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Introduction



Project Background (Recap)

Great Potential for HK’s Toy Market:

o HK being one of the largest toy importers in the world - 7th largest in 2019, >1.5M

toy import trade value

o High Popularity and Business Volume of ACGHK - shows high influential power of
toys to HK people and their high purchasing power for toys
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Project Background (Recap)

e However, the market’s potential is limited:
o Inadequate channels to buy/sell toys online in Hong Kong
o Most local toy stores do not have their own online store, only sell toys at Brick-
and-Mortar stores/rely on other E-commerce Platforms
o Insufficient market information leading to Information Asymmetry
o Market ecology damaged by speculative behaviour -> consumers lose confidence
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Project Background (Recap)

e Another Problem...
o Existing Mainstream E-commerce Platforms are not specialized in toys or not
localized for HK -> User experience is not optimal, E.g. Carousell, Taobao, Amazon
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Project Background (Recap)
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J— Example 1: Carousell

e Allows user to sell all kinds of
products and services, not limited to
toys *
e Too many product categories -> .
lowers the accuracy of product
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Project Background (Recap)
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S e e Services are not localized for HK (No
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Complicated website structure, e.g.
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Easy access to a
o @ -(Q market information

Project Objective

User friendly UI/UX

Optimised for Toys
Q Trading

Include all essential
functionalities for
Both Buying &
Selling Toys (Support

Both B2C and €2C) L
Objective: To Create A

One-stop E-commerce

Web App for Toys

5 Personalized Product
Recommendation

—— ->avoid speculation . .
P with High Accuracy
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Project Methodologies




System Architecture

Frontend

User

Web App Client
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System Architecture - Breakdown

Frontend

o

Web App Client: Directly interacted by
users; can be broken down to pages ->
components -> services

Backend

O

Main Web Server: manipulates the data
from the Frontend and other Backend
components to operate the major features
of the web app, e.g. product management,
User authentication, userinteraction
tracking

Recommendation Engine + server:
generates personalized recommended
products for each user and display them on
the corresponding product sections on the
web app client

Database: stores all data for the app, e.g.
users, products, product reviews, user
events

Frontend

Backend

Web App Client
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Main Web Server Database

RESTHl

L &

e

Recommendation
Engine




Software Specs

Frontend
o Web App Client: React JS (HTML, CSS,
JavaScript)

BaCkend | Frontend Backend
o Main Web Server: Node JS, Express JS S] exressis ]
o Recommendation Engine + server: 2 =
m Server: Python Flask E css [ R
m Data processing + Model é%il — i Pt
training: ML and DS libraries, e.g. ] e T
User S i ’

sclkit-learn, Surprise, Numpy,
Pandas, Scipy
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RESTful API for data exchange between Front T

and Backend/Backend components Avad zg




System Architecture & Techs Used
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Project Management

Waterfall + Agile hybrid
Takes advantage of both models
Development and Implementation: Agile
* Divide the whole stage into many
small sprints and iteratively
complete them
* Moreflexible time management
Other stages: Waterfall
*  Project requirement is fixed in
early stage, no need to do
iteratively
+ Saves overhead time

Research checkpoint
Strategize checkpoint
Document
. checkpoint
Requirements l

Is)yesstiegr: heclpom\

Support/
Maintenance

Integration
and Testing

N

Source: Lucidchart



Schedule

Project Timeline

Tasks

2024/08-2024/09

2024/10

2024/11-2024/12

Identifying Requirements and Planning:

| Defining project topic, defining functional
requirements and rough design of overall system
architecture

| Preparation of Detail Project Plan

Designing:

| Process flows/System flows diagrams

| UI design in Figma

Development and Implementation:

| Frontend: completed prototype for most pages of
the web app client and most major features not
involving backend

Interim Report and Presentation

2025/01-2025/02 Development and Implementation:
| Backend: main web server
2025/03-2025/04 Development and Implementation
I Backend: recommendation engine
| Frontend: completed the remaining features
involving the backend web server or the
recommendation  engine, e.g. fetch of
recommended product lists

Final Report, Presentation, Poster and Video

Summary

15t Sem: Define project topic and requirements,
planning, designing, FE implementation

2"9 Sem: BE implementation, integration of FE
and BE, project deliverables



Project Results




Web App Demo



Web App - Features Summary

User account management + Authentication:

Search products by name

View products by category

Product Sections: Personalized Recommendation + Hot items

Product page: Product details, ordering, bookmarking, review

Shopping Cart and Bookmarks

Checkout

Seller’s Dashboard: View statistics, launch /manage products, manage received
orders




Recommendation Engine - Workflow
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Recommendation Engine - Workflow

Data Collection &

Storage

Tracks user
interactions with
web app client, e.g.,
viewing/purchasing/r
eviewing/bookmarkin
g a product, clicking
a recommended
product

Each user interaction
is stored in
database

Data
Preprocessing

° Fetch raw data from
the database: data

frames of
user/product/review/
events

® Cleandata:eg,,
handling
missing/null/extreme
values

° Extract part of the
data/transform

data, so it can be
received by the
models as input

.ﬁ.

Model Training

Models used:
Content-based
Filtering,
Collaborative
Filtering, Hybrid
Content-based:
recommends
products with similar
properties as
products the user
previously interacted
with

Collaborative:
recommend products
interacted by similar
users

Output Generation

Each product is
given a score,
which decides its
ranking on the
recommended
product list. Products
ranked top n will be
displayed to the user.
The scoring method
depends on the
model

g
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Recommendation Engine - Data Collection

Collection:

e Tracks user interactions with web
app client, e.g. viewing a product,
purchasing a product, adding a
review, clicking a recommended
product, adding a product to
bookmarks (using JWT and cookie)

e Eachuserinteraction is a ‘user
event’

Storage:

e Storedinuser_event table inthe DB
(Frontend -> Web server -> DB
through APIs)

_id: ObjectId('68057badac660961le3ladeel’)
event_type : "recommendation_click"
user_id : "67f60958d2d3797d255a226c"
product_id : "67e38a4clalf999cc90a0639"
timestamp : 2025-04-21T06:56:45.417+00:00
data : Object

_id: ObjectId('68057badac660961le31ladee5"’)
event_type : "product_view"

user_id : "67f60958d2d3797d255a226c"
product_id : "67e38a4clalf999cc90a0639"
timestamp : 2025-04-21T06:56:45.557+00:00

» data : Object




Recommendation Engine - Data Preprocessing

e Fetchraw datafrom DB: dataframes
of user/product/review /events

e Cleandata: e,g, handling
missing/null /extreme values

e Extractpart of data/transform data:

so it can be received by the models as
input

_id: ObjectId('68057badac660961le3ladeel’)
event_type : "recommendation_click"
user_id : "67f60958d2d3797d255a226c"
product_id : "67e38a4clalf999cc90a0639"
timestamp : 2025-04-21T06:56:45.417+00:00
data : Object

_id: ObjectId('68057badac660961le31ladee5"’)
event_type : "product_view"

user_id : "67f60958d2d3797d255a226c"
product_id : "67e38a4clalf999cc90a0639"
timestamp : 2025-04-21T06:56:45.557+00:00

» data : Object




Recommendation Engine - Model Training

e Models used: Content-based Filtering, Collaborative Filtering, Hybrid
e Content-based

o

Characteristic: recommends products with similar properties as products the

user previously interacted with (focus on item properties)

Receive product dataframes containing product metadata (descriptions,

categories, features)

feature extraction by TF-IDF vectorization (find a term’s importance in a text by
calculating no. of times the term appears in the text and total no. of terms in the o)

text)
Compute each product’s similarity to every other product by Cosine Similarity
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Recommendation Engine - Model Training

Models used: Content-based Filtering, Collaborative Filtering, Hybrid
Collaborative

o Characteristic: recommend products interacted by similar users (focus on user behaviour
patterns)

o Receive product reviews dataframes (contains user id, product id and rating, forming a user-
item interaction matrix)

o Decompose the matrix with SVD algorithm to find out user latent vectors (represents user
preferences across latent dimensions), item latent vectors (represents product
characteristics across same dimensions) and bias terms (Global average, user bias, and item
bias) ¢

o Compute a predicted rating for each product based on these terms

Hybrid: combines a weighted output from both content-based and collaborative filtering
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Recommendation Engine - Output Generation

e Afterthe model training, each product is given a score which decides its ranking on the
recommended product list. Products ranked top n will then be sent to the Frontend and displayed
to the user. The scoring method depends on the model:
o Content-based: the product’s aggregated similarity to each other product, calculated by
Cosine Similarity
o Collaborative: the product’s predicted rating by a specific user, calculated by SVD
algorithm
o Hybrid: Content-based score * Content-based weighting + Collaborative score *
Collaborative weighting
0]




Testing and Evaluation

Offline testing:

o

MAE (Mean Absolute Error), RMSE (Root Mean Square Error): measure difference
between Collaborative Filtering’s predicted rating and actual rating. The lower the better
Hit Rate: The proportion of users who received at least one relevant product
recommendation among the list of recommended products they receive. The higher the
better, but highly dependent on by size of the recommendation list

Online A /B testing (Offline simulation)

o
o

Create some synthetic users (as there are no actual users yet)

Just like real-life A/B testing, divide users into 2 or more groups, each group use different
recommendation model ¢
Predict each group’s users’ feedback to recommendations by probabilistic assumptions
(e.g. probability for a user to click on a recommended product =?) :
Observe which group has better predicted feedback -> the model for that group has better ;
performance ¢ Z

m Feedback metrics: Click-through rate, Conversion rate, purchase per users, etc.
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Recommendation System Dashboard

‘= x e o x|+
Engine D d

Systom Staus

AP Stats: [0 |

Models Trained:

Last Traming: 2110412025, 16:17:41

Searchty D Search by Usermame

Selectsd User ID:
Er—

Racammendation Type:

e (st + o)

Numbar of Recommandations:

s

Training Logs

2025-04-21 18:15:31,005 - models.model_trainer - INFO - Evaluation complete. CF MAE: 0.5786337206143613
2025-04-21 18:15:31,005 - models.nodel_trainer - INFO - Model training complete!

2025-04-21 18:15

200 -

2025-04-21 18:15:31,019 - data.collectors.data_collector — INFO — Collecting all data for training
recosnendation models
2025-84-21 18:15:31,033 - api.endpoints - INFO - Request: GET /api/training-info - Status: 208 - Duration:

0.01495

2025-84-21 18:15:31,033 - werkzeug - INFO - 127.9.8.1 - = [21/Apr/2025 18:15:31) "GET /api/training-info
0

HTTP/1.1" 26

2075-04-21 1R:1A:A8. 713 ~ data.collectars.data collactar - TN = Collecting all data for traininn

Recommended Products

Product ID Product Name Category Brand Price
Good Smile Company Play Arts Kai Sub-Zero  _ Good Smile
67e38adcla... Fi $250.99
edfadeta 7" Scale (Dragon Ball) ‘gures ‘Company
Plush
Jumbo Ril Hello Kitty TD:: Squishmallows $40.99
Good Smile C Bishoujo Naruto 1/18 ‘Good Smil
67e3Batota.. oo ey prenouloRany Figures e $138.49
Scale ‘Company
N Model N
67e38adcla.. Bandai Gunpla F-22 Raptor 1/4 Scale Mecha Kits Bandai Gunpla $63.49
Model N
67e38adcla.. Bandai Gunpla TIE Fighter 7" Scale Gundam Kits Bandai Gunpla $166.99

1,006 — api.endpoints - INFO - Request: POST /api/train - Status: 200 - Duration: 0.2863s
2025-04-21 18:15:31,006 - werkzeug - INFO - 127..0.1 - - [21/Apr/2025 18:15:31] "POST fapiftrain HTTP/1.1"

Score

420

41

Offline Evaluation Metrics

These metrics are calculated using a 20% test set with 84 samples.

Collaborative Filtering

MAE: 0.8335
RMSE:

Hit Rate: 2.33%
Catalog Coverage: 112.24%

Content-Based Recommendations

Category Precision: 98.00%
Brand Precision: N/A
Products Evaluated: 20

Hybrid Recommendations

MAE:

Hit Rate:

Catalog Coverage:

N/A

NIA

2.33%

112.28%



Recommendation System Dashboard

A/B Testing

Simulate A/B Test

Run a simulation to generate synthetic user behavior data for testing.

Experiment 1D:

simulation_2025-04-21

Variants (comma-separated):

collaborative,hybrid,content

Users per variant:

100

AJB Testing Dashboard

Available Experiments

D Status Variants Start Date

simulation_2025- active
04-19 content 03:49:52

collaborative, hybrid, 20/04/2025,

End Date

20/05/2025,
03:49:52

Actions

View
Results

Experiment Results: simulation_2025-04-19

Status: active

Date Range: 20/04/2025, 03:49:52 to 20/05/2025, 03:49:52

Description: Simulated A/B test comparing recommendation algorithms

Collaborative

Users:

Impressions:

Clicks:

Purchases:

CTR:

Conversion Rate:

Purchases/User:

103

280

72

22

25.71%

30.56%

0.214

Hybrid
Users:
Impressions:
Clicks:
Purchases:

CTR:

Conversion Rate:

Purchases/User:

100

299

101

18

33.78%

17.82%

0.180

Content

Users:

Impressions:

Clicks:

Purchases:

CTR:

Conversion Rate:

Purchases/User:



Future Works




Future Developments

The project is only implemented to a limited extent and has not reached production level, hence it has

a large potential for future developments. For example:

e Deployment on cloud host: allow the implementation of features that require multiple actual
users’ feedback or interaction, such as the real-life A/B testing for the recommendation engine
mentioned previously or real-time chatting between buyer and seller/customer service, or other
production-level features.

e Security: Implement production-level security features like improved user authentication, API
security, and server security

e Infrastructure: Streamline project deployment by containerization (Docker) and CI/CD Pipeline
e UI/UX:Implement mobile app version for the web app/implement responsive design to existing ¢
web app

e Recommendation engine: implement more extensive and online testing, import external datasets
to improve cold start problem




Q&A
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