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ABSTRACT :

This study implements a comprehensive analysis of Netflix’s content catalog by integrating Python, Power Query, and Power BI to extract, clean, analyze, and
visualize data effectively. The goal is to offer an in-depth understanding of content trends—such as genre popularity, format distribution, and geographic reach—
using a robust, multi-tool workflow. We sourced a comprehensive dataset from Kaggle featuring attributes like title, genre, country, release year, duration, and
rating, then applied Python (Pandas) to perform initial cleaning, remove duplicates, standardize dates, and engineer features. In Power Query, we further refined
the dataset by splitting complex fields, addressing null values, and adding calculated columns. Finally, interactive dashboards in Power BI leveraged both native
visuals and embedded Python plots to reveal dynamic trends over time, across regions, and between movies and TV shows. The results demonstrate a clear rise in
content additions post-2015, growing regional diversity, increasing share of TV series, and a strong focus on mature-rated content. This multi-tool approach ensures
comprehensive preprocessing, accurate analytics, and engaging visual storytelling, making it a valuable foundation for strategic content decisions on streaming
platforms.
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INTRODUCTION

This project analyzes Netflix's content library—covering titles, genres, countries, release years, duration, and ratings—to uncover evolving trends in
streaming offerings. We use a three-part pipeline: Python for deep data cleansing and feature engineering, Power Query for structured ETL of complex
fields, and Power BI for building interactive dashboards

By moving beyond single-tool studies, this multi-tool framework uncovers insights like a rise in TV series versus movies, increasing non-US content
(e.g., India and Africa), and a strong focus on mature-rated titles. These insights offer strategic insights for content creators and platform planners.

LITURATURE SURVEY/BACKGROUND

o Global Content Production: Tahir et al. (2025) conducted a cross-country study showing that the U.S., India, and emerging markets like Africa
dominated Netflix’s production landscape

o Regional Viewing Patterns: Lee et al. (2025) analyzed Netflix’s ‘Top 10’ rankings across 71 countries and revealed distinct regional clusters—North
America/Europe, Asia/Middle East, and Latin America—underscoring cultural influences on content consumption

o Genre & Original Content Trends: 1diz et al. (2024) observed that Netflix Originals (especially dramas) comprised over 80% of top global rankings,
highlighting the platform's strategic focus on drama and original-driven formats

e EDA Practices Using BI Tools: Multiple public Power BI projects (e.g., gouri08, SiddhantH1512) demonstrate effective content visualization—
covering distribution by genre, format, and geography—but often rely on single-tool pipelines

1. Existing System

o Single-tool dashboards: Many projects rely solely on Power Bl + Power Query (with DAX) to create static visualizations of Netflix’s content catalog—
focusing on genre, release year, country distribution, etc.

o [solated Python notebooks: Others utilize Python with pandas, Matplotlib/Seaborn, or even Plotly, to explore patterns in Netflix data; however, these
lack user-friendly, interactive reporting for stakeholders.

o Limited scope: These systems typically focus on one dimension—such as country analysis or genre distribution—and don’t offer a holistic, repeatable
pipeline bridging cleaning, analysis, and reporting.

o Manual workflows: Data transformations and visualizations are often done manually and aren’t designed for automation, scalability, or real-time
updates—reducing efficiency and flexibility.
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2. Application of Digital Techniques in Retail Management

1.  Python + Pandas
O  Used for extensive data cleaning: removing duplicates, filling missing values, standardizing date formats, and creating new features
like year added and genre splits—ensuring a robust backend for analysis.
2.  Exploratory Analysis & Visualization (Python)
O  Employed Matplotlib and Seaborn to explore genre distribution, monthly/yearly content trends, and country-based diversity,
uncovering hidden patterns and correlations in the dataset.
3. Power Query ETL
O  Loaded cleaned data into Power BI and utilized Power Query to perform additional transformations: splitting composite fields,
filtering, and applying inline Python scripts when needed. This streamlined the dataset for optimal reporting structure.
4.  Python Visuals in Power BI
O  Embedded Seaborn/matplotlib charts directly in Power BI dashboards—allowing for advanced, customized visualizations like
correlation heatmaps and complex plots beyond standard visuals.
5. Interactive Dashboards & Automation
O Built dynamic Power BI dashboards with slicers and filters, published to the Power BI Service, and set up scheduled refreshes via
the Personal Data Gateway to ensure up-to-date, interactive reporting across devices.

3. Algorithms and Technologies Used in Past Works

e Clustering Techniques

®  Unsupervised methods like K-Means and DBSCAN have been used to group titles by genres, durations, and countries.

o Collaborative Filtering & Matrix Factorization

®  Techniques like SVD++ and Funk’s matrix factorization, famously from the Netflix Prize, decompose user-item matrices to uncover latent
preferences.

®  More advanced approaches include deep autoencoders (CF-NADE) and autoregressive neural models, enhancing prediction accuracy on
Netflix-like datasets

o Data Processing Libraries

®  Pandas for data cleaning, handling timestamps, grouping, and aggregations.
®  NumPy for efficient numerical operations and Scikit-Learn for normalization and clustering.

e Visualization & BI Tools

®  Matplotlib, Seaborn, Plotly, and Tableau used extensively for interactive visual exploration.
®  Power BI with Power Query and DAX enables structured ETL and dashboard publishing for stakeholder reporting.

¢ Recommendation System Approaches

®  Netflix employs collaborative filtering and content-based filtering, along with session-based models and context-aware matrix factorization
for recommendations

4. Ethical and Operational Concerns

1.  Privacy & Data Ownership
O  Ensure compliance with data protection regulations like GDPR and India's Personal Data Protection Bill.
2.  Bias & Fair Representation
O  Address potential biases in content representation, such as overemphasis on certain genres or regions.
3.  Transparency & Accuracy
O  Maintain clear documentation of data sources, preprocessing steps, and any assumptions made during analysis.
4.  Compliance with Terms & Licensing

O Verify that the dataset used complies with licensing agreements and terms of service.
5.  Data Quality & Security

O  Implement measures to ensure data integrity and protect against unauthorized access.
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6.  Scalability & Maintenance

O  Design the analysis pipeline to handle increasing data volumes and facilitate regular updates.

5. Gaps ldentified

1.  Limited Availability of Viewing Metrics
Prior to November 2021, Netflix was criticized for its lack of transparency regarding viewing metrics, which hindered comprehensive
analysis of content performance.
2. Inconsistent Data Across Regions
The availability of content varies by region due to licensing agreements, leading to incomplete datasets for trend analysis.
3. Cultural and Linguistic Diversity
Netflix's global audience presents challenges in content localization, affecting data consistency and analysis accuracy.
4.  Data Privacy and Security Concerns
Handling extensive user data raises ethical and operational challenges, necessitating stringent data protection measures.
5. Evolving Content Strategies
Netflix's shifting focus towards diverse content types and regional productions requires adaptive analysis models.

PROPOSED WORK/SYSTEM
1. System Overview

This project leverages publicly available Netflix datasets to analyze and visualize trends in the platform's movie and TV show offerings. Utilizing Python
libraries such as Pandas for data cleaning and preprocessing, and Matplotlib and Seaborn for data visualization, the system performs exploratory data
analysis (EDA) to uncover patterns in genres, ratings, release years, and country-wise distribution. The insights gained are then presented through
interactive dashboards built with Power BI, enabling stakeholders to explore trends dynamically. This approach provides a comprehensive understanding
of Netflix's content landscape, supporting data-driven decision-making for content strategy and recommendations.

2. System Architecture

The system follows a modular architecture comprising several key components:

1. Data Collection Module: Utilizes publicly available datasets from platforms like Kaggle, containing metadata such as movie titles, genres,
ratings, release years, and countries.

2. Data Preprocessing Module: Employs Python libraries like Pandas for data cleaning, handling missing values, duplicates, and standardizing
formats.

3.  Exploratory Data Analysis (EDA) Module: Performs statistical analysis to uncover patterns and correlations in movie genres, durations,
ratings, and country-wise distribution.

4.  Visualization Module: Leverages Matplotlib and Seaborn to create bar charts, line graphs, and heatmaps for effective trend representation.

5. Reporting & Dashboard Module: Summarizes findings with visual summaries and explanations, preparing reports and interactive
dashboards using Power BI or Tableau to present insights to stakeholders.

3. Algorithmic Implementation and Digital Intelligence Features

1.  Exploratory Data Analysis (EDA)
O  Utilize statistical techniques to identify patterns and correlations in movie genres, ratings, release years, and country-wise
distribution.
2.  Trend Analysis
O  Apply time-series analysis to examine how Netflix's content offerings have evolved over time, identifying peaks and troughs in
content additions.
3. Clustering and Classification
O  Implement clustering algorithms like K-Means to group similar content, and classification techniques to categorize movies and
shows based on attributes such as genre, rating, and country.
4.  Predictive Modeling
O  Develop models to forecast future content trends, such as predicting the emergence of popular genres or estimating the number of
new releases in upcoming years.

5. Natural Language Processing (NLP)

O  Employ NLP techniques to analyze textual data, such as movie descriptions and reviews, to gain insights into content themes and
audience sentiments.

6. Sentiment Analysis

O  Analyze user reviews and social media mentions to assess public sentiment towards specific titles or genres, informing content
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strategy.

7. Data Visualization

O  Use tools like Matplotlib, Seaborn, and Power BI to create interactive dashboards that present trends and insights effectively to
stakeholders.

8. Automated Reporting

O  Implement automated reporting systems that generate periodic summaries of content trends, aiding in strategic decision-making.

4. Smart Invoicing and Response Mapping

1.  Automated Data Extraction
Use Natural Language Processing (NLP) to extract relevant information from incoming responses, such as payment confirmations or content
usage reports.
2. Categorization and Tagging
Automatically categorize responses based on predefined criteria (e.g., payment status, content feedback) and tag them for easy retrieval.
3.  Integration with CRM Systems
Integrate with Customer Relationship Management (CRM) systems to update client profiles with response data, enhancing customer
insights.
4.  Real-Time Notifications
Set up notifications for stakeholders when important responses are received, ensuring timely actions are taken.
5. Analytics and Reporting
Analyze response data to identify trends, such as common queries or frequent issues, and generate reports to inform decision-making.
6.  Feedback Loop
Implement mechanisms to incorporate feedback from responses into the content strategy, improving future offerings.

5. Model Pipeline (Workflow Pipeline)

Extract (Python)

®  [oad the Netflix CSV from Kaggle using pandas.read csv ()

®  Serve as initial data source for downstream processing

Clean & Feature Engineering (Python)

®  Remove duplicates, fill missing values, standardize formats
®  Generate derived fields (e.g., year added, month added) and split multi-valued columns (e.g., genres)

Import & Transform (Power Query)

®  Load the cleaned CSV into Power Bl via Get Data — Text/CSV
®  Apply ETL steps: split complex fields, filter records, run inline Python for advanced transformations

o Exploratory Data Analysis (Python)

®  Use seaborn and matplotlib to explore distributions, time trends, and correlations (e.g., genre vs. country)

®  Export visual outputs and summary statistics for reporting

Modeling & Dashboard Visuals (Power BI)

[ Build interactive Power BI dashboards: bar, line, pie charts, maps
®  Integrate Python visuals directly inside Power BI for custom plots (e.g., heatmaps)

o Deployment & Automation

®  Publish . pbix file to Power BI Service
®  Schedule data refreshes using Personal Data Gateway (supports Python & Power Query steps)
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6. Ethical Safeguards

¢ Data Transparency & Documentation

®  (learly document data sources (e.g., Kaggle CSV) and all preprocessing steps—filtering, cleaning, transformations—to ensure full traceability
from raw data to dashboards.

e Data Minimization & Anonymization

®  Only include necessary fields (e.g., genre, year, region); avoid sensitive or personally identifiable information.
®  Mask/remove any unnecessary metadata to adhere to responsible data use practices.

o Bias Audit & Fairness

®  Regularly audit for overrepresentation or bias—such as dominance of U.S. content or mature-rated titles.
®  Where possible, rebalance visualizations or call out biases to ensure insights are fair and accurate .

e Privacy-Respecting Visualization in Power BI

®  Apply role-based (RLS) and row-level security to limit dataset visibility.
®  Utilize Power BI’s data loss prevention (DLP) policies and sensitivity labels to safeguard report access.

e Security & Compliance

®  Ensure encryption at rest and in transit for all stored and transferred data in Power BL
®  Maintain audit logs of data access and dashboard usage to monitor compliance and unusual patterns.

e Ethical Framework & Human Oversight

®  Align with “Privacy by Design” principles: incorporate protections proactively, by default, end-to-end
®  Regularly review analyses with human oversight—fact-checking trends, questioning surprising insights, and ensuring correct interpretation .

RESULT AND DISCUSSIONS
1.  Content Growth: A rapid increase in titles occurred post-2014, with a peak around 2018-2019, followed by a slight slowdown after 2020
2. Format Shift: Movies make up about 68%, but TV shows have steadily risen, reaching around 32% of the catalog
3. Genre Trends: Documentaries, stand-up comedy, and international dramas dominate; top 10 genres include Kids’ TV and independent movies
4. Geographic Distribution: U.S., India, the U.K., and Japan lead, while Africa and Eastern Europe remain underrepresented, suggesting room

for growth

Rating Focus: Mature-rated content (TV-MA, TV-14, R) constitutes the largest share, reflecting a strategy aimed at adult audiences

6.  Technical Approach: The multi-tool pipeline (Python + Power Query + Power BI) delivered accurate, interactive insights through effective
data cleaning, analysis, and visualization.

W

CONCLUSION

o Key Findings: The number of Netflix titles surged notably since 2015, with TV shows increasingly gaining share, and mature-rated content (TV-MA/R)
becoming more dominant.

o Geographic Diversity: The U.S. remains the primary content producer, but regions like India, the UK, and several African countries are emerging
contributors.

e Tool Integration Value: The combined pipeline of Python, Power Query, and Power BI enabled robust data cleaning, in-depth analysis, and interactive
visualization—overcoming limitations of single-tool approaches.

o Strategic Insights: The analysis provides actionable intelligence for content planning—highlighting shifts toward serialized content, mature audiences,
and regional expansion.

o Future Scope: This framework lays the groundwork for enhancements like predictive modeling, recommendation systems, sentiment analysis, and
automated data updates.
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