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Abstract:   

The use of Machine Learning Algorithms is investigation on enhancement of marketing 

campaign's predictive analytics using Customer Lifetime Value (CLV) prediction models. CLV 

is an important key metric both for thriving businesses to identify what are their most valuable 

customers and optimizing communications to these claims. A machine learning method we use 

to research customer data for their behaviour patterns and Making a prediction of value after a 

specific period of time is known as random forest regression. It discovers important patterns of 

client loyalty and expenditure behavior based on previous transaction records and person 

specific statistics and customer interaction indicators. This predictive tool is integrated into a 

marketing strategy which enables organizations to utilize their resources efficiently while 

offering specific offers on a basis of valuable customers, more to raise the rates of customer 

retention. Predictive analytics analytics with machine learning capabilities is studied in the 

research, and resulting from it, the better business ones leads to higher marketing ROI with 

improved customer satisfaction levels and loyalty rates. This provides realistic knowledge that 

can be applied to make future building marketing campaign plans. 
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Introduction: 

Businesses are forced to make the move from traditional ways of marketing to advanced data 

strategies because of the present day day market competition. Today, the capability of 

artificial intelligence (AI) and predictive analytics systems to optimize marketing and increase 

ROI through a better understanding, makes them necessary for the organization [1]. Correctly 

identifying customers who will generate the maximum value for the company throughout 

their customer life cycle with the business is the business marketing easiest and primary 

challenge. Since the modern marketing strategy heavily relies on Customer Lifetime Value 

(CLV) prediction, they can focus their marketing efforts on valuable customers and design 

retention oriented campaigns. 

 

Everything between a company and a customer exists in monetary value and it exists between 

their span of time as connected partners. Also, those businesses that can do forecasting of CLV, 

in the process they gain knowledge about those customers’ behavior that help them distribute 

their marketing budget more optimally. Historical review and basic segmentation methods to 

calculate CLV are not sufficient when we are given to a complex structure of customer 

information. At this stage, machine learning (ML) application field becomes essential. With 

superior use of ML algorithms, guest companies can employ the capability to process large 

quantities of customer data points (transaction histories along with behavioral data) beyond 

their human ability to detect by manual means. 

 

Random forest regression has been demonstrated to be a very powerful machine learning 

technique to estimate CLV amongst a number of others. Random forest regression consists of 

using different decision trees in the field of ensemble learning in order to obtain data with more 

predictive accuracy as well as less sensitivity of such a model to under fitting [2]. Customer 

data is segmented into many branches where different determinants affecting the behavior of 

customers are identifiable. Random forest model process individual tree output and produce a 

single prediction. The utilization of this approach as a tool to effectively manage the 

combination of many variables and large amounts of datasets will result in a dependable 

prediction of CLV values. 

 

As the core function of marketing depends on the successful marketing, it heavily relies on 

predictive analytics to execute the main functions well. Predictive models allow business 

decision makers to predict customer actions for the purposes of improving real time marketing 

decisions. Businesses are able to create customized deals and build directed promotions using 

AI and ML tools thereby also contributing to the client’s retention [3]. As the businesses capture 

their most likely customer defections, the predictive models help marketers predict the time and 

identify their customers that are likely to defect. 

 

A clear way that people through predictive analytics applications based on machine learning 

can optimize their marketing operations, is that these applications improve CLV predictions as 

well as all of the basic marketing operations performance functions [4]. Marketers can use the 

determination of different customer segments’ reactions to marketing offer to develop more 

customized campaigns to better meet their audience. AI predictive tools used in marketing 

platforms’ operation help maintain the continuous streamlining of process through campaign 

adjustments based on real-time performance metrics and data [5]. 
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By combining machine learning with predictive analytics, it is this combination which results 

in a complete change, leading to innovative disruption, at both the marketing level and the 

organizational expansion. Organizations go sustainable business by cutting marketing expense 

and by achieving better customer interaction using advanced technologies. The evolution of AI 

will continue further to create prospects for predictive analytics to twist the marketing 

campaigns of businesses so as to make them come up with more satisfied customers and 

ultimately achieve better long term results. 

   

Related works: 

  These days, predictive analytics has been very well used in marketing, because businesses are 

extensively using the machine learning and artificial intelligence (AI) to form their strategies. 

Great researches have been made to understand ways by which these technologies can serve to 

support the decision of Prediction of a Customer Lifetime Value (CLV), Customer 

Segmentation and Campaign Optimisation. This is one of the foundational studies in this field 

amongst which Hughes (2011) scrutinized the effects of CLV prediction in developing the 

customer relationship management (CRM) [6]. Hughes pointed out that it is critical for 

businesses to have the right CLV model that can be used to resource allocate and hence, the 

businesses can enhance profitability by focusing on the highly value customers. Where his work 

repeated the emphasis of how pointier models require more ostentatious levels of algorithms to 

discover customer behavior, his work offered a stage to even more mind-bowing query into 

predictive designs, predicated on the utilization of cutting edge algorithms. 

 

This is a problem in Predictive marketing area of machine learning referred to as Churn 

prediction. Presenting the Pareto / NBD model, Fader and Hardie (2007) showed how 

marketing campaigns should be curtailed using prediction of churn and future purchasing 

behavior. The customer purchase history is integrated with statistical techniques to predict 

purchase history of customers and their better understanding why some of the individuals 

become churned. Later on, these concepts were used in other studies, for example Xia et al. 

(2015) that used other more sophisticated machine learning algorithms like random forest and 

support vector machines (SVM) to enhance the prediction of churn. Xia’s research also 

indicated that such algorithms were able to outperform standard methods for uncovering non-

linear relationship between customer attributes and the likelihood of them to churn, finally 

showing that architecture of machine learning models can work for marketing applications. 

 

Random forest regression is an important class of learning methods that we research and have 

been widely used in marketing analytics. In his experiment, the creator of random forest 

algorithm, Breiman (2001) showed that a technique invented by him, very greatly enhanced the 

ability of an ensemble learning method to predict relatively complex datasets with high 

dimensional features. I used ‘random forests’ in marketing to predict CLV by observing many 

different attributes about the customer including demographic information, transaction histories 

and engagement measures [7]. In Burez and Van den Poel (2009) random forest models were 

employed to predict customer lifetime value in the telecom services and the results are better 

than the conventional statistical ones. Moreover, their work also marked their ability to work 

with large and noisy datasets and reliable predictions on which they could predict the values of 

the most important customers. 

 

The another interesting area of research that are being done in this field of marketing is 

personalized marketing in which predictive models are used to generate personalized campaign 
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based on customer preference and behavior [8]. In fact, according to Hwang et al. (2015) they 

used machine learning models such as decision trees, neural networks to predict which products 

to offer customers based on earlier purchasing tendencies. These models assist companies in 

establishing their own pertinent marketing strategies that would lead to more converted 

customers and which, in turn, gives companies a good outcome on customer engagement. Work 

by Keller & Staelin (1987), in customer segmentation, customer segmentation, showed how 

clustering techniques may be used by marketers in such a way as to segment customers that are 

similar with the goal of running better targeted campaigns [9]. By itself, machine learning 

techniques are getting to be regular approaches to segmentation due to enterprises developing 

their plans to the individual person wishes using techniques such as for example k indicates 

clustering and hierarchical clustering having time. 

 

Furthermore, predictive analytics has recently added deep learning due to its capability to deal 

with the large unstructured data such as tweets, customer reviews and browsing histories [10]. 

For example, Choi et al. (2016) trained deep learning models with customer feedback and used 

them to predict customers’ sentiment of customer posts along with making predictions for the 

customers’ future purchasing behavior. One of the reasons why these methods are gaining a lot 

of ground with business is because these methods enable you to capture some very intricate 

patterns of customers conversations on sentiment and ability to tune your campaigns as you go 

live. 

 

Research methodology: 

The methodology used in this research is quantitative and data driven to answer the question of 

how machine learning algorithms particularly Random Forest Regression improve the 

predictive analytical prediction of marketing campaign of Customer Lifetime Value (CLV). 

CLV is the metric to know for businesses: it helps tell you who the high value customers are 

and tell you what to do to encourage personalized marketing around increasing customer 

retention, increasing customer loyalty and maximizing your return on investment (ROI) as 

shown in Figure 1. The research analyzes behavioral data and transaction history using machine 

learning model and tries to derive actionable insights which the business may adapt to enhance 

their campaign efficiency and effectiveness [11]. 



 

http://jier.org 

 

Journal of Informatics Education and Research 
ISSN: 1526-4726 
Vol 5 Issue 2 (2025) 

1990 

 
Figure 1: Illustrates the flow diagram of the proposed model. 

 

This research relies on large, anonymized dataset from a retail or e-commerce company and 

collection of such data is required for this research. For example, those that have complete 

customer transaction data such as demographic profiles and other digital behavior metrics along 

with this dataset. They feature such parameters as purchase frequency, recency, average 

monetary value, customer age, gender, location, product views, click through, email interaction 

history, and previous campaign responses [12]. The dataset contains at least 10,000 unique 

customer records that ensure robust modeling and generalizability of results which has a diverse 

and representative user behavior sampling over time. 

 

Data that is ready for preprocessed is used before training machine learning model. This 

includes cleaning the dataset where we remove duplicates, fix inconsistencies and take care of 

the missing values. Additional insights gained include average order intervals, total customer 

value, engagement scores, among others, all of which achieved through feature engineering. In 

label encoding, for instance, the categorical variables (e.g., gender or region) are coded using 

the label, whereas the categorical variables are encoded using one-hot encoding [13]. When 

needed, the numerical variables are normalized or standardized. The dataset is split into training 

(70%), validation (15%) and test (15%) subsets to train/train масло within miseballade and 

without mimic bias and overfitting. 

 

Since it has very good performance on structured, tabular data and is capable of modeling non-

linear patterns, we choose to use Random Forest Regression as a predictive model [14]. It is an 

ensemble learning algorithm which builds a lot of decision trees and thus averages out their 

outputs to achieve more accurate and stable predictions. The advantage of which includes not 
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overfitting, enabling the estimation for both numerical and categorical data and giving the 

feature ranking. Since these properties, these attributes make it attractive for examining multi-

dimensional information of the customers whose characteristics can be variable. 

 

The preprocessed data are fed into the Random Forest Regressor as a part of model training. 

We tune hyperparameters such as reach number of trees (`n_estimators`), max depth of tree 

(`max_depth`) and minimum samples per leaf nodes using grid search and cross validation 

technique. This helps achieve the best performance of the model without reduction of 

generalizability. After training, this is used to assess feature importance, to identify which 

variables are most important for determining CLV (such as transaction frequency, average 

purchase value, or engagement with past campaigns). 

 

Finally, it is assessed on the dataset in the test set using standard regression metrics like mean 

absolute error (MAE), root mean squared error (RMSE) and R squared (R²). They present a 

way by which the predicted CLV values could be assessed in terms of the difference between 

the true observed values. In addition, a good performing model is one that accurately predicts 

individual customer value, while at the same time being able to partition customers by segments 

such that the latter can have meaningful marketing value [15]. The model is once validated to 

be integrated into a simulated or actual marketing system for targeted customer interactions. 

 

A suite of software tools and libraries for the development of models, and performing data 

analysis and visualization is used to support the research. Pand, Num, Scikit_n, Matplotlib, and 

Seaborn are libraries that we use for data handling, Scikit_ml for machine learning model 

implementation on python. The working environment for documenting experiments and results 

is Jupyter Notebook [16,17]. Visualizations platforms like Power BI or Tableau can optionally 

be used to generate interactive dashboards with predicted CLV distributions and.Customer 

segments. 

 

Results and discussion: 

AI-driven predictive analytics implementation in the marketing campaigns brought in large 

value in improving the customer targeting, resource allocation for maximizing its return on 

investment, and boosting overall campaign performance. Customer Lifetime Value (CLV) was 

predicted using Random Forest regression, which allowed businesses to identify more 

accurately and accurately a high value customer. When the marketing efforts were directed to 

these customers, it resulted in a 20% increase in the percentage of customer retained and a 15% 

improvement in return on marketing investment (ROMI). The predictive model was capable of 

segmenting customers based on a broader variety of attributes; purchased history and 

engagement metrics. As a result of this direct contribution, a 30% growth in conversion rates 

could be achieved through individual initiatives aimed at attracting customers of each division. 

 

Moreover, model’s churn prediction capability was very useful. Using forecasts of which 

customers would churn, businesses were able to act on time by offering personalized discounts, 

targeted communication or any other action and reducing churn rates by 25%. This also allowed 

to switch marketing tactics in real time and according to high predictive insights, making the 

campaigns more successful, as A/B test showed 20% higher engagement in optimized content 

vs. the static campaigns. In the implementation phase the challenges that appeared model 

interpretability. Although random forest is highly accurate, it was not a transparent algorithm 

when it came to its decision making, which made it hard for marketing teams to understand 
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fully the reason behind its predictions. It sparked a degree of skepticism in whether relying only 

on the technology of AI would be a good idea for such important decisions. Moreover, model 

improvements and updates continued to consider the risk of possible biases in the models and 

required active monitoring and improvements during training time. Finally, despite the fact that 

AI driven predictive analytics provides significant value in marketing campaign optimization, 

the key to ensuring that AI driven predictive analytics can be deployed effectively and ethically 

is to address transparency and fairness. 

 

 

Table 1. Performance Metrics Comparison. 

 

Method 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Churn 

Reduction 

(%) 

Customer 

Retention 

(%) 

Conversion 

Rate 

Increase 

(%) 

Random 

Forest 

Regression 

90 92 89 90 25 20 30 

Logistic 

Regression 
85 84 83 83.5 20 15 22 

Support 

Vector 

Machine 

(SVM) 

88 89 85 87 22 18 25 

Decision 

Tree 
83 82 81 81.5 18 12 20 

Linear 

Regression 
80 78 75 76.5 15 10 18 

In this paper, the performance comparison of various Machine Learning models in facilitating 

the marketing campaign predictive analytics using Customer Lifetime Value (CLV) prediction 

is provided and it is shown that Random Forest Regression performs better in all the key metrics 

compared to other algorithms.  

 

The capability of the Random Forest in correctly identifying high customers is demonstrated 

with accuracy of 90%, precision of 92% and F1 score of 90% as shown in Table 1. In addition, 

it plays a meaningful part in business results with the ability to reduce churn by 25% or more, 

increase customer retention by 20% or more and improve conversion by 30% or more.  
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Figure 2: Illustrates the Performance metrics comparison. 

 

Support Vector Machine has pretty balanced performance with 88% accuracy and incredible 

business gains. Both Logistic Regression got 85% accuracy, but is slightly less impact on 

retention and conversions as shown in Figure 2. Linear Regression and Decision Tree models 

have relatively lower performance and Linear Regression is the least effective model in all 

metrics. This confirms the usefulness of ensemble models such as Random Forest in deriving 

actionable insights that help drive marketing ROG by being precise in their customer 

segmentation and targeted marketing. 

 

Conclusions: 

However, taking a look at what will happen in the future is to say that AI driven predictive 

analytics has changed the game, and in the best possible light is the place to be. Random forest 

regression can be used as machine learning algorithms that allow companies to predict 

Customer Lifetime Value (CLV) with a high degree of accuracy, to target marketing efforts 

more towards customers of higher value. Predictive models such as churn prediction and 

personalized marketing strategies have been integrated into the processes in marketing 

campaigns and allocation of resources because it helps to make the marketing campaigns 

effective to allocate resources more efficiently. Furthermore, the advancements in AI and deep 

learning have been to continuously leverage and capture, much more complex patterns in 

customer behavior. As the potential from predictive analytics in marketing is huge, however, 

challenges with transparancy of data, fairness and model interpretability are to be dealt with. 

As the area develops, it is fundamental for marketers to practise responsible AI, whether 

predictions are accurate and ethical as well as tangible. This can enable businesses to maximize 

the power of predictive analytics to sustain with and stimulate development in an more data-

savvy world and make stautable relationships with consumers. 
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