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ABSTRACT

Blood classification plays a pivotal role in diagnosing various blood-related diseases, including
Acute Lymphoblastic Leukemia (ALL), Acute Promyelocytic Leukemia (APML), Chronic
Myeloid Leukemia (CML), Iron Deficiency Anemia (IDA), Thalassemia Major, Thalassemia
Minor, and Normal Blood Cells. Manual blood analysis by hematologists is time-consuming
and often lacks the speed needed for critical diagnoses. To improve efficiency, deep learning
and tmage processing techniques are applied. This project aims to address these challenges
by developing a web-based expert system for the automatic classification of blood samples
using High-Resolution Neural Networks (HRNet). The system maintains high-resolution
representations throughout the classification process. An innovative approach connects
high-to-low resolution convolution streams in parallel, facilitating the preservation of high-
resolution information. Cross-resolution information exchange improves semantic richness
and spatial precision. The system is capable of classifying blood samples into seven distinct
categories as mentioned earlier. The proposed web application streamlines the diagnostic
process, offering a faster and more accurate classification of blood samples. Automation
aids hematologists and helps prevent CML from progressing to acute stages. The total image
dataset used in this project is 690 which was divided into a ratio of 8:1:1, representing the
training, validation, and testing datasets. The total number of images used for training,
validation, and testing are 549, 66, and 75, respectively. The system achieved an accuracy
rate of 99.89%, demonstrating its effectiveness in blood classification. HemaClassify uses
REST architecture, with a frontend in NextJS, TailwindCSS, ShadCN UI, and a Flask API
backend using HRNet. MySQL is used for database management. User Acceptance Testing
by technologists and hematologists at UKM Medical Center confirmed it meets end-user needs.
Most users rated usability and functionality 4/5 or 5/5, showing high satisfaction. This
project represents a significant advancement in the field of blood classification, contributing
to more timely and precise diagnoses, which are essential for effective disease management
and treatment.

Keywords: Blood Classification, HRNet, Deep Learning, Web-based System, Medical
Diagnosis
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1 INTRODUCTION

The identification and classification of blood cells are crucial for accurate diagnosis and effective
intervention in various blood-related diseases. Traditional methods used by hematologists for
blood classification have limitations such as subjectivity, time inefficiency, and potential diagnostic
errors. Accurate blood classification is vital, impacting treatment planning and patient outcomes.
In acute conditions like Acute Lymphoblastic Leukemia (ALL), Acute Promyelocytic Leukemia
(APML), and Chronic Myeloid Leukemia (CML) [1], precise diagnosis is essential for initiating
timely therapeutic strategies. Similarly, early identification in chronic diseases like thalassemia
aids in managing these lifelong disorders. Developing automated systems for blood classification
holds the potential to revolutionize diagnostic processes, enhancing efficiency and accuracy [2]. This
project proposes the use of High-Resolution Neural Networks (HRNet) [3] for automatic blood
sample classification, leveraging deep learning and image processing techniques to extract intricate
features distinguishing seven blood categories. The system will be implemented using PyTorch
with CUDA support for efficient model training and will be trained on blood biopsy samples from
UKM Hospital. The resulting web application aims to serve both hematologists and non-experts,
featuring a user-friendly interface for seamless interaction. The objective is to develop a web-based
application using HRNet classification models to automatically classify blood samples into seven
categories, targeting an accuracy rate of 95% or higher [4] . The final product will be a REST
architecture-based [5] web application, trained and tested with images from UKM Hospital, designed
to support and expedite the diagnostic process for hematologists while adhering to ethical data
handling practices (JEP-2022-317). The project will adopt an iterative development model to
accommodate flexibility and minimize risks associated with potential uncertainties. Challenges
such as data confidentiality concerns, limited access to expert hematologists for validation, and
the inherent complexity of the domain will be carefully addressed through ethical data handling
practices and expert collaboration. The project schedule is outlined for two semesters, ensuring
systematic and goal-oriented development in line with SMART criteria to facilitate the creation of
a web-based system accessible across borders.

2 MATERIAL AND METHODS

The development model chosen for this project is an Iterative and Incremental development model [6].
This model allows for iterative refinement, accommodates flexibility, and reduces risks associated with
the uncertainty of potential project requirements. The decision to choose incremental development
is based on its adaptability to changing project dynamics and the iterative nature of developing
sophisticated systems.
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Figure 1 : Iterative and Incremental Development Model

2.1 Planning Phase

The planning phase involves defining the project scope, objectives, and requirements. During this
phase, the problem and solution for that problem are identified, and the project’s title is determined.
Once the project scope is defined, a detailed project plan is developed, outlining the project timeline
for the development, testing, and deployment phases. The planning phase sets the foundation for
subsequent development activities and ensures alignment with project goals.

2.2 Analysis Phase

The analysis phase focuses on gathering and analyzing user requirements, system specifications, and
constraints. During this phase, literature reviews were conducted to identify existing solutions in
the market and comparisons were made to determine the unique selling proposition of the proposed
system. User Requirement and System Requirement Specifications were developed to define the
system’s functional and non-functional requirements. The analysis phase lays the groundwork for
designing the system architecture and developing the solution.

2.3  Design Phase

The design phase involves creating detailed system specifications, architectural diagrams, and
user interface mockups. During this phase, the Use Case Diagram, Use Case Specification, Class
Diagram, Sequence Diagram, and Architecture Diagram were developed. The design phase ensures
that the system architecture aligns with project objectives and user needs.

2.4  Implementation Phase

The implementation phase focuses on developing the system components, and testing the system’s
functionality. During this phase, the dataset was preprocessed and split into training, validation,
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and testing sets. The HRNet model was trained using the training set and validated using the
validation set. The Server Side and Client Side were developed using Flask and Next.js, respectively.
The database was implemented using MySQL, and the system was containerized using Docker. The
system was deployed on the Medical Computing Lab server. The implementation phase involves
iterative development cycles to refine the system based on feedback and testing results.

2.5 Testing Phase

The testing phase involves validating the system’s functionality, performance, and usability [7].
During this phase, both functional and non-functional tests were conducted. Functional tests verify
that the system meets the specified requirements, while non-functional tests assess the system’s
performance, and reliability. The Functional Test conducted includes Unit Testing, Integration
Testing, API Testing, and User Acceptance Testing. Load Testing were conducted as part of Non-
Functional Testing. The User Acceptance Testing (UAT) were conducted from 1st July 2024 to 7th
July 2024 where the end users were invited to test the system at http://hemaclassify.ukm.my. The
end users for the test include Medical Laboratory Technologists and Hematologists from Hospital
UKM, under the leadership of Dr. Raja Zahratul Azma Raja Sabudin, the head of the department.
Additionally, Faculty of Information Science & Technology (FTSM) students tested the system in
the admin role. Once the test was completed, the feedback was collected and analyzed to determine
the system’s usability and functionality whether all the requirements were met. The survey was
conducted using Google Forms and the results were analyzed using Google Sheets. After the User
Acceptance Testing, the system was corrected based on the feedback received. The testing phase
identifies and resolves defects, refines system features, and prepares the system for deployment.

3 RESULTS AND DISCUSSION
3.1 System Architecture

HemaClassify uses Representational State Transfer (REST) architecture, which is a stateless client-
server architecture that allows for scalability and flexibility. The Server side is responsible for
handling requests and responses, while the Client side is responsible for fetching and displaying data.
The NGINX server in the middle acts as a load balancer, distributing requests to the appropriate
server [8]. Below is the architecture diagram for the HemaClassify system:
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Figure 2 : HemaClassify Architecture Diagram

3.2 Model Training

The HRNet model was trained for 500 epochs, taking a total of 11.31 hours using a single NVIDIA
GeForce RTX 3060 GPU. Firstly, HemaClassify was trained for 300 epochs, taking 8.26 hours. The
train_topl and train_loss values were 99.6561 and 0.0282, respectively. Below is the visualization for
Train Top and Train Loss from epochs 0-299:

X pioned 2

Figure 3 : Iterative and Incremental Model

Then, HemaClassify was trained for an additional 200 epochs, taking 3.05 hours. The train_topl
and train_loss values were 99.8867 and 0.0189, respectively. Below is the visualization for Train
Loss from epochs 300-499:
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Figure 4 : Tterative and Incremental Model

This indicates that the HRNet model has been well-trained and can accurately predict the class
of blood samples. The high train_topl value indicates that the HRNet model has high accuracy.
The low train_loss value indicates that the HRNet model has low error. The HRNet model
architecture maintains high-resolution representations throughout the network, enabling precise
feature extraction. The key components of HRNet can be described mathematically as follows:

e Parallel Multi-Resolution Convolutions [3] [9] : HRNet connects multiple convolution
streams in parallel, each operating at a different resolution. Let x denote the input image,
and fi(z) represent the feature map at the k-th resolution level, where k € {1,2,..., K}. The
feature maps at each resolution are computed as:

fr(z) = Convy(z), (1)

where Convy, denotes the convolution operation at the k-th resolution level.
3.3 Server Side Development

The HemaClassify server side was developed using Flask [10], a micro web framework written in
Python. The server side has a total of 20 endpoints. These endpoints can be categorized into 4
categories: Authentication, User, Patient, and Image.

e Authentication

— /getjwtaccesstoken - GET - Obtain JWT token for authentication
o User

— /user - GET - List Users

— /user - POST - Add User
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— /user - PUT - Update User
— /user - DELETE - Delete User
— /user?uname= - GET - User Information
e Patient
— /patient - GET - List Patients
— /patient - POST - Add Patient
— /patient - PUT - Update Patient
— /patient - DELETE - Delete Patient
— /patient?patient_id=- GET - Patient Information

— /patient?patient_id _status= - GET - Information on Total Images and Unverified
Images

e Image
— /image?patient_id= - GET - List Patient Images
— /image?image_id= - GET - Image Information
— /image - POST - Add Image
— /image - DELETE - Delete Image
— /image?unverified-image= - GET - List of Unverified Images
— /image?unverified-image-count= - GET - Number of Unverified Images
— /image - PUT - Update Final Image Result
— /image?uncached-image= - GET - Uncached Images

HemaClassify uses JSON Web Token (JWT) for authentication during login. The algorithm used
for encoding the information is HS256 [11] . After authentication is successful, it stores the access
token in local storage. For each subsequent API request, the HemaClassify Client needs to send the
access token in the headers to obtain authorization. Below is the example of a request to the /user
endpoint with the access token in the headers:
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iy fuser Get User Details API [B save ~ Share
GET v http:/flocalhost:8000/user m
Params  Authorization®  Headers (8) Body  Scriptse  Settings Cookies
Auth Type
Token {token}
Bearer Token v {itaken})
The authorization header will be automatically
Body Cookies Headers (6) TestResults (1/4) /D) 20006 - 7ms - 118KE - @ Save Response ses
{} JSON ~  [> Preview 3 Visualize = bH Q&
2 uzers': [
3 1
4 em @gma
o : "52b312S5MELEkWaQGIUIH/BRToLI0I2EL27 /OxuETI2bs Yz . y9/ctH/6a302" , r
8 T .
9 user_id": "ABEEEEE
18
11
12 email_adiress”: “jessicatangzmail.com”,
13 £
14
15 $2b$125936VPAYKPITSbg2ke 151c0UTaZVTiQNhMDKXXTQXUCPiqugeS2ANS ",
16 T .
17 user_id": "A100000
18
19
26 email_sddress”: "JosephlesBgmail.com”,
21 first_name": “Jose
22 1 tles",
23 o : "$2b%128vb0ItIVUS/em. EOEHPIOL. /XecboIkBLOCHMYRILCAZREiAkpigiTi",
24 T .
25 user_id": "A200000
26
28 email_address”: "alizhmad@gmail.com”,
29 first_na Muhammad ALL bin®,
$12502261KqRBL1dIPKIbUTzSufwa dng7 oA/ AZEB10phwdE20SRC0ZE" ,
2 T

Figure 5 : REST API Request

3.4 Client Side Development

The HemaClassify client side uses Next.js framework version 14.2.4 with TypeScript, Tailwind
CSS [12], and shadcen UI [13]. HemaClassify employs both Server Side and Client Side Rendering.
HemaClassify uses File Based Routing where each folder under /src/app/ represents a separate route.
For instance, HemaClassify has folders like /dashboard, /users, /patients, and /unverifiedimages,
each containing a page.tsx file that renders TypeScript components. The layout.tsx file provides
the Root Layout for the HemaClassify application. React elements are extensively used and
refactored into small components, such as NavBar /; and jFooter /;, which are reused across
routes. React Hooks like useState, useEffect, useRef, are used to manage state and side effects in
functional components, making component programming more intuitive and efficient. HemaClassify
utilizes Tailwind CSS and Shadcn Ul for its user interface design. Tailwind CSS is recognized
for its utility-first approach, which simplifies development by providing reusable classes that can
be combined to create complex designs easily. This approach replaces traditional CSS, allowing
direct customization of elements in HTML markup, resulting in more consistent styles and cleaner
code. Using utility classes also accelerates development by eliminating the need for extensive and
repetitive CSS writing. ShadCN offers pre-designed Ul components ready for production. These
components are meticulously crafted and tested to ensure they can be seamlessly integrated with

126



Applied Mathematics and Computational Intelligence
Volume 14, No. 3, 2025 [119—138]

minimal adjustments. This capability allows HemaClassify to implement high-quality, consistent
UI components swiftly, ensuring visually appealing and functional interfaces. Below are some
screenshots of the HemaClassify web interface:

HemaClassify Login Page

Please enter your username and password to login.

Username

Enter your Username

Password

Enter your Password

© 2024/2025 HemaClassify. All rights reserved.

Figure 6 : HemaClassify Login
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1_&@ HemadClassify Hematol Hemato1 (Hematologist) Dashboard  Patients Unveriﬁedlmages

Welcome to HemaClassify

sifies b

d diseases.

HemaClassify is a web-bas

«pert system that clas ood cells into different

types of b

Project Details

Developer: Khushaalan Arjunan (A190409)
Institution: Fakulti of Computer Science, FTSM, UKM
Course: TTTK4086 & TTTK4172

Project Supervisor: Ts. Dr. Afzan Adam

This project is supported by the grant project Blood Cancer Speed Screening @

© 2024/2025 HemaClassify. All rights reserved.

Figure 7 : HemaClassify Dashboard

!_k& HemaClassify Hemato? Hemato (Hematologist) Dashboard Patients Unverified Images ()

Images of Patient #PATIENT1

Filter Image ID... sv Columns v
Actions Status Image ID T4 Patient ID 1 Date and Time 1 Biopsy Result 1L Medical Laboratory Technician (MLT) ID 1.,
Acute Lymphoblastic
Tue, 02 Jul 2024
@D 0240702064146 PATIENT1 et uT Leukemia (ALL) - MLT1
i 99.643%
Acute Promyelocytic
Tue, 02 Jul 2024
@) 20240702 065254 PATIENT1 oot o Leukemia (APMU) - MLT1
i 99.980%
Chronic Myeloid
Tue. 02 Jul 2024 ;
@ED 0240702064526 PATIENT1 o5t NIt Leukemia (CML) - MIT1
o 100.000%
Iron Deficiency
Tue, 02 Jul 2024
@@= 0240702064732 PATIENT1 s outT Anaemia (IDA) - MLT1
i 99.606%
Tue, 02 Jul 2024 Normal Blood Cells -
@) 20240702.065043 PATIENT1 0E50:45 CMT S5900% M1
4 >

< Previous 1 2 Next >

© 2024/2025 HemaClassify. All rights reserved.

Figure 8 : HemaClassify Images
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View Image #20240703_061520
Created at Wed, 03 Jul 2024 06:15:20 GMT, by MLT #MLT1

Comment:

Predicted Chronic Myeloid Leukemia (CML) -
Classification:  100.000%

Is the
prediction Nov
accepted?

Suggested

Classification: Normal Bloed Cells v

Add Final Verdict Close

Figure 9 : HemaClassify Image

Lﬁﬁ Hemadlassify Hemato1 Hemato1 (Hematolagist) Dashboard Patients Unverified Images (@) m

Unverified Images

View Image #
20240702_064526

Created at Tue, 02 Jul 2024 06:45:26 GMT, by MLT #MLT1

P WL LY

R

MLT's Comment: looks like cml

Predicted

e Chronic Myeloid Leukemia (CML) - 100.000%
Classification:

Is the prediction
accepted?

Suggested

N N Thalasemia Minor
Classification:

Add Final Verdict

© 202472025 HemaClassify. All rights reserved.

Figure 10 : HemaClassify Unverified Images
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x

View Image #20240703_061520

03 Jul 2024 06:48:43 GMT, by MLT #MLT1 and
Hematologist #A200000

MLT's
Comment: emiz
Predicted Chronic Myeloid Leukemia (CML) -
Classification:  100.000%

Prediction Rejected - [Suggested
Classification: Acute Promyelocytic

Final
Classification: o emia (APML)]

Figure 11 : HemaClassify Verified Image

3.5 Database Management

HemaClassify uses MySQL for database management. The database consists of 3 table which are
tbl_users_a190409, tbl_patients_a190409, and tbl_images_a190409. Below is the class diagram for the
database schema:
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u o al 904049 thl_users_a190409
guser_id : varchar(50)
2password - varchar(255)
afirst_name : varchar(255)
alast_name : varchar(255)

2email_address : varchar(255)

#role - int(1)
f o =190100 thl_patients_a190409 Jo 2700400 thl_images_a190409
@ patient_id : varchar(50) r ¢image_id : varchar(15)
s patient_first_name * varchar(255) { =patient_id_image : varchar(50)
sipatient_last_name : varchar(255) mdate_time : timestamp
apatient_age - int(4) 2biopsy_image : varchar(255)
#patient_sex - int(1) s biopsy_result : varchar(255)
= patient_address : varchar(255) amit_id : varchar(255)
s patient_contact_number : varchar(12) amit_comment : varchar(255)
s patient_email_address : varchar(255) 2 hematologist_id : varchar(255)

2 hematologist_final_verdict : varchar(255)

Figure 12 : Database Class Diagram

3.6 Containerization and Deployment

HemaClassify also utilizes Docker technology for containerization. Containerization is crucial in web
application development. Docker allows developers to build, test, and deploy applications easily.
To create Docker containers, a Docker image needs to be built first, which defines the container’s
configuration using a Dockerfile. Once the Docker image is built, Docker run commands are used
to create Docker containers. For managing multiple containers, Docker Compose can be used.
HemaClassify employs four Docker containers: hemaclassify-server, hemaclassify-client, mysql, and
nginx. The hemaclassify-server and hemaclassify-client containers are for the server and client
parts respectively. The mysql container is for the MySQL database, and the nginx container is for
the web server. Configuration for all containers is defined in the docker compose.yml file. After
containerization with Docker, HemaClassify was deployed on the Medical Computing Lab server. It
has obtained a Public IP and domain name, accessible via http://hemaclassify.ukm.my. However,
HemaClassify currently lacks an SSL Security Certificate, so it can only be accessed via HT'TP
using UKM Wi-Fi.

3.7 Functional and Non-Functional Test Results

Unit Test was written in Python using the unittest library. The test cases were written to test the
functionality of the HRNet model and hashing function for password encryption. Integration Test
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was written using Pytest to test the integration of database operations like CRUD (Create, Read,
Update, Delete) and the Flask API.

khushaalankhushaalan MINGWE4 ~/Desktop/semesters/TTTK4886/hemaclassify/server (main)
® 3 PYTHONWARMINGS="ignore" python -m unittest discover -v

test_hashing admin_correct password (test unittest.TestHashingFunction) ... ok

test_hashing admin_incorrect password (test unittest.TestHashingFunction) ... ok

test _hashing hematologist correct password (test unittest.TestHashingFunction) ... ok

test hashing hematologist incorrect password (test unittest.TestHashingFunction) ... ok

test _hashing mlt correct password (test unittest.TestHashingFunction) ... ok

test hashing mlt incorrect password (test unittest.TestHashingFunction) ... ok

test predict ALL (test unittest.TestPredictionFunction) ... ok

test predict APML (test unittest.TestPredictionfFunction) ... ok

test_predict (ML (test_unittest.TestPredictionFunction) ... ok

test_predict IDA (test unittest.TestPredictionFunction) ... ok

test_predict NORMAL (test_unittest.TestPredictionfFunction) ... ok

test_predict TMAJOR (test_unittest.TestPredictionFunction) ... ok

test_predict TMIMOR (test_unittest.TestPredictionFunction) ... ok

Ran 13 tests in 17.582s

0K

Figure 13 : Unit Test Result

khushaalangkhushaalan MINGWG64 ~/Desktop/semester6/TTTK4686/hemaclassify/server (main)
® 5 pytest test_auth.py test_user.py test_patient.py test_image.py
test session starts
platform win32 -- Python 3.18.11, pytest-8.3.5, pluggy-1.5.8 -- C:\Users\khushaalan\AppData\Local\Programs'Python'Python318\python. exe
cachedir: .pytest_cache
rootdir: C:\Users\khushaalan\Desktop\semester6\TTTK4886\hemaclassify\server
configfile: pytest.ini
collected 19 items

test_auth.py:test_auth PASSED st
test_user.py::test_get_user PASSED [ 16%]
test_user.py:test_get_users PASSED [ 1% "

test_user.
test_user.
test_user.py:

stest_add_user PASSED [21%] &
stest_edit user PASSED [ 26%] ,
st_delete user PASSED [ 21%]

test_patient.py::test_get patient PASSED [ 36%]
test_patient.py:rtest_get patients PASSED [ a2
test_patient.py::test_add_patient PASSED [ 47%

test_patient.py::

1
1
test_edit_patient PASSED [ 52%]
]

test_patient.py::test_delete patient PASSED [ 57%
test_image.py: :test_add_image PASSED [ 63%]
test_inage.py: :test_get_image PASSED [esl )
test_image.py: :test_get_images PASSED [ 73%]
test_image.py: :test_update final verdict PASSED [ 78%]
test_image.py: :test_unverified images PASSED [ 2ax]®
test_image.py: :test_unverified_images_count PASSED [ 8o%] §
test_image.py: 1test_get_uncached_image PASSED [ 4% a
test_image.py::test_delete image PASSED [1ee%] ®

19 passed in 4.17s

Figure 14 : Integration Test Result

APT Test was written in Node.js using Jest to test the API endpoints. The test cases were written
to test the functionality of the API endpoints, including authentication, user, patient, and image
operations.
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khushaalangkhushaalan MINGWS4 ~/Desktop/semesters/TTTK4886/hemaclassify/client2 (main)
® § npm test

> client2@e.1.e test
> jest

_ tests_ /api.test.ts (FEERIEE)
HemaClassify Authentication
v GET /eetjwtaccesstoken returns a JWT access token (252 ms

getjwtacCcessTtoxe eturns a J access Token (2

Hemaclassif}r- User

v DELETE fus
HemaClassify

v DELETE /o
HemaClassify
v POST /i

Ll L <<
sl s Wl n N

Test Suites: 1 passed, 1 total
Tests: 20 passed, 28 total
Snapshots: 8 total

Time: 5.766 s, estimated 7 s

Figure 15 : API Test Result

Load Test was conducted using Apache JMeter to test the system’s performance under various
loads. Requests were sent to 10 API endpoints simultaneously with 300 threads and a 1s ramp-up
period. The system did not fail at all. The error percentage is 0%. However, the response time
increases as user load increases. This indicates that the system still requires improvements in scaling
and reducing response times to enhance system performance.

Figure 16 : JMeter Report
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Response Time Graph

72,000

63,000

54,000

45,000

36,000

Miliseconds

27,000

18,000

—_

\

9,000

) 2 ) < S < < 2 S < S Y ) 2 S S S
< 2 g 2 8 2 < 2 g 2 ] 8 S 8 8 2 8
g g 8 8 8 8§ 8 8 5 5 5 5 5 5 8 8 8

m GET /getjwtaccesstoken W GET fuser W GET fuser?uname= GET /patient m GET /patient?patient id

® GET /image?patient_id=  GET fimage?mage_id= = GET image= = GET i = m GET i - id=

Figure 17 : JMeter Response Time

User Acceptance Testing’s survey results indicate a high level of user satisfaction with the HemaClas-
sify system. Most users rated the system 4/5 or 5/5 for its usability and functionality. The system
met all the requirements and expectations of end-users, demonstrating its effectiveness in blood
classification.

Basic Information Section

What is your role? [0 copy

15 responses

® Admin
@ Medical Laboratory Technician (MLT)
@ Hematologist

Figure 18 : User Acceptance Testing Result

A 5 o o e . o a
Were you able to view all Did youfind the
fo system is intuitive, so . .
Whatis your role? qusers and ulize the | Were you able to add, edit, update, and delete | thatyou can guess | Howuser riendly did | How would you rate | »4qiional Comments
¥ ! ing, ching, @ users without any issues? how to use it without | ¥ h or Suggestions
sorting functionalities use it ‘for managing users? | feel of the system?
effectively?  exensive
Admin 5 Yes 5 5 5
Admin 4 Yes 5 5 5
Admin 5 Yes 5 5 5
Admin 5 Yes 5 5 5
Admin 5 Yes 5 4 5

Add mare rows at the bottom

Figure 19 : User Acceptance Testing Result
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A > W N o P Q
Were you able to view Did you find the How Pser-fn?ndly did | How would you rate
A . A you find the interface | the overall look and .
B image detail and add |system intuitive to use N . Additional Comments
What is your role? - N N N N for managing patients,| feel of the system? N
final verdicts without without extensive | . e or Suggestions
B N . images, and unverified| (e.g., smart, clean,
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Figure 20 : User Acceptance Testing Result
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Figure 21 : User Acceptance Testing Result

3.8 Recommendations for Improvement

To enhance the performance and capabilities of HemaClassify, several improvement recommendations
are proposed. The first recommendation is that HemaClassify can implement multiple layers of
caching using Redis and server-side pagination to improve system performance. The second
recommendation is to use a dedicated database server such as LRGS FTSM or a cloud-based
database server like AWS RDS to facilitate data migration and backup processes. The third
recommendation is for HemaClassify to use deep learning technologies like OpenSlide [14] to
automatically process Whole Slide Images (WSI) [15] into Regions of Interest (ROI) [16]. The
fourth recommendation is to add a function that allows users to upload their own datasets and
train new models or use existing models for transfer learning. The final recommendation is for
HemaClassify to register an SSL certificate to use the HT'TPS protocol, enhancing system security
and accessibility.
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4 CONCLUSION

In conclusion, HemaClassify has been successfully developed and met its main objective of identifying
blood diseases with high accuracy. Despite some constraints, the system has shown great potential
in aiding the diagnostic process. With the proposed improvements, HemaClassify has the potential
to become a more comprehensive and effective tool in the field of hematology. It is hoped that this
system can continue to be developed and fully utilized by medical experts and clinical practitioners
to improve the accuracy and efficiency of blood disease diagnosis.

4.1 Strengths

HemaClassify was successfully built, tested, and deployed within the designated timeframe without
any issues. The system meets all the objectives and user requirements set forth. HemaClassify can
identify 7 categories of blood diseases with high accuracy. The system is user-friendly and easy to
use. HemaClassify can operate on both mobile devices and desktop computers. It can be accessed
by users from anywhere and at any time at http://hemaclassify.ukm.my.

4.2 Weaknesses

There are several constraints that need to be addressed in the HemaClassify system. Firstly, the
interactivity of HemaClassify is not yet smooth and needs improvement. For example, when there
are many unverified images, the image carousel does not move smoothly. This is due to the large
number of high resolution images being fetched from the server at once. The second constraint is
that HemaClassify’s database is still running in a Docker container. This setup is suitable for mock
projects but very challenging when it comes to large-scale migration or data backup. The third
constraint is that HemaClassify cannot yet process large Whole Slide Images (WSI) into smaller
Regions of Interest (ROI). The crop and zoom functions are also not yet available. The fourth
constraint is that HemaClassify is limited to only 7 categories of blood diseases and cannot identify
other blood diseases. The final constraint is that although HemaClassify has its own domain name,
it still uses the HTTP protocol, which may be blocked by some Internet Service Providers (ISPs).
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