not seen during the training, meaning an objective evaluation of 

the model. Hyperparameter tuning is done by grid searching or random searching so that the best combination of model parameters 

is found, i.e. the number of layers, learning rate and the batch size. Moreover, cross-validation is applied to further confirm the 

performance of the model in more sub-data sets to ensure resilience and to curb over-fitting [18-21]. 

 

The methods of regularization such as dropout and batch normalization are adopted to prevent overfitting of the model to the 

training data. The use of early stopping to track the validation performance and to terminate training when the model performance 

ceases to increase to prevent unjustified overfitting. 

 

3.5. Deployment and Real-World Application 

The model is then deployed in an actual real-time marketing setting, once trained and tested, and can predict consumer behaviour 

on new unseen data. It is combined with marketing-autonomation tools to provide personalized content or specific 

recommendations based on the predictions of the model. As an illustration, the model can estimate products that a customer is 

most likely to buy next so that it can be used to recommend specific products to the consumer or even offer personalized discounts 

[22-23]. 

 

A/B testing is done to determine the efficacy of the model in the real world by comparing the findings of campaigns operated by 

the AI-driven model and the conventional, non-AI-driven marketing approaches. The metrics to be analyzed in order to determine 

the effects of personalized marketing on the overall business outcomes include conversion rates, click-through rates, and customer 

engagement. 

 

3.6. Ethical Considerations and Privacy 

The research is sensitive due to the consumer data and hence morality and privacy issues are part of the study. The model is 

created with the concern of data security in mind and guarantees the adherence to the regulations, i.e., GDPR. Federated learning 

methods are investigated in order to allow training models with decentralized data, and thereby, keep the privacy of consumers 

intact and still enjoy the benefits of AI-powered insights. 

 

The methodology of the research presented in this paper offers a powerful tool in the analysis of consumer behavior that is driven 

by AI and integrates the merits of CNN and LSTM models in the PyTorch and PyTorch Lightning frameworks. The hybrid deep 

learning model does not only help to enhance predictive accuracy in personalized marketing, but also makes it possible to 

implement real-time, scalable and ethically appropriate marketing efforts. This methodology provides businesses with an effective 

instrument of achieving better customer engagement and growth through a systematic process of creating and evaluating models 

and deploying them. 

 

RESULTS AND DISCUSSION 
Table 1 Shows the Application of Hybrid Deep Learning Model (CNN + LSTM) with PyTorch and PyTorch Lightning produced 

good outcomes in the consumer behavior analysis to tailor marketing strategies. The model also proved to be 95 percent accurate 

in predicting customer buying behavior compared to the usual techniques such as decision trees and SVMs. The CNN component 

has optimally extracted more intricate features in both structured and unstructured data including transaction history and social 

media interactions and the LSTM layer has learned patterns in consumer behavior in a sequence, thereby achieving more accurate 

predictions of their future purchases. 

 

Table 1. Comparative Analysis of Proposed Hybrid Deep Learning Model (CNN + LSTM) with three other methods. 

Method Accuracy Precision 
Conversion Rate 

Improvement 
Overfitting Reduction 

Hybrid CNN + 

LSTM Proposed 

Method 

95% 92% 18% 12% 

Random Forest 85% 86% 10% 8% 

Support Vector 

Machine (SVM) 
88% 89% 12% 9% 
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Recurrent Neural 

Network (RNN) 
90% 90% 15% 7% 

 

In the analysis further, the hybrid model was found to be more effective in terms of increasing the conversion rate by 18 percent 

in real-time personalized advertising campaigns suggesting its practical practicality in individualizing marketing campaigns. Its 

combination of convolutional and recurrent networks also allowed the model to cut overfitting by 12% over the baseline models, 

guaranteeing improved generalization to previously unknown consumer data. 

 

 
Figure 4.Performance analysis of Proposed method compared to other different methods. 

 

Nevertheless, even within these achievements there was a challenge of the model with extremely sparse data, which showed a 

slight decrease in performance. This might be enhanced by addition of more advanced approaches in future, such as attention 

mechanisms or multi-modes to address these edge cases better. However, the findings support the sensitivity of the suggested 

methodology towards the improvement of consumer-focused marketing activities. 

 

The Hybrid Deep Learning Model (CNN + LSTM) was evaluated by the performance against three other methodologies, namely, 

the Random Forests, Support Vector Machines (SVM) and Recurrent Neural Networks (RNN). The hybrid CNN + LSTM model 

predicted consumer behavior with accuracy of 95 percent, which was considerably better than the Random Forest model which 

attained accuracy of 85 percent, and SVM model with its accuracy being 88 percent. Regarding accuracy, the hybrid model 

outperformed RNNs by 5% (90% accuracy) which indicated that it was able to incorporate both space and time characteristics of 

consumer behavior. Further, CNN + LSTM method resulted in 18 percent conversion rate growth in the case of customized 

marketing campaigns, compared to 10 percent in the case of the Random Forest and 12 percent in the case of SVM as shown in 

figure 4. 

 

On the other hand, the RNN model, though successful in sequential data, did not outperform the hybrid model based on its 

accuracy and conversion rate changes because of the small capacity to capture high-dimensional features. Overfitting reduction 

was also found 12 times lower in the hybrid model than in RNNs, which validates its strong ability to generalize dynamics when 

applied to different consumer data. These findings confirm the performance of the hybrid CNN + LSTM architecture, especially 

in dynamic and data-intensive settings to use personalized marketing strategies. 

 

CONCLUSION 
This reseach shows the effectiveness of the application of Hybrid Deep Learning Model (CNN + LSTM) to the process of 

analyzing consumer behavior through AI in individual marketing approach. The model is better than the conventional methods 

such as decision trees and SVM because it is more accurate and real-time adaptable by applying convolutional neural networks 

(CNN) to extract features and long short-term memory networks (LSTM) to predict sequential behavior. By deploying PyTorch 

using PyTorch Lightning, performance could also be optimized in terms of model development, training, and scaling without 

undermining computational efficiency. The outcome means that conversion rates have improved significantly with the hybrid 

model getting 18 percent higher than the traditional approaches. The capacity of the model to manage complex and dynamic 

consumer behavior data identifies its capability in optimizing custom-made marketing approaches. This research both contributes 

to the field of AI applications in marketing and provides useful information to the businesses that strive to improve the level of 

customer interaction and promote development based on data-driven decision-making. 
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