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Background & Objectives



• Background

Chal lenges in Hong Kong's Public Heal thcare:

• Extended Wait  Times: Pat ients in  Hong Kong face 

long delays,  somet imes over  a  year,  for  in i t ia l  

dermato logy consul tat ions in  publ ic  hospi ta ls .

• Impact on Skin Cancer: This de lay is  c r i t ical  as  non -

melanoma sk in cancer is  one of  the top 9 most  

common cancers in  Hong Kong,  according to  the 2020 

Hong Kong Cancer Regis t ry.

Technological  Advancements in Diagnosis:

• Impact on Skin Cancer: This de lay is  c r i t ical  as  non-melanoma 

sk in cancer is  one of  the top 9 most  common cancers in  Hong 

Kong,  according to  the 2020 Hong Kong Cancer Regist ry.

Is  there a possibi l i ty of  developing a computer vision based 

pre-screening tools for  pat ients to have a prel iminary 

screening on skin cancer?



• Object ives

Our pro ject a ims at  investigate the potential  of  

developing a computer vision system with combination 

of pat ient information to  enable ear l ier  detection of  skin 

cancer.

This  in i t iat ive a ims to a l leviate the heal thcare system's 

load and improve pat ient  outcomes by:

1. Enabling proactive monitoring through photographic 

assessments

2. Signif icantly reducing diagnosis t imelines

3. Faci l i tat ing quicker medical  interventions,  

potential ly lowering mortal ity and morbidity from 

late-stage diagnose
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Data collection &

Evaluation



• Data col lect ion

Data  from:

ht tps : / /www.kaggle .com/datase ts /mahdavi1202/sk

in -cancer

Publ ished: 7  Ju l  2020

Inc ludes:

• metada ta .csv  (  2298rows & 26 columns)   

• 2298 images .

No

.
Attribute Name Description

1 patient_id Identifier of the patient under study.

2 lesion_id Identifier of the lesion or wound under study in the patient.

3 smoke Whether the patient has a history of smoking or not.

4 drink Whether the patient has a history of alcohol consumption or not.

5 background_father History of any diseases or health conditions related to the patient's father.

6 background_mother History of any diseases or health conditions related to the patient's mother.

7 age Age of the patient at the time of examination.

8 pesticide Whether the patient has been exposed to pesticides or other chemicals.

9 gender Gender of the patient.

10 skin_cancer_history History of skin cancer in the patient's family.

11 cancer_history History of cancer in the patient's family.

12 has_piped_water Indicates whether the patient's residence has access to piped water.

13 has_sewage_system Indicates whether the patient's residence has a proper sewage system.

14 fitspatrick Skin tolerance to sunlight.

15 region The area of the body where the lesion or wound has been examined.

16 diameter_1 Primary diameter of the lesion or wound.

17 diameter_2 Secondary diameter of the lesion or wound.

18 diagnostic The type of lesion or wound diagnosed.

19 itch Whether the lesion or wound has itched or not.

20 grew Whether the size of the lesion or wound has grown or not.

21 hurt Whether the lesion or wound has hurt or not.

22 changed Whether the appearance of the lesion or wound has changed or not.

23 bleed Whether the lesion or wound has bled or not.

24 elevation Description of the lesion or wound relative to the skin surface.

25 img_id Identifier of the image related to the lesion or wound.

26 biopsed Whether the lesion or wound has been biopsied or not.

https://www.kaggle.com/datasets/mahdavi1202/skin-cancer


• Data Evaluation

Data imbalance

There were a total of 1,373 patients with 1,641 skin 

lesions in the dataset. Each image/sample has a 

reference to the patient and skin lesion in the 

metadata. There are situations where a patient has 

multiple skin lesions, multiple skin lesions, and 

corresponds to multiple pictures.

Skin lesions include:  basal cell carcinoma (BCC), 

squamous cell carcinoma (SCC), actinic keratosis 

(ACK), seborrheic keratosis (SEK), melanoma (MEL) 

and nevus (NEV) 6 There are three kinds of skin lesions, 

there is the problem of sample data imbalance, three 

skin cancers (BCC, MEL and SCC) and three skin 

diseases (ACK, NEV and SEK). Of these, all BCCs, 

SCCs, and MELs were biopsy proven, with a total of 

approximately 58% of samples being biopsy proven.
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Data processing &

Feature engineering



• Data preprocess ing

IMAGE DATA:

1.Reading->Resizing -> Normalization

2.Use undersampling to deal with imbalance problems

CSV data :

1. Use -1 constant value to fill in missing values

2. Combine upsampling and undersampling to deal with imbalance

3. Delete meaningless columns ('patient_id', 'lesion_id', 'img_id') and

columns that may cause overfitting ('biopsed')

A total of 13 columns have

missing values, and the

proportion of missing values

is about 35%.

IMG_SIZE = (256, 256)
BATCH_SIZE = 16
# Reading -> Resizing -> Normalization

def img_preprocessing(img, label):
""" Image preprocessing function """
img = tf.io.read_file(img) # Read the image file
img = tf.image.decode_png(img, channels=3) # 

Decode the JPEG image
img = tf.image.resize(img, img_size) # Resize the 

image
img = tf.cast(img, tf.float32) / 255.0 # 

Normalize pixel values to [0, 1] range
return img, label

pipe = make_pipeline(
SMOTE(sampling_strategy=over_sample_strategy),
NearMiss(sampling_strategy=under_sample_strategy)

)

class_counts = Counter(y)
min_class_count = min(class_counts.values())
under_sample_strategy = {label: min_class_count for

label in class_counts.keys()}



• Feature engineering

Text data:
1.Feature extraction, use all columns has the best effect.

2.Ordinal Encoding all columns and normalize using MinMaxScaler.

Image data:
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Exploratory data 

analysis



• EDA

EDA is completed on 

the AWS platform



• EDA

• People whose parents’ background is

GERMANY or POMERANIA have a higher risk

of skin cancer.

• The nose is where the most skin cancers are

diagnosed.

• Middle-aged and elderly people (41-80 years old)

have a higher risk of skin cancer.

• Men have a higher risk of skin cancer than

women.



• EDA

• The stronger the skin's tolerance to sunlight, the

lower the probability of skin cancer.

• People who have been exposed to pesticides or

other chemicals may have a higher probability of

developing skin cancer.

• Patients who live in a location or area without

access to running water or a proper sewage

system may have a higher probability of

developing skin cancer

• Patients with a history of skin cancer in their

families may be more susceptible to skin cancer.



• EDA

• BCC (Basal Cell Carcinoma): Symptoms most

commonly expressed are bumps and itching.

• SCC (squamous cell carcinoma): It also shows

more obvious symptoms of itching and swelling,

but overall it is less severe than BCC.

• MEL (Melanoma): Symptoms of growth and

changes are very noticeable and less common

than other symptoms.

• ACK (squamous cell precancerous lesion), NEV

(nevi), SEK (age spots): These milder skin

conditions show that ACK should focus more on

itching, and NEV and SEK should focus more

on bumps.
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Model Training, 

Evaluation and Tunning



• Model  Training Architecture

stacking  

learning 

stacking learning on text 

data

SVC
Randomforest

classifier
XGB

classifier
KNeighbors

classifier
LGBM

classifier

Choose the best 

performing model

VGG
ConvMixer

Model

ResNet

50
SAM(Segment 

Anything Model) Big Transfer

20% test_data

80% train_data

(split 20% validation data)



• Model  Training Architecture – Text  Analys is

• Dimension of data: 

Only 1D, structured data type

• Explain: 

Traditional machine learning 

excels in structured 1D text 

data, offering simplicity and 

interpretability.

SVM RF XGB

KNN LGBM



• Model  Training Architecture – Image analys is

• Dimension of data: 

2D, unstructured data

• Explain:

Deep learning models 
capture complex 
patterns in 2D 
unstructured image 
data, excelling at 
hierarchical feature 
extraction.

VGG Convmixer ResNet50

SAM

Big transfer



• Model  Training Architecture – Stacking of  Image 

and Text  model

• Stacking



• Prel iminary Model Evaluat ion

• Text data

Model Accuracy Recall Precision

Resnet 50 0.01 0.01 0.01

VGG 0.01 0.01 0.01

Big Transfer 0.11 0.10 0.10

ConvMixer 0.09 0.30 0.30

SAM 0.15 0.38 0.38

Stacking 0.31 0.19 0.19

Model Accuracy Recall Precision

SVM 0.40 0.38 0.54

RondamForest 0.43 0.43 0.59

XGBoost 0.42 0.42 0.62

KNN 0.40 0.39 0.52

LGBM 0.43 0.43 0.63

Stacking 0.41 0.40 0.59

• Image data



• Based on the evaluation results, the maximum 

accuracy of our preliminary model has only 

61.6%, however the acceptance performance 

for healthcare machine learning model should 

has at least 80%. Our pre-screening model 

for skin cancer diagnosis is inadequate for 

public use .

• To improve model accuracy, we simplif ied the 

output classification from six categories to 

two: skin cancers (BCC, MEL, SCC) and skin 

diseases (ACK, NEV, SEK). 

• Model  Tuning

BCC

MEL

SCC

Skin 
Cancer

ACK

NEV

SEK

Skin 
Disease



• This  change addressed data imbalances, creating a 

more even distr ibution between skin cancer and 

skin disease categories ,  which e l iminated the need 

for  oversampl ing and al lowed us to use the entire 

dataset for training, enhancing the model 's learn ing 

potent ia l .

• In  technical  terms, whi le  a Sof tMax funct ion is  typ ica l ly 

used for  mul t i -c lass c lassi f icat ion to calculate a 

dependent probabi l i ty d is t r ibut ion across c lasses, we 

found the sigmoid function more suitable for our 

revised two-category system as i t  treats each 

output independently.

• Model  Tuning



Model  performance comparison

The performance analysis of our skin cancer detection system indicates that simpler binary 

classif ications substantial ly outperform more complex six -class categorizations.

Text Model Analysis:

• L ight Gradient Boost ing Machine (LGBM) excels wi th 0.93 accuracy in  b inary c lassi f icat ions compared to 

0.43 in s ix c lasses.

• Random Forest (RF) and Extreme Gradient Boost ing (XGB) both achieve 0.92 accuracy in  b inary 

c lassi f icat ions.

• Stacking models show a balanced per formance wi th up to 0.91 accuracy for  b inary c lassi f icat ions.

Image Model Analysis:

• SAM model  per form the best  in  6 c lassi f icat ion, having 0.38 of  accuracy,  0.38 recal l  and 0.15 precis ion. 

For  b inary c lass c lassi f icat ion, VGG model  per form the best,  having 0.72 of  accuracy,  0.74 precis ion and 

0.72 recal l .

• The Stacking model ,  which in tegrates outputs f rom mul t ip le archi tectures, a lso per forms commendably 

wi th accuracies of  0.19, prec is ion of  0.31 and recal l  o f  0 .19 for  s ix c lasses; accuracies of  0.52, precis ion 

of  0.52 and recal l  o f  0 .52 for  b inary c lasses.



Model  performance comparison

Text  classif ication model strategy:

Approach:  Ut i l ized s tacking model  for  meta -stacking.

Rat ionale:  Min imal  per formance var ia t ion among models ( top model  on ly 10% more accurate than the least) .

Benef i t :  Ensures consistent  model  per formance by leveraging co l lect ive s t rengths.

Image classif ication model strategy:

Approach:  Selected the best -performing model  for  meta -stacking.

Rat ionale:  S ign i f icant  per formance d ispar i ty ( top model  50% more accurate than the lowest) .

Benef i t :  Maximizes accuracy by ut i l iz ing the s t rongest  model ,  avoid ing d i lu t ion f rom weaker  models.

Meta Model strategy:

Six-Class Classi f icat ion:  Combined text  s tacking model  wi th  image SAM model .

Binary Classi f icat ion:  Pai red text  s tacking model  wi th  image VGG model.

Goal :  Ta i lored s t rategies opt imize accuracy and re l iabi l i ty for  both text  and image data,  addressing speci f ic  sys tem 

chal lenges effect ive ly.



Model  performance comparison

Model Precision Recall Accuracy

No. of classes Six Two Six Two Six Two

SVM 0.54 0.87 0.38 0.87 0.40 0.87

RF 0.59 0.93 0.43 0.92 0.43 0.92

XGB 0.62 0.92 0.42 0.92 0.42 0.92

KNN 0.52 0.86 0.39 0.86 0.40 0.86

LGBM 0.63 0.93 0.43 0.93 0.43 0.93

Stacking 0.59 0.91 0.40 0.91 0.41 0.91

Text Model:

Model Precision Recall Accuracy

No. of classes Six Two Six Two Six Two

ConvMixer 0.09 0.22 0.30 0.47 0.30 0.47

Resnet 50 0.01 0.22 0.01 0.47 0.01 0.47

VGG 0.01 0.74 0.01 0.72 0.01 0.72

Big Transfer 0.11 0.74 0.10 0.58 0.10 0.58

SAM 0.15 0.55 0.38 0.54 0.38 0.54

Stacking 0.31 0.52 0.19 0.52 0.19 0.52

Image Model:

Model Precision Recall Accuracy

No. of classes Six Two Six Two Six Two

Stacking 0.37 0.83 0.39 0.82 0.39 0.82

Stacked model performance for Image and Text:
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Conclusion



Deployment

To  dep loy  ou r  mode l  w i th  a  use r  in te r face ,  we  p lan  to  u t i l i ze  

Amazon W eb Se rv ices  (AW S)  f o r  a  robus t  and  sca lab le  so lu t ion:

1. Backend Host ing:  The app l i ca t ion ’s  backend,  respons ib le  f o r  

da ta  in take  and  p rocess ing ,  w i l l  be  hos ted  on  Amazon EC2  

ins tances

2. User  In te r face:  The pa t ien t  ques t ionna i re  and  image up load  

in te r face  wi l l  be  in tegra ted in to  a  web  se rv i ce  managed on  AWS 

E last ic  Beansta lk

3 . Data  S torage:  Pat ient  da ta  f rom the  ques t ionna i re  and  

up loaded images  wi l l  be  secure ly  s to red  on  Amazon S3

4. Mode l  Deve lopment  and  Tra in ing :  We wi l l  use  Amazon 

SageMaker f o r  deve lop ing ,  t ra in ing,  and  dep loy ing  ou r  t ex t  and  

image c lass i f i ca t ion  mode ls .  



Deployment

5. Mode l  Deployment:  Once  t ra ined ,  t he  mode ls  w i l l  be  dep loyed  as  

SageMaker endpoints ,  wh ich  the  app l ica t ion  wi l l  use  to  send use r - inpu t  

da ta  f o r  rea l - t ime ana lys i s .  The  tex t  and  image da ta  a re  p rocessed 

independent l y  by  the i r  respec t i ve  mode ls  to  genera te  p re l im inary  ou tpu ts .

6. Output  Combinat ion:  AWS Lambda funct ions  wi l l  imp lement  t he  s tack ing  

techn ique ,  t r i gge red a f te r  bo th  mode ls  have  p rocessed the  da ta .  These  

f unc t ions  w i l l  combine  ou tpu ts  f rom the  tex t  and  image mode ls  and  

compute  the  f i na l  b inary  c lass i f i ca t ion .

7. User  In te ract ion  and Resul ts :  Users  in te rac t  w i th  the  sys tem by  

comple t ing a  d ig i t a l  ques t ionna i re  and  up loading  necessary  images  v ia  the  

web  se rv i ce .  The  sys tem then  re tu rns  the  resu l t —'0 '  f o r  no  cancer  o r  ' 1 '  f o r  

cancer—through the  web  in te r face .

This  AWS-based arch i tecture  ensures tha t  our  sk in  cancer  de tect ion  

system is  not  on ly e f f ic ient  and  re l iab le  but  a lso  user - f r iend ly and 

accessib le  to  a  w ide  audience.



• Our project explores the feasibi l i ty of enabl ing the publ ic to conduct prel iminary skin cancer 

screenings independently, and prel iminary results confirm i ts viabi l i ty. 

• The meta model of tradi t ional machine learning model on patient textual information and deep

learning model on patient skin image under binary classif ication output has a satisfactory

performance, i .e. 82%.

• In order to provide an accurate pre-screening assessment to general public, a combination

of simple photographic assessments and questionnaires is required.

• However, before developing this into a publ icly avai lable skin cancer pre -screening appl ication, 

several cri t ical factors must be addressed. These include assessing potential  biases within our 

model and ensuring the credibi l i ty of the data used for model training.

Conclus ion
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