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Laboratory Context

* Diagnosis of breast cancer

* Breast cancer Treatment response

* Design of signatures

* Circulating miRNA



Why Breast Cancer ?

e The most common cancer in women

* ~ 1.7 million new cases diagnosed in 2012
 The fifth most common cause of death in women

* Belgium: Number of women still alive five years after a breast

cancer diagnosis 41,418 / 100K

Ferlay J. et al. 2015: Cancer incidence and mortality worldwide: sources, methods and major patterns in GLOBOCAN 2012



Molecular classification of Breast

Cancer

[ Breast Cancer ]

[ Normal-like
ER+, PR+
HER2-
Low-levels Ki-67 HER2-enriched (10-
Good prognosis 15%)
ER-, PR- y
HER2+ Triple-negative

Grow faster than luminal cancers basal-like (15_20%)

Worse prognosis
ER-, PR-

HER2-
BRCA1 gene mutations
Younger and African-American women

Source:

Luminal A (~40%)

ER+ and PR+
- \ HER2-
Luminal B (¥20%) | Low-levels Ki-67
Grow slowly
ER+, PR+ Best prognosis

HER2+, HER2-

High-levels Ki-67
Grow slightly faster
Worse prognosis



Why circulating microRNAs ?

 Blood is an accessible source of information

e miRNAs are stable in the blood stream
* Potential good biomarkers

* Def:
* Short, single-stranded RNA sequences ~19-23 nucleotides

Freres P. et al. 2014. Neoadjuvant Chemotherapy in Breast Cancer Patients Induces miR-34a and miR-122 Expression
Hamam R. et al. 2017: Circulating microRNAs in breast cancer: novel diagnostic and prognostic biomarkers



Signature Design Goal

* Selection of best markers
e Reduce amount and combine best markers
* Towards an easy clinical routine:

o Affordable

* Fast and simple assay



Machine learning can improve

decision support

Image source: applikeysolutions.com

Random Forest

SVM

Deep Learning
Unsupervised clustering

Genetic Algorithm



Random Forest

The Future

Image source: redbubble.com



A Random Forest
is a set of
random
decision trees



A decision helps to stratify the data

Observation

Decision Threshold

<0.5 > 0.5 Learnlng

1 tree = Multiple decisions




Complete Learning procedure

rmiRNA1 miRNAZ .. miRNA, 7 - Group
sample, A b .- Xy Healthy
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: : .| and ‘ Learning set
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miRNAZ
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Healthy tumor Healthy tumor tumor

1 tree = Multiple decisions




Random Forest is a set of random
trees

rmiRNA1 miRNAZ .. miRNA, 7 - Group
sample, A b .- Xy Healthy
sample, K Ko7 v Ko Tumor
and Learning set
/.
sample,, i X X % | i Hea/tby
Training set / OOB set Training set / OOB set Training set / OOB set

K KL LA £

1 Forest = Multiple trees
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Prediction procedure.

Validation set

l

Unknown Sample

T

One Tree prediction procedure
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Prediction procedure.

Validation set

l

Unknown Sample

Healthy Tumor

Multiple Trees prediction procedure

Healthy
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Prediction procedure.

Validation set

l

Unknown Sample

Healthy

Tumor

Healthy

Majority voting = Healthy

1 Forest = 1 Model
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Towards the best model

* Multiple models are built for the same classification
or prediction task.

* Prediction obtained on a model can assess it’s
classification power: the “AUC”.

— High AUC value = Better prediction.



Breast cancer screening tool

Profiling cohort (n=86) » 25 important miRNAs

41 Primary Breast Cancer PBC * #combinations = 2225 -1 )

45 Controls ~33M Best signature performances
Validation cohort (n=196

108 PBC ( | * Best Signature: pUC =081

) e Sensitivity = 91%

88. Controls mIR-16, |et-?d, mIR-103, . . SpECIfIClty = 49%

# miRNAs: 188 miR-107, miR-148a3, let-7i, miR-

19b, and miR-22*

The screening tool can be used as a complementary tool to the mammography test
to get a best diagnosis test of Breast Cancer

www.impactjournals.com/oncotarget/ Oncotarget, Vol. 7, No. 5

Circulating microRNA-based screening tool for breast cancer

Pierre Fréres'’, Stéphane Wenric?*’, Meriem Boukerroucha? Corinne Fasquelle?,
Jérome Thiry?, Nicolas Bovy?, Ingrid Struman?, Pierre Geurts*, Joélle Collignon?,
Hélene Schroeder!, Frédéric Kridelka®, Eric Lifrange®, Véronique Jossa’, Vincent 1,
Bours®’, Claire Josse”’, Guy Jerusalem’’



Methodology used previously

[P. Freres et al. 2015]

Step 1

Model building
with all miRNAs

} ~ 20 hours

Importance ranking
of all miRNAs

'

Step 2

miRNAs signature
identification

1 ~ 2-3 months

Best performing
miRNA subset
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Problematic ?

Runtime improvement

Best sensitivity

.
Best AUC value
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Problematic ?

Runtime improvement

Best sensitivity

Best AUC value
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Proposed solutions

= Decrease number of combinations

* PCA-based filtering strategy ?
* PRPE-based filtering strategy ?



PCA-BASED FILTERING STRATEGY



Aims

* Design a method to filter signature
combinations



Aims

* Idea: combinations with less variability are
discarded



Formula

 For variable v

contribSco I'E(V) =Z]K= | a]_ aj: loading of the variable v for PC,

K: the number of PCs to be included



Formula

 For variable v

contribSco I‘E(V) =Z]K= | a]_ aj: loading of the variable v for PC,

K: the number of PCs to be included

* For combination C of x variables

contribScore(C) =), , . ~ contribScore(v)



TRUE

Calculate AUC value

Pipeline

List of 25 most important variables
coming from the FS process

Generations of all the
combinations

PCA-based filtering test

FALSE

Combination rejected



Hypothesis

For one combination:

PCA-based contribution score is correlated with the
end-point AUC

Loadings (contribScore)

Variable (set : Mot Variability ? AUC
: ] iMpOrtant o - —>
of variables) BCs capture | o1i 1al=ielziiz| Correlation |l
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Method

* N € {300, 5400} combinations of different
lengths

— AUC values

— PCA-based contribution scores

e Correlation between PCA-based score and AUC
for different number of PCs?
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First 21 PCs correlates better with AUC
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Cumulative Proportion of Variance Explained
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Conclusion

e 21 first PCs can be used for best AUC selection.

 The correlation score should be stabilized.



PRPE-BASED FILTERING STRATEGY



Aims

* Design a method to filter signature
combinations



Aims

* Idea: combinations with less variability are
discarded



Proportion of Reduction in
Prediction Error (PRPE)

e PRPE of a variable v

— Reduction of prediction error when v is present
along with all biomarkers.



Formula

e For variable v

prpe(v)= 1 - -2 =)

€y

€.

error with all variables

e L}

o
error with all variables except v

prpe /‘-) Importance /‘



Formula

e For variable v

pl‘pe(V) — 1 - M ':> prpe /") Importance /

€y

* For combination C of x variables

prpe(C) = Zve cprpe(v)



TRUE

Calculate AUC value

Pipeline

List of 25 most important variables
coming from the FS process

Generations of all the
combinations

PRPE-based filtering test

FALSE

Combination rejected



Hypothesis

For one combination:

PRPE score is correlated with the end-point AUC

PRPE (prpeScore)

Variable (set | J Variability ? | AUC
of variables) capture of the data Correlation value
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Method

* 5400 combinations of different lengths
— AUC values
— PRPE scores

 Correlation between PRPE and AUC?



PRPE_score

PRPE-based variable importance

wariable



PRPE correlates with AUC
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AUC_value

AUC _value
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Correlation Coef,

Correlation coefficient is stable
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PRPE can be used as threshold to
filter combinatilons
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PRPE can be used as threshold to
filter combinatilons
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AUC _value
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0.60 065

055

...and for 300K = 19% total number of
combinations ?

— R=082 P_value <22e-16
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Log transformation of the absolute value of PRPE score improve the correlation coefficient




Application of the PRPE-based filtering
strategy

Using of the same 300k combinations and the same random partitions

* Without applying the PRPE-based filter

e Using the PRPE-based filter

PRPE-based filtering method finds the same most performant combinations with the same
AUC values



Application of the PRPE-based filtering
strategy

Method Total #processed #eliminated Processing timet
#combinations combinations combinations (min)
Exhaustive* 300k 300k 0 4578
PRPE-based 300k 42074 257926 675

* The method used in [P. Freres et al. 2015]
T Using 1000 jobs launched as parallel tasks on Lemaitre2 (CECI’s cluster), 50 jobs are allowed to be run in parallel. Each single job
deals with 300 combinations.

PRPE-based method reduces drastically the processing time



Conclusion

* PRPE is a filtering tool for best AUC
combinations.

e Stable correlation score.

* Validation on 10% combinations (~ 3M)?



Conclusion

* PRPE filtering is better than PCA to :
* Getbest AUC signatures

« Shorten run-time processes



Perspectives

* Further run-time and AUC improvements:

 Compare Random Forests methodologies
* Efficacy
* Precision
* Run-time

* Improve best model selection
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Machine learning researches on
Breast Cancer
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Random Forest is a set of random
trees

mIRNAI miRNAZ .. miRNA, | - Group
sample, o b - Xy Healthy
sample, K Ko o Ko Tumor
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Training set / OOB set
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k <= n variables (at each nodes)



Random Forest is a set of random
trees

mIRNAI miRNAZ .. miRNA, | - Group
sample, 11 X129 .- X1 Healthy
sample, Z91 X9 i Kon Tumor
: : || and - Learning set |/ Validation set
San]p[e]” ‘x'-vnl x m2 b ‘}'-nm Hea[[by
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B
Random selection (replacement) N,

: iy
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o000 00 0
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k <= n variables (at each nodes)



Random Forest is a set of random
trees
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Random Forest: prediction ?

Learning set /|Validation set

/

Instance

- i =,

Tree-n

Healthy Tumor Healthy

-E':“Iﬂj ur_it}f-‘;f’ﬂﬁng ‘

Final-Class |
Healthy
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Prediction procedure

Rando m‘FV I \
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Class-A C-lalss-H Cla?s-Ei
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Random Forest: prediction using a
set of models?

Validation set




Variable Importance

* Explain the GINI index and the Information
Gain, and the MDA and MDG

e Some method of feature selection



