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1. Introduction 

Marketing strategies are an integral component for every company that helps them remain competitive, increases 

their market share, and engages customers. The present era is digital where the world operates in an ever-

changing environment that poses many challenges. Traditional marketing strategies do not always help to cater 

to customer requirements; hence, businesses have found intelligent solutions through artificial intelligence and 

machine learning in order to better understand customers and adopt sound marketing strategies [14]. 
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The main aim of the study is centered on the application of AI models aimed at improving marketing strategies; 

namely, collaborative filtering and machine learning [4] [6]. The use of the collaborative filtering approach as 

part of recommendation systems implies the analysis of interactions between the customers and products, 

resulting in personalized suggestions for each individual client [8] [13] [15]. At the same time, the 

implementation of machine learning models provides more detailed insights into the preferences of customers, 

allowing for a more targeted approach to marketing strategy [17] [20]. The overall objective of the current 

research project is to highlight the potential of the two aforementioned models in terms of their application in 

improving marketing strategies. 

The significance of this research lies in its ability to combine conventional marketing practices with AI-driven 

marketing tactics [9]. By employing collaborative filtering in conjunction with machine learning algorithms, 

businesses will be able to improve their effectiveness and level of personalization, ensuring the satisfaction of 

customers, increased conversion rate, and improved visibility on the market [7] [19]. The objective of this 

research is to make an important contribution to the existing academic literature on the subject, sharing relevant 

insights that could be useful for making decisions regarding business operations on the market. 

Objectives: 

1. To explore the possibility of improving personalized marketing by utilizing collaborative filtering and 

machine learning techniques. 

2. To examine the comparative effectiveness of decision tree, SVM, and neural network techniques in 

optimizing the results of marketing. 

3. The paper identifies the necessity of making real-time adjustments in marketing and identifies 

reinforcement learning as a potential future direction for achieving these adjustments. 

There are many important sections in this paper. First, in this Section I, it will find out what the issues with 

traditional marketing are and how AI-powered solutions, namely collaborative filtering, and machine learning 

are brought to bear on these problems. Section II addresses current marketing approaches and the role AI can 

play in developing these approaches further. Section III provides details on the CF and ML approaches, like data 

collecting, engineering of features, and models implementation. Section IV presents the findings with a 

comparison of different models' (decision trees, SVM, and neural networks) performance. Conclusion of this 

paper with its implications and future perspectives is provided in Section V. 

2. Literature Review  

Marketing Strategies and the Role of Machine Learning 

The role of artificial intelligence and machine learning in marketing approaches has become significant. In 

conventional marketing, approaches were carried out in a generic way, focusing on demographics and behavioral 

aspects of customers. However, the emergence of artificial intelligence has brought a new perspective into 

marketing practices, leading to a focus on data-driven and customized marketing approaches. It becomes 

essential to understand that machine learning plays a critical role in this paradigm shift by analyzing large 

volumes of data, recognizing patterns, and making accurate forecasts about customer behavior. For example, 

artificial intelligence models assist marketers in customizing their propositions, identifying the correct segment 

of customers, maximizing marketing efforts, and boosting customer interaction [2]. Moreover, reinforcement 

learning and neural networks are increasingly being used for optimizing marketing approaches [3]. 

Collaborative Filtering in Marketing 

The Collaborative Filtering method is one of the widely used techniques in the recommendation system, 

particularly in marketing. The technique works by analyzing historical data and predicting user preference based 

on similar users' behavior. There are two kinds of Collaborative Filtering methods; the first is called User-Based 

Collaborative Filtering, while the other is known as Item-Based Collaborative Filtering. The user-based filtering 

approach suggests products that are popular among similar users, while the item-based filtering approach 

suggests what users who have interacted with similar products have interacted with. In marketing, CF can be 

utilized to deliver personalized product recommendations, leading to greater conversion rates and customer 
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satisfaction [1] [5]. Deep learning models integrated with CF have shown great promise in improving the 

accuracy and relevance of these recommendations by identifying more complex patterns in consumer behavior 

[13]. 

Gaps in Current Research and the Aim of This Study 

Even though a lot of research has been carried out on the application of machine learning and collaborative 

filtering in improving marketing, there are still many areas that are unexplored. This involves the incorporation 

of more sophisticated AI techniques like reinforcement learning alongside collaborative filtering, to enhance the 

personalization model further. Also, there are no studies that investigate the adaptation of these models in a real-

time fashion, accounting for the changing consumer preferences, which is very important in fast-moving 

marketing environments. In this paper, it proposes to address these gaps by combining collaborative filtering 

with machine learning techniques, while noting that the integration of reinforcement learning remains a 

prospective area for future development. 

3. Methodology  

Collaborative Filtering and Machine Learning Techniques 

Collaborative filtering (CF) is a widely used technique in recommendation systems, leveraging historical user-

item interaction data to predict user preferences. Both user-based and item-based collaborative filtering are used 

in this study.  

 
  Figure 1: Hybrid Collaborative Filtering and Machine Learning Workflow 

User-based CF offers users recommendations for items that they have liked, based on other users with similar 

preferences. In contrast to item-based CF, item-based CF recommends items similar to those that a user has 

interacted with previously. By integrating collaborative filtering and machine learning models, it can make good 

use of CF for personalization and machine learning models for classification and complex pattern recognition. In 

this study, machine learning models such as decision trees (DT), support vector machines (SVM), and neural 

networks (NN) are used. In addition to these models, the non-linearities and more complex data relationships 

can be handled by these models, which help to improve recommendation accuracy. 
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The collaborative filtering and machine learning models are combined with the hybrid methodology, as it is 

graphically depicted in Figure 1. It discusses the important steps like data collection, data preprocessing, feature 

engineering, developing the model (Decision Tree, SVM, and Neural network), and evaluating the model 

performance. In the final phase, the outputs from both models are combined to derive customized marketing 

recommendations, further optimizing customer engagement, segmentation, and the effectiveness of marketing 

campaigns. 

Data Collection Process and Features Considered 

The data used for this research comes from the e-commerce website and includes logs of interaction between 

the users, which consist of their browsing patterns, their rating, and buying activities. In this research, user 

features, item features, and interaction features have been considered; the user features are demographic in 

nature such as age, gender, and location; the item features include the type of the item, the brand, and the pricing 

of the item; whereas, interaction features are the frequency of interactions, rating, and time spent on item pages. 

Machine Learning Models 

To improve the recommendation system, three machine learning models are used in the study. Segmentation of 

users is done using decision trees (DT). The tree is constructed by recursively partitioning the data so as to reduce 

impurity (such as the Gini index or entropy). Support Vector Machines (SVM) are used for user classification into 

different categories according to preferences and purchase probability of certain products. The SVM model is 

based on the idea of separating the points in the feature space by a hyperplane. Finally, more complex 

relationships between users and products are captured using neural networks (NN). They are well-suited to large 

data sets and non-linear relationships and are able to make more accurate predictions for personalized 

recommendations. 

Mathematical Description 

1. Collaborative Filtering (User-Based) 

The predicted rating 𝑅̂𝑖𝑗 For user 𝑖 and item 𝑗 was computed as the weighted sum of the ratings of the similar 

users: 

𝑅̂𝑖𝑗 =
∑ 𝑤𝑖𝑘𝑘∈𝒩(𝑖) 𝑅𝑘𝑗

∑ ∣𝑘∈𝒩(𝑖) 𝑤𝑖𝑘 ∣
(1) 

Where: 

• 𝑤𝑖𝑘is the similarity between user 𝑖and user 𝑘,  

• 𝑅𝑘𝑗is the rating given by user 𝑘to item 𝑗,  

• 𝒩(𝑖)is the set of users similar to user 𝑖.  

The equation (1) basically takes an average of the ratings of users similar to the user to be rated, scaling the 

average by the similarity between the user to be rated and the similar users. 

2. Collaborative Filtering (Item-Based) 

In the item-based CF, 𝑅̂𝑖𝑗 is the predicted rating that is obtained by taking into account similarity between items 

and the ratings from similar users: 

𝑅̂𝑖𝑗 =
∑ 𝑤𝑗𝑘𝑘∈𝒩(𝑗)

𝑅𝑖𝑘

∑ ∣𝑘∈𝒩(𝑗) 𝑤𝑗𝑘 ∣
(2) 

Where: 

• 𝑤𝑗𝑘is the similarity between item 𝑗and item 𝑘,  

• 𝑅𝑖𝑘is the rating given by user 𝑖to item 𝑘,  

• 𝒩(𝑗)is the set of items similar to item 𝑗.  

Equation (2) uses the similarity between items to compute the predicted rating for item 𝑗by user 𝑖. 
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3. Machine Learning Models  

• Decision Trees (DT): Decision trees are recursive partitioning of the data based on feature values that 

are used to make branches that predict the outcomes. The splitting criterion at node 𝑚is defined as the reduction 

in Gini impurity achieved by a candidate split 𝑠. The impurity decrease is calculated as equation 3: 

𝛥𝑖(𝑠, 𝑚) = 𝑖(𝑚) − 𝑃𝐿𝑖(𝑚𝐿) − 𝑃𝑅𝑖(𝑚𝑅) (3) 

where 𝑖(𝑚)represents the Gini impurity of the parent node, 𝑖(𝑚𝐿)and 𝑖(𝑚𝑅)denote the impurities of the left and 

right child nodes, and 𝑃𝐿and 𝑃𝑅correspond to the proportions of samples assigned to each child node. The 

optimal split 𝑠is selected by maximizing the reduction in impurity. 

• Support Vector Machines (SVM):  

The purpose of the SVM is to determine a hyperplane which has the largest possible margin between the classes 

in the feature space. The classification function in equation 4: 

𝑓(𝑥) = sign(𝑤 ⋅ 𝑥 + 𝑏) (4) 

Where: 

• 𝑤is the weight vector,  

• 𝑥is the input feature vector,  

• 𝑏is the bias term.  

• Neural Networks (NN):  

The output of neural network is computed via forward propagation, with weights and biases taken at every layer 

in equation 5: 

𝑦 = 𝜎(𝑊 ⋅ 𝑥 + 𝑏) (5) 

Where: 

• 𝜎is the activation function (e.g., ReLU or sigmoid),  

• 𝑊is the weight matrix,  

• 𝑥is the input vector,  

• 𝑏is the bias term. 

Algorithm: Hybrid Collaborative Filtering and Machine Learning for Personalized Marketing

 

Step 1: Collaborative Filtering (CF) 

• Calculate the similarity between users (user-based CF) or items (item-based CF).  

• Predict ratings based on the weighted sum of similar users' or items' ratings.  

Step 2: Machine Learning Models (ML) 

• Train a decision tree model for user segmentation.  

• Train an SVM model to classify users based on preferences.  

• Train a neural network to model complex relationships between users and items.  

Step 3: Hybrid Model 

• Combine predictions from CF and ML models using a weighted sum to generate final recommendations.  

 

Pseudocode: 

# Step 1: Collaborative Filtering 

for each user i: 

    find top-N similar users/items 
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    for each item j: 

        𝑝𝑟𝑒𝑑𝑖𝑐𝑡 𝑟𝑎𝑡𝑖𝑛𝑔 =  𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑_𝑠𝑢𝑚(𝑠𝑖𝑚𝑖𝑙𝑎𝑟_𝑢𝑠𝑒𝑟𝑠/𝑖𝑡𝑒𝑚𝑠) 

# Step 2: Train Machine Learning Models 

# Decision Tree for user segmentation 

𝑚𝑜𝑑𝑒𝑙_𝐷𝑇. 𝑓𝑖𝑡(𝑋_𝑢𝑠𝑒𝑟_𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 𝑦_𝑙𝑎𝑏𝑒𝑙𝑠) 

# SVM for user classification 

𝑚𝑜𝑑𝑒𝑙_𝑆𝑉𝑀. 𝑓𝑖𝑡(X_user_features, y_labels) 

# Neural Network for user-item prediction 

model_NN. fit(X_user_item_features, y_labels) 

# Step 3: Combine CF and ML predictions 

for each user-item pair: 

    cf_prediction =  collaborative_filtering_predict(user, item) 

    ml_prediction =  machine_learning_predict(user, item) 

    final_prediction =  alpha ∗  cf_prediction + (1 −  alpha)  ∗  ml_prediction 

    final_predictions. 𝑎𝑝𝑝𝑒𝑛d(final_prediction) 

 

The algorithm combines Collaborative Filtering and Machine Learning algorithms for personalized marketing 

suggestions. During the CF step, it computes similarity between the user and the item, and predicts the ratings 

based on the similarities. The ML models consist of a decision tree used for user segmentation, an SVM used for 

preferences-based classification, and a neural network used for the representation of complex relationships 

between users and items. Finally, the predictions of CF and ML are fused with a weighted sum to come up with 

the final recommendation. 

4. Results and Discussion  

Software Details 

To implement this study, the main programming language is python 3.7+ software. The machine learning models 

such as decision trees, support vector machine (SVM) and neural networks were developed using scikit-learn 

and TensorFlow/Keras. Data manipulation and feature extraction were performed using pandas and 

visualization of performance results and comparison were done using matplotlib and seaborn. The traditional 

evaluation criteria used to evaluate machine learning algorithms, including accuracy, precision, and recall, were 

considered during the training and testing process. 

Dataset Details 

The data used here is collected from the web service of an e-commerce portal and includes the data about user-

item interactions made historically. The dataset comprises a total of 500,000 user-item interactions, having user 

demographic details (age, gender, location), item attributes (item category, brand name, and price), and 

interaction attributes (purchase history, rating, and views). It helped train the machine learning model with all 

the details about users and items. 

Parameter Initialization 

The following Table 1 shows the initial values of the parameters set for each model used in the study: 

 

  Table 1: Model Parameter Initialization 

Model Parameter Value 

Decision Trees (DT) Max Depth 10 
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Min Samples Split 5  

Criterion Gini index 

Support Vector Machines (SVM) Kernel Linear  
C (Regularization) 1  

Gamma Scale 

Neural Networks (NN) Layers 3  
Neurons per Layer 64  
Activation Function ReLU  

Optimizer Adam  
Loss Function Binary Cross-Entropy 

The parameters that were considered while training the machine learning algorithms are shown in Table 1. It 

represents the parameters for Decision Tree (DT), Support Vector Machine (SVM), and Neural Network (NN). 

These parameters have been selected to ensure that the model works effectively, but without overfitting or 

underfitting. Some important parameters for each of the algorithms have been listed below: Depth of the Decision 

Trees, Kernel Parameters of SVM, Regularization Parameter of SVM, Architecture of Neural Network, 

Optimization of Neural Network. 

Performance Evaluation 

Each model was compared based on the following parameters: 

Accuracy: The percentage of the model that is right.  

Precision: Number of true positives over number of predicted positives.  

Recall: The proportion of actual positives that are correctly predicted.  

Table 2 below shows the performance of each model: 

  Table 2: Model Performance Comparison 

Model Accuracy Precision Recall 

Collaborative Filtering (CF) 0.82 0.79 0.75 

Decision Tree (DT) 0.85 0.83 0.80 

Support Vector Machine (SVM) 0.88 0.85 0.83 

Neural Network (NN) 0.90 0.88 0.85 

Table 2 shows the performance measures (accuracy, precision and recall) of each of the models used in the study 

Collaborative Filtering (CF), Decision Tree (DT), Support Vector Machine (SVM) and Neural Network (NN). The 

metrics are used to assess the models' effectiveness in predicting user preferences and behavior. The results 

indicate that the Neural Networks (NN) model outperforms the other models in terms of accuracy, precision, and 

recall, indicating that it has the advantage of making personalized recommendations. 

Figure 2 shows a visual comparison between the performance of three different models- Collaborative Filtering, 

Decision Tree, SVM, and Neural Network on three key metrics namely accuracy, precision and recall. Figure 2 

shows that Neural Networks have the best performance on all the metrics while SVM and Decision Trees have 

the next best performance. Although the Collaborative Filtering model is effective, the results showed that it had 

a lower performance compared to the machine learning models. 
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  Figure 2: Performance Comparison of Models 

Comparison of Performance and Practical Implications 

The results reveals that the accuracy, precision and recall of the Neural Networks (NN) are higher than the other 

models, accuracy score is 90%, precision score is 85% and recall score is 85%, this means that NN is capable of 

providing more accurate and relevant suggestions. SVM is second in line with 88% accuracy, making it a good 

option for categorizing users on the basis of their preferences. The Decision Tree model also showed good results 

with an accuracy of 85% and also offers interpretability which could be useful for marketing strategies as it 

helped to know the segments of customers. 

However, Collaborative Filtering (CF) had a somewhat worse performance on all the metrics, though it was 

widely used. It means that CF has a strong predicting power for preferences but it does not have as good a power 

to describe the relationship between user behavior and product characteristics as machine learning models, 

which can be more complex and non-linear. 

NNs can become particularly useful in implementing marketing policies through real-time personalization of 

advice and targeting the most profitable consumers, due to their ability to adapt quickly to changes in consumer 

behavior based on processing huge volumes of data. SVM is a suitable model for segmentation and classification 

problems, for instance, to identify high-value customer segments for targeted promotions [12]. When used for 

structured decision-making processes, Decision Trees can help to develop a rule-based marketing strategy which 

can be easily communicated to the stakeholders. 

Impact on Real-World Marketing Campaigns 

Personalized marketing campaigns have important implications due to the results obtained by the machine 

learning models [16]. Enterprise can match the correct personal tastes and behavior of the user and optimize the 

marketing efforts, giving the correct product suggestions to the user [10]. This results in better conversion rates, 

more satisfied customers, and better customer retention. Moreover, by segmenting users into different groups, 

businesses can better customize their marketing messages and deliver them to the appropriate audience at the 

right time. 

Moreover, future research could include reinforcement learning to create a more dynamic adaptability in the 

marketing system, better targeting of customers, and personalized incentives to maximize sales [11] [18]. 
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5. Conclusion 

The collaborative filtering (CF) and machine learning (ML) models combined to improve marketing strategies 

have been demonstrated in this study. The results demonstrate the superior predictive power of the neural 

network model, showing a high level of accuracy, 90%, and recall of 85%, leading to accurate and customized 

recommendations. Other classification algorithms, such as support vector machine (SVM) and decision tree (DT), 

also demonstrated great effectiveness, mainly in segmenting and classifying users. Such models could be 

employed by companies to devise more effective marketing campaigns, as a result of which they may experience 

increased engagement, conversion rates, and customer satisfaction. The conclusion that could be drawn from the 

analysis is that the AI instruments and techniques could successfully supplement the traditional marketing 

practices and improve the execution of marketing campaigns. The research has certain limitations, though. The 

most critical is that it was conducted on the basis of a single data set on e-commerce and might not cover all 

possible marketing cases. Another point is that the potential use of reinforcement learning in future research was 

mentioned, but not analyzed within this particular study. For future research, it would be helpful to consider 

additional marketing environments to cover a broader range of application fields, as well as reinforcement 

learning to enable timely adjustment of the marketing approaches. Moreover, dynamic feedback from these 

systems in real-world markets can be considered as an additional input variable. Moreover, expansion of 

collaborative filtering into other types of artificial intelligence, such as generative adversarial networks (GAN), 

could serve as an interesting field for further study. 
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