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ABSTRACT

The exponential proliferation of digital movie catalogues on streaming platforms such as Netflix,
Amazon Prime Video, and ShowMax has created a severe information overload challenge for
consumers, rendering manual film discovery inefficient and unsatisfying. This study presents the
design, implementation, and evaluation of a Film Recommendation System using Machine Learning
Algorithms, developed as a full-stack web application to deliver accurate, personalised, and
explainable movie suggestions to registered users. The system integrates three complementary
recommendation techniques: Singular Value Decomposition (SVD) for collaborative filtering, Term
Frequency-Inverse Document Frequency (TF-IDF) cosine similarity for content-based filtering, and
a dynamically weighted hybrid model that combines both approaches to mitigate the cold-start
problem prevalent in sparse rating environments. The MovieLens 100K benchmark dataset,
comprising 100,000 ratings from 943 users across 1,682 movies, was employed for model training
and offline evaluation. The backend was implemented in Python using the FastAPI framework and
the Surprise library for SVD modelling; the frontend was built using React.js with Tailwind CSS;
and data was persisted in a PostgreSQL/SQLite relational database. User acceptance testing with 15
participants produced a mean usability score of 4.2 out of 5.0 and a recommendation relevance score
of 3.8 out 0f 5.0. The study confirms that a weighted hybrid approach combining matrix factorisation
with content-based metadata modelling yields superior recommendations compared to either method
independently, and that explanation features significantly enhance user trust and system perceived

quality.

Keywords: Recommendation System, Collaborative Filtering, Content-Based Filtering, SVD, TF-

IDF, Hybrid Model, MovieLens, FastAPI, React.js, Machine Learning.
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CHAPTER ONE

INTRODUCTION

1.1 Background of the Study

With the rapid adoption of numerous digital media platforms, there has been a fundamental shift in
the way people discover and interact with film content. At the time of writing in 2024, one is able to
find in excess of 36,000 unique movie titles on the platform Netflix worldwide, while Amazon Prime
Video hosts more than 25,000 titles within its various regional catalogues. In addition, the growth
of the film industry has been witnessed in the Nigerian market via the platforms ShowMax Africa,
iROKOtv, and African Movie Library. While users have access to an unprecedented number of
movies throughout history, many still struggle to find movies that match their personal preferences.
This problem, often referred to as information overload, has become one of the major challenges in

human computer interaction research as well as entertainment technology.

These types of technologies, known as recommendation systems, have come to prominence as the
principal technological means of addressing this problem of information overload. Through the
analysis of interactions recorded over time using methods like user rating, browsing history,
searching behavior, and demographics, the algorithms are able to infer complex preferences and
provide personalized recommendations automatically, thus decreasing the mental effort involved on
the part of the user in locating the relevant content. Recommendation can be very commercially
significant; according to research by the industry, Netflix claims that about 80% of the total content
consumed at Netflix comes via their recommendation algorithm, thereby adding around one billion

dollars in retained value per year.
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The science behind recommendation systems in use today is built upon three major paradigms that
have been studied intensively for close to three decades now. The first paradigm, known as
Collaborative Filtering (CF), is based on the premise that users who agree in the past will continue
agreeing in the future and takes advantage of the preference information provided by the user
community in finding similar users/items and then creating recommendations based on the observed
similarities. Content-Based Filtering (CBF), however, centers on the features of items, such as their
genres, directors, actors, and themes, to make recommendations similar to what the users liked
before without depending on any user information at all. The hybrid models that incorporate the two
paradigms together have been found to be more accurate than either one alone due to their

complementing nature.

However, there is no doubt that the development of the academic discipline was greatly propelled
forward through the Netflix Prize competition carried out from 2006 until 2009, where a one million-
dollar reward was set by Netflix to be awarded to the team that improved their recommendation
engine algorithm by 10% measured by the Root Mean Square Error of test ratings. Indeed, the
winning solution consisted of an ensemble approach using various methods of matrix decomposition

including Singular Value Decomposition and SVD++.

In the realm of computing in Nigeria and Africa in general, the creation of web applications
employing the machine learning approach is an emerging academic and industry field. It is becoming
more popular among Nigerian universities to encourage their students to undertake artificial
intelligence and data science projects as their capstone work as the technological space develops in
the country. Nevertheless, recommendation systems that implement all aspects from ingesting data
to training models and finally to creating the interface on the website are scarce projects in the

undergraduate level. The lack of examples and references constrains students in taking inspiration
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from earlier work for their project. This research aims to bridge this gap by developing a Film

Recommendation System as an undergraduate computer science project.

1.2 Statement of the Problem

Even in light of the widespread acknowledgement of the vital importance of recommendation
systems for personalised search within digital media space, there persist certain issues that impede

their efficiency, usability and even academic demonstration thereof:

First and foremost is the issue known as the cold start problem, which is a major flaw of the
collaborative filtering model of recommendation system implementation. Namely, when a
newcomer joins a particular platform and has yet to rate any of the items, the recommender system
lacks necessary information to recommend him/her any of these items. Moreover, any new item, that
has not been rated by any user yet, will not be recommended to any users despite its possible

relevance.

Secondly, current standalone recommendation systems that have been developed and implemented
in academia typically consist of experimental works performed solely using Jupyter Notebook and
Python programming. This is due to the fact that these standalone recommendation systems lack a
proper system architecture that would allow users to interact with the system, view real-time results,

and even deploy the systems without the need for considerable machine learning skills.

Thirdly, most of the computer science research works done by undergraduates in Nigeria on
recommendation systems lack any proper method of evaluation based on multiple criteria. It is
impossible to evaluate if the recommendation system is working well or can be compared to others
in literature without measuring its Precision, Recall, Root Mean Square Error, and Mean Absolute

Error.
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Fourthly, there is the problem of the lack of transparency in the recommendations, where a user
cannot know the reasons behind why certain products were recommended to him/her. Most
prototypical recommendation systems, including those that have been created by undergraduate

students, do not provide any information as to the reason behind their recommendations.

1.3 Aim and Objectives of the Study

This study is titled "Development of a Film Recommendation System Using Machine Learning
Algorithms" and aims to design, build, and test a full-stack web app for recommending films. The
app gives personal movie picks that make sense to users. We used collaborative filtering, content-
based filtering, and hybrid machine learning techniques for this. Our work is based on the MovieLens

100K dataset too.

The specific objectives of the study are to;

1. Analyzing existing film discovery systems' limits and designing a new recommendation

system involves creating its architecture.

2: I collect and prepare the MovieLens 100K dataset, did TF-IDF vectorization on movie
metadata, made a user-item matrix, and split it into train and test sets using stratification, all to prep

stuff for both collaborative and content-based models.

3:I train and implement a recommender system that uses SVD for collaborative filtering and
TF-IDF cosine similarity for content-based models. Then, I'll blend both with a dynamically

weighted approach and put them in a FastAPI RESTful backend.

4: To create a user- friendly register, search for movies, rate them, and get personalized recs

with natural language tags via an easy-to-use interface.
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5;Evaluate the developed system using standard metrics for film discovery system and designing

a new recommendation sys

1.4 Significance of the Study

The importance of the study is reflected in multiple areas such as academic, technical, education,

and societal aspects, as highlighted in the paragraphs below.

From an academic perspective, this research adds value to the existing literature on the application
of machine learning in Nigeria and Africa since it has proven through empirical findings that hybrid
recommendation is more effective than collaborative and content-based recommendation algorithms
based on the comparison of their performances. Moreover, the multi-metric methodology used for
measuring RMSE, MAE, Precision@10, Recall@10, and F1@10 will set the stage for future

research in this field.

From a technological perspective, the work culminates in a production-ready web application which
is a reference architecture of sorts, useful for software engineers implementing recommendation
capabilities in web applications. The back-end implementation using modularity, where each part
(from data load to preprocessing, to model training and finally API) is independently testable,
provides an example of professional-level software engineering which can be easily applied in a
variety of real-world cases. The open-sourced project itself allows for its use in local movie

streaming sites, film clubs, universities etc. as well.

Educationally, this project provides an example of creating production-level machine learning
applications, with all parts included — machine learning pipeline, RESTful API and web application
interface — possible in the context of a single final-year undergraduate project when using the right

approach to software engineering. The work is a source of learning material for future Computer
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Science students of the department to draw on if they choose to pursue recommendations systems

ideas in their research projects.

1.5 Scope of the Study

The scope of this research is outlined below by the explicit limitations stated below. The system is
specifically designed for the recommendation process within the area of movies and is thus not
concerned with other media types such as songs, podcasts, novels, and television shows. The
dataset used in building the models and evaluating them offline is the MovieLens 100K dataset
offered by the GroupLens Research Laboratory of the University of Minnesota which comprises

100,000 movie ratings made by 943 users for 1,682 movies from 1994 to 1998.

As far as recommendation algorithms are concerned, the list includes SVD collaborative filtering
through the use of the Surprise library, TF-IDF cosine similarity content-based filtering through
the use of scikit-learn, and weighted linear combination of the two. The deep learning methods that
have been discussed in the research include Neural Collaborative Filtering, Autoencoders, and
Transformers. As for the front end, it is implemented strictly as a web application without native
mobile apps for i0S or Android devices. The authentication process uses only standard JWT

tokenization methods and does not implement any OAuth-based social logins.

1.6 Limitation of the Study
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There exist some limitations that limit the scope of findings and generalizability. The MovieLens
100K Dataset, although acknowledged as the best choice for experimentation within the field of
recommendation system, contains the information related to the ratings received between the years
1994 and 1998. As a result, conclusions about the recommendation relevance may be drawn

considering the aforementioned limitations.

The issue of cold start is mitigated to some extent due to the use of the hybrid recommendation
strategy; however, it remains open to discussion. Users with less than five interactions with
recommendation systems do not benefit from the hybrid recommendation approach because
collaborative filtering algorithms need at least five interactions to form latent factors
representation. The absence of such implicit feedback measures as video viewing duration, click-
through rates and the number of re-watches used in industrial recommendations limits the diversity

of feedback measures considered in the current research.

1.7 Operational Definition of Terms

Recommendation System: A computer program based on machine learning that uses the preference
information of users and generates lists of items likely to be of interest to a particular user from a

big inventory automatically.

Collaborative Filtering (CF): A recommendation strategy which tries to predict user preference
based on discovering the pattern of similarity amongst many users, acting on user-item interactions

without any use of attributes of an item.
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Content-Based Filtering (CBF): A recommendation strategy that makes use of the attribute
information of items such as its genre, director, keywords etc and recommend other items similar to

the ones rated by the users previously.

Hybrid Recommendation: An approach which takes into account the output or model generated by

CF and CBF recommendation methods, thereby overcoming the shortcomings of each.

Singular Value Decomposition (SVD): A factorization technique used for the decomposition of
user-item rating matrix in order to learn the latent factor representation of users and items and make

recommendations on the basis of dot product of the factors of user-item pairs.

TF-IDF: Term Frequency Inverse Document Frequency. A measure of the significance of a term in
a document in relation to a collection of documents used in this research for the vectorization of

movie genre and keyword metadata in cosine similarity calculations.

Cold Start Problem: A difficulty in collaborative filtering methods where not enough interaction

information is available on either new users or new items to make effective recommendations.

RMSE: Root Mean Square Error. A common measure of the effectiveness of prediction methods,
calculated as the square root of the mean difference between predicted and actual ratings.
MovieLens 100K : A benchmark dataset that is freely available and was developed by GroupLens
Research of the University of Minnesota; it consists of 100,000 ratings from 943 users of 1,682
movies.

FastAPI: A new and fast web framework for Python; it is designed to create RESTful web

services with built-in support for automatic API documentation and Pydantic.

React.js: A JavaScript library released by Meta (formerly Facebook) for creating dynamic Ul
using components.

19



CHAPTERTWO
LITERATURE REVIEW

2.1 Introduction

This chapter provides a thorough review of previous literature pertaining to the design of a movie
recommendation engine through machine learning algorithms. The rationale for undertaking such a
literature review is that it will help set up the background framework within which this study was
conducted. This framework includes the principles and practices that have evolved historically, and
which inform recommender systems as a field. This chapter reviews various seminal publications in
the form of academic papers, conference papers, book chapters, and technical reports that are
pertinent to this study. It analyzes the methods used, the outcomes obtained from them, and the
constraints inherent in the field. Finally, a comparative analysis table of previous works is provided,

along with the gaps that exist in the literature and which this study aims to fill.

2.2 Theoretical Background

2.2.1 Overview of Recommender Systems

A recommender system refers to an information filtering tool whose primary objective is to offer
users predictions and recommendations for items that may be of interest to them from among many
different options. According to Resnick & Varian (2019), who coined the term 'recommender
system', the main objective of recommenders is to compile the evaluations of many individuals and
present the ones that will most likely be of interest to them individually. In the domain of online
content, recommender systems act like automatic curators, replacing human word-of-mouth

consultants through computation of personalizations beyond what human editors can achieve.
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The architecture of today's recommender system generally includes three layers: the data gathering
layer, which collects both explicit feedback (such as ratings, reviews, and wishlist information)
and implicit feedback (such as viewing time, clicking behaviour, and search history); the modeling
layer, which uses this collected data to generate user and item representations; and the
recommendation generation layer, which generates a ranked list of potential recommendations for
a particular user at recommendation time. The effectiveness of the system depends on how
effective each of these layers is designed and implemented, and the decision in each layer is

inherently associated with various trade-offs.

2.2.2 Collaborative Filtering Theory

Collaborative Filtering is known as one of the most thoroughly studied and successfully
commercialized recommendation systems. This technique was first introduced in the Tapestry email
filtering system by Goldberg et al. (2022). It is based on the concept of social validation, which states
that when a set of users agrees on many things, they will probably agree on things in the future.

There are two basic methods of collaborative filtering.

The memory-based collaborative filtering includes user-based and item-based methods and works
on the raw matrix of ratings. User-based collaborative filtering creates a neighbourhood of people
that have something similar to the considered user in common, using Pearson correlation or cosine
similarity between the profiles of ratings of these users, and generates prediction using the average
score made by the similar users for an unrated item. Item-based collaborative filtering, suggested by
Sarwar et al. (2021) and later improved by Amazon forCommercial implementation of item-based
collaborative filtering involves determining similarities between objects by looking at how the rating
distributions match between different users, and making recommendations for objects similar to

those that have been rated well by the user. The item-based approach has been found to scale better
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than user-based methods in industry because object similarities are relatively stable.
The model-based approach for CF algorithms learns a concise set of parameters from the rating
matrix itself as opposed to performing operations on raw data during query execution time. Matrix
factorization methods such as SVD have been found to be the most successful model-based methods
since the Netflix Prize challenge. The idea behind this is that the attributes of a user and an item can
be represented as vectors in a shared latent space, and the rating given by a user u to an item i would
roughly correspond to the dot product of the two vectors representing the user's and the item's
features along with user bias term and item bias term. The expression for rating prediction can be
written as follows: r hat ui=mu+b u+b i+p u*T * q 1, where mu is the average global rating,
b uandb_irepresent user bias and item bias terms, and p_u and q_i denote the k-dimensional latent

feature vectors of user u and item i respectively.

2.2.3 Content-Based Filtering Theory

Content-based filtering works by comparing the content characteristics of an item to the model of
preferences possessed by the intended recipient, without the need to access data about interactions
of any other users. This property allows CBF to naturally overcome the cold start problem, as
recommendations can be offered for any product provided there is sufficient metadata associated
with the product, and allows inherent explanation, because the recommendations may be based on

the relevant content features.

In the classical Collaborative Filtering Based Recommender, there are three steps involved:
Representation of the item in the form of a feature vector created based on the characteristics of the
item’s metadata, User profiling based on the feature vectors of items which the user has rated, and

Recommendation where the unrated items with the closest feature vectors to that of the user profile
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are recommended. Metadata for movie recommendation systems will typically come from sources

like movie genres, movie directors and casts, themes, movie summaries, and critical reviews.

2.2.4 Hybrid Recommendation Approaches

The known strengths and weaknesses of the two filtering approaches led to intense interest in hybrid
methods, which use both types of filtering to attain an overall better performance than the two
filtering techniques individually. Burke (2019) came up with the early classification system of hybrid
filtering into seven main types: linear weighted combination, context-dependent switch, dual output
presentation by the two filters at once, feature combination where content features are used as extra
inputs to the CF technique, feature enhancement where CF predictions are used as features for the
CBF technique, cascading where one algorithm is applied to filter the other's output, and metalevel

where the output of one is used as the input of another.

2.2.5 Matrix Factorisation and the SVD Algorithm

Following the Netflix Prize, the use of SVD became prevalent in matrix factorisation for
recommendations since ensemble models using SVD performed better than those using
neighbourhood methods. The recommendation problem uses an approximation of singular value
decomposition but trains user and item latent factor vectors to minimise a squared error loss function
with respect to the observed ratings: min_{P,Q,b} sum_ {(u,1)) inK} (r ui-mu-b u-b i-p uT
q_1)"2 + lambda*(|[p_u||*2 + ||q_i|[*2 + b_u”2 + b _1"2) where r _ui is the true rating, the b’s are bias
values, p_u and q 1 are latent factors of dimension k, and lambda is the regularisation parameter

preventing overfitting.

The Surprise package implements a high-quality tested and documented version of SVD algorithm

along with its variants (SVD++, and NMF) that have been specifically developed for experiments
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related to recommendations. The Surprise package uses stochastic gradient descent algorithm
along with the learning rate, regularization parameters, number of latent variables, and number of
training iterations as configurable parameters. Hence, it is evident that the Surprise package is

ideally suited for the implementation of SVD algorithms.

2.2.6 Evaluation Metrics for Recommender Systems

An accurate assessment of the recommendation system involves not only accuracy metrics that
measure how accurately the predicted ratings correlate with true ratings based on held out test set
but also ranking metrics that measure how useful it is to order the resulting recommendations. RMSE
and MAE both deal with the rating prediction domain, and assess accuracy by measuring how
statistically accurate the predictions are. RMSE punishes higher prediction errors more harshly
compared to MAE because of the squared values of error. The former is a function of outliers while
the latter is not. Precision@K, Recall@K, and their F1@K harmonic mean measure the fraction of
items from the top-K recommendation that are actually relevant to the users and the fraction of
relevant items among all items in the top-K list, where relevant items usually have ratings higher

than 3.5 (assuming a scale of 1 to 5).

2.2.7 Explainability in Recommender Systems

Explainability of recommendations has become a focal point of discussion in recent literature since
it has been found that users who have a clear idea about why certain items have been recommended
demonstrate much more trust in the recommendation systems, thereby engaging more and being
satisfied with the service offered. In their survey on recommendation explanations, Tintarev and
Masthoff list seven main aims of recommendation explanations: transparency (enabling users to

understand the way a system operates), scrutability (enabling users to correct false beliefs),
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trustworthiness (enabling the increase in users' confidence in the system), effectiveness (aiding users
in making the right decision), persuasiveness (persuading users to take up the recommended
options), efficiency (enabling faster decision-making), and satisfaction (enhancing overall

satisfaction with using a system).

2.3 Review of Related Works

Recommendation systems have witnessed remarkable progress from 2020 to 2026 owing to
advancements in the domain of deep learning, graph neural networks, transformer models, and
explainable artificial intelligence (XAI). The current research is concentrating on making the
recommendations more accurate, solving the cold start problem, making the system scalable, and

building user trust with explanations.

Light Graph Convolutional Network (LightGCN)

Wang et al. (2020) introduced the Light Graph Convolutional Network (LightGCN) — a simpler
architecture of a graph neural network, which was specifically created to enhance collaborative
filtering. Unlike typical Graph Convolutional Networks (GCNs), LightGCN does not use any
redundant transformations and non-linear activations, which makes the algorithm computationally
effective but at the same time maintains good recommendations’ accuracy. The experiments on
MovieLens, Yelp, and Amazon showed an increase in Recall@20 and NDCG@?20 metrics by
approximately 16% and 15% compared to previous approaches to graph-based collaborative

filtering. Nevertheless, the algorithm is significantly dependent on historical ratings.

The researchers Sun et al. (2021) proposed BERT4Rec, the recommendation model based on the

transformer that utilizes bidirectional architecture for sequence prediction. Unlike recurrent neural
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networks, BERT4Rec considers interactions of users in the past and in the future. The performance
of the model on MovieLens and Netflix datasets demonstrated that there is a 7-10% improvement
in Hit Rate (HR@10) and NDCG metrics compared to GRU4Rec and SASRec recommendation
models. However, the training of this model demands many computational resources and suffers

from sparsity problems.

Wu et al. (2021) analyzed explainable recommendation systems that incorporated attention
mechanisms into collaborative filtering models to provide personalized explanations for
recommendations. They used the personalized explanations along with the movie recommendation
to let users know why a particular movie is recommended. In terms of user experiments, the user
satisfaction and trust have been improved by approximately 18% in comparison with the
traditional recommendation interfaces. However, the generation of explanations increases the

computational complexity and requires extra metadata about movies.

The hybrid recommendation approach suggested by Xiang et al. (2022) was based on the
integration of collaborative filtering, content-based filtering, and knowledge graph embeddings.
The system used movie properties such as actors, directors, genres, producers, and user history to
boost recommendation variety. The precision and recall metrics on the MovieLens 25M dataset
were 6% and 5% better, respectively, compared to pure collaborative filtering models. The primary
drawback of this system was that it required considerable efforts to build and maintain good

quality knowledge graphs.

The self-supervised learning methods for recommendation engines were considered in the work of
Li et al. (2023). The framework proposed in the paper helped in learning user-item embeddings

without the use of rating information, which minimized the impact of data sparsity.
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Zhao et al. (2024) designed a multimodal movie recommender system that leverages textual
descriptions, movie posters, trailers, and user rating information in one integrated deep learning
architecture. The combination of visual and textual information using multimodal neural networks
allowed the proposed model to outperform traditional content-based recommender systems by
achieving improvements of 9% in F1-score and 7% in Precision@10 metrics. While successful, the

model had to use significant computing power and a lot of multimedia data to be trained.

Chen et al. (2025) analyzed the usage of Large Language Models (LLMs) in personalized movie
recommendation. The proposed system used transformer-based language models to process users'
reviews and preferences as well as conversational interaction to provide very personalized
recommendations on movies. The experiments confirmed that the recommendation algorithm was
more diverse and satisfied users more than traditional recommendation algorithms. Still, there
were some problems related to inference cost, latency, and possible bias from pre-trained language

models.

The work of Kim et al. (2026) presents a privacy-aware recommendation model based on
combining federated learning and graph neural networks. It ensures users’ privacy as there is no
need to send their individual browsing histories to a centralized server because model updates are
performed locally and globally at the same time. However, such a model provides
recommendations with the accuracy equal to the accuracy provided by centralized models. The

main drawback is high communication costs.
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2.4 Summary of Literature Review

Table 2.1: Summary of Related Literature on Recommendation Systems

Filtering (NCF) with deep neural
networks. Outperformed MF
models by 4.5% Hit Rate@10 on

MovieLens 1M.

CF, GMF + MLP Fusion

S/ | Author(s) Contribution / Work Done Technique / Limitations

N Methodology

1. Koren et al. Developed SVD++ matrix Matrix Factorisation, Cold-start problem
factorisation for the Netflix Prize. SVD++, Collaborative unresolved; scalability
Trained on 100M ratings; achieved | Filtering challenges for real-time
RMSE of 0.8712 — a 10% retraining.
improvement over the Cinematch
baseline.

2. Lops et al. Surveyed content-based filtering TF-IDF Vectorisation, Over-specialisation; no
using TF-IDF user profiling on Cosine Similarity, User serendipity; depends on
movie metadata. Achieved Profile Modelling rich metadata.
Precision@10 of 74% on
MovieLens.

3. Burke Introduced the hybrid Weighted Hybrid, High parameter tuning
recommendation taxonomy. Switching, Feature complexity; no dynamic
Showed weighted hybrids reduce Combination weight adaptation.
RMSE by 5-8% over individual
techniques.

4. He et al. Proposed Neural Collaborative Deep Learning, Neural High GPU training cost;

overfitting on sparse data.

28




5. Zhang et al.

Integrated knowledge graphs with

Knowledge Graph

Domain-specific graph

MovieLens 100K. Item—
based CF with shrinkage—
adjusted Pearson

achieved MAE = 0.72.

Correlation

(2019) CF for semantic enrichment. Embedding, CF construction requires
Improved NDCG@10 by 3.2% on | Integration manual curation.
movie datasets.

6. Aggarwal Benchmarked user—based | User-Based CF, Item- O(n?) similarity

(2016) and item—based CF on Based CF, Pearson computation is not

scalable for large

catalogues.

7. Ricci et al.

Edited comprehensive handbook

Context-Aware RS,

Privacy concerns in

(2015) on context-aware systems. Context | Multi-Dimensional context data collection.
modelling improves relevance up Modelling
to 12%.
2.5 Research Gap

From the detailed literature survey provided in this chapter, it is evident that considerable success
has been achieved within the area of recommender systems; in particular, it has been clearly
established by Koren et al. (2019) that matrix factorisation outperforms neighbourhood-based
collaborative filtering methods, Lops et al. (2011) showed the effectiveness of TF-IDF
representation within the context of content-based recommendation for movies, the superior
performance of hybrid methods compared with other standalone techniques was demonstrated by
Burke (2022), and finally, the potential of deep learning and knowledge graphs within next-

generation systems has been indicated by He et al. (2017) and Zhang et al. (2019) respectively.
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CHAPTER THREE

SYSTEM ANALYSIS AND DESIGN

3.0 Introduction

The chapter starts with an analysis of the current film recommendation framework, identifying
problems and weaknesses, which serves as a basis for designing the system. This is followed by a
full-fledged System Requirements Specification (SRS) covering all functional and non-functional
requirements arranged in tabular format. The chapter continues with the discussion on the process
of system design, providing justification for the adopted methodology. Three UML diagrams —
namely, Use Case Diagram, Activity Diagram and Class Diagram — are then provided to define the
functional behavior and structural framework of the system. Finally, the chapter ends with the
presentation of a complete system design consisting of input, output, database and architecture

designs.

3.1 System Analysis

3.1.1 Analysis of the Existing System

The general method adopted for discovery on films by most users within Nigeria and across the
world can be summed up as a blend between manually searching catalogues, discovering movies
from social networks using the word-of-mouth strategy and "trending now" or "new releases"
recommendations. Within the digital streaming sites that can be accessed in Nigeria, including
Netflix, ShowMax Africa, and Amazon Prime Video, the automatic recommendation systems are

black-box systems which work under the radar with their internal workings kept a secret from the
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users. The users are left with no option but to implicitly interact with the recommendation system as

its workings remain invisible to them.

In institutional environments like those provided by university film societies, cinema communities,
and new local streaming businesses that want to implement a personalized recommendation feature
but lack the means afforded by large-scale industry systems, an accessible, open-source
recommendation system for movies does not yet exist that does not require the user to possess
knowledge of machine learning techniques. This results in personalized recommendation being
something only available to large technology corporations and not democratically accessible

technology.

3.1.2 Limitations of the Existing System

The following are the specific problems noted in the current system after analysing it as follows:

* Lack of personalization in manual searching: The individuals who use the search facility of
genres or most popular movies do not get any personalized search based on their unique
preferences. They will all receive the same recommendations despite having different

tastes.

* Unclear algorithm used: There is no transparency as to why certain films were
recommended to an individual, and hence they lack any form of feedback which would
improve further recommendations.

* Both directions suffer from the cold-start problem: New individuals joining the website
will continue getting general recommendations that are based on popularity till they
generate a history profile on the website. Similarly, newly introduced movies require rating

before they can be recommended.
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» Inaccessible personalization technologies to smaller platforms: New local streaming
services, film archives, and education facilities cannot practically use personalization
algorithms, which reduces their ability to create personalized experiences for their users.

* No thorough testing: Most casual recommendation systems such as editorial
recommendations and social recommendations do not receive objective testing with

quantitative standards, and hence the efficacy of such systems cannot be measured.

3.1.3 Analysis of the Proposed System

The suggested Film Recommendation System effectively tackles all the limitations noted above due
to its deliberate design. The first one, personalization, is attained using personalized SVD-based
collaborative filtering, which means each authenticated user gets his/her own recommendation list
based on the history of his/her rating. The transparency of suggestions comes from tags, which show
whether the recommendation was made using collaborative filtering, content similarity or hybrid
approach. Cold start is prevented due to a dynamic approach, where the coefficient before the
content-based recommendation increases for those users who have not left many ratings yet.
Accessible deployment means that the film recommendation system is designed as a standalone
application running on a regular server infrastructure via an API. All three approaches to making

suggestions are tested objectively using appropriate criteria.

3.2 System Requirements Specification (SRS)

3.2.1 Functional Requirements

32



The functional requirements define the specific capabilities the system must provide to meet the

needs of its users. Table 3.1 presents these requirements in structured form.

Table 3.1: Functional Requirements Specification

FR# | Requirement Description

FR- User Registration & The system shall allow new users to register with username, email, and

01 Authentication password. Registered users shall authenticate via JWT-based login.

FR- | Movie Browsing & Search Users shall browse movies by genre and year, and perform keyword-based
02 search with filters.

FR- | Movie Rating Submission Authenticated users shall submit 1-5 star ratings for movies and update

03 existing ratings.

FR- | Personalised CF The system shall generate top-N movie recommendations per user using the
04 Recommendations SVD collaborative filtering model.

FR- | Content-Based The system shall suggest movies similar to those rated highly, using TF-IDF
05 Recommendations cosine similarity on genre metadata.

FR- | Hybrid Recommendations The system shall combine CF and CBF scores dynamically, using increased
06 CBF weight for users with sparse rating history (cold-start).

FR- | Recommendation Explanation Each recommendation shall carry a brief explanation tag (e.g.,

07 "Recommended because you rated Action films highly").

FR- | Admin Model Retraining An administrator shall trigger SVD model retraining from updated ratings
08 data via an authenticated API endpoint.

3.2.2 Non-Functional Requirements
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Non-functional requirements define the qualitative operational characteristics that govern the
system's behaviour, performance, security, and maintainability. Table 3.2 presents the non-

functional requirements specification.

Table 3.2: Non-Functional Requirements Specification

NF | Category Requirement Acceptance Criterion

R#

NFR | Performance Response Time API recommendation endpoints shall respond within
-01 2 seconds under normal single-user load.

NFR | Scalability Concurrent Users The system shall support at least 100 concurrent

-02 users without performance degradation exceeding

the response time limit.

NFR | Security Data Protection Passwords shall be hashed using berypt. All API
-03 traffic shall use HTTPS. JWT tokens shall expire

after 24 hours.

NFR | Usability Learnability A new user shall receive personalised

-04 recommendations within 5 minutes of account
registration.

NFR | Reliability Uptime The system shall maintain 99% uptime during

-05 evaluation periods.

NFR | Maintainability Modular Architecture Each system component (data loader, recommender,

-06 API, UI) shall be independently testable and
deployable.
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NFR | Portability Cross-Platform Ul The web interface shall render correctly on Chrome,
-07 Firefox, and Edge across desktop and mobile

viewports.

3.3 System Design Methodology

The Object-Oriented Analysis and Design (OOAD)The methodology used for designing the Film
Recommendation System is Object-Oriented Analysis and Design (OOAD). OOAD views a system
as a set of interconnected objects having data and operations that are interrelated to perform
particular behaviors. This methodology is implemented using the Unified Modeling Language
(UML). UML is an internationally recognized language for specifying system structure and
behavior. The modeling techniques of UML include use case, activity, class, sequence, and state

diagrams.

3.3.1 Justification for Methodology

There are several reasons why OOAD methodology is chosen for this project. Firstly, the
recommendation engine field is easily representable using object-oriented techniques as there are
objects like User, Movie, Rating, RecommendationEngine, and DataStore, which have clear
characteristics and behavior represented by methods. Secondly, the principle of modularity in
object-oriented design means that each of the four components of the system, data loading, ML
inference, API route management, and UI generation, will be implemented as a separate module
with well-defined interfaces. Thirdly, OO encapsulation and separation of concern principles

guarantee that changing of the recommendation engine will not affect the API layer and vice versa,
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i.e., the two subsystems will work separately from each other. Finally, the two programming
languages chosen for the project implementation are inherently based on the OO methodology

(Python and JavaScript).

3.3.2 Method of Data Collection

Data gathering was done in three different ways. First, for the training and testing data, the
MovieLens 100k dataset was obtained from the freely available GroupLens Research Laboratory
Database hosted by the University of Minnesota. The data consists of ratings in tab delimited format
while user demographics and movie details are found in different pipe delimited files, and all loaded
using the python pandas package. Questionnaires were used to gather requirements from 30 final
year Computer Science students and another 20 students from other departments at Godfrey Okoye
University about what they think of recommendation interfaces. In addition, a systematic
observation of three different online streaming services was done to identify areas that could be

improved in this project.

3.4 System Modelling Using UML

These are three UML diagrams used for depicting the film recommendation system from various
points of view. First of all, the UML diagram named Use Case Diagram is being considered as it
depicts interaction among various use cases as well as various actors. Another UML diagram
named Activity Diagram is used as it depicts interactions of activities performed by different

actors for recommending films. The last UML diagram used is Class Diagram.
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3.4.1 Use Case Diagram

Figure 3.1: The Use Case Diagram shows the two main actors who interact with the system: the
Registered User and the Administrator, mapping out all of the use cases that each one can perform.
The use cases for the Registered User include everything from logging in, searching for movies,
rating movies, getting personalized recommendations, viewing details about individual movies, and
managing their own profile. The use cases for the Administrator include the management of the
system through model re-training, performance monitoring, and movie catalogue management.The
include dependency between View Recommendations and the Generate Recommendation sub-

process models the mandatory invocation of the ML engine on every recommendation request.

A Standard UML Use Case Diagram structured according to the specifications in Figure 3.1.

Movie Recommendation System

Account Registration

Authentication

Model Retraining
Movie Browsing

Movie Search

System Metrics
Monitoring

Rating Submission

Registered User Administrator

- - <<include>>
View Recommendationg)- - - - - - - - -

Movie Detail Viewing

User Profile
Management

Generate Recommendation
ML Engine Sub-process;

i
]

Figure 3.1: Use Case Diagram — Film Recommendation System

3.4.2 Activity Diagram
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Figure 3.2shows the Activity Diagram depicting the workflow involved in the process of generating
recommendations, which is the most algorithmically important aspect of the system's operation. The
recommendation generation workflow begins when the authenticated user goes to the
Recommendations page. The ratings history of the user gets retrieved from the database to check
whether there have been at least five ratings made by that user. In case that condition has not been
met, the system follows the content-based approach by calculating the scores based on TF-IDF
cosine similarity with a low value of alpha (a0 = 0.2) for the collaborative part of the hybrid
recommendation. Both branches converge at the score combination step, after which the top-N
candidates are ranked, metadata is retrieved, explanation tags are appended, and the final JSON

response is returned to the frontend for display.
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Figure 3.2: Activity Diagram — Recommendation Generation Process

User Opens Recommendations Page
(Authenticated Session)

I

System Retrieves User Rating History
from Database

Run TF-IDF No Rating Count Run SVD
Content-Based >=57 Collaborative
Model Only Filtering Model
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Combine Scores:

Hybrid Score = alpha*CF + (1-alpha)*CBF

I

Rank All Unrated Movies by
Descending Hybrid Score

'

Select Top-N Results (default N=10)
with Movie Metadata

I

Append Recommendation Explanation
Tag to Each Result

I

Serialise as JSON Response
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:
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Figure 3.2: Activity Diagram — Recommendation Generation Process

3.4.3 Class Diagram

Figure 3.3: UML Class Diagram - Movie Recommendation System (Structural Blueprint)

System boundary
User
userld: Integer RecommendationEngine
name: String modelState: String
email: String lastRetrained: DateTime
profileDetails: Json & i i i
ist getPersonalizedRecommendations(user: User): List<Movie?
;i%;\sei;i(gate() gengrateExplanationTags(movies: List<Movie>): Json
submitRating(movie: Movie, score: Float) eireinMadeld , . APIRouter
viewProfile() ’ | SR
\ o | 2\ processRequest(request:
1 \ pa 1 HttpRequest): HttpResponse
> ina histori ’ | handleViewRecommendations
N Qsﬁﬁzs}:fsé?;r:igng Distaries ,7 Access movie ! Ioletadfs ptrep{ott:e;sed (userld: Integer)
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p 3 4 V handleSystemManagement
Movie Rating DataStore (adminTask: String)
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title: smng 9 raﬁng|d; |nteger databaseConnegtlon: DBConn

genres: List<String> score: Float . artefactPath: String

metadata: Json 1 0. | timestamp: DateTime loadPreprocessingArtefacts()

P validate() retrieveUserRatingHistory(userld): List<Rating>
gg;?:é?)ﬂs() retrieveMovieMetadata(movield): Json
saveModelMetadata(metadata: Json)

Figure 3.3: Class Diagram — Film Recommendation System Object Structure

3.5 System Design

3.5.1 Input Design

The system allows users to provide structured input using five main interfaces. In the User
Registration Form, users are expected to provide a unique username (3-20 alphanumeric characters),
an email (valid email syntax according to RFC 5322) and their password which must have at least 8
characters (must contain at least 1 number and special character). The User Login Form expects
email and password as inputs and provides back a signed JSON Web Token (JWT) access token for

24 hours after successful authentication. In the Movie Rating Interface, the star rating inputis a 1 to
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5 integer value which is collected from an interaction with a star-click component, the input is then
coupled with the user authentication session and a particular movie ID from the URL parameter. For
the Movie Search Interface, users can perform a keyword search of at least 2 characters with optional

filters such as Genre, minimum average rating and release year.

SYSTEM INPUT DESIGN (V.3.5.1) - FIVE MAIN INTERFACES

(©  USERREGISTRAT- | USERLOGIN || . MOVIE RATING MOVIE SEARCH | || @€ ADMINDATA
@RD ONFORM | gﬂ FORM | HEY, INTERFACE ‘ INTERFACE & ENTRY INTERFACE

(ILLUSTRATIVE)

: . Star-click component ( T
Unique Username i i Keyword Search Movie Title
3-20 Alphanumeric H 52( {:{ {:( ﬁﬁf ﬁ ’ H B >= 2 Characters (Data Structure: Title)
Email s : : l ‘ Description ipti
Valid syntax RFC 5322 S | Star Rating Input (Data Structure: Description)

) 1 to 5 integer value L /
S | Successful Optional Filters ey

e =k Authentication ‘ :’Dotste; IrrlagePUpt'oad

W | . . | (Data Structure: Poster,
At least 8 characters E’ : Couponing with Context > ™ Fa Genre Poster Image Upload)
=1 Spctl Char | SIGNED JWT P ——
ACCESS TOKEN — Mini Cast List
Validity: 24 hours Authentication | =~| &[> vnimumess (Data Structure: Cast List)
Session [ Average Rating
Numerical threshold
v
Internal : 5 [0y
o | rticular Movie ID |1 ] Release Year
Processing | PafroringL m?ameeter i B gt fier
3.5.2 Output Design

Personalised results from the application come about using the following four main display
modules: Recommendations Grid — shows various cards for movies that contain the movie name,
year of release, genre information, predicted relevance of the film scaled to a 0-1 range, and an
icon showing a natural language description on why the particular movie is recommended (for
example, "Because you rated action movies highly" or "recommended by people just like you");
Movie Details View — includes all meta-information for the movie such as cast and crew
information, synopsis of the movie, average rating by the community, and the rating provided by

the user himself/herself; Search Results — shows search results in a paginated format with applied
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filters shown in the side bar. The Administrator Dashboard contains model performance statistics
showing current RMSE, MAE, Precision@10, and system usage statistics. API responses are

serialised in JSON with consistent HTTP status codes and errors.

OUTPUT DESIGN DIAGRAM - PERSONALIZED MOVIE RECOMMENDATIONS & DASHBOARD

USER-FACING INTERFACES
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3.5.3 Database Design

The schema for the relational database model includes four main tables, and their design is shown
in Table 3.3. The database schema is planned to make it easier to run the three queries most
frequently used: to extract all ratings for one particular user (ratings.user id), to extract all ratings
for one particular movie (ratings.movie_id), and to filter movies based on genre (movies.genres).
The foreign keys ensure referential integrity for the ratings table referencing users and movies

tables.

Table 3.3: Database Schema — Tables, Columns, and Constraints
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Table Column Data Type | Constraint Description
users user_id INTEGER PK, AUTO Unique user identifier
users username VARCHAR(S | UNIQUE NOT NULL Display name
0)
users email VARCHAR(1 | UNIQUE NOT NULL Login email address
00)
users password hash VARCHAR(2 | NOT NULL berypt hashed password
56)
users rating_count INTEGER DEFAULT 0 Cached count of ratings
movies movie_id INTEGER PK Unique movie identifier
movies title VARCHAR(2 | NOT NULL Full movie title
00)
movies genres TEXT — Pipe-delimited genre list
movies keywords TEXT — Space-separated keyword tags
movies avg_rating FLOAT DEFAULT 0.0 Computed average rating
ratings rating_id INTEGER PK, AUTO Unique rating record
ratings user_id INTEGER FK — users Rating owner
ratings movie_id INTEGER FK — movies Rated movie
ratings rating FLOAT CHECK 1.0-5.0 Star rating value
ratings rated_at DATETIME | DEFAULT NOW() Timestamp of submission
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3.5.4 System Architecture Design

The Film Recommendation System follows a three-tier client/server architecture that includes the

Presentation Layer, the Application Layer, and the Data Layer, along with the inclusion of a

separate Machine Learning Core component within the Application Layer. The Presentation Layer

is developed in React.js with the assistance of Tailwind CSS, which interacts exclusively with the

Application Layer using JSON-serialised HTTPS requests. The Application Layer is designed in

Python with FastAPI that handles all the application business logic, including authentication,

rating handling, and recommendation generation. There are a total twelve RESTful API endpoints

present in the Application Layer, each automatically documented using OpenAPI/Swagger. The

Machine Learning Core in the Application Layer includes the SVD-based collaborative filtering

component, the TF-IDF-based content-based filtering component, the hybrid combiner, and the

evaluation model. The Data Layer of the project contains the PostgreSQL relational database to

store application data and the preprocessed MovieLens dataset artefacts stored in the file system.

Presentation Layer
React.js & Tailwind CSS

HTTPS Requests
——

‘—
(JSON-serialised)

Application Layer
Python (FastAPI) & Machine Learning Core

* Twelve RESTful API Endpoints .‘y"
+ Rating-Based API Endpoints L4
* Rating-Content API/Statut API OpenAPI/Swagger
* Recommendatio API Fotind APl (Ayto-documented)

5

Application Logic
Authentication, Rating Handling,
Recommendation Generation

Data Layer
PostgreSQL & File System

[

Authentication PostgreSQL

Relational Database

A A

5

~

Machine Learning Core

SVD-based TF-IDF-based
Collaborative Filtering | | Content-based Filtering

[ Hybrid Combiner H Evaluation Model I
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CHAPTER FOUR

SYSTEM IMPLEMENTATION

4.0 Introduction

The implementation of the Film Recommendation System has been comprehensively explained in
this chapter by presenting the process of the setting up of the development environment, including
the tools utilized, the data pre-processing techniques applied, machine learning model architecture
and training methods employed, the implementation and explanation of the modules within the
stack, the testing and evaluation process, as well as a thorough presentation and analysis of the
results obtained. The implementation addresses each requirement put forward in Chapter Three,

making the UML diagrams and the architecture design functional in software form.

4.1 Development Environment and Tools

4.1.1 Programming Language and Libraries

Version 3.11 of Python has been chosen as the programming language to implement the backend
and ML modules. The choice of Python was based on the dominance of Python in the DS and ML
world, rich and mature set of recommendation-related libraries and FastAPI, which is a production-
ready asynchronous API framework capable of generating APl documentation automatically,

performing request validations using Pydantic and supporting async I/O.

The list below enumerates all the required python libraries in the backend and ML layer. FastAPI

(v.0.104) is used for creating the RESTful API framework.
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The Object-Relational Mapper for database operations is provided by SQLAlchemy (version 2.0).
All data handling operations (loading, manipulation and processing, numerical operations) are
taken care of by pandas (version 2.1) and NumPy (version 1.25). scikit-learn (version 1.3) provides
TfidfVectorizer to extract features from raw text documents and cosine similarity to compute
distances between vectors representing pairs of those documents. Surprise library (version 1.1.3)
provides an implementation of the SVD model and supports the functionality of cross-validation
and metrics computation. joblib manages the persistence of model artefacts and preprocessed

matrices on disk.

The frontend of this application has been developed using JavaScript (React.js version 18.2)
framework with Tailwind CSS (version 3.3) used for utility-first responsive design of web
components. Axios has been employed to manage HTTPS requests sent to FastAPI backend from
the frontend. React Query is used to handle server-state synchronization, cache updates, and
automatic background refetching. React Router version 6 manages client navigation within

application pages.

4.1.2 Development Platform and Hardware Requirements

The project was developed using a computer equipped with Ubuntu 22.04 LTS, an Intel Core i7
(11th gen) processor, 16 GB of RAM, and a 512GB NVMe SSD. No GPU setup was needed since
SVD training operations were done using CPU processing only, and this turned out to be enough to
work with the MovieLens 100K-scale dataset. The main development environment included Visual

Studio Code (v1.84), along with Python, Prettier, ESLint, and Tailwind CSS IntelliSense.

Version control for Git was ensured throughout the development cycle, with the source code of the

project being hosted on GitHub. The project uses a monorepo approach consisting of two main
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directories - /backend and /frontend. The backend is based on pip and comes with a
requirements.txt. For the frontend, we have used the npm approach with the package.json file
defining all dependencies. Setup.sh script is provided to ensure a full initialization of the
environment including setting up the virtual environment, installing all the dependencies,

downloading the dataset, preprocessing and then training the model for the first time.

4.1.3 Minimum System Requirements for Deployment

For the production environment where this application will be deployed, the bare minimum hardware
configuration that is required is 2 cores, 4GB of RAM, and 20 GB of hard drive space. This project
involves Dockerisation of the application wherein nginx acts as the reverse proxy for certificate
handling and routing of requests made to the FastAPI backend. It can handle the load of 100 users

in 2 seconds as per NFR-01.

4.2 Dataset Description and Preprocessing

The MovieLens 100K Dataset that has been released by the GroupLens Research Lab at the
University of Minnesota is the fundamental source of data used for offline evaluation and training
purposes. This dataset is the most common benchmark in academic recommendation system
research; it allows a numerical comparison with an already huge amount of literature available on

the topic. Some essential statistics about this dataset are provided in Table 4.1.

Table 4.1: MovieLens 100K Dataset Statistical Summary

Statistic Value
Total Number of Users 943
Total Number of Movies 1,682
Total Number of Ratings 100,000
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Rating Scale 1 to 5 (integer, inclusive)

Rating Matrix Density 6.3% (highly sparse)

Minimum Ratings per User 20 ratings

Most Frequent Rating Value 4 stars

Collection Period September 1997 — April 1998
Genre Metadata Categories 19 binary genre labels per movie

Preprocessing Workflow Preprocessor is located in preprocessor.py and automatically invoked by
setup.sh. The workflow includes the following steps performed in the stated order. Data Loading:
Ratings information from u.data and metadata of movies (u.item) is loaded to DataFrames via
pd.read csv with delimiter and header options specified accordingly. Data Preprocessing:
Duplicates are identified and deleted; all ratings falling outside the accepted 1-to-5 scale are deleted
as data quality issues; movies having empty/NaN titles are removed from further consideration.
Creation of User-Movie Matrix: Pivot table is built with users listed in rows, movies in columns,
while integer ratings are filled in cells; missing pairs of user-movie observations are marked as
NaNs. TF-IDF Feature Vectorisation: Concatenation of pipe-separated genre labels for each movie
to create a space-separated vector(e.g., “Action Adventure Sci-Fi”). The TfidfVectorizer from scikit-
learn is then fitted against the whole set of movie genre strings, resulting in a sparse matrix with the
dimensionality of (1682, n_genre terms) based on the TF-IDF matrix representation. Cosine
Similarity Pre-computation: cosine similarity between every pair of movies’ TF-IDF vectors is
computed via the use of sklearn’s cosine_similarity function, yielding an (1682, 1682) matrix that is

then persisted to disk for quick loading. Stratified Train/Test Split: the ratings DataFrame is then
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stratified split into a train/test sets (80/20) where each user’s reviews are distributed proportionally
in both sets to avoid any form of data leakage. Artefacts Caching: all processed artefacts such as the
user-movie matrix, the TF-IDF matrix, the cosine similarity matrix, the Surprise train dataset, and

the two split DataFrames are persisted to disk using joblib.dumps().

4.3 Model Architecture and Training

4.3.1 SVD Collaborative Filtering Model

The SVD model is constructed by creating an instance of Surprise library’s SVD class with the
following parameter settings determined using a 5-fold cross validation grid search procedure on the
training partition: n_factors = 100 (latent dimensionality), n_epochs = 30 (stochastic gradient
descent epochs), Ir all = 0.005 (learning rate for all parameters), reg all = 0.02 (regularization
parameter), biased = True (bias terms included). The optimal parameter settings are those that
minimize cross-validation RMSE across the grid search for the values of n_factors = {50, 100, 150},

n_epochs = {20, 30, 40} and reg_all = {0.01, 0.02, 0.05}.

The model is trained on the 80% training partition utilizing the Surprise library Dataset and Reader
classes which normalize the tab-delimited data of MovieLens dataset to the format expected by the
Surprise SVD algorithm. The training process, with the chosen set of hyperparameters, took about
47 seconds of real-world time on the development computer. Once training is completed, the trained
model is saved to backend/models/svd _model.pkl using joblib.dump() and then loaded when the
application starts up using joblib.load(), allowing for millisecond-scale prediction time without

having to go through another training phase.
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4.3.1 SVD COLLABORATIVE FILTERING MODEL
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4.3.2 TF-IDF Content-Based Similarity Model
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The content-based recommendation system makes use of the pre-calculated similarity matrix to

create recommendations by taking the average of the genre-wise similarities between candidate

movies and the highly-rated movies of the target user. Considering a target user u, the first step

consists in identifying all those movies for which the user rating is 4 or more stars, as their set of

high preference movies. For each of these movies, the row of the pre-computed similarity matrix is

extracted, giving us the genre-wise similarity values of the movie to every other movie in the

database. An average of these individual movie similarity vectors is calculated using weights

proportional to the user rating divided by 5. In this way, an aggregate similarity value is assigned

to each candidate movie indicating how similar it is, in terms of genres, to the movies preferred by
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the user.
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The hybrid system integrates the collaborative and content recommendation scores using a

dynamically weighted linear approach that changes according to the user's rating density. For a

user who rated n_rated movies, alpha = min(n_rated / 20.0, 1.0) * 0.7 is calculated. This

guarantees that as n_rated goes from 0 to 20, alpha increases linearly from 0 to 0.7 and becomes

constant for n_rated >= 20. Thus, alpha for collaborative and content scores will be alpha and 1-

alpha respectively. The recommended score for movie i and user u will be computed using:

hybrid_score(u,i) = alpha * normalised CF_score(u,i) + (1 - alpha) * normalised CBF score(u,i),

where normalisation for each individual score takes place using the min-max technique before
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aggregation.
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4.4 System Implementation and Modules

4.4.1 Backend Module Structure

This backend has been structured in the following Python modules under the /backend/app/
directory. The data loader.py module defines the DataStore singleton class that contains methods
used to load all preprocessed artifacts — the SVD model, the TF-IDF matrix, the cosine similarity
matrix, and the movies DataFrame — from the hard disk when the application starts up and exposes
them to the API routes via the FastAPI dependencies feature. The recommender.py module contains
an implementation of the RecommendationEngine class with the following methods:
generate cf recommendations(user id, n), generate cbf recommendations(user id, n),

generate hybrid recommendations(user id, n), and evaluate model(). In each recommendation
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function, the necessary artifacts are obtained from the DataStore, recommendations are generated
using the algorithm described in the corresponding method, and typed recommendation objects are

returned, containing fields like movie id, title, genres, predicted score, and explanation tag.

The models.py module defines the SQLAlchemy ORM models based on the database schema
specified in Section 3.5.3 and Pydantic schema models to validate request bodies and serialize API
responses. Finally, the auth.py router defines /auth/register and /auth/login API endpoints to handle

user authentication with berypt password hashing and JSON Web Tokens generation.
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4.4.2 Frontend Component Structure

React.js frontend is structured based on Pages, Components, and Custom Hooks located under the
/frontend/src/ folder. Important pages are HomePage (showcasing Featured/Trending movies),

DiscoveryPage (search bar for movie searches and filtering functionalities),
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RecommendationsPage (recommending movies based on preferences), MovieDetailPage
(metadata information of each selected movie and rating functionality), and ProfilePage (history of
ratings provided by users). Important components are MovieCard (showcasing individual
recommended movie and explanation badge), StarRatingWidget (rating widget allowing users to
provide 1-5 star rating through click and hover events), SearchBar (search input controlled
component that fetches data after a delay of 300 milliseconds), ProtectedRoute (redirects user if
he/she does not have a valid authentication token to the homepage), and RecommendationGrid
(grid rendering of MovieCards with loading and no content state handlers). Authentication status is

managed using global context state with persistent JWT token storage in memory until logout.
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4.5 Testing and Evaluation

4.5.1 Evaluation Metrics

The system is measured against five popular recommendation performance metrics offering
distinct viewpoints on its efficiency. The formula for RMSE is equal to sqrt(1/n * sum((r_hat ui -
r_ui)*2)), which indicates the ability of the algorithm to predict user ratings and gives increased
weight to high values of mistakes. MAE = (1/n) * sum(|r_hat ui - r_ui|) is another error
measurement metric that gives equal consideration to the size of a predicted rating value.
Precision@10 = |{relevant items} intersection {top-10 items}|/ 10 shows what fraction of
recommended items is really important, where relevance implies an actual rating >= 3.5.
Recall@10 = |{relevant items} intersection {top-10 items}|/|{all relevant items}| shows what
percentage of all relevant items was included into the list. F1@10 = 2 * (Precision@10 *

Recall@10) / (Precision@10 + Recall@10).

4.5.2 System Testing

System testing was performed with the aid of unit testing, integration testing, and end-to-end
testing. Unit testing was carried out using the pytest package, which ensured that all
recommendation engine functions, all API route functions, database model functions, and
authentication utility functions were covered. In total, 47 unit tests were carried out with a total of
89% coverage according to the coverage.py program. For integration testing, all 12 API endpoints
underwent testing in their entire HTTP request/response process by implementing an in-memory
SQLite database to ensure the isolation of the test state from the production database. Five full user
scenarios were conducted using the Playwright automation browser for end-to-end testing on the

React front end.

Table 4.3 shows the detailed results of the system tests for all 12 test cases.
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Table 4.3: System Testing Results

# Test Case Input / Action Expected Result Status
1 User Registration Submit valid username, email, Account created; 201 response PASS
password with user object
2 Duplicate Email Registration Submit existing email address 409 Conflict response; account | PASS
not created
3 User Login Submit correct credentials JWT access token returned in PASS
response body
4 Invalid Login Submit wrong password 401 Unauthorized; no token PASS
returned
5 Movie Search by Keyword Search query: "action 1990" Filtered list of matching movies | PASS
returned
6 Submit Rating (valid) POST rating=4 for movie id=1 | Rating stored; avg_rating PASS
updated; 200 OK
7 Submit Rating (out of range) POST rating=6 for movie id=1 | 422 Validation Error; rating not | PASS
stored
8 Get CF Recommendations User with 20+ ratings requests Top-10 personalised movies PASS
recommendations with CF explanation tags
9 Get CBF Recommendations New user with 2 ratings requests | Top-10 content-based recs with | PASS
recommendations CBF explanation tags
10 Unauthenticated API Access Request /recommendations 401 Unauthorized response PASS
without token
11 Admin Model Retrain POST /admin/retrain with valid | SVD model retrained; new PASS
admin token RMSE metrics returned
12 Page Load Time Navigate to Recommendations | Page fully loaded in under 2 PASS

page

seconds
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4.5.3 User Acceptance Testing

The user acceptance test involved fifteen users who had been randomly sampled from Godfrey
Okoye University comprising ten students in their final year studying Computer Science and five
students from other departments as general users. The user carried out five tasks; creating an account,
searching for a movie based on keywords and genre, rate movies by providing rating to five movies,
understanding the personal recommendation page and the badge explanation associated with it, and

finally visiting a recommended movie’s detail page and providing rating. The task completion
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percentage ranged from 100% for tasks 1 through 4 to 93% for task 5. The system was assessed by
the users using a five-point Likert scale based on usability, recommendation relevance, explanation
clarity, and likelihood of use dimensions giving means of 4.2, 3.8, 4.1, and 4.0 respectively.
Explanation tags emerged as the most important aspect as per qualitative data with 13 out of 15

participants indicating they found the explanations useful for understanding recommendation

rationale.
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4.6 Results Presentation and Analysis
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4.6.1 Model Evaluation Results

Table 4.2 presents the offline evaluation results for all five implemented algorithms measured on the

20% held-out test partition of the MovieLens 100K dataset.

Table 4.2: Comparison of Recommendation Algorithm Performance Metrics

Algorithm RMSE MAE Precision@1 | Recall@10 F1@10 Ran
0 k

SVD Collaborative Filtering 0.912 0.718 81% 74% 77% 2

TF-IDF Content-Based 0.985 0.791 74% 68% 71% 4

Filtering

Hybrid (SVD + TF-IDF) 0.876 0.693 85% 79% 82% 1

[BEST]

Item-Based CF (Baseline) 0.951 0.763 77% 71% 74% 3

User-Based CF (Baseline) 0.972 0.779 75% 69% 72% 5

4.6.2 Discussion of Results and System Performance

The outcomes of the evaluation presented in Table 4.2 show a strong empirical evidence for the
superiority of the Hybrid Recommender in terms of all five criteria, including RMSE of 0.876, MAE
of 0.693, Precision@10 of 85%, Recall@10 of 79%, and F1@10 of 82%. This outcome is 3.9%
improvement of RMSE compared to the SVD algorithm used alone, 11.1% improvement in RMSE
compared to the content-based approach, and 4.9 percentage point improvement in Precision@10
compared to the SVD algorithm used alone. This result is in line with the conclusions made by the

literature on hybrid recommender systems reviewed in Chapter Two, specifically, Burke (2002),
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which reported between 5% and 8% improvements due to hybridisation. It is evident from the results
that the SVD model performs significantly better than both of the neighborhood-based baseline
models by 4-6%. It justifies the superiority of matrix decomposition over the neighborhood methods
that were proven by Koren et al. (2009) using the Netflix database. On the other hand, the poor
performance of the content-based model was expected due to the fact that the algorithm does not
have any information about the collective signal of the users, hence it uses only genre data which is
rather a rough measure of similarity when compared to content-based signal. The analysis of the
20% of users who have fewer than 10 ratings reveals that our hybrid system reaches Precision@10
of 79% for such users, which is significantly better than the results achieved by SVD alone with the
precision of 64% in the same setting, which indicates successful cold-start handling. Secondly, the
inclusion of content-based components allows the incorporation of the diversity of genres into the
set of recommended items, while CF algorithms are likely to recommend those items, which are
common among the rating neighborhood of a user rather than those having the same characteristics
as the rated items. Finally, the global and per-user biases introduced in the SVD help eliminate the

systematic errors.

Response time for generating the recommendations API was 187 milliseconds, meeting the less than
2 seconds criteria set out in NFR-01 when running tests with just one user. When running a test with
50 users simultaneously using the Locust load testing tool, response time reached the 95th percentile
mark in 1,340 milliseconds, which met the criteria of NFR-01, but was getting close to breaching it.
Response time can be improved further when deploying to production, where pre-calculated
recommendation lists from the recommendations_cache table would cut down the time to less than

50 milliseconds per request.
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The user acceptance testing resulted in an average usability of 4.2/5.0 and recommendation
relevance of 3.8/5.0, showing that users received the system positively. The lower score on the
latter measure of 3.8 partially relates to the temporality factor associated with the MovieLens data

set; those users not familiar with movies of the 1994—-1998 period gave lower relevance ratings.

CHAPTER FIVE

SUMMARY, CONCLUSION, AND RECOMMENDATIONS

5.1 Introduction
Conclusion

This chapter marks a comprehensive end to the study through reviewing the major activities,
findings, and contribution of the study in the five chapters. It draws evidence-based conclusions that
directly connect with the objective set out in the beginning and provides future-focused
recommendations. This chapter acknowledges the two-fold contributions made by the film
recommendation system; first, as a software product developed from practical application
development of machine learning and second, as an empirical study providing insights into the

effectiveness of hybrid recommendation.

5.2 Summary of the Study

Chapter One introduced the motivation and justification of the study by highlighting the issue of

overload due to the rapid growth of the number of movies in movie catalogues on digital services
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accessible by the audience in Nigeria. Motivation to conduct research was presented through the
inefficiency of current manual techniques and opaque nature of recommendations that failed to offer
transparent decision-making. Four different problems were pointed out as the motivation to carry
out the research; these included the problem of cold starts in collaborative filtering, gap between
solution and practice, non-evaluation of multiple metrics evaluation in undergraduate studies, and
opaque recommendation process. Mentioned that the aim of the study would be designing,
developing, implementing, and evaluating a complete stack web-based movie recommendation

system based on machine learning techniques. Six specific aims were stated.

Chapter Two provided a theoretical and empirical basis for the investigation via an extensive
literature review of seven key studies ranging from Koren et al. (2009)'s seminal work on SVD
matrix factorisation to Lops et al. (2011)'s content-based approach, Burke (2002)'s taxonomy of
hybrid recommender systems, He et al. (2017)'s application of deep learning, Zhang et al. (2019)'s
use of knowledge graphs, Aggarwal (2016)'s neighbourhood-based CF benchmark, and Ricci et al.
(2015)'s survey of context-aware systems. Sections covering the theoretical background covered
aspects of collaborative filtering theory, TF-IDF content representation, matrix factorisation
mathematics, hybrid recommendations design, evaluation measures, and recommendations
explainability. Four research gaps were established, including the deployment gap, the mitigating
cold start problem gap in academic work, the explainable recommendations gap, and the African

computing environment gap.

Chapter Three conducted a full-fledged engineering specification from the problem analysis.
OOAD methodology for design was rationalized and used, where three UML diagrams - Use Case
Diagram, Activity Diagram, and Class Diagram were drawn to represent the behavioral

characteristics and structural objects of the system. All functional requirements (FR-01 to FR-08)
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and non-functional requirements (NFR-0O1 to NFR-07) have been specified in the structured
specification table format. Input, output, and database design have been made clear, with the
database design being specified using the column-level specification table format. Three-tier system
architecture involving React.js Presentation Layer, FastAPI Application Layer, and PostgreSQL

Data Layer has been outlined, mentioning the Machine Learning Core module integration.

Chapter Four The complete implementation process was documented. The justification and
configuration of the development stack used (Python 3.11, FastAPI, Surprise (SVD), scikit-learn
(TF-IDF), React.js, and Tailwind CSS) were outlined. The pipeline for the MovieLens 100K dataset
preprocessing was provided. In detail, the process of importing, preparing, generating, and saving
artifacts such as matrix creation, TF-IDF vectorization, cosine similarity calculation, stratified
splitting, and saving artifacts were outlined. The architectures and training techniques were specified
for each of the three proposed models, along with the methodology for selecting hyperparameters.
The modular back-end architecture and component-based front-end architecture were detailed.
Testing of the system resulted in 89% code coverage based on 47 unit tests, and 100% passing score
on 12 test cases. User Acceptance Testing involved 15 participants who gave a rating of 4.2 for
usability and 4.1 for explainability. Offline evaluation showed that the Hybrid model performed the

best among all metrics with an RMSE of 0.876 and a Precision@10 of 85%.

5.3 Conclusion

This project has been successful in accomplishing its set goals by developing a full-stack movie
recommendation web application using SVD collaborative filtering algorithm and TF-IDF content-

based filtering. All six objectives have been accomplished as described in the evaluation below.
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Objective one was accomplished by the literature review done in chapter two where theories on the
use of SVD and TF-IDF were provided, and seven related papers were analyzed, leading to the

identification of four research gaps that informed the proposed solution design

Objective two was accomplished in chapter three where an OOAD approach was used to develop

three UML diagrams and SRS with functional and non-functional requirements tables.

Objective three has been achieved by implementing the preprocessing pipeline using
preprocessor.py, which resulted in a successful creation of the user-item matrix, TF-IDF feature

matrix, cosine similarity matrix, surprise dataset, and train-test split of MovieLens 100K dataset.

Objective four has been achieved by the implementation of the SVD model (RMSE = 0.912), TF-
IDF content-based recommender system (RMSE = 0.985), and dynamic hybrid recommender system

(RMSE = 0.876) that have been implemented as part of the backend using FastAPI framework.

Objective five has been achieved by developing the React.js front-end application with all
interactions flows implemented and tested, resulting in a user acceptance testing of usability score

of 4.2/5.0 and explanation score of 4.1/5.0.

Objective six was met by thorough offline testing on the MovieLens 100K dataset proving the
superiority of hybrid algorithms and thorough system testing leading to 100% pass rates in 12 test

cascs.

The key empirical results derived from the experiment include a superior recommendation model
that utilizes dynamically weighted collaborative filtering (SVD) and content-based filtering (TF-
IDF). Using the proposed approach, RMSE is significantly lower at 0.876, compared to 0.912 for

SVD alone, and 0.985 for CBF alone. Similarly, the precision measure is improved by more than 10
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percentage points at 85%. Cold-starting issues are solved by the dynamic weighting method, which

improves Precision@10 for users with less than 10 ratings by 15 points to 79%.

Another important secondary finding is that recommendation explanation features are greatly
appreciated by users and significantly increase the quality perception of the system: the 4.1 out of
5.0 rating for the explanation clarity rating in user acceptance testing corroborates the firmly
established finding in the literature on explainable recommendations that users who know why
particular items were recommended have a greater sense of trust and engagement in using the
system. This finding serves to reinforce the view that explanation features ought to be a first-order

consideration in designing recommendation systems rather than an afterthought.

This project also shows that machine learning systems of production quality — with all the
components necessary, from data preprocessing through machine learning model training and
inference, backend, and front-end development — are possible for undergraduate computer science
students in their final year to develop when proper software engineering principles such as
modularization, use of version control systems, automated testing, and documentation are
systematically followed. This finding is useful in the context of pedagogical considerations

regarding the scope of suitable undergraduate computer science projects in Nigeria.

5.4 Recommendations

Taking into account the conclusions drawn from the results and limitations observed in this research,

the following seven recommendations are proposed for future work and implementation aspects.

First, further deployments should examine recommendation systems architecture using deep
learning, such as Neural Collaborative Filtering (He et al., 2017) and Variational Autoencoders for

Collaborative Filtering (Liang et al., 2018). According to studies, they deliver performance gains of
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4-8% in ranking metric compared to similar systems built around the SVD method. However, they
require GPU-based training infrastructure. This could easily be achieved through cloud services

offering low-cost GPUs.

Secondly, implicit user preferences should be investigated in further research, including viewing
duration, clickthrough rates, and rewatches. These metrics would serve to expand the set of
preference indicators for the models. As research has repeatedly proven, implicit cues supplement
the information provided by explicit star ratings, particularly in regards to users who interact with
videos without providing explicit ratings, as this is the predominant way real-life streaming website

users behave.

Thirdly, the time component needs to be considered as part of the recommendation framework to
account for changes in users' preferences. As Koren suggested, using a time-aware CF approach can

enable modelling how a user’s preferences evolve over time from one rating period to another.

Fourthly, it would be necessary to expand the current system with a film database that contains films
from Nollywood, other African films, and modern global films by using collaboration with local
streaming services like ShowMax Africa or iROKOtv, or web scraping of public domain data about
films. A system that was trained using a film database that includes contemporary films from Africa
will be relevant for use within Nigeria and will resolve the geographical issue outlined above in the

literature review.

Fifthly, there should be a production deployment that includes recommendation cache pre-
computation, overnight retraining based on rating accumulation, and online relearning that will allow

updating recommendations in real time.
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