Personalized Learning Recommendation System

User Stories

Learners

1.

2.

As a learner, | want to receive course recommendations based on my past learning
history and interests so that | can find relevant courses faster.

As a learner, | want to set my career goals and preferred learning pace so that the
platform can personalize my course path accordingly.

As a learner, | want to view my progress and upcoming recommended courses so that |
can stay motivated and track my improvement.

As a learner, | want to get reminders and suggestions when | haven’t logged in for a
while so that | can stay consistent with my learning goals.

As a learner, | want to see peer reviews and completion statistics for recommended
courses so that | can choose high-quality learning experiences.

Instructors / Content Creators

As an instructor, | want insights on which learner segments engage most with my
courses so that | can tailor content to their needs.

As an instructor, | want to get suggestions for topics with high learner demand so that |
can create new relevant courses.

As an instructor, | want feedback from the recommendation engine about how my
course performs in recommendations so that | can improve its visibility.

As an instructor, | want analytics on completion and satisfaction rates so that | can
optimize my teaching materials.

As an instructor, | want to receive guidance on improving course metadata (titles, tags,
summaries) so that my content is better discoverable by the recommendation
system.

Platform Admins

As a platform admin, | want to monitor overall recommendation performance and
engagement metrics so that | can assess the system’s business impact.

As a platform admin, | want to adjust or fine-tune the recommendation algorithms so
that they align with business goals and fairness standards.

As a platform admin, | want visibility into data quality, such as missing learner or course
attributes so that | can maintain a robust recommendation pipeline.



4. As a platform admin, | want to ensure recommendations comply with data privacy
regulations so that the platform maintains user trust.
5. As a platform admin, | want to test different recommendation models (A/B testing) so
that | can continuously improve accuracy and engagement.

Functional Requirements Table

User Type Feature Description Priority
Learner Personalized Course Suggest courses based on user High
Recommendations profile, learning history, goals, and
engagement patterns.
Learner Goal & Skill Profiling Allow users to input or update their High
learning goals, interests, and current
skill levels.
Learner Progress Tracking Display course progress, completion Medium
Dashboard stats, and next recommended actions.
Learner Adaptive Learning Dynamically adjust course High
Paths recommendations as learners
complete modules or change goals.
Instructor / Course Performance Provide insights into course High
Content Analytics engagement, ratings, and completion
Creator metrics.
Instructor / Topic Demand Insights | Show trending topics or skills learners | Medium
Content are searching for to guide content
Creator creation.
Platform Recommendation Enable admins to configure, test, and | High
Admin Engine Management optimize the recommendation
algorithm (e.g., via A/B tests).
Platform Data Quality & Track data integrity, user privacy High
Admin Compliance Monitoring | compliance (GDPR/CCPA), and
anonymization checks.
All User Types | Feedback & Rating Collect user feedback and ratings to Medium

System

refine recommendation accuracy and
content quality.




Platform
Admin

Analytics & Reporting
Dashboard

Generate business-level reports on
engagement, completion rates, and
satisfaction metrics.

Medium

Non-Functional Requirements

Category Requirement Explanation

Performance Low Latency The system should generate personalized

Recommendations course suggestions in under 2 seconds to
maintain a seamless learning experience.

Optimized Query Database queries and model inference

Processing operations should be optimized to handle
concurrent recommendation requests
efficiently.

Scalability Horizontal Scaling The recommendation engine and user data
services should scale horizontally to handle
growth in user base and course catalog.

Dynamic Resource Use auto-scaling mechanisms (e.g.,
Allocation Kubernetes or cloud auto-scalers) to adjust
compute resources based on load.

Availability High Uptime SLA The system should ensure minimal downtime

(99.9%)

through redundancy and failover mechanisms.

Graceful Degradation

In case of model service failure, fallback to
rule-based or cached recommendations to
maintain basic functionality.

Compliance

Data Privacy
Adherence
(GDPR/CCPA)

All user data must be stored and processed in
compliance with global and regional privacy
regulations.

User Consent & Data
Portability

Users must be able to opt in/out of
personalization and export or delete their
learning data upon request.




Security & Data | Encryption at Rest and | All personal data and course history must be
Retention in Transit encrypted using industry-standard protocols
(e.g., AES-256, TLS 1.3).

Data Retention Policy Retain user learning data for a maximum of 3
years post-inactivity unless explicitly renewed
or deleted by the user.

Monitoring & System Health Implement continuous monitoring (APM tools,
Logging Monitoring CloudWatch, etc.) for uptime, API response
time, and error tracking.

User Interaction Log anonymized interactions (clicks,

Logging completions, ratings) to feed into model
retraining and system analytics.

Extensibility Modular Architecture Build the system with microservice-based or
modular design so new recommendation
models or data sources can be integrated
easily.

Plug-and-Play Model Allow deployment of new ML models without

Support disrupting existing services (e.g., through
versioned APIs or feature toggles).

Core System Design
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Trade-Off Analysis

Trade-Off Chosen:
Personalization Depth vs. User Privacy & Data Tracking

1. What’s in Conflict



I.  Personalization Depth:
To make highly accurate and context-aware recommendations, the system needs to
collect detailed behavioral, demographic, and contextual data — such as browsing
patterns, time spent per course, quiz results, and even inferred skill gaps.
— More data = better predictions and engagement.

II.  User Privacy & Data Tracking:
Collecting too much data risks violating privacy norms (e.g., GDPR, CCPA) and could
reduce user trust if not handled transparently.
— Less data = safer compliance and stronger trust, but weaker personalization.

2. How I’d Prioritize

I.  Primary Priority: User trust and regulatory compliance. Without a privacy-first
approach, even the best personalization can damage reputation or lead to legal issues.
.  Secondary Priority: Maintain a baseline level of personalization using consented,
anonymized, and aggregated data.
lll.  Goal: Find the balance where personalization feels intelligent without being invasive.

3. Product Decision

Decision:
Adopt a privacy-preserving personalization framework — balancing both sides by limiting
raw data collection and using explicit consent + anonymized event tracking.

Implementation choices:

[.  Collect only high-value behavioral signals (enrollments, completions, ratings) instead of

full clickstreams.

II.  Use on-device or edge inference for some personalization (e.g., learning goals or pace
preference stored locally).

lll.  Allow opt-in advanced personalization for users who want deeper recommendations
(career mapping, skill analysis).

IV.  Communicate data use clearly through in-app consent prompts and a “Why am | seeing
this?” explainer in recommendations.

4. Why This Decision

I.  Trust as a growth lever: A transparent privacy posture increases user confidence and
willingness to share useful data.
. Compliance readiness: Ensures easy adaptation to future regulations.
lll.  Sustainable personalization: Even with limited data, the system can learn through
aggregated insights and federated updates.



Assumptions & Future Planning

A. Key Assumptions

Category

Assumption

Rationale / Impact

User Behavior

Learners will actively interact
with course recommendations
(click, rate, enroll).

The recommendation system’s
learning depends on feedback loops;
low interaction may reduce model
accuracy.

Data Availability

Sufficient historical data exists
on learner activity, course
metadata, and engagement.

The models rely on diverse and clean
datasets to generate reliable
recommendations.

Course
Metadata
Quality

Instructors provide well-tagged
and structured metadata (topics,
skill level, duration).

Rich metadata ensures accurate
content-based recommendations and
better discoverability.

User Consent &
Trust

Users will consent to share basic
learning data for personalization.

The system assumes a transparent
opt-in model, which is essential for
data-driven personalization.

Platform
Stability

Core services (auth, CMS,
analytics) are stable and
integrated via APls.

Recommendation services depend on
smooth data exchange with other
platform components.

Business Goals

Success metrics (engagement,

Ensures that recommendation

(e.g., AWS, GCP).

Alignment completion rate, satisfaction) are | performance can be directly tied to
measurable and tracked. business impact.

Technical Cloud infrastructure supports Enables scalability and resilience

Infrastructure auto-scaling and model hosting | during peak load periods.

B. Future Improvements & Extensions

similarity, and knowledge graphs.

Area Planned Improvement Expected Outcome
1. Model Integrate hybrid models combining More accurate and
Enhancements collaborative filtering, content context-aware course

recommendations.




2. Skill Mapping &
Career Pathing

Build a skills ontology that maps
courses to specific industry roles and
career trajectories.

Learners receive
recommendations aligned
with long-term career goals.

3. Adaptive
Learning

Introduce real-time adaptivity —
dynamically modify recommendations
based on quiz performance and
progress.

Increases course completion
rates and satisfaction.

4. Social Learning
Layer

Recommend study groups, mentors,
or peer learners with similar goals.

Boosts engagement through
community-based learning.

5. Federated
Learning

Explore privacy-preserving ML to
train models on-device without
transferring raw user data.

Balances personalization
and data privacy.

6. Instructor
Support Tools

Suggest course improvement areas or
new topic opportunities using demand
prediction.

Encourages high-quality
content creation.

7. Multi-Language
Support

Expand recommendations to local
languages using NLP-based content

tagging.

Broaden reach and
accessibility across regions.

8. Gamification
Layer

Add badges, milestones, and
progress-based challenges tied to
recommendations.

Improves learner motivation
and daily engagement.

9. Explainable Al
(XALI)

Display “Why this course was
recommended” to build transparency.

Enhances user trust and
model interpretability.

10. Predictive
Analytics
Dashboard (Admin)

Introduce predictive dashboards to
forecast churn, engagement, and
satisfaction trends.

Helps admins proactively
optimize recommendation
strategies.




