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ABSTRACT

Customer churn remains a critical obstacle for digital platforms, undermining revenue streams and hindering sustainable growth. This research paper examines
SQL-based churn analysis techniques to uncover user disengagement patterns and formulate effective retargeting strategies. By leveraging methods such as cohort
analysis, retention tracking, churn segmentation, engagement correlation, and risk assessment, businesses can craft data-driven approaches to retain users. A
hypothetical case study of “Stream Plus,” a subscription-based digital platform, illustrates these techniques in action, highlighting their practical utility. Findings
reveal actionable insights into churn behaviour, paving the way for targeted interventions that enhance user retention and business performance.

Introduction

Digital platforms—spanning streaming services, e-commerce, and social media—thrive on consistent user engagement and retention. High churn rates,
where users abandon subscriptions or cease activity, reflect challenges such as dissatisfaction, competitive offerings, or inadequate engagement
mechanisms. Identifying the root causes of churn and understanding behavioural patterns are essential for designing strategies that re-engage users and
bolster loyalty.

This study focuses on churn analysis using SQL-based techniques, emphasizing their accessibility and effectiveness for real-time insights. Through a
hypothetical case study of “Stream Plus,” a digital subscription platform, the paper demonstrates how these methods reveal churn drivers and inform
retention efforts. The objective is to provide a comprehensive framework for digital platforms to reduce churn, offering broader lessons for leveraging
data in customer-centric strategies. By exploring these techniques, this research underscores their relevance in the evolving landscape of digital business.

Literature Review

Churn analysis has long been a focal point in both academic research and industry practice, reflecting its pivotal role in customer retention. Early studies
emphasized statistical models, such as survival analysis, to estimate customer lifetime value and predict attrition (Fader, 2020). More recently, machine
learning approaches—Ilike decision trees, neural networks, and clustering—have gained prominence for their predictive accuracy, particularly with large
datasets. However, SQL-based methods remain a foundational approach due to their efficiency, scalability, and widespread adoption in structured data
environments.

Research highlights the economic stakes of churn management: a mere 5% reduction in churn can boost profits by 25% to 95%, depending on the industry
(Gupta, 2021). SQL-driven churn analysis typically centres on three pillars: cohort-based retention analysis, user segmentation by activity levels, and
engagement tracking over time. Cohort analysis groups users by signup period to assess how retention evolves, revealing critical drop-off points.
Segmentation identifies high-risk groups—such as inactive or low-spending users—while engagement tracking correlates usage patterns with churn
likelihood.

Industry leaders like Netflix, Spotify, and Amazon have harnessed these methods to refine retention strategies, reportedly cutting annual customer loss
by 15-25% (Industry Reports, 2023). For example, Spotify tracks user listening habits to identify disengagement early, triggering personalized playlists
to re-engage users. Such successes underscore the value of SQL-based analysis, particularly for platforms with limited resources to implement complex
machine learning systems. However, these methods depend heavily on predefined metrics (e.g., inactivity thresholds), which may not capture nuanced
behaviours like sporadic usage. This paper builds on this foundation, focusing on practical applications while acknowledging opportunities for integration
with advanced analytics.
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Traditional vs SQL-Based Churn Analysis

Traditional churn analysis often relies on statistical or machine learning models, which excel at forecasting but require extensive data preparation and
expertise. SQL-based analysis, by contrast, offers immediate, actionable insights by processing structured datasets efficiently. It enables analysts to
calculate retention rates, segment users, and assess engagement without the overhead of model training. This immediacy makes it a vital tool for
operational decision-making, complementing rather than competing with predictive approaches. For digital platforms, where rapid responses to churn are
critical, SQL provides a pragmatic starting point.

Methodology
Hypothetical Case Study Setup

This study uses “Stream Plus,” a hypothetical subscription-based digital platform, to explore SQL-based churn analysis. The analysis draws on three
simulated datasets:

. Users Dataset: Captures user identifiers, signup dates, last active dates, and subscription statuses (active or inactive).

e  Transactions Dataset: Logs payment details, including timestamps and subscription plans (e.g., Freemium, Premium).

e  Engagement Dataset: Tracks user interactions, such as session durations and content views.

These datasets emulate real-world structures, providing a basis for analysis.
SQL Techniques for Churn Analysis

Identifying Churned Users

The first technique classifies users as churned if they have not interacted with the platform for over 30 days. This establishes a baseline for disengagement,
allowing analysts to measure the scale and timing of churn. For example, a process might compare the current date to each user’s last active date, flagging
those exceeding the 30-day threshold as inactive. This approach provides a clear snapshot of churn frequency across the user base.

Sample Query:

SELECT user_id, last_active_date

FROM Users

WHERE DATEDIFF( , last_active_date) >

AND subscription_status = 'inactive’;

Cohort Analysis for Retention Tracking

Users are grouped by their signup month to evaluate retention trends over time. Analysts compare the number of users who remain active within 30 days
against the total cohort size, calculating retention rates and identifying when engagement typically declines. This method highlights lifecycle stages where
intervention may be most effective, such as early drop-offs in the first month.

Sample Query:
SELECT DATE_TRUNC('month’, signup_date) AS cohort,
(DISTINCT user_id) AS total_users,
(DISTINCT CASE WHEN DATEDIFF( , last_active_date) <= 30 THEN user_id END) AS active_users
FROM Users
GROUP BY cohort;
Churn Segmentation Based on Subscription Plan
Churned users are categorized by their subscription type to assess plan-specific risks. Analysts compare the proportion of churned users to total users
within each plan, revealing whether certain offerings (e.g., Freemium vs. Premium) correlate with higher attrition. This insight guides adjustments to
pricing or features, targeting high-risk segments.
Sample Query:
SELECT subscription_plan,
(DISTINCT CASE WHEN DATEDIFF( , last_active_date) > 30 THEN user_id END) AS churned_users,
(DISTINCT user_id) AS total_users
FROM Users
JOIN Transactions USING (user_id)
GROUP BY subscription_plan;
User Engagement and Churn Correlation
Engagement levels, such as average session duration, are analyzed to determine their relationship with churn. By contrasting engagement metrics between
active and churned users, analysts pinpoint thresholds (e.g., short sessions) that signal heightened churn risk. This informs targeted retention efforts
focused on boosting interaction.
Sample Query:
SELECT (session_duration) AS avg_duration,
CASE WHEN DATEDIFF( _DATE, last_active_date) > 30 THEN 'Churned' ELSE 'Active' END AS status
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FROM Engagement
JOIN Users USING (user_id)
GROUP BY status;

Churn Risk Prediction Using Activity Decay
Users are classified into risk categories—high, medium, or low—based on their inactivity duration. For instance, those inactive for over 60 days might
be deemed high risk, while those inactive for 30-60 days are medium risk. This stratification prioritizes users for re-engagement campaigns, focusing
resources efficiently.
Sample Query:
SELECT user_id,
CASE

WHEN DATEDIFF( , last_active_date) > 60 THEN 'High Risk’

WHEN DATEDIFF( , last_active_date) > 30 THEN 'Medium Risk'

ELSE 'Low Risk' END AS churn_risk
FROM Users;

Results & Discussion

The Stream Plus analysis yields several key findings:
e  Users with average session durations below 5 minutes are three times more likely to churn than those with longer sessions, underscoring
engagement as a critical retention factor.
. Freemium users exhibit a 70% churn rate, while Premium users retain at 85%, suggesting that perceived value influences loyalty.
. Older signup cohorts (e.g., users registered over six months ago) show a 40% retention rate, compared to 70% for recent signups, indicating
a natural decline in engagement over time.
e  Segmenting users by engagement levels enables precise identification of at-risk groups, enhancing the effectiveness of subsequent
interventions.
These insights align with broader industry observations, where engagement and pricing strategies significantly shape churn outcomes. The high churn
among Freemium users mirrors trends in freemium models, where limited features may fail to sustain interest. The cohort analysis reveals a lifecycle
effect, consistent with studies showing engagement wanes without continuous value delivery (Gupta, 2021). While these SQL methods rely on static
thresholds (e.g., 30-day inactivity), they offer a straightforward, scalable approach to churn management, particularly for platforms seeking rapid insights.
The inclusion of queries in this study demonstrates how these techniques are operationalized, providing a practical bridge between theory and application.

Retargeting Strategies Based on Findings

Three-Phase Retargeting Model
Detection
The analysis identifies churn risks by examining engagement patterns and subscription types. Low session durations and Freemium status emerge as key
indicators, enabling analysts to segment users into actionable risk groups.
Intervention
Several strategies address these risks:
. Personalized Email Retargeting: Emails tailored to users’ past interactions (e.g., content preferences) encourage re-engagement among those
with declining activity.
. In-App Notifications & Incentives: Notifications offering discounts or exclusive content target high-risk users, incentivizing immediate
returns.
e  Gamification & Engagement Boosters: Features like leaderboards, badges, or bonus rewards aim to boost interaction, particularly for low-
engagement segments.

Evaluation
Post-intervention analysis tracks re-engagement by measuring the number of previously inactive users who resume activity. This step assesses the impact
of each strategy, refining future efforts.

Future Scope & Ethical Considerations

Enhancing Churn Analysis with Machine Learning

SQL-based analysis provides a strong foundation, but integrating machine learning could elevate its capabilities. Techniques like logistic regression or
clustering could incorporate unstructured data—such as user feedback or browsing patterns—to predict churn with greater precision. This hybrid approach
could balance SQL’s simplicity with AI’s depth, offering a scalable evolution for platforms like Stream Plus.

Data Privacy Concerns in Churn Tracking

Churn analysis raises ethical questions, particularly under regulations like GDPR and CCPA. Tracking user behaviour risks overreach unless platforms
adopt transparent data policies, secure explicit consent, and anonymize personal information. Balancing retention goals with privacy is essential to
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maintain trust and compliance.

Conclusion

SQL-based churn analysis offers digital platforms a powerful, accessible method to monitor churn, segment users, and develop retargeting strategies. The
Stream Plus case study illustrates how cohort analysis, subscription segmentation, and engagement tracking uncover actionable patterns, driving retention
efforts. By reducing churn, platforms can enhance user satisfaction and revenue stability. Future advancements could integrate machine learning for
predictive insights, provided ethical data practices are prioritized. This study highlights the enduring value of SQL-based analysis in the data-driven
digital landscape, with practical examples reinforcing its applicability.
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