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• 18 M new cancer cases and roughly 10M 
deaths in the world 2018.

• CancerSEEK ≈ 9.2M 

• Market size 128 B

• A chance to make a positive impact on the 
world & people around you!
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• Tumor Classification on 626 Cancer Samples (as in publication)

• Full Feature set

• Tumor Classification on Full Dataset

• Multiclass Classification

• New Sequencing Technique (follow-up publication)

• Full 10-Feature Dataset

Different Approaches
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Missing Values

Common Steps (1)



• Combine three datasets

• Remove redundant variables

• Few missing values. Replace with null.

• Dummy variable for Sex

C o m m o n  S t e p s  ( 1 )
• M i s s i n g  Va l u e s



Feature 
Transformation

Common Steps (2)



C o m m o n  S t e p s  ( 2 )
• F e a t u r e  Tr a n s f o r m a t i o n



Data Visualisation

Common Steps (3)



C o m m o n  S t e p s  ( 3 )
• D a t a  V i s u a l i s a t i o n  – B e f o r e  &  A f t e r  C u s t o m  Tr a n s f o r m a t i o n

OPN

Omega
Before After



C o m m o n  S t e p s  ( 3 )
• D a t a  V i s u a l i s a t i o n  – Tu m o r  C o u n t s  o n  Tr a i n  &  Te s t  S e t s

Train Test

1005 cancer
812 normal samples, in total



C o m m o n  S t e p s  ( 3 )
• D a t a  V i s u a l i s a t i o n  – D i s t r i b u t i o n  p e r  Tu m o r  Ty p e  a f t e r  C u s t o m  

Tr a n s f o r m a t i o n



C o m m o n  S t e p s  ( 3 )
• D a t a  V i s u a l i s a t i o n  – Te s t  f o r  N o r m a l i t y

OPN PAR

Omega AFPTrain TrainTest Test



C o m m o n  S t e p s  ( 3 )
• D a t a  V i s u a l i s a t i o n  – C a t e g o r i c a l  Va r i a b l e ’s  D i s t r i b u t i o n

Train Test
Sex



C o m m o n  S t e p s  ( 3 )
• D a t a  V i s u a l i s a t i o n  –

C o r r e l a t i o n  M a t r i x

Low multicollinearity

Highest correlation with target variable: 
Prolactin, OPN, TIMP-1, IL-6, HE4



Experimentation

Common Steps (4)

Data  Transformat ion,
Feature  Eng ineer ing ,

Feature  Se lect ion  
& A lgor i thms



C o m m o n  S t e p s  ( 4 )
• E x p e r i m e n t a t i o n  – Tr a n s f o r m a t i o n s  &  A l g o r i t h m s

1st
2nd



C o m m o n  S t e p s  ( 4 )
• E x p e r i m e n t a t i o n  – F e a t u r e  E n g i n e e r i n g  a n d  S e l e c t i o n

Feature Engineering

• Omega, CA19-9, CEA, HGF, OPN 
(as in publication)

• Many other combinations

Feature Selection

• Recursive Feature Elimination (RFE)
• Select From Model
• Select K Best
• Sequential Forward Selection (SFS)
• Sequential Forward Floating Selection (SFFS)
• Sequential Backward Selection (SBS)
• Sequential Backward Floating Selection (SBFS)
• Exhaustive Feature Selection (EFS)

SFS CatBoost SBFS XGBoost



Pipeline

Common Steps (5)



C o m m o n  S t e p s  ( 5 )
• P i p e l i n e

..x

Estimator

Naïve Bayes

Logistic Regression (+ SGD)

K-Nearest Neighbors

Support Vector Machine

Decision Trees

Random Forest

Gradient Boosting

XGBoost

CatBoost

LightGBM

Sensitivity: 0.715 (0.714)
AUC: 0.885 (0.885)

10 folds cross-validation



C o m m o n  S t e p s  ( 5 )
• G r i d  S e a r c h  &  k- f o l d  C r o s s - Va l i d a t i o n  - C o n c e p t s

Image source: Scikit-Learn documentation



C o m m o n  S t e p s  ( 5 )
• S t a c k i n g  C l a s s i f i e r  - C o n c e p t

Image source: Medium article*
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Cancer Type 
Classification

(as  in  publ i cat ion)

Results (1)



R e s u l t s  ( 1 )
• C a n c e r  Ty p e  C l a s s i f i c a t i o n  ( a s  i n  p u b l i c a t i o n )

Gradient Boosting + CatBoost + LightGBM + XGBoost

XGBoost

Sensitivity per Cancer typeConfusion Matrix



R e s u l t s  ( 1 )
• C a n c e r  Ty p e  C l a s s i f i c a t i o n  

( a s  i n  p u b l i c a t i o n )

F e a t u r e  I m p o r t a n c e

Feature Importance



Cancer Type 
Classification

(On Fu l l  Dataset )

Results (2)



R e s u l t s  ( 2 )
• C a n c e r  Ty p e  C l a s s i f i c a t i o n  ( o n  F u l l  D a t a s e t )

Cancer Samples Correctly Classified: 844 (84%)   (626)

Specificity: 94% (99%)

Confusion Matrix Sensitivity per Cancer type



R e s u l t s  ( 2 )
• C a n c e r  Ty p e  C l a s s i f i c a t i o n

( o n  F u l l  D a t a s e t )

SHAP Values

Feature Importance



Cancer Type 
Classification

(On the  Aneuplo idy Dataset )

Results (3)



R e s u l t s  ( 3 )
• C a n c e r  Ty p e  C l a s s i f i c a t i o n

( o n  t h e  A n e u p l o i d y  d a t a s e t )

Confusion Matrix

Sensitivity:  98%  
Specificity: 99%
Precision (cancer): 99%

Sensitivity per Cancer type



R e s u l t s  ( 3 )
• C a n c e r  Ty p e  C l a s s i f i c a t i o n

( o n  t h e  A n e u p l o i d y  d a t a s e t )

SHAP Values

Feature Importance
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C o n c l u s i o n s

• Improvements on Colorectum (31%), Breast (100%) and Pancreas (21%)

• They correspond to more than 4 million new cases 2018

• CatBoost and XGBoost are in general most performant, along with Stacking Classifiers

• Feature Engineering seemingly doesn’t improve the results.

• Some feature selection techniques are extremely time consuming

• Very poor distribution on the continuous variables; somehow amazing that the models can 

make sense out of it

• Pipelines makes life easier

• Doubts around SHAP values’ consistency


