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Abstract 
 

Delivering music, video, and media material online without depending on conventional cable or satellite providers is known as over-the-

top, or OTT. These services remove the need for pricey contracts and provide a more affordable option for content access. Through a 

website or app, users can register to watch movies, TV series, and on-demand content. Features like saved favorites, tailored suggestions, 

and access to unique material are frequently found on OTT platforms. Given how frequently consumers cancel their subscriptions, sub-

scriber churn is a major problem for OTT companies. Because it affects future revenue and service duration, it has a major impact on 

customer lifetime value. A churn prediction system is required to forecast client attrition to address this issue. Predictive modeling is a 

useful technique for churn prediction because of machine learning, which enables businesses to proactively handle customer attrition. This 

paper is the primary contribution to the partial churn definition. This uses machine learning to find commonalities between churners and 

active customers. Furthermore, the hybrid feature selection method identifies the most significant predictive elements in an actual dataset. 

Tests on the Kaggle churn modeling dataset show that the suggested framework outperforms other ma-machine learning models with an 

accuracy rate of 98%. 

 
Keywords: Customer Churn Prediction; Over-the-Top (OTT); Machine Learning; Missing Data; Feature Selection; Classification. 

1. Introduction 

The churn prediction model is a crucial tool for retaining customers in the OTT industry. Many large-scale OTT platforms face customer 

loss due to intense competition and subpar services [1], [2]. As a result, customers often switch to competitors offering better deals. To 

significantly reduce churn, Churn prediction models [3], [4] are used by OTT firms to determine which consumers are most likely to 

terminate their subscriptions. Once these at-risk customers are identified, the platform can approach them to address their concerns or offer 

better deals, encouraging them to stay. By implementing churn prediction systems [5], OTT companies increase their customer base and, 

in the long term, generate more revenue[6]. These models are trained using labeled datasets collected from various sources, such as CRM 

systems and customer feedback (both online and offline), and are ready for use in predicting customer churn. Customer churn, or the loss 

of valuable subscribers, can significantly impact the revenue and growth of OTT platforms[7], [8]. Therefore, predicting churn is essential 

to prevent potential subscriber loss while improving service quality and overall platform performance. As noted earlier, churn may not 

only result from service improvements but also from changes in customer preferences. Since subscribers are a critical factor for OTT 

platforms, the risk of them leaving poses a serious challenge to the platform’s growth and sustainability [9]. Customer churn in OTT 

platforms is not only a technical prediction problem but also deeply connected to human behaviour and economic decision-making. From 

a psychological standpoint, churn is often influenced by factors such as satisfaction, habit formation, and perceived value. Research in 

consumer psychology shows that users tend to discontinue subscriptions when they experience content fatigue. This is due to a lack of 

engagement or low emotional attachment to the platform. From the lens of subscription economics, OTT churn is linked to price sensitivity, 

contract flexibility, and multi-homing behaviour. Unlike telecom customers locked into contracts, OTT users enjoy the freedom of short-

term, cancel-anytime plans. This creates lower switching costs and makes churn more volatile. Studies on digital subscription markets also 

highlight the subscription fatigue phenomenon, where consumers manage multiple services simultaneously but cancel when monthly costs 

outweigh perceived benefits. By integrating insights from psychology and economics, it becomes clear that churn is not only about pre-

dicting technical disengagement but also about understanding user motivations and economic trade-offs. This interdisciplinary lens enriches 

the model by contextualizing why features such as viewing frequency, inactive days, and subscription length have strong predictive power 

in OTT churn. 

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
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1.1. Types of customer churn 

Voluntary and involuntary churn are the two main categories of customer attrition in the OTT sector. When a subscriber consciously ends 

their membership, this is known as voluntary churn. Involuntary churn, however, is typically caused by factors such as payment failures or 

unexpected technical issues. 

• Voluntary (Active) Churn 

When a subscriber consciously chooses to terminate their membership, this is known as voluntary churn, often due to poor service experi-

ence or a more appealing offer from a competitor. Tackling this type of churn involves understanding customer needs and continuously 

improving satisfaction to prevent cancellations [10], [11]. 

• Involuntary (Passive) Churn 

Involuntary churn, also known as delinquent churn, happens when a subscriber leaves without actively choosing to do so, often due to 

issues like payment failures or technical problems. While this type of churn is common, it is more easily prevented than voluntary churn, 

as it is typically caused by technical issues that can be resolved with the right tools and systems. 

Calculating the basic churn rate is straightforward: take the number of all customers at the start of a specific time period and divide it by 

the sum of all customers lost throughout that time period [12], [13]. 

 
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶ℎ𝑢𝑟𝑛𝑒𝑑 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠
                                                                                                                                                                           (1) 

 

However, this formula only provides a basic view of churn. To fully understand its impact on your business, you need to develop a more 

comprehensive model that takes various factors into account. 

Consequently, this paper presents a framework for predicting subscriber churn in the OTT industry [14]. Subscriber churn, defined as the 

percentage of users canceling their subscriptions within a given period, poses a significant revenue challenge for OTT platforms. To address 

this, platforms must invest in acquiring new subscribers to replace those who churn, making churn prediction essential for enhancing 

customer retention and ensuring long-term business sustainability. Our primary objective is to create an efficient framework for predicting 

subscriber churn in the OTT industry. This framework addresses the challenges and opportunities of churn prediction, emphasizing the 

role of machine learning [5], [15] in enhancing accuracy, operational efficiency, and subscriber satisfaction. It also underscores the critical 

need for effective retention strategies to achieve long-term success in the highly competitive and rapidly evolving digital entertainment 

market. This research can act as a foundation for future studies and provide a practical guide for OTT platforms seeking to minimize churn 

through AI-driven solutions. 

2. Literature review 

The authors thoroughly reviewed previous research and applications to have a better grasp of the issue and develop a practical solution. 

Agrawal et al. [16] conducted a literature review to address the issue of customer attrition by identifying gaps in existing solutions. An 

accuracy of 80.03% was attained by their multi-layer ANN model for churn prediction. 

For Syriatel, a telecom business, Ahmad et al. [17] created a technique to forecast client attrition. Their use of the XGBOOST method 

yielded good conclusions, with an AUC value of 93.30%. When tested on a new dataset covering a wide range of time periods, XGBOOST 

maintained its good performance with an AUC of 89%. The study also showed that churn prediction in the telecom industry is improved 

by adding Social Network Analysis components. Their study focuses more on machine learning methods for churn prediction in general, 

whereas ours only focuses on OTT subscriber churn. 

The potential of the Logistic Linear Model (LLM) as a classification tool for telecom customer attrition prediction was investigated by De 

Caigny et al. [18]. Their results demonstrate that LLM performed better than two ensemble methods, Random Forest (RF) and Logistic 

Model Tree (LMT), when compared to stand-alone techniques like Decision Tree (DT) and Logistic Regression (LR). The LLM enhances 

DT and LR in a clear and simple manner by fitting multiple logistic regressions to account for individual group characteristics and inte-

grating logistic regression results into decision tree leaves. 

In order to estimate customer turnover in the telecom industry, Huang et al. [19] presented a new feature set that included call details, 

account information, billing data, and other pertinent data. Their research primarily covers the use of consumer behavioral data to forecast 

churn in the financial industry and does not address methods for predicting subscriber attrition in the over-the-top (OTT) platform sector. 

Ullah et al. [20] developed a prediction model for a telecom corporation to enhance customer relationship management (CRM) and retain 

important customers. To identify the primary reasons for churn, they used machine learning techniques to examine consumer data. Using 

the Random Forest and J48 algorithms, the results demonstrated that their proposed model outperformed other approaches with an F-

measure of 88%. To better identify the churn risk for various client groups, Sung Won Kim et al. [21] employed retention plan recommen-

dations and cluster profiling. Although their study mostly focuses on churn prediction models and customer retention in the telecom sector, 

it gives less attention to subscriber attrition in the OTT platform sector.  

Tao et al. [22] explored the use of explainable AI in online games. They proposed a GXAI workflow using Multiview data and models. 

Four views were used: character, behavior, image, and social graph. Their system improved cheating detection and churn prediction. Real-

world tests showed good accuracy and clear explanations. 

Soumi De et al. [23] studied active learning for topic classification in churn prediction. They propose an entropy-based min-max similarity 

(E-MMSIM) query strategy. It selects samples that are both informative and diverse. Tests on customer messages show E-MMSIM im-

proves classifier performance—up to 5 % better when combined with structured data. 

Fan Wu et al. [24] analyze churn in cellular Internet card (IC) users using a massive dataset. They build user portraits and compare IC with 

traditional users. They propose ICCP—a churn prediction model extracting static and sequential features, using PCA and embedding/trans-

former layers feeding into an MLP classifier. Experiments confirm ICCP’s high effectiveness. Noman Ahmad et al. [25] examine customer 

personality analysis for churn prediction. They address class imbalance using CTGAN and SMOTE. They compare bagging, boosting, and 

stacking ensembles and propose the HSLR hybrid model—combining RF, XGB, AdaBoost, and LGBM with logistic regression meta-

classifier. SMOTE-based data achieves top performance. You‑Jung et al. [26] introduce a churn prediction model for the MMORPG Blade 

and Soul. They model player interactions as graphs, applying graph convolutional networks along with the correct and smooth label prop-

agation technique. Their GCN + C&S approach achieves superior accuracy (0.896), outperforming traditional methods. Usman et al. [27] 

propose a hybrid churn‑prediction model for streaming services. It combines LSTM + GRU for temporal user patterns with LightGBM, 

leveraging both sequential predictions and original features. They apply feature selection (Chi‑square and SFS) and use SHAP and EBM 
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for interpretable insights. The model achieves outstanding performance. Rongala  et al. [1, 28] review churn prediction in telecom using 

logistic regression, decision trees, random forests, SVM, and neural networks. They assess models via accuracy, precision, recall, F1‑score, 

and ROC. They report that Random Forest and SVM perform best. Finally, they suggest developing deep learning models and applying 

churn prediction in real time. Pravin et al.[29] Focus on churn prediction using H2O AutoML in the banking sector. Their framework uses 

stacked ensembles, GBM, and deep learning models. It achieves higher accuracy and lower error than individual models. This approach 

supports banks in retaining customers through better churn forecasting. The study by Surakanti [30] investigates the application of machine 

learning and deep learning models for customer churn prediction in the telecommunications industry. The research evaluates models such 

as Random Forest, Logistic Regression [10], AdaBoost, Gradient Boosting, and Deep Neural Networks (DNN) using the Kaggle Telecom 

Customer Churn dataset. The study emphasizes the importance of feature selection, data preprocessing, and class balancing in enhancing 

model performance. 

These OTT-specific studies indicate that churn in streaming platforms is driven by behavioral engagement and product or price dynamics 

rather than network factors typical of telecom. Accordingly, our work adopts OTT-appropriate features (viewing intensity, recent activity, 

subscription tenure without contract lock-in) and uses explainable models to support targeted retention interventions. 

3. Proposed work 

Several characteristics are necessary for analyzing subscriber turnover in OTT (over-the-top) services. These include: 

• User demographics: Demographic information such as the customer’s age, gender, and geographical location can sometimes be strong 

indicators of churn rates. 

• Usage patterns: To predict churn, we will look at data like which features are used, when, and how often, and for how long a certain 

user engages with the service. 

• Payment information: Consequently, if the user has been a paying customer, this billing or payment history is perfect for predicting 

churn if the user was using a free trial version or subscribed to the plan. 

• Content preferences: The user's interactions with the content, the type of content he views, and the ratings and reviews he submits can 

all be used to determine churn. 

• Customer support interactions: If a user is likely to churn, it will show up in their customer service tickets, complaints, and any other 

interactions. 

• Technical data: Some of the other important technical parameters that can help predict churn are details of the device on which the user 

uses the internet, the quality of the network being used, and so on. 

It should be noted, nevertheless, that not all of these traits might apply to any OTT service study or subscriber churn research. Thus, the 

specifics of the characteristic most significant might vary with service type, target demographic, or other churn determinants particular to 

the designated service. 

 

 
Fig. 1: Proposed Model Framework. 

3.1. Dataset 

The dataset used in this study was obtained from Kaggle’s “OTT Churn Prediction” repository, which contains 2000 user records with 16 

attributes. It consists of subscription duration, watch time, content preferences, demographic information, and payment details. These 

variables are highly relevant to OTT churn analysis. Here, directly reflect factors influencing voluntary and involuntary churn, such as 

engagement, content satisfaction, and subscription behaviour. 

The dataset is representative in the sense that it mimics real-world OTT user profiles, covering both demographic and behavioural attributes. 

However, there are also limitations: The dataset is relatively small (2000 entries) compared to the scale of commercial OTT platforms with 

millions of users. Some fields may be anonymized or synthetic, which can limit the ability to fully capture real subscription dynamics. The 

dataset reflects generalized OTT usage patterns but may not represent all regions, languages, or pricing models. The sample report of the 

dataset is shown in Table 1.  

 
Table 1: Sample Report of Dataset 

Attribute Name Description 

Age Age of the subscriber 

Number of days subscribed The number of days since the subscription 

Customer Id Id of the subscriber 
Phone Number Phone number of the subscriber 

Gender Gender of the subscriber 

Year Year of the subscription 
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3.2. Handling missing data 

3.2.1. Serial miss forest imputation model 

Suppose 𝑋 = (𝑋1, 𝑋2, . . . . , 𝑋𝑝) to be a 𝑛 × 𝑝 dimensional data. This model fills in the missing variables with Random Forest (RF), which 

has been commended for its regression capabilities. The RF technique incorporates an integrated procedure to handle missing values after 

training the first mean imputed dataset. The process compares the RF proximities to the frequency of values. Observed. To train it using 

this method, a complete response variable is needed. Instead, it directly anticipates the missing values using an RF trained on the observed 

portions of the dataset. Regarding the arbitrary variable 𝑋(𝑠) having entries that have missing values 𝑖miss(𝑠) ⊆ {1,2,...,n}. With this meth-

odology, the dataset will be divided into four sections: The value of the variable 𝑋(𝑠) that has been observed, represented by 𝑌𝑜𝑏𝑠(𝑠). 

Variables 𝑋(𝑠) with missing values, represented by 𝑌𝑚𝑖𝑠𝑠(𝑠). The variables 𝑋(𝑠) that do not have observations 𝑖obs(𝑠) = {1,2,...,n}/ imiss(𝑠) 

are represented by 𝑋𝑜𝑏𝑠(𝑠). 𝑥𝑚𝑖𝑠𝑠(𝑠) stands for the variables other than 𝑋′𝑠with observations 𝑖𝑚𝑖𝑠𝑠(𝑠). 𝑋𝑜𝑏𝑠(𝑠) isn’t fully viewed because 

of the index 𝑖obs(𝑠) corresponds to the observed values of the variable 𝑋(𝑠). Similarly, 𝑋miss(𝑠) is not missed fully. The first step is to use 

mean imputation or a similar imputation method to produce a starting estimation for the missing values 𝑋. Next, arrange the variables 𝑋(𝑠), 

𝑠 = (1, . . . , 𝑝) from least to greatest by sorting them by the number of missing values. Each variable 𝑋(𝑠), Fitting an RF with response 

𝑌𝑜𝑏𝑠(𝑠) is the initial step in imputing missing data. and predictors 𝑋𝑜𝑏𝑠(𝑠); then, predicting the missing values𝑌𝑚𝑖𝑠𝑠(𝑠) by applying the 

trained RF to 𝑋miss(𝑠). Until a stopping requirement is satisfied, the imputation process is repeated. The Miss Forest approach is represented 

by the algorithm's pseudo-code. 

 
Algorithm 1: Using the Serial Miss Forest Method to Impute Missing Values 

Require: 𝑋𝑎𝑛 × 𝑝 matrix, stopping criterion𝛹.  

1. Make an initial estimate for the values that are missing. 

2. 𝑘 = vector of columns' sorted indexes in.// growing amount of missing values// 

3. Act𝑤ℎ𝑖𝑙𝑒(∼ 𝑌)  

4. 𝑋𝑖𝑚𝑝_𝑜𝑙𝑑= Store the Matrix that was previously imputed. 

5. 𝑓𝑜𝑟(𝑠 𝑖𝑛 𝑘) perform 

6. Fit a Random Forest:𝑦𝑜𝑏𝑠(𝑠) ∼ 𝑥𝑜𝑏𝑠(𝑠); 

7. Make a prediction 𝑦𝑚𝑖𝑠𝑠(𝑠) with𝑥𝑚𝑖𝑠𝑠(𝑠); 

8. 𝑋𝑖𝑚𝑝_𝑛𝑒𝑤 = Update the Imputed Matrix with the predicted ;𝑦𝑚𝑖𝑠𝑠(𝑠); 

9. end 𝑓𝑜𝑟 

10. Update𝑌; 

11. end 𝑤ℎ𝑖𝑙𝑒; 

12. Give back the imputed matrix. 

 

The halting requirement is met when the difference, if any, between the freshly imputed and previously imputed data matrix rises for the 

first time concerning both variable types. Equation (2) explains the variations in this set of continuous variables: 

 

𝛥𝑁 =
∑ (𝑋𝑖𝑚𝑝_𝑛𝑒𝑤−𝑋𝑖𝑚𝑝_𝑜𝑙𝑑)

2
𝑗∈𝑁

∑ (𝑋𝑖𝑚𝑝_𝑛𝑒𝑤)
2

𝑗∈𝑁

                                                                                                                                                                          

(2) 

 

Collecting quantitative variables 𝐹as in equation (3) 

 

𝛥𝐹 =
∑ ∑ 𝐼𝑛

𝑖=1 𝑋𝑖𝑚𝑝_𝑛𝑒𝑤≠𝑋𝑖𝑚𝑝_𝑜𝑙𝑑
𝑗∈𝑁

#𝑁𝐴
                                                                                                                                                                       

(3) 

 

Here, no values for the categorical variables; the value is represented by #NA. 

3.3. Feature selection using dynamic correlated regularized random forest (DCRRF) 

It's crucial to remember that not all of these traits might apply to every OTT service or customer churn study. The target population, the 

type of service, and the individual churn causes will determine which criteria are most important. Combining the strengths of Regularized 

Random Forest (RRF) and Correlation-based Feature Selection (CFS), DCRRF is an innovative hybrid model that optimizes FS and dy-

namically improves model performance. using the goal of improving model robustness and interpretability, DCRRF trains each tree in the 

RRF ensemble using CFS. A rough set theory-based best-first search model receives a reduced number of features as input from the 

adaptive approach. The following procedures are used to standardize or normalize this feature set so that feature values are comparable: 

• Standardization: Every attribute is modified to have a unit standard deviation and a zero mean during the standardization procedure. 

This becomes especially important when working with characteristics that are different in scale or in different units. Usually, a widely 

used mathematical equation is utilized to standardize a specific property. 

 

Standardize (𝑥) =
𝑥−𝑚𝑒𝑎𝑛(𝑥)

𝑠𝑡𝑑(𝑥)
                                                                                                                                                                         (4) 

 

• Normalization: When features are normalized, they are typically scaled such that they fall within a certain range [0, 1]. If the feature's 

distribution is skewed or if the method relies on distance measurements, this is usually a good thing. Typically, equation (5) is used to 

normalize a feature. 

 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 (𝑥) =
𝑥−𝑚𝑖𝑛(𝑥)

𝑚𝑎𝑥(𝑥)−𝑚𝑖𝑛(𝑥)
                                                                                                                                                                (5) 
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The DCRRF model's feature selection procedure is based on the normalized feature set. For every tree𝑇𝑚in the ensemble, a distinct 

bootstrap sample is selected from this processed feature set. After that, we take each of these samples and use equation (4) to get a corre-

lation matrix (6). 

 

𝐶𝑜𝑟𝑟(𝐷𝑚) = (

𝑐𝑜𝑟𝑟(𝑋1, 𝑋1) 𝑐𝑜𝑟𝑟(𝑋1, 𝑋2) . . . 𝑐𝑜𝑟𝑟(𝑋1, 𝑋𝑛)
𝑐𝑜𝑟𝑟(𝑋2, 𝑋1) 𝑐𝑜𝑟𝑟(𝑋2, 𝑋2) . . . 𝑐𝑜𝑟𝑟(𝑋2, 𝑋𝑛)

⋮ ⋮ ⋱ ⋮
𝑐𝑜𝑟𝑟(𝑋𝑛 , 𝑋1) 𝑐𝑜𝑟𝑟(𝑋𝑛, 𝑋2) . . . 𝑐𝑜𝑟𝑟(𝑋𝑛, 𝑋𝑛)

)                                                                                                           (6) 

 

For every tree 𝑇𝑚, a customized feature subset 𝐹𝑚 is dynamically chosen using the CFS criterion 𝐶𝑟. Equation (7) is used to calculate the 

criterion 𝐶𝑟𝑚
. 

 

𝐶𝑟𝑚
= √

𝑘𝑚⋅ 𝜏̄𝑐𝑓𝑚

𝑘𝑚+𝑘𝑚⋅(𝑘𝑚−1)⋅𝑟̄𝑓𝑓𝑚

                                                                                                                                                                            (7) 

 

The quantity of features in fm is represented by 𝑘𝑚 in 𝐹𝑚. A class label's average correlation with its features is denoted by 𝜏̄𝑐𝑓𝑚
, and 

𝐷𝑚
′ The average inter-feature correlation is represented by 𝑟̄𝑓𝑓𝑚

. For each 𝑇𝑚, the best subset of features (𝐹𝑚) is chosen using this criterion 

𝐶𝑟𝑚
. Each tree 𝑇𝑚is trained using its own selected feature subset 𝐹𝑚after this dynamic FS. The training process uses the regularized objec-

tive function, which is provided in equation (8). 

 

(𝑇𝑚,𝐹𝑚
) = 𝐼𝑚𝑝𝑢𝑟𝑖𝑡𝑦(𝑇𝑚,𝐹𝑚

) + 𝜆𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦(𝑇𝑚,𝐹𝑚
)                                                                                                                                 (8) 

 

Significantly, the features that are dynamically selected for that tree are represented by the index 𝐹𝑚 within this objective function. After 

that, an intersection operation is performed on all the feature subsets 𝐹𝑚 that were picked dynamically to determine the best feature set𝐹∗. 

equation (9) provides a formal expression for this. 

 

𝐹∗ = 𝐹1 ∩ 𝐹2 ∩ 𝐹3 ∩. . .∩ 𝐹𝑀                                                                                                                                                                           (9) 

 

The dynamic FS makes the trees more varied, which makes the ensemble model more resilient and adaptable. This opens the door to 

optimized FS, which could lead to enhanced performance and readability. Here we can see the phases of the proposed FSM in Algorithm 

2. 

 
Algorithm 2: Dynamic Correlated Regularized Random Forest 

Input: Reduced Feature set 𝐷′; Number of trees 𝑀; Regularization parameter. 

Output: Optimal set of features 𝐹∗. 

1. Input the Dataset D 

2. 𝑓𝑜𝑟 𝑚 = 1 to M do 

3. 𝐷𝑟𝑎𝑤 a Bootstrap Sample D𝑚
′ 𝑓𝑟𝑜𝑚 D′ 

4. 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 Correlation Matrix 

5. Compute Corr(𝐷𝑚
′ ) for the Bootstrap Sample D𝑚

′  

6. 𝐹𝑆 with CFS 

7. Compute the CFS criterion C𝑟𝑚
using Corr(𝐷𝑚

′ ) 

8. 𝑆𝑒𝑙𝑒𝑐𝑡 the optimal feature subset F𝑚𝑏𝑎𝑠𝑒𝑑 on C𝑟𝑚
 

9. 𝑇𝑟𝑎𝑖𝑛 𝑅𝑒𝑔𝑢𝑙𝑎𝑟𝑖𝑧𝑒𝑑 𝑅𝐹 𝑇𝑟𝑒𝑒 

10. 𝑢𝑠𝑒 Fm and 𝐷𝑚
′  to train a tree T𝑚 with the objective function: 

Objective(𝑇𝑚,𝐹𝑚
)= Impurity(𝑇𝑚,𝐹𝑚

) + 𝜆 Complexity(𝑇𝑚,𝐹𝑚
) 

11. 𝑢𝑝𝑑𝑎𝑡𝑒 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑖𝑜𝑛 

12. 𝑢𝑝𝑑𝑎𝑡𝑒 𝐹∗𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝐹𝑚 𝑢𝑠𝑖𝑛𝑔 𝑎𝑛 𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛: 
𝐹∗ = 𝐹∗ ∩ 𝐹𝑚 

13. 𝐷𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑒 𝑡ℎ𝑒 𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝑆𝑒𝑡 𝐹∗ 

 

In this work, we introduce the concept of partial churn, which refers to situations where a subscriber reduces engagement or switches 

between multiple OTT platforms rather than completely cancelling. For example, a user may stop watching regularly, downgrade from a 

premium plan to a basic plan, or split time across two platforms (e.g., Netflix and Disney+). While these users have not yet cancelled. The 

behaviour signals a high churn risk. Capturing such patterns allows platforms to take early action, such as targeted offers or content rec-

ommendations, before full cancellation occurs. The DCRRF is a hybrid feature selection method that combines Random Forest’s predictive 

power with correlation-based feature screening. The main idea is to select only those features that are both highly relevant to churn and not 

redundant with each other. 

Suppose our dataset includes “Average Watch Time”, “Inactive Days”, and “Last Month Watch Minutes”. These three variables are highly 

correlated. A traditional Random Forest might assign importance to all three, which could cause redundancy and overfitting. In contrast, 

DCRRF detects this correlation and retains only the most informative. This makes the model simpler and more robust.  

The equations used in the DCRRF process connect directly to each methodological step. Equation (6) builds the correlation matrix to 

capture how features relate to each other. Equation (7) then applies the CFS criterion, selecting features that are highly relevant to churn 

but not redundant. To avoid overfitting, Equation (8) introduces a regularized objective function that balances accuracy with model sim-

plicity. Finally, Equation (9) aggregates results across trees to produce the final optimal feature set. 

3.4. Prediction of customer churn 

• Random Forests 
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To enhance generalization and prediction accuracy, random forests ensemble learning systems integrate many decision trees. In a random 

forest, a distinct subset of the data and characteristics is used to train each tree. This unpredictability improves the resilience of the model 

and lessens overfitting. Because random forests can capture intricate relationships between characteristics like viewing patterns, inactivity 

intervals, and engagement metrics, they are quite successful at predicting user turnover in over-the-top systems. Additionally, they are 

computationally efficient, capable of handling noisy data, and less prone to overfitting, making them a reliable choice for churn prediction 

tasks. 

• Logistic Regression 

Logistic regression is a statistical model specifically designed for binary classification tasks, in which there are only two possible outcomes 

for the target variable, which is categorical. It operates by using input information to forecast the likelihood that an observation will belong 

to a specific class. In the context of OTT customer churn prediction, critical characteristics like weekly_mins_watched, 

weekly_max_night_mins, and maximum_days_inactive can be analyzed using logistic regression to ascertain the probability of a client 

churning. Logistic regression is a simple yet effective model that yields findings that are easy to read, making it simpler to comprehend 

how each feature affects the likelihood of churn. It is also adaptable, able to manage both category and numerical input variables, which 

makes it a sensible option for OTT platform churn prediction. 

 

𝑤1𝑥1 + 𝑤2𝑥2 + 𝑏 = 1                                                                                                                                                                                 (10) 

 

• XGBoost 

Among the various prediction models, XGBoost stands out as a reliable, flexible algorithm that performs admirably with organized tabular 

data. Gradient boosting decision trees are implemented quickly and effectively. XGBoost combines the total of each decision tree, a regu-

larization term, and a loss function. The entire objective function of the jth iteration is expressed as: 

 

𝑂𝑏𝑗(𝑗) = ∑ 𝑙𝑜𝑠𝑠 (𝑦𝑖 , 𝑦̂𝑖
(𝑗−1)

) + ∑ 𝛺 (𝑓𝑥)
𝑗
𝑘=1

𝑛
𝑖=1                                                                                                                                          (11) 

 

Here, to prevent overfitting, complicated models are penalized by the kth tree's regularization term 𝛺 (𝑓𝑥). The training method optimizes 

the sum of the regularization term and the loss function. The final model's forecast is based on the sum of all the predictions made by each 

tree:  

 

𝑦̂𝑖 = ∑ 𝑓𝑥(𝑥𝑖)𝐾
𝑘=1                                                                                                                                                                                          (12) 

 

Here, result denotes the instance's 𝑖𝑡ℎ projected output. 𝑓𝑘(𝑥𝑖) is the 𝑘𝑡ℎ tree's forecast for the input features 𝑥𝑖. 

3.5. Model evaluation 

Most of the research assesses their model in OTT customer churn prediction using AUC and Accuracy. Thus, the developed model and 

AUC measure were assessed in this study using the confusion matrix. The confusion matrix, as displayed in Table 2, is used to determine 

the accuracy, remember, F1-score, as well as precision. 

 

 
Fig. 2: Confusion Matrix. 

 

Any model constructed with both balanced and unbalanced datasets can be analyzed with these measures. Each term's description in our 

model is explained as follows: A consumer, True Positive (TP) is churning (positive) and is categorized. A consumer, True Negative (TN), 

is one who is not churning (negative) and is categorized as such. A False Positive (FP), a consumer who is categorized as churning (positive) 

even if they are not churning (negative). A False Negative (FN) occurs when a consumer is churning (positive) but is labeled as not churning 

(negative). Accuracy calculates the proportion of correctly or incorrectly churned consumers. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                                                                                                                                         (13) 

 

Accuracy is determined by dividing total TP by total TP plus FP. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                                                                                                                                     (14) 

 

In recall, the amount of FN added to a prediction mixture is the primary focus. There are a few other names for recall, including sensitivity 

and true positive rate. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                                                                                                                                         (15) 
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The F1-score is a combination of recall and precision. 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                                                                                                (16) 

 

One metric used to measure ROC performance is the area under the curve, or AUC for short. ROC uses two horizontal and vertical coor-

dinates to describe the classifier's performance: the True Positive Rate (TPR) and the False Positive Rate (FPR). 

 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                                                                                                                                            (17) 

 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃+𝑇𝑁
                                                                                                                                                                                            (18) 

 

Area below the curve (AUC) is one crucial parameter for models that operate in unbalanced datasets, which is typical in churn prediction. 

At every level of categorization, it evaluates the model's capacity to differentiate between churners and non-churners. 

4. Results and discussion 

Techniques used to forecast telecom customer attrition and performance are mostly introduced in this section. The process begins with 

filling in the blanks in the given dataset. The Missing Serial Miss Forest Imputation method is used to handle missing values in this study. 

The OTT churn dataset's missing data is depicted in Figure 2, which also shows how many values are missing for each variable. On one 

side, we can see the dataset's variables displayed on the y-axis, and on the other, we can see the total number of missing values. "Aver-

age.Watch.Time..mins." has the highest number of missing values, followed by "Competitor.Content" and "Viewer.Gender." 

 

 
Fig. 3: Missing Data Visualization in OTT Churn Dataset. 

 

Figure 4 evaluates the working of four imputation methods: Mean Imputation, Median Imputation, KNN Imputation, and Serial Miss Forest 

Imputation, in terms of their imputed values. 

 

 
Fig. 4: Imputation Performance of Various Models. 

 

Mean Imputation shows a median close to zero, but it has a large spread with values ranging from approximately -15 to +15, and a high 

number of extreme outliers beyond -20 and +20, indicating instability. Median imputation performs slightly better, with a median around 

4 and a slightly reduced spread, but it still shows considerable variability. KNN Imputation improves further, with a median around 3.5, a 

more balanced distribution, and fewer extreme outliers compared to the previous methods. However, the best-performing method is Serial 

Miss Forest Imputation, which has a well-centered median around 5, the smallest spread (IQR between 0 and +8), and the fewest extreme 

outliers, making it the most stable and accurate imputation technique. Thus, Serial Miss Forest Imputation is the most effective technique 

for handling missing data in the given OTT churn dataset, minimizing errors while maintaining data integrity. The top influencing features 

found by the Dynamic Correlated Regularized Random Forest (DCRRF) feature selection approach are displayed in Figure 5. This tech-

nique enhances feature selection by accounting for feature correlations while maintaining predictive performance. 
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Fig. 5: Top Influencing Features for OTT Churn Data. 

 

The results show that "Shares" (importance score: 0.0648) is the most significant feature, indicating that the number of shares plays a major 

role in determining the target outcome. These insights can help optimize content strategy for better audience engagement and retention. 

Three classification models are employed in this study: XGBoost (XGB), an enhanced gradient boosting algorithm; Random Forest, an 

ensemble learning technique; and Logistic Regression (LR), a popular statistical model. It is common practice to use 80% of the prepro-

cessed dataset for training and 20% for testing to evaluate model performance. We exclusively use binary classification methods to antic-

ipate customer turnover for over-the-top services. 

 

 
Fig. 6: Confusion Matrix of Three Models Used for OTT Churn Prediction. 

 

Figure 6 presents a comparative analysis of the classification performance of three models used for OTT churn prediction. Logistic Re-

gression demonstrated an accuracy of 87%, indicating its effectiveness as a baseline model. Random Forest performed better, achieving an 

accuracy of 92%, benefiting from its ensemble learning approach. XGBoost outperformed both models, achieving the highest accuracy of 

96%. This shows its advanced boosting technique and superior ability to handle complex data patterns. 

 

 
Fig. 7: Performance of Different Models Used. 

 

Figure 7 shows a comparison of three classification models’ F1-Score, Accuracy, Precision, and Recall: XGBoost, Random Forest, and 

Logistic Regression. With an F1-score of 0.96, accuracy, precision, and recall, XGBoost consistently beats the competition. This establishes 

XGBoost as the most effective model for this classification task. Random Forest follows closely, attaining a score of 0.92 across all metrics, 

demonstrating strong predictive capabilities. Logistic Regression, while still performing reasonably well, records the lowest scores at 0.87 

for all metrics, indicating comparatively weaker classification performance. Overall, the results highlight XGBoost as the most suitable 

model for predicting OTT customer churn, offering superior classification accuracy and reliability. 

While the proposed framework achieved 98% accuracy on the Kaggle OTT churn dataset, we acknowledge that reporting only a single 

accuracy value. This raises concerns about potential overfitting. To strengthen the evaluation, we applied 10-fold cross-validation on the 

dataset. The results showed consistent performance across folds with an average accuracy of 96.8% ± 1.2%. This indicates the model 

generalizes well within the given dataset. To further assess robustness, we also tested the model on a separate public telecom churn dataset 

to compare performance across domains. Accuracy dropped to 92%. This is expected since telecom churn is driven by different features 
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like call detail records, billing cycles. However, this still demonstrates that the framework can adapt to new datasets with only a moderate 

loss in performance. These results confirm that the proposed approach is not merely tuned to a single dataset, but rather has broader 

applicability. The inclusion of feature selection (DCRRF) also reduces the risk of overfitting by eliminating redundant and noisy predictors. 

Overall, the model shows strong predictive ability and stable performance. This makes it suitable for real-world OTT churn prediction. 

The findings from our feature selection process highlight “Shares” as the most influential factor in predicting churn. In practice, this 

suggests that users who frequently share content are more engaged and less likely to churn. OTT platforms can use this insight to design 

retention strategies such as incentivizing sharing through rewards, personalized recommendations, or social features that encourage con-

tinued engagement. Similarly, features like inactive days and average watch time can guide proactive measures such as sending reminders, 

offering tailored promotions, or suggesting new content genres when user activity declines. 

5. Conclusion 

Using these factors, the research was able to determine which OTT platform users are most likely to churn and which factors have the most 

influence on customer retention. This study examines the effects of new trends, like users subscribing to numerous services, to improve 

feature dependability and obtain a better understanding of the key features that cause churn in OTT platforms. Predictive model perfor-

mance has improved as a result of this feature's incorporation. Three predictive classifiers are used in this study to produce an accurate 

customer churn prediction. Since accuracy alone is insufficient to evaluate overall model performance, additional performance metrics 

were analyzed. The results show that the ensemble-based classifier XGBoost is more effective than random forest and logistic regression 

at forecasting user attrition on over-the-top platforms. In the future, we will work on monitoring user activity and trigger immediate re-

sponses before churn occurs. Integration of multimodal data, such as sentiment from user reviews or social media, combined with behav-

ioral features, to improve model accuracy. 
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