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Context




Skin Cancer

e 3 Major Types:
1. Basal Cell Carcinoma
2. Squamous Cell Carcinoma,

3. Melanoma )

® Caused by UV rays from the sun/tanning beds ()

® Skin Lesions are areas of skin that look different from surrounding skin. They are either

benign (non-cancerous) or malignant (cancerous). ()




Al and Skin Cancer Diagnosis
e Kaggle competition via ISIC: International Skin Imaging Collaboration
e \What data was provided to us?
o .jpeg Images
o .csV Sheets
m target: O for benign, 1 malignant
m meta-info on lesion size, symmetry, color data, body location, etc.

e Goal: Classify skin lesions as benign or malignant.




Our Project

Design simple CNNs, train and evaluate them with
the competition data
Analyze competitors’ submissions

Compare different models and methods




The Data




The SLICE-3d Dataset

3D TBP image

Over 400,000 images of
skin lesions extracted
from 3D Total Body
Picture (TBP).

Contributed by members
of the International Skin
Imaging Collaboration
(ISIC).

Tile images

Dermoscopic images




Image Data Meta-Data

| L3 .
F g ; .
Ry Corresponding Features:
t& Patient age
e Lesion area
l‘I Benign, NOS I

Body Location

Etc.

| Melanoma Invasive | | Basal cell carcinoma |




Pre-processing for Meta-Data

e Filling Missing Values
e Dropping detrimental features
e Normalizing Quantitative Data

e One Hot Encoding Categorical Data




cin_size Jong_diam_mm.

wpiva

op.Iu_pext

wp s

v Bext

woc

o coxt

o

o vext

oL

o Lert

o v areatiz

bp.v_avea_perim_ratio

o, coor std_mean

e delar
o, deltas
pv_deral

v detots

v deltatBrom

v eccentrcty

o, mineraxisu

p,_norm border

p_Iv_nomm_color

o, perimetertn

hp__racil color 16 max

s

oo statext

v symm_2axis

p,u_symm 25 angle

o x

oz

008

oo

~oom

~oom

Son

o

- o1

s

0054

o3

~00s

- a0e7

ooz

S—

008 0012 o011 o089

o085

207

o013 0078

oo ot oss
n os

ouss [0

oo [P0 aa i o35
oo om ois [oss oss
nm w7 ou1 oo
G oo oie a1 oms
ouss [JO0 o380 o
oz om 0w o om
o2 o3 o1 am o
o ou 4z oms o
oz eon o1 oo aoe
- -
ﬂw asa 010 oom
ote] ooz 013 ows aos
o aa ass om oo

053

005

oss

o012

o1

o061

0083

o3

0057 0076

015 018
015 016
016 013
062 017
005 0063

0064 0084

000029 012

o1 o6

00007 00073 0014 00016 0

st
NS

00061 00045 0.0058 00063 0014  0.0022 000026-0.0035 00088 -0.0025 0074 00025 G0OG1 0,0056 0087 00064

. Bext

wohc

216 00m

03 os3
03 0a
012 053
200053 041

o075 0082
0 oz
oz oz
023 o026
07 02
o088 o016
o014 0085
o016 00w
o1 o1s

. Hext
oL

Correlation Matrix of Numerical features

012 ooz 0w

0072 017 0073 018 018 015

051 o 013

046 0029 0076 0074 027 01 024 025 o0on

041 0057 00026 00034 015

oo 015 016

0082

0035 0076 002 013 018 04 016 013 o017

0062 008 00001 027 037

on o <02

0025 045 00 015 028 o0z o:

sz oom 03 0w

s 02 om on
052 027 o34 I o001
oors on o3 KM 05| oz

0067 00% 038 025 021 000 028 028 03

o 016 oz

o_,ﬂ o3 a3 oosi [ oss o o

012 00059 015 014 013 0061

o text

. areatez

.l detan

v deas

o detaL
o1

. detaLinom

. v_area_perim

0054 0018 02 0066 0034 0046

0016 0047 0068 0065 0056 0055

0049 0077 0017 000055 0,064 000029
0063 0086 0013 013 0084 012
0016 0081 0.072 00086 0085 001

0056

03 o0a

035 000069 03

02 0 ods o8
02 03 08 o1
03 o3 o 02

02 om0

o2 015 0 o1 02 o1

5p . norm border

v perimeterit

H

v minorAisM

g0 rac

015 0087 019

015 0os

o048

oos 01 oox

014 o016 oo

oo 015 0052

0z 01 o1

00035 0012 0,017

00021 000061 012

0011 00058 011

0003 00063 0055

00014 00022 0022

00023 00035 0.025

0055 039

002 [REVRNYS

o1 [REEREPS

oo [ERORET

02 0052 036

0027 | 043

027

0n

0003 00093 0.0027-1.96-05-0.0022 0.0053 0007 0008

o staL

mm.,,,m
sy 20wz -

™

o011 00074 0022

0018 00081

0014 00056 00055

2014 0.00870.00094

0022 00064 0065

00064 19005 0.024

0008 00022 0028

0001 0007 0.075

H
5

age_approx

din_size_long_diam_mim -

op_v_A -

thp_v_Aext -

VB -

tp_v_H -

thp_Iv_Hext -

thp_v_L -

thp_Iv_area_perim_ratio -

thp_ly_color_std_mean -

tp_lv_deltan -

top_Iv_deltas -

thp_lv_deltal. -

thp_lv_eccentricity -

thp_Iv_stdLExt -

thp_lv_symm_2axis_angle -

thp_v_x -

thp_lv_z -

0018

0012

o1

0,089

0074

016

0073

0072

017

0,079

018

0094

0087

00045

0012

0017

age_approx -

0018

0.043

0075

0.07

0048

0.075

05

0035

021

00075

0.0007

0.0077

diam_mm -

size_long,

0.012

0,043

042

031

0.078

0084

00011

0,051

0.0056

00073

0027

thp_vA -

0.075

017

014

00018

0014

0047

thp_Iy_Aext -

0,089

012

0,036

0016

0.0022

00016

0,095

tp_v_B -

Reducing Collinearity

0.074

007

0042

013

0063

0003

0.0063

0055

W -

top.

Correlation Matrix of Numerical features After Drop

016

0048

021

0.088

0.0039.

0014

0028

thp_Iv_Hext -

0073

0,075

0.00051

0016

00014

00022

0022

thp L -

017

048

2.078

0042

2.046

0015

0.0088

20.0015

Iv_area_perim_ratio -

o

0072

0094

0,036

013

000051

0.045

0.0054

0.0025.

0,035

tbp_Iv_color_std_mean -

017

0035

034

0.0059

0011

0.0074

0022

tbp_Iv_delta -

0079 018 0094
021 02 o1
00011 031 0051

014 012 o1

015 o016
049 016 0063
024 021 o088
037 02 o0

024

00044

00044

0.00087 0014
00025 00061 00064
00079 0013 0065
2 3 z

£

0.087

014

0.02

016

015

0.0059.

015

014

0052

0,007

0,075

thp_Iv_stdLEXt -

00045

00075

0.0056

00018

00022

0003

0.0039

00014

0015

0.0054

0011

-0.00087

0014

0022

0008

-0.0011

thp._Iv_symm_2axis_angle -

0012

2.0007

00073

0014

00016

0.0063.

0014

00022

0.0088

0.0025

0.0074

00025

0.0061

0.0064

0.0082

thp_Iv_x -

0.017

0.0077

0027

0047

0095

0055

0028

0022

0.0015

0,035

0.022

0.0078

0013

0065

0.075

00011

0.0082

-0s0

025

-000

--025

075




Predicting from
Meta-Data




Logistic Regression

e Created Logistic Regression
class in PyTorch

e Experimented with different loss
functions

e Implemented class balancing

techniques

Simple Logistic Regression




Random Forest Classifier and XGBoost

®

Random Forest XGBoost

www.educba.com

Fig. 5



Predicting from
Image Data




SimpleCNN()

Image — | Convolution — Pool -~ Convolution— Pool -~ FC |- (Benign, Malignant)
128x128 2x1

— CAR
— TRUCK
— VAN

>
|| gl

R L~

D E] — BICYCLE

’ \
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN COLUNLEETED SOFTMAX

FEATURE LEARNING CLASSIFICATION




BiggerCNN()

12 layers, 17 million parameters

Additions
- Batchnorm
- Dropout layers

Resnet18()

18 layers, 11 million parameters

Additions
- Batchnorm
- Dropout Layers
- Residual Connections

TN

— CAR
— TRUCK
— VAN

D E] — BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING j FLATTEN CONNECTED SOFTMAX

FEATURE LEARNING

CLASSIFICATION




Loss

1.2 A

i By By

1.0
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0.8 1

0.7 1

0.6 1

Problem: Data Imbalance

Training Loss for BiggerCNN, by weight type

weighted_loss
weighted_sampling

0

2500 5000 7500 10000 12500 15000 17500 20000
Batches

Weighted Sampling is much
more stable

Benign:Malighant ratio is
~1000:1

To prevent models from only predicting
Benign, during training we tried
weighing
e the loss: increase penalty for
missing Malignant
e the sampling: oversample

Malignant, undersample Benign




Loss

Training Loss for SimpleCNN, by weight type
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Training Loss for BiggerCNN, by weight type
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Training Loss for resnet18
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Problem: No Downward Trend
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Batches




Results:
Not Great




Logistic Random XGBoost SimpleCNN BiggerCNN ' Resnet18
ReSUItS Regression @ Forest

Unweighted | P: 0% P: 0% P: 0%
R: 0% R: 0% R: 0%

Weighted P:0.25% P:18% P: 2% P: 0% P: 0%

Loss R: 89% R: 3% R: 64% R: 0% R: 1%

Weighted P:0.25% P:3.9% P: 8%

Sampling R: 68% R: 11% R: 2.67%
P: Precision of Malignant Class, the R: Recall of the Malignant Class, the
proportion of predicted malignants which proportion of true malignant cases found.

are actually malignant.




Thanks!

CREDITS: This presentation template was created by
Slidesgo. and includes icons by Flaticon and infographics
& images by Ereepik
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