
~ 140 ~ 

Asian Journal of Management and Commerce 2025; SP-6(3): 140-145 

 
 
E-ISSN: 2708-4523 
P-ISSN: 2708-4515 
Impact Factor (RJIF): 5.61 
AJMC 2025; SP-6(3): 140-145 
© 2025 AJMC 
www.allcommercejournal.com 
Received: 12-07-2025 
Accepted: 17-08-2025 
 
Nikita Vishwakarma 
Department of BBA, Dr. D.Y. 
Patil Arts, Commerce and 
Science College, Pimpri, Pune, 
Maharashtra, India 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Corresponding Author: 
Nikita Vishwakarma 
Department of BBA, Dr. D.Y. 
Patil Arts, Commerce and 
Science College, Pimpri, Pune, 
Maharashtra, India 

 
Beyond the binge: How predictive analytics powers 
Netflix's success - a study for students of Dr. D. Y. 
patil arts, commerce and science college, pimpri-

411018 
 

Nikita Vishwakarma 
 
DOI: https://www.doi.org/10.22271/27084515.2025.v6.i3Sa.811  
 
Abstract 
In the era of digital entertainment, Netflix has emerged as a global leader, not merely due to its library 
content, but because of its strategic use of predictive analytics. This research paper explores how 
Netflix leverages advanced data analytics, machine learning algorithms, and viewer behavior tracking 
to personalize content, improve user engagement, and drive subscriber retention. The study also 
highlights how predictive analytics inform Netflix’s decisions around content production, 
recommendations, and marketing strategies. With a focus on enhancing the understanding of business 
and data-driven decision-making among students of Dr. D.Y. Patil Arts, Commerce and Science 
College, Pimpri, this paper bridges theoretical concepts with real-world applications. It further aims to 
inspire future professionals to embrace data literacy and analytics in the dynamic field of digital media 
and business management. 
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Introduction 
Netflix has transformed the entertainment industry. This research explores how predictive 
analytics fuels Netflix's success. By analyzing data-driven strategies, we aim to understand 
how Netflix personalizes content, enhances user experience, and drives growth. 
 
Predictive analytics 
It is the process of using data to predict future trends and events. It involves analyzing 
historical data to identify patterns and trends, which are then used to build models that 
forecast potential outcomes. Essentially, it's about looking at the past to anticipate the future. 
Netflix's predictive analytics prowess is influenced by a complex interplay of various factors. 
Here are some key ones: 
 
Data Quality and Quantity 
• Data Volume: The sheer amount of data Netflix collects is crucial. More data often 

leads to more accurate predictions. 
• Data Variety: Diverse data sources (viewing history, search behavior, device usage, 

etc.) enrich the predictive models. 
• Data Quality: Accurate, consistent, and clean data is essential for reliable insights. 
 
User Behaviour and Preferences 
• Changing Tastes: User preferences evolve over time, requiring model updates. 
• Content Diversity: A wide range of content options impacts recommendation accuracy. 
• User Engagement: Factors like binge-watching, pausing, and rewinding influence 

predictions. 
 
External Factors 
• Economic Conditions: Economic downturns or upturns can affect subscription rates 

and viewing habits. 
• Cultural Trends: Popular culture and social events can influence content preferences.  
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• Technological Infrastructure: Reliable internet 
connectivity and device compatibility impact user 
experience. 

 
How is predictive analytics different from forecasting? 
While forecasting provides overall estimates, predictive 
analytics focuses on predicting outcomes for individual 
entities, such as customers or products. 
Businesses can use predictive analytics for: - 
• Customer segmentation 
• Fraud detection 
• Risk assessment 
• Demand forecasting 
• Marketing optimization. 
 
Objective 
"To evaluate how Netflix's use of predictive analytics 
enhances customer experience and contributes to revenue 
growth." 
 
Hypothesis 
"Netflix's implementation of predictive analytics for 
personalized content recommendations and customer 
retention significantly improves user satisfaction and 
increases company revenue. 
 
Literature review 
Literature Review 
1. Introduction to Recommender Systems 
Recommender systems have become a crucial tool for 
addressing the growing issue of information overload by 
offering personalized suggestions, thereby enhancing user 
experience and increasing engagement. One of the most 
widely used methods is collaborative filtering, which 
identifies users with similar preferences to provide relevant 
recommendations (Ko et al., 2018). 
This study explores the application of data mining 
techniques to build effective recommender systems. The 
research involved analyzing multiple scholarly papers and 
using diverse datasets obtained from sources like Kaggle. 
Large datasets such as the Movies dataset required 
downloading credits.csv and movies_metadata.csv 
separately, while the IMDB dataset—covering Hollywood 
films up to 2018 along with OTT content—was also 
incorporated. 
 
2. Hybrid and Domain-Specific Recommender Models 
Hyeyoung Ko et al. proposed a hybrid recommendation 
model to overcome the sparsity problem, a common 
challenge in recommender systems. Their approach 
combined content-based and collaborative filtering methods 
to ensure accuracy even in the absence of sufficient rating 
data (Ko et al.). Abbasi-Moud et al. developed a tourism 
recommender system that utilized user-generated reviews. 
Their system employed text mining techniques to extract 
contextual information such as time, location, and weather 
preferences, thereby identifying tourist destinations aligned 
with user interests (Abbasi-Moud et al., 2021) [1]. 
Sneh Srivastava et al. introduced a multi-criteria 
recommendation system that incorporated user fondness 
attributes to improve rating predictions. Their model 
considered multiple influencing criteria, thereby enhancing 
recommendation accuracy. Additionally, they developed a 
location-based mobile recommendation system that used 

GPS data to offer tailored suggestions for taxi drivers 
(Srivastava et al., 2020) [14]. 
 
3. Predictive Analytics in the Telecommunications 
Industry 
The telecommunications sector is undergoing rapid 
transformation due to rising competition, changing 
consumer behaviors, and technological advancements 
(Mozer et al., 2000; Keshavarz, 2021) [7, 5]. As a result, 
customer retention has emerged as a strategic priority 
(Umayaparvathi & Iyakutti, 2012) [15]. The adoption of big 
data and predictive analytics offers promising opportunities 
to understand customer behavior and formulate targeted 
strategies (Wassouf et al., 2020) [16]. 
Past research has focused on using predictive modeling—
such as logistic regression, decision trees, and neural 
networks—to calculate customer lifetime value (CLV) and 
predict churn risk (Mozer et al., 2000) [7]. Predictive 
analytics enables telecom providers to develop data-driven 
strategies aimed at improving satisfaction and loyalty (Roy 
& Ganguli, 2008) [11]. 
While many studies have explored churn prediction models, 
the current study extends this research by applying these 
models to real-world data and combining them with CLV 
analysis for customer segmentation. This approach aims to 
generate actionable insights that optimize retention 
strategies and target high-value customers (Wassouf et al., 
2020) [16]. 
 
4. Applications and Benefits of Predictive Modeling 
According to Rahaman and Bari, predictive modeling now 
underpins key business functions in telecom such as 
marketing optimization, customer churn prediction, 
experience management, and workforce planning (Rahaman 
& Bari, 2024) [10]. Chaczko et al. further highlighted its 
value in risk identification and resource allocation within 
telecom projects (Chaczko et al., 2015) [3]. 
Mathu emphasized that customer behavior metrics like data 
usage, call volume, and payment patterns are significant 
predictors of churn. Demographics such as age, gender, and 
family size also influence customer decisions, and even 
social media behavior is being explored as a churn indicator 
(Mathu, 2020; Zahid et al., 2019) [6, 18]. 
 
5. Customer Retention and Segmentation Strategies 
Effective retention requires not just identifying at-risk users 
but also understanding customer value. Indiscriminate 
efforts can be wasteful, so firms should focus on retaining 
high-value users while offering selective incentives to low-
value, high-risk users (Parida & Baksi, 2011) [9]. Customer 
satisfaction, loyalty, and retention directly influence 
profitability, which makes tailored retention efforts critical 
(Almohaimmeed, 2019) [2]. 
A segmentation strategy based on value, risk, and needs 
allows for more efficient targeting. Xevelonakis emphasized 
that such segmentation, along with cross-selling and 
upselling strategies, can significantly improve ROI 
(Xevelonakis, 2005) [17]. 
 
6. Machine Learning Techniques for Churn Prediction 
Several machine learning models have been used in churn 
prediction. Sabbeh compared decision trees, naive Bayes, 
logistic regression, and neural networks, finding decision 
trees to be most accurate at 80% (Sabbeh, 2018) [12]. 
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Logistic regression remains popular due to its 
interpretability, but neural networks have achieved higher 
accuracy, sometimes exceeding 82% (Sabbeh, 2018) [12]. 
Hybrid models that combine neural networks and rule-based 
systems are also gaining traction (Ng & Liu, 2000) [8]. 
 
7. Customer Lifetime Value (CLV) and Clustering 
Approaches 
Beyond churn, CLV estimation using regression models and 
frameworks like RFM (Recency, Frequency, Monetary) 
enables customer segmentation based on potential 
profitability (Ng & Liu, 2000) [8]. Clustering techniques 
further refine this segmentation by grouping customers 
based on shared traits and behaviors, allowing for more 
tailored retention programs (Sobirov et al., 2022) [13]. 
Sobirov et al. identified six customer segments with varying 

churn risks, emphasizing the importance of targeted 
intervention strategies (Sobirov et al., 2022) [13]. 
 
Methodology 
This research gathered through a mix of primary data by 
spreading the online questionnaire to 46 youth aged 15-25 
years old and secondary data by the previous written 
research papers  
 
Data Analysis 
1. Do you feel Netflix recommends shows and movies you'd 
be interested in? 
 

Yes, often 28 
Sometimes 16 

 Rarely 2 
 

 
 

Fig 1.1: Frequency of Responses to the Question: Do You Experience This Situation 
 

Interpretation 
• Moderate Success: Most respondents (28 out of 46) 

indicate that Netflix recommendations are "often" 
relevant to their interests. This suggests the 
recommendation system is at least somewhat successful 
in suggesting content users might enjoy. 

• Room for Improvement: A significant portion (16 out 
of 46) finds recommendations to be "sometimes" 
relevant, implying there's space for improvement. 

• Limited Irrelevance: Only a small number (2 out of 
46) rarely finds recommendations interesting. This 
suggests the system avoids consistently suggesting 

irrelevant content. 
 
Overall, these responses suggest that Netflix 
recommendations are moderately successful in aligning 
with user preferences. 
2. When choosing what to watch on Netflix, how much do 
you consider their recommendations? 
 

A lot - I mostly watch what they recommend. 12 
b) Somewhat - I consider them alongside other options. 22 

(c) Not much - I usually choose on my own. 12 

 

 
 

Fig 1.2: Extent to Which Viewers Follow Recommendations When Choosing Content 
 

Interpretation 
• Netflix recommendations play a moderate role in 

viewer decision-making. 
• While a substantial portion of users consider 

recommendations, a significant number still prefer to 
make their own choices. 

• This indicates that while Netflix's recommendation 
system is influential, it's not solely driving viewer 
behaviour. 

 
3. How satisfied are you with the variety of content 
available on Netflix? 
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(a) Very satisfied - There's always something I enjoy. 20 
(b) Somewhat satisfied - There's a decent variety. 20 

(c) Not very satisfied - I often struggle to find something interesting. 6 
 

 
 

Fig 1.3: Distribution of participant satisfaction levels with available content, showing proportions of respondents who are very satisfied, 
somewhat satisfied, and not very satisfied 

 
Interpretation 
• Netflix appears to be meeting the content needs of a 

majority of its users. 
• While the overall satisfaction is positive, there's an 

opportunity to address the needs of the 15% who are 
"not very satisfied." 

• Identifying specific content gaps or preferences within 
this dissatisfied group could inform content acquisition

and production strategies. 
 
4. How easy is it to find content you want to watch on 
Netflix? 
 

(a) Very easy - It's straightforward and user-friendly. 21 
(b) Somewhat easy - I can usually find what I'm looking for. 16 
(c) Not very easy - Finding content can be confusing at times 9 

 

 
 

Fig 1.4: User Experience Feedback on Content Accessibility and Ease of Use 
 

Interpretation 
• Netflix’s content discovery features are generally 

effective, with most users finding it easy to navigate the 
platform.  

• However, there's room for improvement, as a notable 
percentage of users encounter difficulties in finding 
specific content.  

• Enhancing search functionality and improving content 
categorization could address the needs of users who 
find content discovery challenging. 

 
5. Overall, how satisfied are you with the quality of the 
streaming service on Netflix? 

 
(a) Very satisfied - The streaming is reliable and high-quality. 36 

b) Somewhat satisfied - The streaming is mostly good, but occasional issues occur. 8 
(c) Not very satisfied - I experience frequent buffering or lagging. 2 

 

 
 

Fig 1.5: User Satisfaction with Streaming Quality and Reliability" 

https://www.allcommercejournal.com/


Asian Journal of Management and Commerce  https://www.allcommercejournal.com 

~ 144 ~ 

Interpretation 
• Netflix excels in delivering high-quality streaming 

experiences to the majority of its users. 
• The platform's focus on reliable streaming has 

significantly contributed to user satisfaction. 
• While the number of users experiencing frequent issues

is relatively low, addressing these concerns is essential 
for maintaining overall satisfaction. 

 
6. How important are personalized recommendations in 
your decision to keep your Netflix subscription?

 
(a) Very important - It's a major reason I keep my subscription. 12 

(b) Somewhat important - Recommendations play a role, but other factors matter too. 24 
(c) Not very important - Recommendations don't affect my subscription decision much. 10 

 

 
 

Fig 1.6: Impact of Recommendations on Subscription Decisions" 
 

Interpretation 
• Personalized recommendations play a role in user 

retention, but they're not the sole factor influencing 
subscription decisions. 

• Many users value recommendations alongside other 
aspects of the platform, such as content variety, 
streaming quality, and overall user experience. 

 
Conclusion 
1. Netflix's recommendation system is moderately 

effective in suggesting relevant content. While many 
users find recommendations helpful, there's potential 
for improvement in aligning suggestions with 
individual preferences. 

2. Netflix recommendations influence viewer decisions to 
a moderate extent. While some users rely heavily on 
recommendations, others prefer to make independent 
choices. This suggests a need for a balanced approach 
to content discovery. 

3. Netflix offers a satisfactory level of content variety. 
While most users are pleased with the options available, 
a smaller segment desires a wider range of content. 

4. Netflix's content discovery features are generally 
effective. However, a portion of users have trouble in 
finding desired content, indicating a need for improved 
search functionality and content organization. 

5. Netflix excels in delivering high-quality streaming 
experiences, with a vast majority of users expressing 
satisfaction. 

6. Personalized recommendations contribute to user 
satisfaction but are not the sole determinant of 
subscription retention. Other factors like content variety 
and streaming quality also play significant roles.  

7. Overall, Netflix demonstrates strong performance in 
delivering a quality streaming experience. However, 
ongoing efforts to refine recommendation algorithms 
and enhance content discovery will be crucial for 
maintaining user satisfaction and driving future growth. 
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