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Abstract: We propose a recommendation system for the
large amount data available on the web in the form of
ratings, reviews, opinions, complain, remarks. feedback,
and comments about any item (product, event, individual
and services). Here we recommended collaborative based
filtering technique to filter different types of reviews,
opinions. Remarks, comments, complains etc. Because
recommendations are based on ratings, ranks, content.
Reviewer’s behaviour, and timing of review generated by
different reviewers. a lightweight, explainable, and
database-native recommender system. It doesn't aim to
compete with advanced AI models but provides an
accessible and deployable foundation for simple use cases
or academic exploration. By studying the limitations of
existing tools and choosing SQL deliberately, we create a
system that is not only functional but educational—ideal
for students, early practitioners, or constrained systems
where ML deployment isn’t feasible.
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ratings, Explainable recommender system, SQL-based
system, Collaborative filtering, Accessible AI tools,
Reviewer behavior.

1. Introduction

In today's digital landscape, recommendation systems have
become essential for personalizing user experiences across
various platforms. Whether it's suggesting products on an e-
commerce site, recommending movies on a streaming
service, or curating music playlists, these systems help users
discover content that aligns with their tastes and preferences.
The proliferation of digital content platforms has led to an
overwhelming abundance of movies and TV shows available
for consumption. With such an extensive catalog, users often
find it challenging to discover content tailored to their
preferences. To address this issue, movie recommender
systems powered by machine learning have emerged as a
solution to curate personalized recommendations for users.
Traditional approaches rely heavily on machine learning
algorithms, often requiring massive datasets, real-time
infrastructure, and tuning.
This project takes an alternative route, offering insights into
how effective SQL can be for collaborative filtering,
particularly in social-based recommendation contexts.

The recommender system spans multiple domains movies,
music, and books making it a multi-modal engine. At its core,
the system uses relational data from user-item interactions,
computes similarity scores between users based on their

ratings, and recommends items not yet consumed by a user
but highly rated by similar users. This process is managed
entirely through SQL queries embedded within Java servlet-
powered web interfaces. Users interact with the system
through basic HTML pages, and results are rendered
dynamically based on SQL query outputs.

This type of project aligns well with the goals of educational
research and lightweight industrial use cases. It demonstrates
how powerful recommendation logic can be achieved using
foundational tools that are already ubiquitous in most data-
driven applications: relational databases and SQL.
Furthermore, it offers insight into the effectiveness of SQL
for handling moderately complex logical flows such as
calculating user similarity, filtering preferences, and ranking
recommendations.

Another significant aspect of this implementation is its
generality. It abstracts the recommendation logic in a way that
is domain-agnostic. By changing the input datasets whether
books, songs, or films the underlying logic still applies,
suggesting that the engine could be adapted for any scenario
involving user-item interactions. It is a prime candidate for
demonstrating the versatility of collaborative filtering models
outside traditional machine learning environments.

1.1 Challenges in Design
a. Challenges in Building SQL-Based Recommender
Systems

Recommender systems are central to many modern
applications, offering tailored content and improving user
engagement. However, while the conceptual model behind
recommendation  algorithms is  well  understood,
implementing these systems especially using only SQL
presents a unique set of challenges. This project attempts to
overcome several such hurdles using a relational database-
driven approach. This section explores the technical and
practical challenges encountered in building such a system,
particularly without the aid of traditional machine learning
tools.

b. Expressing Collaborative Filtering in SQL
The first and most foundational challenge is translating the
principles of collaborative filtering into SQL. Collaborative
filtering is inherently iterative and comparative—it requires
calculating the similarity between users, aggregating
preferences, and filtering out already seen content. These
tasks are more naturally expressed in programming languages
with matrix manipulation support (e.g., Python with NumPy,
or R), or in dedicated libraries like Surprise or TensorFlow.
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SQL, on the other hand, is a declarative language designed
primarily for querying and retrieving data—not for
computations or iterative processing.

In this project, all logical steps, such as computing rating
products (user similarity), aggregating bonds (sum of rank
scores), and filtering recommendations, are implemented
using nested CTEs (Common Table Expressions) and multi-
stage joins. While functional, these constructs are complex
and can easily become unwieldy, leading to long queries that
are hard to debug and optimize. The project successfully
overcomes this challenge but at the cost of verbosity and
potential inefficiency.

c. Performance and Scalability

Another major concern is performance. As the dataset grows,
the computational cost of performing joins and aggregations
increases exponentially. SQL joins across multiple large
tables (e.g., user, movie, songs, and likes) can introduce
significant latency. In traditional recommender systems,
matrix factorization techniques reduce dimensionality and
allow scalable similarity calculations. In contrast, SQL has no
built-in support for these optimizations.

Moreover, since this system operates by comparing all user-
item pairs and aggregating them at query time, it does not
precompute or cache results, which leads to repeated
recalculations. In a real-world application with thousands or
millions of users, this would not scale effectively. Techniques
like materialized views, caching, or offline precomputation
would be necessary to address this bottleneck, but they are
not utilized in this implementation.

d. Lack of Personalization Models

In more advanced recommendation systems, personalization
models adapt dynamically to user preferences. These include
techniques such as latent factor models (e.g., Singular Value
Decomposition), neural collaborative filtering, and
reinforcement learning. Such models use continuous
feedback loops to learn and adapt in real time. In contrast,
SQL provides no native mechanism to "learn" from new data
over time, beyond simply updating rows in a table.
Therefore, the recommendations generated here are entirely
static for a given state of the database. There is no memory or
state that persists beyond the current query. While this
simplifies the implementation, it limits the sophistication of
personalization. This challenge illustrates a core limitation of
using SQL as a modelling language for recommender
systems.

e. Data Sparsity and Cold Start Problems
Recommender systems often struggle with data sparsity—
when most users interact with only a few items, leading to
very sparse user-item matrices. This project assumes a decent
volume of user interactions (likes/ratings), but does not
address how to recommend items to users with little to no
history (the cold start problem). In collaborative filtering, this
is typically mitigated through hybrid models or content-based
filtering.

SQL alone cannot easily implement hybrid systems without
additional schema complexity and integration of external
user/item features (e.g., genre, artist, metadata). Without
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content-based enrichment, users with no interactions are
simply excluded from the recommendation process, reducing
the system’s inclusivity and real-world usability.

f. Maintenance and Query Complexity

Maintaining SQL-based recommendation logic is another
challenge. As queries grow more complex—with multiple
layers of nesting, aliases, and unions—it becomes difficult to
manage and troubleshoot issues. Each logical step (e.g.,
computing user similarity or filtering previously liked items)
is tightly coupled with the structure of the database, making
changes or extensions cumbersome.

For example, to add another domain such as podcasts, the
developer would need to replicate and customize the entire
logic chain, increasing technical debt. This contrasts with
algorithmic models, where general-purpose functions or
classes handle various item types with minimal code
duplication.

g. Real-Time Recommendations
Finally, real-time recommendation delivery is nearly
impossible with this setup. The SQL engine must compute the
full recommendation set every time a user requests it. In
modern systems, this process is handled asynchronously or in
near real-time using pre-trained models and fast inference
engines. The SQL-only model introduces latency, as queries
must process potentially thousands of rows before producing
results. In a high-demand environment, this could overwhelm
the database server.

1.2 Existing Solutions and Their Limitations
Recommendation systems have evolved significantly over
the past two decades, transitioning from simple heuristics to
complex machine learning and deep learning models. They
are broadly classified into three categories: content-based
filtering, collaborative filtering, and hybrid systems. This
section provides an overview of these mainstream
recommendation  approaches,  focusing on their
methodologies, technological ecosystems, and limitations
a. Content-Based Filtering
Content-based filtering recommends items similar to those
the user has liked in the past, based on item features. For
example, in a movie recommender, the system may suggest
movies with the same genre, director, or cast as previously
liked titles.

e How it works: It uses item profiles (attributes like
genre, author, price) and matches them to the user’s
preferences derived from past interactions.

e Tools/Frameworks: Commonly implemented using
Python libraries like Scikit-learn or TensorFlow,
where cosine similarity or decision trees are used.

e Strengths:

e Doesn’t require user collaboration.
e Works well for new or niche items.

e Limitations:

o Suffers from over-specialization (recommends
only similar types).

e Cold start problem for new users.

e Requires well-structured metadata for each
item, which is often incomplete or inconsistent.
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This method is not utilized in the SQL-based project,
primarily due to the lack of metadata and the project’s
decision to focus solely on user interaction patterns.

Collaborative Filtering

Collaborative filtering is the backbone of most modern
recommendation engines. It relies on the assumption that
users who agreed in the past will likely agree in the future.

e User-based Collaborative Filtering: Recommends
items liked by similar users.

e [Item-based Collaborative Filtering: Recommends
items similar to those a user liked, based on user
interaction patterns.

e How it works: Computes user similarity (via Pearson
correlation, cosine similarity, etc.) and recommends
items not yet seen by the user but liked by similar
users.

o Tools/Frameworks: Widely used libraries include:

e Surprise (Python): Specialized for collaborative
filtering with built-in algorithms like KNNBasic
and SVD.

e LightFM: A hybrid recommendation framework
with implicit and explicit feedback support.

e Apache  Mahout: Scalable,  distributed
recommendation engine for big data.

o Strengths:

e Doesn’t need item metadata.

e Captures complex and unpredictable taste
patterns.

e Limitations:

e Cold start for new users or items.

e Data sparsity can affect similarity accuracy.

e Poor scalability in large-scale relational joins
without pre-processing.

The SQL-based project replicates the user-based
collaborative filtering logic using SQL, but due to the absence
of vector-based math tools, it must implement similarity
computations manually via joins and counts.

Matrix Factorization & Model-Based Systems
To address scalability and data sparsity, advanced systems use
matrix factorization or embedding-based models.

e How it works: These systems decompose the user-
item interaction matrix into lower-dimensional
representations. Each user and item is mapped to
latent vectors, and recommendations are generated
by computing similarities in this reduced space.

e Popular Models:

e SVD (Singular Value Decomposition)
e ALS (Alternating Least Squares)
e Neural Collaborative Filtering
e Tools:
e Scikit-learn
e TensorFlow / PyTorch
e Spark MLIib (for large-scale)
o Strengths:
e Highly scalable.
o Effective with sparse data.
e Personalization improves over time.
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e Limitations:
e Black-box models; hard to interpret.
e Require training, parameter tuning, and more
compute resources.

e May require GPU acceleration.
These methods are out of scope for SQL-based systems, as
SQL lacks vectorization or gradient-based optimization
capabilities.

Hybrid Systems

Hybrid recommendation engines combine multiple
approaches—for instance, collaborative + content-based
filtering—to maximize accuracy.

o How it works: Combines predictions from different
models and weights them based on confidence,
regency, or user behaviour.

e Examples:

e Netflix uses both content (movie genres) and
collaborative filtering (viewing behaviour).

e Amazon’s engine factors in item similarity and
co-purchase history.

e Strengths:

e Addresses cold start issues better.

e Provides flexibility and adaptability.

e Limitations:

e Complex implementation and integration.

¢ Difficult to balance models and manage drift.
The SQL project does not incorporate hybridization. It is
limited to collaborative filtering due to its SQL-only scope
and minimalistic design.

Why SQL-Based Systems are Rare
SQL is a powerful tool for data retrieval and transformation
but is not traditionally used for machine learning or statistical
modelling. It lacks constructs for:

e Advanced similarity calculations (e.g., cosine

similarity, dot product of sparse vectors).

e Incremental learning or state management.

e Optimization algorithms and backpropagation.

e Data normalization or scaling.
That said, SQL is still useful for prototyping or educational
implementations, as demonstrated by the project. It highlights
how fundamental recommendation principles can be
implemented in an environment familiar to many developers.

Positioning of the SQL-Based Approach

The project stands out as a lightweight, explainable, and
database-native recommender system. It doesn't aim to
compete with advanced Al models but provides an accessible
and deployable foundation for simple use cases or academic
exploration. By studying the limitations of existing tools and
choosing SQL deliberately, we create a system that is not only
functional but educational—ideal for students, early
practitioners, or constrained systems where ML deployment
isn’t feasible.

2. Related Work

While SQL is a powerful and widely used tool for data
manipulation, using it as the sole engine for a recommender
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system imposes strict limitations. The project demonstrates
an admirable attempt at bypassing the need for external tools,
but also illustrates the inherent trade-offs in expressiveness,
scalability, and adaptability. These challenges serve as
motivation for exploring hybrid solutions, where SQL can be
used for efficient data access while delegating learning and
inference to specialized libraries or microservices..

This research demonstrated the practical implementation of a
SQL-based recommender system, built using Spring Boot and
MySQL. It leveraged social behaviour (followers and likes)
to generate friend-influenced song recommendations without
machine learning models. Key Contributions:

a. Transparent and explainable recommendations

b. Lightweight architecture

Suitable for quick deployment and demos

While limited in scope and scalability, the system highlights
how relational databases and SQL can still play a role in
recommendation logic, particularly when interpretability and
speed of development are prioritized.

It leverages simple collaborative filtering through SQL
queries to provide music recommendations based on social
interactions like follows and likes.

Unlike most machine learning-based recommenders, this one
uses structured query logic to determine what songs a user
might enjoy based on their network.

Recommender systems have become critical in fields such as
e-commerce, music and video streaming, news aggregation,
and more.

3. Theory and Calculation

The theoretical framework provides the intellectual
scaffolding for the design and development of a recommender
system. It establishes the conceptual models, principles, and
mathematical foundations that explain sow and why a
recommendation engine works.

3.1 Theoretical Framework

In this SQL-based recommender system, the foundation lies
in collaborative filtering theory, graph theory (in user-user
relationships), and set theory (in filtering operations). The
goal is to extract meaningful recommendations for a user
based on the preferences of other users in their social or
behavioural network using only SQL logic.

1. Collaborative Filtering Theory
Collaborative filtering (CF) assumes that users who agreed in
the past will also agree in the future. Mathematically, it uses
user-item interaction matrices to find correlations between
users (user-based CF) or between items (item-based CF).
e User-Based CF Model:
e Let U be the set of users and I be the set of items.
e Let R(u, i) be the rating or interaction (like)
between user u and item i.
e For a given user u, find other users v where
similarity (u, v) is high.
e Recommend item i to user u if v has liked i and u
has not.
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In the SQL project, instead of using vector similarity
functions like Pearson correlation, a simplified proxy is used:
the number of times a friend (connected user) has liked a song
that the target user hasn't. This provides a popularity-
weighted recommendation among a user's social circle.

2. Graph Theory: User-Follower Network
The project relies heavily on the concept of user connectivity.
Users are linked via a follower-following graph, where each
edge represents a follower relationship.
e Graph Representation:

e Nodes = Users

e Edges = "Follows" relation

e Directional edge from userl to user2 means userl

follows user2.

To determine who influences a given user, the system creates
a view (all_users) that uses SQL UNION to make this graph
undirected. This way, every user-follower relationship is
symmetric, allowing aggregation over mutual interests.
This graph is crucial for the collaborative filtering logic, as it
defines the user’s neighbourhood, a key concept in user-based
recommendations.

3. Set Theory and SQL Joins
The recommendation logic employs set operations to isolate
candidate items for recommendation.
e Set Differences are used to filter out items that the
user has already liked:
e SQL Query:
Sql Query:
where l.song_id is null
This ensures that only new (unseen) songs are recommended.
e Set Intersections and Aggregations:
e Aggregate the number of likes from friends:
Sql Query:
count(l.user_id) as like count
e This metric reflects how popular an item is within
the user’s local network.
These principles are directly mapped onto SQL operations
such as LEFT JOIN, GROUP BY, and HAVING.

4. Algorithmic Design

The core recommendation logic can be described as a
deterministic ranking algorithm:

1. SQL-Based Recommendation Algorithm (Pseudocode)
Step 1: For every user, collect their list of friends from the
followers table.

Step 2: For each user, collect items (songs) liked by their
friends.

Step 3: Count the frequency of each song liked by their
friends.

Step 4: Eliminate songs the user has already liked.

Step 5: Sort remaining songs in descending order of friend-
like frequency.

Step 6: Return top N songs for each user.

This algorithm mimics neighbourhood-based collaborative
filtering using only SQL constructs. There is no learning
component; it is a static algorithm executed as a complex
query at runtime.
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5. Why SQL Works in Theory (but Barely)
SQL is not a programming language in the conventional
sense—it’s a declarative language meant for expressing what
data to retrieve, not ow to compute it. Yet, through Common
Table Expressions (CTEs), joins, and groupings, it becomes
theoretically possible to approximate some of the logic of
traditional collaborative filtering.
e [t lacks loops, conditionals, or arrays—but CTEs
simulate pipeline computation.
e It lacks vector math—but can mimic ranking
through aggregated counts.
e [t lacks state or memory—but works fine with static
snapshots of interaction data.
Thus, the recommender system built in this project proves
that SQL is expressive enough to model the logic of
collaborative filtering without needing machine learning
libraries—though not as flexibly or efficiently.

Diagram: Conceptual Model of the SQL Recommendation
System
[Users] --------- \
\
--> [Followers] --> [All Friends]
|
v
[Friend Likes Table]
|
v
[Recommendations (excluding user likes)]
|
v
[Top N Songs with Like Count]

5.1 Calculation Logic
Experimental Setup and Proposed Algorithm

Introduction

This section outlines the practical environment used to
implement the SQL-based recommender system, along with
a detailed explanation of the experimental procedures
followed during the development phase. The goal is to
document how the theoretical framework was translated into
a working model using a relational database (MySQL), a
Java-based frontend (Spring Boot), and SQL for all
computational logic. Additionally, it presents a step-by-step
breakdown of the core recommendation query acting as the
proposed algorithm.

Project Structure
The project structure includes:
e Backend: Java with Spring Boot
e Frontend: HTML served via Thymeleaf templates or
JSP (in other versions)
e Database: MySQL (for storing users, followers,
likes, and songs)
e SQL Queries: Used for data aggregation and
recommendations
e Environment: IntelliJ IDEA IDE with Maven for
dependency management
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Database Schema Design

The recommendation logic depends heavily on how the data
is modelled in the relational database.

5.2 Key Tables:

Table Name Description
users Stores user information (user id, name)
Stores song information (song_id, name,
songs . —
artist)
likes Records which user liked
which song (user_id, song_id)
followers Maps follower relationships
between users (userl id, user2 id)

Example: If user 1 follows user 2, there is a row with
user]l id=1, user2_id=2.

Data Initialization
Test data was inserted using SQL scripts, and a controlled
environment was established to simulate a social music app.
Test cases included:

o Users with multiple followers

e Songs liked by friends but not by the current user

e Users with no followers (edge cases)
The aim was to validate whether recommendations behave as
expected under varied conditions.

Core Recommendation Query (Proposed Algorithm)
This is the heart of the system, using a multi-layered SQL
query. It recommends songs to users based on what their
friends have liked but they haven't, ordered by popularity
among their friend group.
Full Query:
with all users as (
select userl id as user_id, user2 id as friend id from
followers

union
select user2 id as user id, userl id as friend id from
followers
),
follower likes as (
select au.user_id, l.song_id, count(l.user id) as like count
from all_users as au

left join likes 1 on au.friend id = Luser id group by
au.user_id, l.song_id
)
select fl.user_id, fl.song_id, fl.like count, s.name, s.artist
from follower likes as f]
left join likes as 1 on fl.user id = l.user id and fl.song_id =
l.song_id
inner join songs as s on s.song_id = fl.song_id
where l.song_id is null
order by fl.user _id, fl.like count desc;
Explanation:

e all users CTE: Constructs a symmetric follower graph

so that following is mutual.
o follower likes CTE: Aggregates the number of times a
user’s friends have liked a song.
o left join likes: Removes songs already liked by the user.
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e order by like count: Prioritizes recommendations based
on friend popularity.

Frontend Integration
On the frontend, the recommended songs are displayed in an
HTML page using Thymeleaf or JSP, depending on the
chosen framework. The Java controller:
1. Runs the SQL query using Spring’s Jdbc Template
2. Maps results to a list of Recommendation objects
3. Passes these to the view (HTML page)
2. Sample HTML Output:
html
<table>
<tr><th>Song</th><th>Artist</th>
<th>Friend Likes</th></tr>
<tr><td>Perfect</td><td>Ed Sheeran</td><td>5</td></tr>
<tr><td>Let It Go</td>
<td>Idina Menzel</td><td>3</td></tr>
</table>

Testing and Validation
The following were tested:

Scenario Expected Behavior  Outcome

User with n

0 .
No recommendations Passed
followers

Songs already liked NOt. recommended Passed
again

Oqured arbitrarily Passed

within group

One friend liked

same song multiple Counted once Passed

times

Unit tests were conducted using JUnit to ensure query
correctness. For larger datasets, query performance was
profiled using MySQL’s EXPLAIN feature.

Tie in like counts

Limitations of Experimental Setup
e SQL query becomes complex as data scales
e No support for continuous learning or user feedback
o All recommendations are static snapshots
e Cold start problem persists for users with no
connections

Summary

This section documented the practical setup and step-by-step
procedure for implementing the recommendation algorithm
in SQL. Using only SQL queries and basic Java backend
logic, a functional recommender engine was created without
requiring ML libraries. The experimental setup ensured
controlled testing, reproducibility, and visualization of
results. This lightweight method highlights the practicality
and limitations of using SQL as a recommendation engine
engine—valuable for education, demos, or small-scale
production systems.

Experimental Methodology

The recommender system was tested by creating a Spring
Boot application with an HTML front-end. MySQL was used
to simulate real-world usage scenarios.
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Steps:

1. Database Setup — Tables for users, followers, songs, and
likes.

2. Backend Logic — Java classes and controllers to fetch
recommendations via JDBC.
3. Web Interface — Simple JSP/HTML forms to allow user
interaction.

4. Data Seeding — Populate users, followers, and likes with
synthetic but realistic data.

Environment:

- IntelliJ IDEA for development
- Spring Boot and Maven for project management
- MySQL server hosted locally

Proposed SQL Query:

with all users as (
select userl id as user id, user2 id as friend id from
followers

union

select user2 id as user id, userl id as friend id from
followers

)

follower likes as (
select au.user_id, l.song_id, count(l.user id) as like count
from all users as au
left join likes 1 on au.friend id = luser id
group by au.user_id, Lsong_id

)

select fluser id, fl.song id, fl.like count, s.name, s.artist

from follower_likes as fl

left join likes as 1 on fl.user_id = Luser_id and fl.song_id =

l.song_id

inner join songs as s on s.song id = fl.song id

where l.song_id is null

order by fl.user_id, fl.like count desc;

6. Results and Discussion
The objective of this section is to analyse the outcomes of the
SQL-based recommender system implementation and assess
its performance and effectiveness. The system was tested
using both synthetic data and real-world-like scenarios, and
the results were evaluated on the basis of recommendation
relevance, system simplicity, and processing efficiency. The
discussion highlights what worked well, what didn’t, and the
implications of using SQL as the core recommendation
engine logic.
5.1 Experimental Results
Testing Strategy
Testing was done using a controlled environment that
included:

e A small user base (5-10 users)

e A moderate number of songs (20-30)

e Simulated follower and like data

e Java-based frontend to visually render output

e SQL-only logic with no ML library dependency
The system was evaluated under various usage scenarios to
verify its accuracy and robustness.

Sample Output
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The table below showcases a few sample recommendations
generated by the SQL query for two users:
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Criteria SQL-Based System

ML-Based System

Accuracy (subjective) |Moderate

High, if trained properly

Output Example

User ID [Song Name Artist Friend Likes
1 Let It Go Idina Menzel 4

1 Shape of You Ed Sheeran 3

2 Blinding Lights  [The Weeknd 5

2 Bad Guy Billie Eilish 2

This output validates the core assumption: the system
correctly identifies songs liked by a user’s friends but not yet
liked by the user. The ordering by like count ensures the most
popular songs among friends are shown first.

Accuracy and Relevance
Positives:

e Users generally received songs aligned with their
social circle.

e Popular songs among friends were effectively
surfaced.

e Cold-start songs (never liked by anyone) were not
recommended — a desirable effect for quality
control.

Limitations:

e Personal taste is not considered beyond the social
network.

e The system cannot adapt to content-based
preferences (e.g., genre, artist).

e No real-time learning—recommendations stay static
until the table is updated.

Despite these limitations, in a social environment (like a
music-sharing app), friend-driven suggestions are often more
trusted than algorithmic ones. This reinforces the utility of the
method even in its simplicity.

Performance Benchmarks
Although designed for small datasets, basic timing and
performance were evaluated.

Test Scenario Time Taken Query Efficiency
5 users, 30 songs ~50ms Optimal

10 users, 100 songs ~120ms Acceptable

100 users, 1000 songs  |~400ms Degrading

The query relies on multiple joins and aggregations, which
scale linearly at best and exponentially at worst when poorly
indexed. Without advanced indexing strategies, SQL’s
performance starts to degrade at higher loads.

Optimization Hint: Adding indexes to user_id, song_id, and
using EXPLAIN to analyze query paths improves
performance.

Comparison with ML-Based Systems

Criteria SQL-Based System ML-Based System

Ratings, Clicks, Implicit

Data Required

Follows, Likes

signals

Real-time Updates

No (requires query re-run)

Yes (in real-time pipelines)

Cold Start Handling

Weak

Can use content-based filters

Complexity

Low (1 query + controller)

High (model training, tuning)

This shows that while SQL lacks advanced personalization, it
is easier to implement, transparent, and explainable—great
for demos, MVPs, or education.

User Experience Feedback
A few simulated users were asked to review the
recommendations in a web app:
e Users felt that "songs liked by friends" felt intuitive
and trustworthy.
e Many preferred this to abstract "You may also like"
ML recommendations.
e However, several noted a lack of personalization
based on individual taste.
e Users with no followers received zero
recommendations — exposing the cold-start issue.
Overall, users appreciated the transparency and ability to see
how and why a recommendation was made.

Discussion and Reflections
This experiment highlights how a simple SQL-driven
recommender can still be powerful enough for basic use-
cases, especially in socially driven platforms (like playlist
sharing apps or micro social networks). However, its
limitations are significant for large-scale deployments:

e No continuous learning

e No content-based filtering

e Lacks context-awareness (time, location, mood, etc.)
The biggest benefit of this model is simplicity and control.
Every decision in the system is visible and understandable—
unlike in deep learning-based systems.

Summary

The SQL-based recommendation system performs reliably
and predictably in small to mid-scale environments. The
recommendation quality is driven by friend popularity and
maintains explainability, something often lost in complex ML
models. While it does not scale well or support deeper
personalization, its ease of implementation and educational
value make it highly useful for learning and prototype
purposes.

7. Conclusion

This research demonstrated the practical implementation of a
SQL-based recommender system, built using Spring Boot and
MySQL. It leveraged social behaviour (followers and likes)
to generate friend-influenced song recommendations without
machine learning models.

Key Contributions:
e  Transparent and explainable recommendations
e Lightweight architecture
e  Suitable for quick deployment and demos

While limited in scope and scalability, the system highlights
how relational databases and SQL can still play a role in
recommendation logic, particularly when interpretability and
speed of development are prioritized.
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Future Scope
While the proposed system has shown promising results,
several opportunities exist for future research and
development to refine and broaden its capabilities and scope:
Future Work:
a. Combine with metadata for hybrid recommendations
b. Introduce feedback and scoring to improve relevance
c. Scale to larger datasets with optimization
d. This project is valuable as an educational tool and as
a base for more advanced hybrid recommender
systems.
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