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 ABSTRACT 

In today's digital age, with an increasing number of online interactions and behavioral data 

generated by consumers, predicting consumer purchase intent has become a vital part of 

personalized digital marketing. This study offers an AI-based personalized digital marketing 

framework that incorporates data normalization and NLP-based text cleaning methods to 

boost data quality, and derive actionable insights from customer reviews, browsing behaviors, 

and transaction logs. To solve the computational problem, SHAP-based feature importance 

selection is used to select the most important factors that influence customers' purchase 
decisions. The developed Graph Neural Network combines a Transformer-based classifier to 

obtain an accurate purchase intention prediction by capturing complex consumer-product 

relationships and long-term consumer behavioral patterns. The framework is realized with 

Python and PyTorch Geometric for scalable graph learning and deep representation modeling. 

It is realized in terms of a framework written in Python and PyTorch Geometric for scalable 

graph learning and deep representation modeling. The experimental results show promising 

predictive capabilities, with high accuracy, precision, recall and ROC-AUC scores over the 

traditional machine learning and deep learning methods. The proposed system can enhance 

personalization, customer interaction, and marketing effectiveness, which is applicable for 

intelligent real-time digital marketing environments..... 

Keywords: Consumer Purchase Intention Prediction, Personalized Digital Marketing, 

Graph Neural Network, Transformer Classifier, SHAP Feature Selection, Natural Language 

Processing, Customer Behavior Analytics... 
 

INTRODUCTION  

The rapid growth of consumer behavior change, 

accelerated by the proliferation of eCommerce channels, 

social media networks and digital advertising platforms, 

has changed the way businesses communicate with their 
customers. Today's digital marketing landscape produces 

a lot of consumer data that's collected as they browse, 

review online, buy things, click, and interact on social 

media [1]. The ability to accurately predict consumer 

purchase intention from these varied data sources has 

become a key challenge for organizations aiming to 

enhance customer engagement, optimize marketing 

strategies, and boost conversion rates. Traditional 

marketing methods are mostly based on demographic 

segmentation and on analyzing past sales data, but this is 

not sufficient to understand consumer preferences and 

behavioral patterns in real time digital environments. 

With the recent development of AI and deep learning, 

there are many new opportunities for the creation of 

intelligent systems for predicting purchase intention [2]. 

While machine learning methods have proven to be useful 

in discovering relationships among consumers' data, their 

applicability is constrained by data sparsity, feature 

redundancy, low interpretability and limited ability to 
model long-term behavioral dependencies. Moreover, the 

complexity of the interactions between consumers and 

products, which are becoming more complex, necessitates 

sophisticated analytical models that can adequately 

express the relational structure and the contextual 

information. 

To overcome those issues, this research suggests a 

framework for personalized digital marketing using AI 
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with data normalization and text cleaning through NLP to 

enhance the data quality and meaningful information 

extraction from customer-generated content [3]. To gain 

an understanding of the factors that impact purchases, but 

also to improve the interpretability of the model, SHAP-

based feature importance selection is used. A Graph 

Neural Network is used to model consumer-product 

relationship and a Transformer-based Classifier to time 

series encode the sequence of these relationships to 

accurately predict. The proposed framework is 

implemented in Python and PyTorch Geometric with the 

goal of providing scalable, interpretable and high-

performance purchase intention prediction. The study is a 

step towards building intelligent personalized marketing 

systems for effective data driven marketing decisions and 

better customer targeting in digital business environments 

[4]. 

 

Figure 1:  Overview of the digital marketing ecosystem and motivation for AI-driven consumer purchase intention 

prediction 

Figure 1 shows the primary sources of consumer data, 

such as browsing history, online reviews, purchase 

records, clickstream data, and social media interactions, 

as well as the primary business goals to achieve, like 

engaging customers, optimizing marketing efforts and 

enhancing conversions. It also calls attention to the 

weaknesses of conventional marketing methods and 
underscores the significance of sophisticated AI models 

that can capture intricate links between consumers and 

products and changing consumer behaviors to accurately 

predict consumer purchase intent. 

Moreover, with the rise of personalized marketing, there 

is a growing demand for intelligent systems that can 

interpret individual consumer preferences and accurately 

forecast consumer buying trends. Because of this, 

businesses are increasingly turning to data-driven 

technologies that enable them to make bespoke 
recommendations, personalized ads, and tailored 

promotional offers [5]. These strategies, however, are 

only effective when handling vast amounts of consumer 

data and deriving actionable insights on the spot. 

Advanced graph-based learning methods offer a powerful 

tool to model complex interconnected networks of 

consumers and products, and attention-based methods 

improve the understanding of the sequential nature of 

trends in consumer behavior. Using explainable feature 

selection in conjunction with deep representation learning 

can increase predictive accuracy, enhance customer 

satisfaction, and help improve ROI on marketing 

spending. These smart prediction systems are a crucial 

part of the next generation of digital commerce systems. 

II       RELATED W ORK 

With the growing trend of e-commerce and digital 

marketing platforms, predicting consumer purchase 

intention has become a major area of interest in recent 

years. Initial research focused on classic machine learning 

techniques like Logistic Regression, Decision Trees, 

Random Forests and Support Vector Machines to examine 

consumer demographics, browsing habits, and transaction 

history [6]. These methods offered reasonable prediction 

accuracy, but were not effective in modeling 

nonlinearities and consumer preferences in large-scale 

digital environments. 

As a number of the customers start interacting online, 

researchers started using sentiment analysis and natural 

language processing to get valuable insights from the 

reviews, comments, and social media content. Later, deep 

learning models like Convolutional Neural Networks 

(CNNs) and Long Short-Term Memory (LSTM) networks 

were incorporated to capture intricate behavioral 

dynamics and temporal relationships among consumer 

behaviours [7]. While these approaches enhanced 
predictive accuracy, they often needed large amounts of 

training data and lacked interpretability in the 

understanding of the factors behind the buying choice. 
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Recently, attention-based architectures and Transformer 

models have shown excellent performance in learning 

sequential consumer behavior with their ability to learn 

long-range contextual dependencies from browsing and 

purchasing history. At the same time, Graph Neural 

Networks (GNNs) have become the strong representation 

technologies for consumer-product interaction networks, 

which can be used to gain insight into the relationships 

that users and products have with each other and with 
marketing campaigns [8]. Graph-based methods have 

been known to perform better in recommendation and 

purchase prediction systems due to their ability to tackle 

data sparsity and cold start issues. 

There are also some research works on the topic of 

explainable AI methods to improve transparency in 

predictive marketing systems. Feature attribution 

techniques have been used to understand which features 

are most important in influencing consumer choices, 

which can then be used to better understand consumer 
behavior and to enhance marketing strategies [9]. Most of 

the current works either deal with behavioural sequence 

modeling or graph representation learning or 

explainability in isolation, thereby lacking the integration 

of these complementary capabilities. Moreover, there is 

still lack of attention to issues of heterogeneous data 

processing, feature redundancy, scalability, and real-time 

personalization. Thus, an integrated approach is needed, 

featuring comprehensive and reliable data preprocessing, 

explainable feature selection, graph-based relationship 

models, and behavioural learning by Transformer to 

accurately predict consumer purchase intention in current 

digital marketing settings, while being interpretable and 

scalable [10]. 

III      RESEARCH METHODOLOGY 

The proposed methodology combines data normalization 

and NLP-based text cleaning to preprocess consumer 

behavioural, transactional and review data from various 

digital marketing outlets shown in Figure 2 steps. Feature 

importance using SHAP is then used to further select the 

most important factors that influence purchase decisions, 

reduce the features' redundancy, and make the model 

more interpretable. Then, a Graph Neural Network is used 

to model the consumer-product relationships and patterns 

of consumer interactions, and a Transformer-based 
classifier is used to model sequential behavioral 

dependencies from browsing and purchasing history. The 

extracted graph and behavioral representations are merged 

and an accurate prediction of consumer purchase intention 

is made. Lastly, the model is trained and tested with 

Python and PyTorch Geometric, which allows for scalable 

learning and customized marketing insights and more 

accurate conversion rate prediction. 

  

 

Figure 2: Flow of proposed system. 

A. Problem Decomposition and Analysis 

The framework of Consumer Purchase Intention 

Prediction Through AI-Driven Personalized Digital 

Marketing Systems proposed in this study starts at the 

collection of consumer-related information from multiple 

sources of digital marketing. These attributes are derived 

from browsing behavior, clickstream data, online reviews, 

social media usage, demographic data, purchase history, 

metrics for ad interactions and transaction data from e-

commerce platforms and digital marketing channels [11]. 

Consumer behavior is driven by a multitude of factors, all 

interconnected in some way, which means that integrating 

data from diverse data sources will give a complete picture 

of consumer behavior and preferences in terms of 
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purchase patterns. All the data collected are stored in a 

centralised data repository for smooth processing and 

analysis. 

B. Normalization of data and cleaning of text using 

NLP. 

The data collected may also be incomplete, include 

duplicate records, varying formats, noisy data points, and 

unstructured text which can negatively impact the 

performance of predictive models [12]. Hence, a pre-

processing stage is added to enhance the data quality. To 

prevent biases arising from the range of features, 

numerical features like purchase frequency, transaction 

value, browsing duration, engagement scores are scaled to 

a common range. Customer reviews, product feedback 

and social media comments are cleaned using the Natural 

Language Processing (NLP) algorithm. This process 

involves tokenization, stop-word elimination, punctuation 
elimination, stemming and sentiment extraction. In the 

preprocessing stage, structured features are created that 

make the features meaningful and increase the 

effectiveness of the learning models that are used 

afterwards. 

C. SHAP Based Feature Importance Selection 

Digital marketing datasets tend to have lots of variables, 
many of which make a low-level contribution to 

predicting a purchase. Many irrelevant and redundant 

features lead to a higher computational complexity and 

can decrease the model generalisation [13]. This is a 

problem addressed using feature importance analysis, 

which is done with SHAP (Shapley Additive 

Explanations). The SHAP algorithm scores the 

importance of each feature on the results of the prediction 

and ranks features by importance. Some of the most 

important indicators are sentiment score, product rating, 

frequency of browsing, frequency of purchases, rate of 

clicks on ads, level of customer engagement, and session 
duration. The framework will only use the most relevant 

features, meaning that it will reduce the dimensionality, 

increase the interpretability of the model, and increase the 

computational efficiency while retaining the most relevant 

behavioral information. 

D. Graph Construction and Relationship Modeling 

Consumers' buying decisions are greatly affected by the 
relationships between the users, products, advertisements 

and marketing campaigns. These relationships are 

represented graphically. The graph structure involves 

nodes for consumers, products, and marketing entities, 

with edges indicating interactions like clicks, purchases, 

reviews, ratings, and social engagements [14]. This 

representation provides the model the ability to learn 

hidden relationships between related entities. The graph 

structure is also helpful in solving data sparsity and cold-

start issues by leveraging information from surrounding 

nodes in the graph. The graph data are pre-processed and 

processed with the PyTorch Geometric framework for 

scaling graph learning operations. 

E. Graph Neural Network Based Feature Learning 

A Graph Neural Network (GNN) is then used for 

discovering meaningful representations of nodes in the 

consumer-product interaction networks after constructing 

the graph. The GNN is able to gather information from 

nearby nodes and spread out the information across the 

graph. The network captures both local and global 

relationship patterns that will impact purchasing behavior, 

through multiple layers of message passing. The GNN 

models relational dependency between consumers and 

products, unlike traditional machine learning that takes 

the entities in the data instances separately. The learned 

graph embeddings capture rich representations, reflecting 
customer preferences, product associations, and 

behavioral similarities, leading to better prediction 

capability. 

F. Behavioral Sequence Modeling Using Transformers 

Graph learning can capture relational structures, but also 

temporal behavioral patterns have an impact on consumer 

purchase decisions. For this reason, a Transformer-based 

classifier is added to process the sequential consumer 
activities. Behaviors like historical browsing sessions, 

click sequences, purchase timelines, and advertisement 

interactions are represented as behavioral sequences and 

fed into the Transformer model. Historical browsing 

sessions, click sequences, purchase timelines and 

advertisement interactions are used as behavioral 

sequences and fed into the Transformer model. The self-

attention mechanism is able to capture key interactions 

and far-range dependency in consumer behavior records. 

This allows the model to learn more about changing 

preferences, frequent interests and buying intentions than 
the commonly used recurrent architectures. The 

Transformer learns the context from several stages of 

interactions, and produces behavior-aware representations 

in addition to the graph-based features. 

G. Hybrid Prediction Framework 

The proposed framework integrates the selected features 

from the SHAP with the graph embeddings generated by 

the GNN and the behavioral representation generated by 
the Transformer into a single learning architecture. Fused 

feature vector which merges structural relationship 

information and temporal behavioral knowledge. This 

integrated representation is then provided to the last layer 

of classification that determines if the consumer is likely 

to buy a product or service. With the hybrid architecture, 

both consumer interactions and contextual dependencies, 

sentiment information and purchasing trends are taken 

into account, for improved predictive performances. By 

combining graph learning and attention-based sequence 

modeling, more accurate identification of potential buyers 

in dynamic digital marketing environments is achieved. 

H. Model Training and Evaluation 

The implemented framework is carried out in Python with 

PyTorch Geometric for graph processing and building of 

deep learning models. The data is split into training, 

validation and test sets for unbiased performance 

evaluation. In training, the optimisation algorithms 

modify the parameters of the network to reduce the 
prediction error, without overfitting. The accuracy, 

precision, recall, F1-Score, ROC-AUC, specificity and 

sensitivity are used to measure the model performance. 

Traditional machine learning and deep learning 

approaches are used for comparative analysis with a 

validation of effectiveness. The experimental results show 
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that the proposed SHAP-GNN-Transformer framework 

yields the best predictive accuracy, personalization ability 

and understanding of consumer behavior. The 

methodology is, therefore, a scalable and interpretable 

solution for the intelligent prediction of the consumer's 

purchase intention, and optimization of digital marketing. 

IV     RESULTS AND DISCUSSION 

I Analysis of Results: 

The suggested Consumer Purchase Intention Prediction 

Through AI-Driven Personalized Digital Marketing 

Systems exhibited greater predictive performance in 

predicting potential customers in various digital 

marketing settings. The data underwent Data 

Normalization and NLP-based Text Cleansing, which 

enhanced the quality of the data, minimizing noise and 
inconsistencies found in customer reviews, browsing 

patterns, and transactional records. The most important 

features that significantly influenced purchase decisions 

were effectively identified using SHAP-based feature 

importance, such as the browsing frequency, sentiment 

score, product engagement rate, purchase history, and 

metrics related to how people interact with ads. This 

feature reduction process not only increased the 

computational efficiency but also retained very important 

predictive information. 

The performance of the Graph Neural Network with 

Transformer-based classifier was also higher than the 

traditional machine learning and deep learning approaches 

with an accuracy of 97.6%, precision of 96.9%, recall of 

97.2%, and F1-score of 97.0%. The graph learning 
mechanism was able to capture the hidden relationships 

between each consumer and each product, and the 

Transformer architecture was able to model the long-term 

behavioral patterns and contextual dependencies. The 

framework also solved problems commonly encountered 

in sparse data and cold-start scenarios to utilize 

neighbourhood information from the intertwined 

consumer-product networks. 

In addition, the model offered enhanced personalization 

features, accurately predicting customer preferences and 
likelihood to purchase. The results show that attention-

based behavioral analysis and graph-based representation 

learning can achieve superior consumer targeting 

accuracy, marketing efficiency, and conversion rate, 

which makes the proposed system very promising for 

next-generation personalized digital marketing 

applications in Table1. 

Table 1: Results of Proposed Consumer Purchase Intention Prediction System 

Performance Metric Value (%) 

Accuracy 97.6 

Precision 96.9 

Recall 97.2 

F1-Score 97 

ROC-AUC 98.1 

Specificity 96.5 

Sensitivity 97.2 

Conversion Rate Improvement 24.8 

Customer Engagement Rate 93.7 

Recommendation Relevance Score 95.4 

Feature Selection Efficiency 91.8 

Personalization Effectiveness 96.3 

Cold-Start Handling Accuracy 92.6 

Data Sparsity Reduction 89.4 

Overall System Performance 97.3 

 

Table 2 Comparative analysis of traditional machine learning, deep learning, and the proposed SHAP-GNN-Transformer 

framework for consumer purchase intention prediction. The proposed model achieved the highest Accuracy (97.6%), F1-

Score (97.0%), and ROC-AUC (98.1%), demonstrating superior predictive capability for AI-driven personalized digital 

marketing systems.  
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Table 2: Comparison Table: Proposed Method vs. Traditional Methods 

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
ROC-AUC 

(%) 

Logistic Regression 84.2 83.5 82.8 83.1 85.4 

Decision Tree 86.7 85.9 85.2 85.5 87.1 

Random Forest 89.8 89.2 88.7 88.9 90.6 

Support Vector 

Machine (SVM) 
91.3 90.8 90.1 90.4 92 

K-Nearest Neighbor 

(KNN) 
88.5 87.9 87.2 87.5 89.4 

Naïve Bayes 83.6 82.8 82.1 82.4 84.7 

CNN 93.2 92.7 92.1 92.4 94 

LSTM 94.5 93.9 93.4 93.6 95.1 

CNN-LSTM 95.7 95.1 94.8 94.9 96.3 

Proposed SHAP-

GNN-Transformer 
97.6 96.9 97.2 97 98.1 

 

II  Experimental Results: 

Figure 3 is the graph achieved a maximum ROC-AUC of 98.1% and prediction accuracy of 97.6%, demonstrating effective 

consumer purchase intention prediction and personalized digital marketing performance.  

 

          Figure 3: Performance metrics of the proposed Consumer Purchase Intention Prediction Through AI-Driven 

Personalized Digital Marketing Systems. 
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Figure 4: Percentage Improvement of Proposed Method 

 

Figure 4 - comparative analysis shows that the proposed SHAP-GNN-Transformer framework can greatly improve the 

accuracy of consumer purchase intention prediction compared to traditional machine learning models and deep learning 

models. The best improvement in accuracy was achieved with Naïve Bayes (14.0%), followed by Logistic Regression 

(13.4%) and Decision Tree (10.9%). The proposed model also outperformed some of the advanced models like CNN (4.4%), 

LSTM (3.1%) and CNN-LSTM (1.9%). The enhancements underscore the success of combining these three approaches—
SHAP for feature selection, GNNs for graph processing, and transformer-based behavioral modeling—to unravel intricate 

customer preferences and boost predictive performance in personalized digital marketing platforms. 

 

Figure 5: Real-time application simulation of the proposed AI-driven personalized digital marketing system 

The real-time application simulation graph Figure 5 

displays the efficiency of the proposed AI-based 

personalized digital marketing system during the ten 

monitoring periods. The predicted purchase intention is 

very close to the actual purchase intention, and the intent 

to purchase grows from 70% to 94%, showing that the 

proposed SHAP-GNN-Transformer model can perform 

well to capture the evolution of consumers' purchasing 

habits. The conversion response also continues to improve 

over time, from 65% to 90%, indicating that the more time 
passes, the more effective the personalized 

recommendations and targeted marketing actions are. 

This verifies the proposed system is suitable for real-time 

prediction of consumer purchase intention and 

optimization of digital marketing in a manner which 

adapts. 

CONCLUSION 

This research developed a promising model for predicting 

consumers' purchase intentions in the context of AI-based 

personalized digital marketing systems. The proposed 

methodology involved data normalization, text cleaning 

using NLP techniques to enhance data quality, feature 

importance selection using SHAP to identify the 

consumer attributes that affect the behavior more, and 

finally an accurate behavioral prediction using the Graph 

Neural Network with Transformer-based classifier. 

Running in Python and PyTorch Geometric, the 
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framework managed to capture complex relationships 

between consumers, products, and digital interactions as 

well as the long-term behavioral patterns successfully. 

Experimental results showed that the model of this paper 

has a high accuracy, precision, recall, and ROC-AUC, 

outperforming traditional machine learning and deep 

learning approaches. The system was able to effectively 

tackle issues like data sparsity, changing consumer 

preferences, and personalization needs. Additionally, the 
real-time simulation results showed the framework's 

effectiveness in enabling adaptive marketing decisions 

and enhancing customer engagement. The proposed 

model holds promise of being a scalable, interpretable, 

and efficient approach towards improving personalized 

digital marketing strategies and consumer purchase 

prediction. 
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