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Ok Google: What is Machine Learning (ML)??

Definition: “Machine learning is the field of study that gives the computer the ability to learn without being
explicitly programmed “ Arthur Samuel, Computer Scientist, 1959

New « hype » since ~ 2011 mostly thanks to :

. . °
« Exists since decades
« Computing power
Deep Learnin
« Big data P g
G. Hinton, Nobel Prize, 2024
: v \!
o
° > :
ChatGPT > @
Can you give me the plan of a 6 hours Machine Learning course for an audience of biologists
and medical doctors in oncology?
M I N D ©) (B Memory updated
A QUARTERLY REVIEW For a 6-hour Machine Learning course tailored to biologists and medical doctors in oncology, it's essential to focus on foundational
or concepts, practical applications in healthcare, and hands-on examples. Here's a suggested plan:
PSYCHOLOGY AND PHILOSOPHY
Part 1: Introduction to Machine Learning in Oncology (1 hour)
mrmml— PREDICTING
1—COMPUTING MACHINERY AND STRUCTURES . _ _ , ,_ _ _
INTELLIGENCE Pl il - Objective: Provide a basic understanding of machine learning (ML) and its relevance in oncology.
By A.M.Turixg
Alphafold, 2021

Turing, Mind, 1950 Hassabis, Nobel Prize, 2024



Statistical Science
2001, Vol. 16, No. 3, 199-231

Statistical Modeling: The Two Cultures

Leo Breiman

y

nature

4+—— X

linear regression X
logistic regression [
Cox model

ye—

Model validation. Yes—no using goodness-of-fit
tests and residual examination.

Estimated culture population. 98% of all statisti-
cians.

Traditional
programming

Data Algorithm

v v

Machine

v

Output

Machine
learning

Data Output

¥ v

Machine

v

Algorithm

y —— unknown -« X

decision trees
neural nets

Model validation. Measured by predictive accuracy.

Estimated culture population. 2% of statisticians,
many in other fields.



Unsupervised VS supervised ML

{MACHINE LEARNING

N
UNSUPERVISED

LEARNING
Group and interpret d( CLUSTERING }

data based only
on input data

J

SUPERVISED
LEARNING

Develop predictive

{CLASSIFICATION}

categorical outcome

input and output data

model based on both
{ REGRESSION J

continuous outcome




Example: gene expression and metastatic relapse in
breast cancer

[0}
©
Clustering of ~5,000 significant genes £
- 2 gl
Unsupervised > . 82
S 3 g o] g
T ox S S 32
\ w6 TI=2

00 Supervised

Log4q (expression ratio)
o
Clustering of 98 breast tumours

van’t veer et al., Nature, 2002




Supervised learning: classification vs regression

Regression: continuous outcome

* Predict drug :
concentration

EY

X = {(tlr Cl),"',(tk, Ck)l tK} % T
Yy =Cg

4 5
Time (hours)

» Predict drug IC5, from genomic (138) + chemical (689) features

Classification: Categorical outcome

« Cancer vs non-cancer from cfDNA fragmentomics

Chromosomal Machinelearning
copy number
analysis
o O
: i =
Higha Fragmentation v z
Healthy  Cancer profiles ingenomic ~ ------> - o) z DELFI Score -------» ]
(n=215) (n=208) intervals 4 Y
cfDONAwhole C -
genome sequencing (] O (@] 1-Specificty
000 Overall prediction
mtDNA )
presentati

10-fold cross validation

O Training set @ Testing set

Cristino et al., Nature, 2019

« Response to immunotherapy from blood markers

—{z=2] Patient status >= 2 (no}

A .
RMSE=0.83 Counts
Experiments Cell line features . Rp=0.85 94
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Menden et al., PLoS One, 2013
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Model

Metric —— Accuracy —— Precision —— Sensitivity = Specificity

Benzekry et al., Cancers, 2021



Artificial Intelligence, Machine Learning and Deep
Learning

ML = machine (automatic) learning

Goal = predict outcome y as a function of input / features x;,...,x,
ML

X1, X2, X3 —— Model — Y




Artificial Intelligence, Machine Learning and Deep
Learning

ML = machine (automatic) learning

Goal = predict outcome y as a function of input / features x;,...,x,
ML

T
X1, X2 X3 — & i — Y




Artificial Intelligence, Machine Learning and Deep
Learning

Features Outcome

Yes 04/02/1999
N . . Activit génitale £ 10 26 0 0 0 0 50 0 Yes 04/09/19%
Supervised machine learnin = e
Activité génitale. 57 85 23 100 H 0 [ 0 0 Yes 08/03/1995
Post-ménopause 80 s 2 [ [ ) 0 [ [ No
Post-ménopause 0 0 15 100 e 0 s 0 0 e 06/04/1990
Post-ménopause 100 80 10 0 0 0 0 0 [ e 02/11/1994
s maepans (1 o s o ) PR ; 0 to
Post-ménopause 100 3 5 0 0 0 0 0 0 No
Actvité génitale 0 o 6 0 0 o o ) o Yes 27/10/1999

1 1 1
patient 1 X1, X2, X3 !
Model -

. 2 2 2
atient 2 X7, X5, X ?
P 15 A2; A3 B —— a1*x1 + az*Xz + a3*x3 —_—

patient 3 X1, Xo, X3 3

dq, dy, Az



Example: predicting respone to immunotherapy in non-
small cell lung cancer

p =10 features = (xy,...,x10) y = response

Hemoglobin Platelets Leukocytes Neutrophils Lymphocytes

A 12.8 527 11.52 9.15 1.43

12 4.46 2.93 1.07

12 1.77 9.06 1'53

26.7 24.83 1.02

10.9 8.563 177

‘.UE) 7.46 5.66 1.16
(] 3.89 2.41
-("36 11.27 7.69
o 7.97 378
o0 10.4 7.41
@ 714 4.762
cnl 7.94 4.85
(- 10.27 7.16

17.29 14.58

15 13
4.6




Types of data

Imagin
Tabular ging
AINR N S T
D ae [PS| genel N At
1|67 1 |KRAS B ";'."."e X g. .
2[65 0 |KRAS »,-i‘ R o
3|52 1 |KRAS -3.,_,‘.-5:;;;.‘1
4142 1 .“'_rw‘l.' :“.unl .
et ‘i‘.:‘:.- 59
5|60 1 ..‘.‘h.l..‘"ﬂ: %
6|60 0 Seitly NS,
7|58 2 |EGFR . .:4,.»;-3,' e
8|71 1 ." ;"r."' e 5‘2 v
9]70 2 |BRAF SRR T
10]72 2 |PIK3CA g Ty

Longitudinal Text (unstructured)

Réf.:

Destinataire(s) 7@1}172}?&‘ [1
COMPTE-RENDU DE LACONSULTATION DU 02/01/2023
£ Concernant. ) " néle25/06/1958

Marseille le 02/01/2023

Chers confréres,

cadredel'étude. ‘pourla prise en charge en 2éme ligne
thérapeutique dé son carcinome épidermoide bronchique métastatique
0 10 20 30

ganglionnaire, osseux, hépatique et surrénalien.
Time (months)

Nous voyons ce jourau CEPCM pour screening dans le i




Preprocessing

Load data and possibly merge different sources / types

Document the data : dictionary + types (categorical / numeric)

N
Ox__

Clean the data (outliers? aberrant values? units errors? exclusion criteria?)
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Diverse multimodal data sets
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Dummify categorical variables, transform numerics (e.g., log)

Patients

LT R

Missing values (not covered in this course but ++)

|
O

Scaling = e
VS Vi V2 V3 V4 V5 V6
Visits

= First, look at the data and perform exploratory data analysis

Garbage in = garbage out



Formalism



Machine (Statistical) (supervised) Learning

y=f(x)+¢ e = irreducible error

* X = Xx3,Xy, ..., Xy, Set of variables / features / predictors (e.g., biomarkers)

« Goal = predict y from x = learn f that is “close” to f = prediction y = f(x)

« y e {Y;,Y,} qualitative/categorical = classification

* y € R quantitative/continuous = regression

{CLASSIFICATION} UNCENSORED: ]

SUPERVISED [ LINEAR/NONLINEAR REGRESSION
LEARNING

Develop predictive
model based on both
input and output data

REGRESSION
\ CENSORED:
SURVIVAL MODELING




Training / test split

How to evaluate the predictive performance of f ?

It is trivial to find a model that perfectly predicts the data it has seen (the training data)
We want to test the performances of f on unseen data

Best solution: have an external validation set (e.g., from a different study / hospital)

If not: randomly split the data between a training (usually 2/3 or 3/4) and a test set

Warning! from the moment you see the test data and the model performances, if

you further change anything, you cheat! (there is leakage)




ts

Ien

298 pati

n:

Training / test split

Hemoglobin
12.8

12
12

Platelets

527
130

Leukocytes
11.52

4.46
11.77

Neutrophils
9.15

293
9.06

Test set = 1/3 = 98 patients

Lymphocytes

1.43
1.07
1.53
1.02
177




Evaluating performances: regression

« Let xt = x'1, ..., x'T the test set variables and y* = y'1, ..., y'T the associated test outcomes

. L \2 A 2
Mean squared error = MSE3" = Avpe (y — f(x)) . MSE®st = Ape (yt — f(xt))

Should we minimize the MSEtrain 2

25

Y
8 10 12
! | |
Mean Squared Error
15 2.0
| |
Q

ﬁ
Q
[
(on

1.0

X Flexibility



Bias and variance

High Variance

« Bias = how accurate is the prediction, in average R

Low Bias

E[f(x) — f(x)]

e Variance = how variable is the prediction, in average

High Bias

E|(f@) - E[f@)])’]

where the average is to be understood as if we repeatedly estimated f using a large number of training sets



Bias versus variance trade-off

([ J [
_‘. [ ]
) 2 ) ) 2 .
Theorem: E [(yt — f(xt)) ] =Var (f(xt)) + Bias (f(xt)) + Var(e) ¢
Underfitting
S5 !
4 x Total Error
3 O Q
§ —
o ®
g :
-5
§ ; Correct fitting
€ !
o § : Variance
m E A
Bias2 \U\J
o —> >
2 - Overfitting

Model Complexity



Resampling methods

Resampling method = drawing samples from a training set
and refitting a model of interest

No external test set available

Gives information about the variability and sensitivity of the model (model assessment)
Select a model among candidates (model selection)

Tune the hyperparameters (e.g., tree depth or minimal number of samples in each leaf)

Two main resampling methods: cross-validation and bootstrap



Cross validation

Train/test

123

7 22 13

Leave-one-out cross-validation (LOOCV)

123

123

123

123

123

!

!

91

k-fold cross-validation (k = 5)

123

11765

11765

11765

11765

11765

!

47

47

47

47

47




Bootstrap

Randomly select n times a subject, with Initial dataset
replacement

O O
A bootstrapped dataset has the same size

but contains only 63.2% of the initial cases

---------------------------------------------------------------------------------
\d L
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Even less data (because of splitting)
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Linear regression



Example: concentration of a drug (sunitinib in rats) over
time

Concentration at t = 9 hours?

[ ]
E 6
> °
£
c
S
5 I
=
[H)
g 4-
[@)
Q
(@)
IS l ' ; I .
. Training Test
0 i 2 3 4 5 6 7 8 9
Time (hours)

y = log(concentration), x = time
y = f(x) ?



log(Concentration (ng/mL))

Example: concentration of a drug (sunitinib in rats) over

time
Linear Polynomial
y =00+ 0;1x y =0p+ 0.x% + 0,x3 +05 x* + 0,x°
o Underfitting! N
=
£6-
1 2
S
. IS
3
c 4-
3 .
5 Overfitting!
2_
0 i 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8

Time (hours) Time (hours)



log(Concentration (ng/mL))

o
'

IS
'

2

3 data points

3 4 5 6
Time (hours)

7

8

log(Concentration (ng/mL))

@
'

IS
'

Linear regression

y=0¢+01x+¢

4 data points

0 1 2 3 4 5 6 7 8
Time (hours)

log(Concentration (ng/mL))

o
[

IS
'

5 data points

3 4 5 6
Time (hours)



Linear regression: under the hood
y=Pfot+pP1x+e
How to find B, =~ ,and B, = B,?

* B = (Bo B1)is the value that minimizes the sum of squared residuals

S§ = Z()’i — (Bo + .Blti))z
i=1

ML training & Optimization of an objective function (also called "loss")



Multiple linear regression

Yy =PBo+F1x1+p2x; + £ Predict tumor size (SLD) from 59 variables

dis line stage met nbmeta.? liver..? lesloc pdlle..? pdlle.* ecog_..® timed.® hgb hct gluc wbc lymle

5.50 4.1 0.16
4.55 8 0.15
4.72 10.3 0.194
6.83 6.7 0.071

292 158 0.454
813 121 0.37
383 141 0.413
289 108 0.34
834 139 0.431
106 138 0.404
369 136 0.407
143 121 0.354
219 107 0.319
416 120 0.367

76 - 0 2 >=2
67 - . 0 21

70 2 >=2
64 21

74 2 >=2
76 2 >=2
53 2 >=2
68 2 >=2
58 2 >=2
62 2 >=2

1

BB WWABWRELABWWY
BPWHRWRERWNNWN
RPWHRBRWNNWN
NWWHREWNWWWW
WWWhEBABABBRUD
LCOWOWEBENWREUNYS
NNAET WO RO

1
2
3
4
5
6
7
8
9
0

oo ORE
e e

e

RSE = 36.0
R2 = 0.44

y=PPo+P1X1+ -+ PsoXx59 + &

N

—
—
—

W
NN

AN

W
M
a

\
\
\

A
\

Categorical variables? - dummified (= one-hot-encoding)
« SEX=M, F > SEX={0, 1}
« NB_META={0,1,2,=23} > NB_META_1, NB_META 2 and NB_META =3

2 variables
RSE =40.3
R2=0.16

: ' Variables need to be scaled



Linear classification: logistic regression



. — Ultrasound transducer

Biopsy |-
needle

B

Area to be biopsied

Syringe

Example: breast cancer diagnosis

and Amy Collins

©sam

569 subjects

r] -

ID

842302
842517
84300903
84348301
84358402
843786
844359
84458202
844981
84501001
845636
84610002
846226
846381

84667401

p = 32 features = (xq,...,x3,)

radius

17.99
20.57
19.69
11.42
20.29
12.45
18.25
13.71
13

texture

10.38

17.77
21.25

20.38

14.8 i o
# Training set = 3/4

19.98
20.83
21.82
24.04
23.24
17.89
24.8
23.95

22 .61

perimeter

122.8
132.9

130
77.58

119.6
90.2
87.5

83.97

102.7

area

1001
1326
1203
386.1

1040
577.9
519.8
475.9
797.8

/81

estset=1/4 M

103.7

93 6

782.7

5783

smoothness

0.1184

0.0847
0.1096
0.1425
0.1003
0.1278

0.0946
0.1189

0.1273

0.1186

0.0821

0.0971

0.0974
0.084

01131

compactness

0.2776
0.0786
0.1599
0.2839
0.1328
0.17
0.109
0.1645
0.1932
0.2396
0.0667
0.1292
0.2458
0.1002

0.2293

diagnosis

W W m®m LI @ L L 2 £ £ £ 2 5 @m g kL




Logistic regression

? _ Bo
p=P(Y=1)€(01) —— R S X =—=
1

p _PY=1) N malignant 1.00 -
m € (0, +) = PY =0) odds = chance

7 (x1) > 0.5
y=1

p
In (1 — p) = Po + P1x1 + -+ BrxL

Why.not linear regression?

epr= 1 4 ePotBix1++BLXL = (%)

y

Proba of cancer
o
@)}
o

Estimation: likelihood maximization — (By)

benign 0.00 -
Interpretation: for one variable x, odds(x) = ePo+h1x 10 15 20 25

. E_odds(x+1)_ dds ratio —OR
er = odds(x) = odds ratio =

Training set

if OR = 1.5 there is a 50% increase of chance of having Y = 1 for an increase of x of one unit



Logistic regression = linear classification

o 2 features: radius and texture

In (1 3 p) = Po + P1x1 + B2x2

Fit on training|set
(Likelihood maximization)

Bo.B1. B>

Po + B1x1 + f2 X7 <18_

Texture

Training set Test set
40- 40 -
- Bot fixs + B2 x>0
30 - -— . 30 -
0] diagnosis £
° ° | & [ 4 " ’ 1 g E )
IREES PO - x ©
RS AR M 0 =
20 . ;!"3‘ .:;.".'o ‘ o ° 20 =
t ® % ‘.
4 ;s il
X AN
o® 10_
10 15 20 25 10 15 20 25

Radius Radius



Classification: additional prediction metrics



Model

Performance evaluation: Confusion matrix

x! 91 M(xh) y?
Data | : —— Predictions| : | = : vs reality | :
xN g M (x™) yN

Actual
A _ TP+TN
COUraCY = T p TN+ FP4TN
1 0
o . TP
Sensitivity = SE =P (+|1) = TPR = TFN
TP Ep B =P(—|1) = FNR =1 — SE = proba of type |l error
(Sensitivity) (classify as benign what is cancer)
T TN
EN Tl_\l. | Specificity = SP = P (=]0) = TNR = ——
(Specificity)
a = P(+|0) = FPR =1 — SP = proba of type | error

(classify as tumor what is benign)



Training set

Test set

Radius
1 0
+ 122 15
- 33 256

Accuracy = 0.887

1 0
+ 42 4
- 15 | 82

Accuracy = 0.867

Performances

Radius + texture

All

+ 155 0

1 0
+ 124 13
- 31 258

Accuracy = 0.897

- 0 271

Accuracy = 1

1 0
+ 44 6
; 13 | 80

Accuracy = 0.867

Accuracy = 0.916



ROC curve analysis

In practical cases a classification model often
assigns a score (e.g. proba)

For each value of a threshold, one SE and one
SP value

Global quantification of performances = area
under the curve (AUC)

In practice, needs to be defined

from the train set

Sensitivity

ROC CURVE

VO =

TRUE POSITINE RATE
o o o
= o~ ®
1 1 1

O
N
|

00=

o ~§——PERFECT CLASSIFER

] 1 1 1 1 1
0.0 0.2 ou 0.6 0.8 V.0

FALSE POSITINE RATE

1 - Specificity




sensitivity

AUCs of logistic regression (test set)

Radius Radius + texture All

1.00 - 1.00 - . 1.00 - r—F

0.75- 0.75- 0.75-
= =
= =

0.50 ‘% 0.50 - ‘% 0.50 -
- -
) o

7 »
025 AUC = 0.937 025 AUC = 0.952 025 AUC = 0.967
0.00- .1 0.00- .+ 0.00- .-
000 025 050 075  1.00 000 025 050 075  1.00 000 025 050 075  1.00

1 - specificity 1 - specificity 1 - specificity



Interpretation of AUC

AUC = probability that a random pair of predictions (31, $2) is concordant with the observations i.e
that the score of §! is larger than the score of 92 if y1 > y2.

« §; = score in class we want to classify as positive (say, malignant), density
f

« Sy = score in other class (say, healthy/benign), density f,

e T = threshold

Tmin
AUC =f SE(T)d(FPR(T))
Tmax
Tmax
SE(T) = IP)(S = Tll) = f fl(x)dx Tmax [ Tmax wgf,v:‘ ros
r ave = [ p@fmar =
Trmax Tmin YT -l - o
FPRI) =P 2TI0) = [ foG)dx — PGS, > So) o
T
3



Positive and negative predictive value

Accuracy, sensitivity and specificity are not sufficient to assess a model

We are often more interested in P(1|+) (= positive predictive value, PPV) and P(0|—)
(= negative predictive value, NPV)

p prevalence
From Bayes /
PPV = P(1]4) = P(+|1)P(1) P(+) = P(+|0)P(0) + P(+|1)P(1) = (1 = P(-]0))(1 — P(1)) + SE - P(1)
) - P — (1—SP)-(1—p) +SE - p
PPV = SE-p

(1-SP)-(1—p)+SE-p

« Other metrics: F1 = harmonic mean of PPV (precision) and sensitivity (recall) = 2(PPV~! + SE~1)~1



Example: Lung cancer and smoking status

Percentage of smokers among lung cancer patients = 90%, i.e. SE of a model based on

smoking status is 0.9

Approx. 30% of population is composed of smokers = SP(= TNR, i.e. proportion of

people who don’t smoke and don’t have cancer) is 70%.

Assuming a lifetime risk of having lung cancer of 7.19% (= prevalence)

PPV = IP(lung cancer during lifetime |smoker)= 18.9%



Nonlinear methods: decision trees



Classification and regression trees (CART)

Stratifying or segmenting the predictor/variable space into simple regions

Classification tree: vote in each branch

Regression tree: average in each branch

Hyperparameters?

» Tree depth
 Minimal node size

» Cost-complexity

@ = Progression

@ =Response

Here, no need to scale ©

e ° o ®
O
............. ¢ o 0 °®
@ ® O
. ........... . ....................................
o ®
o o° o
t1

Breiman et al., CART, 1984


https://parsnip.tidymodels.org/reference/details_decision_tree_rpart.html

Node splitting

Regression
Rl(j7 S) = {X|XJ < S} and R2(j78) = {X|XJ > 8}

left child node based on
variable j and cutoff s

For each node, recursively find value of j and s that minimize

Z (yi - Q31)2 + Z

i: z; €ER1(7,8) i: x; €R2(7,8)

(yi - QR2)21

Classification

Minimize the Gini index = total variance across the K classes
= purity index

K
G = Zﬁmk(l _ﬁmk)
k=1

where Pmk, = proportion of the k-th class in node m.

For each potential split (i.e., variable x,, and cutoff s)

» Calculate G in the two child nodes
» Calculate the difference between parent and childs
» Choose the split with maximum difference



Pruning

Performance_status = 1 [ro)

Hemoglobin < 11 Hemoglobin < 13

| | | (ves} Performance_status = 1

Lymphocytes >= 1.6 NLR >=5.1

[ i

Leukocytes<9.2 ___ PLR < 98 Hemoglobin <13 __
1 Pruning
Leukocytes >= 4.6
| > _ NLR>=5.1
Lymphocytes < 1.3 —‘
NLR <3 R, (T) =R(T) + «a|T| PLR < 98

Hemoglobin < 11 / T
0 0 0 1 1
Misclassificati nb of 2820/7 (1)73:,/5 %3/0 3270/2 (1)9%?
1 on error terminal nodes ° - - - -
0.78]0.96|0.94|0.83
19%

Cost-complexity a = 0 Cost-complexity a = 0.02
Main issue = overfitting




Ensemble method: random forest

Bootstrap
. Scurce zample
sampling
r(zercentage) examples are selected
(3.63 in classical implementation)
in n randem subsamples a— S S I
\ Subsample 1 ) | Subsamgle2 ) - ----- | Sutzamglen
Building the l l l
models _1 i) o)
for each subsample, a decision tree is 2 & / -y pa / \.&1-3\‘,
constructed based on a randem set — — — = =
of m features (covariants), the results \ /
fall intwo leaves — — — - -
Ims (ma) : (ms (ma) (ms)
- - ! - - -
/ \ / \N/\ { /\/\ /\
'
1 -
I - -
\ 5 ' . . - -
s U -
A \ 4 A~
Bootstrap Predictien 1 Prediction 2 . Sredicrien n

aggregating - ' —

1
results from all constructed trees i R L 4
are gathered and averaged

Final predicticn

Breiman, Random forests, Machine Learning, 2001



Random forest: hyperparameters

Number of trees : frees [R ranger, default 500], n_estimators [python sklearn, default 100]

Number of variables randomly selected to split each node: mtry [R], max_features [sklearn], default = \/p

Minimal node size min_n [R, default 10], min_samples_leaf [sklearn, default 1]

Additional parameters in sklearn: criterion (default: Gini), max_depth, min_impurity decrease,...


https://parsnip.tidymodels.org/reference/details_rand_forest_ranger.html

Example on predict NSCLC response to ICI

Model Accuracy ROC AUC PPV NPV Sensitivity Specificity
Random Forest 0.68 £+ 0.04 0.74 £ 0.03 0.70 £ 0.08 0.68 £+ 0.06 0.58 4+ 0.08 0.78 £+ 0.06
Logistic Regression 0.67 = 0.04 0.73 &= 0.03 0.69 £+ 0.08 0.67 £ 0.06 0.57 += 0.09 0.77 &= 0.07
Naive Bayes 0.67 + 0.04 0.73 £0.03 0.72 4 0.07 0.65 £+ 0.06 0.49 + 0.07 0.83 = 0.05
Smgl?\lliwye;rfeural 0.66 + 0.03 0.72 + 0.03 0.69 + 0.09 0.66 + 0.06 0.54 + 0.09 0.78 + 0.07
k-Nearest Neighbour 0.66 + 0.04 0.69 £+ 0.04 0.65 £+ 0.07 0.66 £+ 0.06 0.58 £+ 0.07 0.73 £ 0.07
Linear SVM 0.58 + 0.09 0.73 £ 0.03 0.72 £+ 0.09 0.58 +0.10 0.19 £+ 0.25 0.94 4 0.09
Polynomial SVM 0.55 £+ 0.08 0.73 £ 0.03 0.61 +£0.13 0.58 +0.13 0.19 + 0.29 0.89 + 0.23
Radial basis SVM 0.55 £+ 0.08 0.73 £ 0.03 0.67 = 0.17 0.56 £+ 0.06 0.20 £+ 0.28 0.88 + 0.25
Metric —= Accuracy —— Precision —— Sensitivity = Specificity

‘E 0.8 ::——__:::_ —+—

g == —¥

E 0.4 —]— ——

8
K
0.0 o S
. 9@0‘ \;\‘@:lé 066}00 & @Q &\:: é ,o’bé\; QQO‘Q V&G*o&
¥ S & ¥ T TS o8
2 & & &
Q;b& ,\9'00 & e,‘)‘
S N A Benzekry et al., Cancers, 2021



Artificial neural networks



Al

ML

Artificial neural networks

Input Hidden
Layer Layer

Output
Layer

-



Perceptron

f
‘—> y =f(b + a;xs+...+apx,)

Activation Functions

Sigmoid

o(z) = H%

tanh ’
tanh(x) g
RelLU

max (0, x)



Feed-forward neural network

Hidden Output
Layer Layer
SEX) - v
A=W X
5,4
WeR Y= fW-X)

Multiple layers

Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer
Xy Hyy
Hay
X2 Hyp
Ha Y
X3 Hyz
Has
X4 Hyq

Y =f,(W, - fi(W; - X))

Training = minimize loss =—>gradient descent
Backpropagation uses the chain rule and matrix products

Rumelhart, D. E., Hinton, G. E. & Willams, R. J. Learning representations by back-
propagating errors. Nature 323, 533-536 (1986).



Success example of DL: computer vision

« 1.2 million images (ImageNet, Stanford) used to train a deep convolutional neural network

B
e 8 204 2038 \dense
5
13
ENI I o
224 I
1 g \ 13 dense dense| BN \ I‘_
R — =" =g mite container ship ___motor scooter ard
1 i 1 38 Max mite container ship motor scooter legpard
) 204 2048 black widow lifeboat go-kart Jaguar
28\listrid Max 128 Max pooling cockroach amphibian moped cheetah
of 4 pooling pooling tick fireboat bumper car snow leopard
3 48 starfish drilling platform golfcart Egyptian cat

£
by p
ot 4

SENEE % 3 =
S AREE s 3
SRS % , grille mushroom cherry Madagascar cat
convertible agaric dalmatiah squirrel monkey
o WEIL grille mushroom grape spider monkey
4 Hmi nmax S pickup jelly fungus elderberry titi
beach wagon gill fungus |ffordshire bullterrier indri
fire engine || dead-man's-fingers currant howler monkey

Krizhevsky, Sutskever, Hinton, ImageNet classification with deep convolutional neural networks,
NIPS, 2012 (cited 135 158)

©Science Etonnante



Classification of skin lesions

Melanoma: 130 images

« 129 450 anntotated images 1
« Task = prediction benign/malignant g
« Similar performances as dermatologists ? §

= Algorithm: AUC = 0.94

® Dermatologists (22) !

¢ Average dermatologist !

0 -
0 1
Sensitivity
Skin lesion image Deep convolutional neural network (Inception v3) Training classes (757) Inference classes (varies by task)

Amelanotic melanoma

Acral-lentiginous melanoma . . .
>€B‘ 92% malignant melanocytic lesion
Lentigo melanoma

0 oo oo 0 an 0 0 ”
gonos/ " \eooe ooo goos/ ™ \nooo ooos/ ™ \goon -
. -

= Convolution

= AvgPool

= MaxPool

= Concat

= Dropout

= Fully connected
= Softmax

Blue nevus
Halo nevus >€B{> 8% benign melanocytic lesion
Mongolian spot

Esteva et al. (Stanford), Dermatologist-level classification of skin cancer with deep neural networks, Nature, 2017



Convolution

Convolutional neural network ﬂ f 1/9[1/0]1/9
1/9\1/9 1/9

1/9\1/9 1/9

©3Blue1Brown



https://www.youtube.com/watch?v=KuXjwB4LzSA&ab_channel=3Blue1Brown

Convolution

Convolutional neural network

©3Blue1Brown


https://www.youtube.com/watch?v=KuXjwB4LzSA&ab_channel=3Blue1Brown

Other NNs used

Avg/MaxPool = reduce the image dimension by subdividing and taking the average/max in each region
Concat = concatenates the outputs

Dropout = randomly drops a subset of neurons during a training iteration (disabled during testing)

Fully connected

Softmax = generalization of logistic to K classes

Skin lesion image Deep convolutional neural network (Inception v3) Training classes (757)
Convolution
Acral-lentiginous melanoma AvaPool
Amelanotic melanoma vgrroo
Lentlgo melanoma MaxPool
] Concat
O

é

****** AN S

P

Mongohan spot

bhid = Dropout
Blue nevus Fully connected
Halo nevus = Softmax



Support vector machines



Support vector machines

* Developed in the computer science community in the 1990s

 Considered one of the best “out of the box” classifiers



Hyperplane




Separating hyperplanes

Assume two classes:y=1ory = -1

3 separating hyperplanes yi(Bo + Brzi1 + Bazio + - + Bpxip) > 0
among many possibles
/ \
Bo 4 Prapy+ Podig F w4 By, > 000 gy =11,
Al — Al
N N par de*:ision boundary
< <
o - o -
\
—_— ~ Bo - Biziget Bozio A o A Buaip < 0if 33 = —1
[ [ [ [ [ [ [ [ [ [
-1 0 1 2 3 -1 0 1 2 3



Maximal margin classifier

Which of the infinite possible separating hyperplanes to use?

(O = support vectors

- Maximal margin hyperplane = separating hyperplane that
is the farthest from train observations .

- Maximal margin classifier

* |t depends strongly on the support vectors but not on
the other observations
- robust to the behavior of observations far from

hyperplane (outliers)




How to find the maximal margin classifier?

Optimization problem!

maximize M < find 5o.51,--.,58p that maximize the margin M
607617"'761?7]\4 7
z that
subject to Z 5? =1, < 3:;?:;%2 isagiven by Yi(Bo + Brzi1 + Batiz + -+ + Bpwip)
J=1

yi(BO + G141 + Baxip + -+ ﬁp%p) >M Vi=1,...,n «—— correct side of hyperplane
distance =2 M



Xo

0.5

2.0

1.5

1.0

0.0

Non-separable case

No solution exist to the
optimization problem!

- extend the concept to a hyperplane that almost separates the classes, using a soft-margin



Even when separable

- the maximal margin classifier has high variance! (linked to overfit)

- solution = allow for some observations to be misclassified



Support vector classifier

Separate most of the training observations, but allow some misclassification

Optimization problem

maximize M < find Bo,51.---,8y that maximize the margin M
507517"'76197617“'76?%7]\4

p

subject to E B2 =1, < ensures that yi(Bo + B1zi1 + Bazio + -+ + BpTip)
— J distance is given by

J:

yz(ﬁo + Bz + Boxio + -+ - + 5}9331.]9) > M(l — Gi)a <«—— distance can be smaller than M

n
€; > 0, E e; < C, | |
= 0 - correct side of margin

=1 T > 0 > wrong side of margin

>12>w '

tuning hyperparameter rong side of hyperplane

number and severity of violations of the
margin we tolerate



Examples

C large, high bias, low variance C small, low bias, high variance

C = tuning hyperparameter, choosen by cross-validation, determines bias-variance tradeoff



Large dimension and variable selection



Linearity in large dimension

=f(x)+e= + p4x1+ -+ bpx, + &
n = number of observations: y = (y*, ..., y™) y =/ Bo + b1x1 Prxp

p = number of variables

hd If f Close to Iinear 9 IOW bias Clustering of ~,00 significant genes
 If n>>p - low variance

« If n~p - high variance

« If n << p -2 infinite variance (no unique least-squares

0.6

[ NN W] vetastases

estimate)
—> constraining (or shrinking) the coefficients (5, ) can

-0.6

substantially reduce variance at moderate bias cost

Log (expression ratio)
o
Clustering of 98 breast tumours

—> variable selection

—> improved accuracy

—> in addition, a lot of variables might be irrelevant, setting 5, = 0 for them improves interpretability

and reduces complexity



Elementary variable selection

* Rule of thumb: n =10 *p

- Best subset selection: perform all models based on all possible subsets of variables, select best

using cross-validation error
» Costly (2r possibilities, 215> =1.13 x 101%) Il

« Stepwise selection °
« Forward: start with no variable, add variables one-at-time S
by selecting the one leading to greatest improvement of @
fit until all, select best by CV
- Backward: same but starting by all and removing each I IR D e S S P

on-at-a-time
Variables

« However, such methods are usually not advised by the statistical community (usually, due to overfitting)



Three classes of variable selection methods

1. Filters: Select features based on statistical properties of data, independent of any specific machine learning algorithm.
+ Fast and computationally efficient.
- Does not capture feature interactions

* Examples: Variance, t-tests or chi-square.

2. Wrappers : Select features based on a ML model performance by iteratively adding or removing features.
+ Can capture feature interactions.
+ Often provides high accuracy for selected features.
- Computationally expensive, especially with large feature sets.

« Examples: Forward/backward selection, recursive feature elimination (RFE).

3. Embedded : Feature selection occurs within the training process of the model.
+ Efficient and often provides high accuracy.
+ Integrates selection into model training.

+ Examples: Lasso (L1 regularization), decision tree feature importance, Elastic Net.



Ridge regression

2
n p

RSS = Z (yz — Bo — Zﬁjwz‘j)
i—1 j=1

2
p p p
yi—Bo— Y Bixy | +A> B =RSS+A) 5]
j=1 j=1 j=1
™~

note this does not contain 8, = mean value with no variables

3

1=1

different set of coefficient estimates £ for each value of 1
A increases - increased bias, decreased variance
A = tuning parameter, to be determined separately, by cross-validation

Computational advantage over best subset selection (2°)



Example

60
I

Test MSE
=50 est MS

p=45

50

40

Bias (squared)

Minimum possible MSE

Mean Squared Error on test

Variance

 ridge regression works best in situations where the

least squares estimates have high variance
A =0 : least squares at ! ve nigh vari

« disadvantage = includes all p variables



Least absolute shrinkage and selection operator
(LASSO)

2

p p p
yi—Bo— Y Biwiy | +A) 18] =RSS+A) |5l
j=1 j=1 j=1

n
1=

1

» Difference with ridge = £, penalization versus ¢,

 Forces some coefficients to be zero

—> variable selection

0 100 200 300 400

200
| |

—> better interpretability

Standardized Coefficients

I I I I I I I I
20 50 100 200 500 2000 5000

A



LASSO and ridge

LASSO Ridge

1 0

=1

7=1 i=1

J=1

2 2
n p p n p p
minimize i — Bo — (X subject to | <s S o _ e ; 2
: { E (3/ Bo jE:1 B J) } J E 351 mlnlﬁmlze { E (yz Bo g ﬂjxw> } subject to JE:l B; <s.




Coefficients

-0.3 -0.2 -0.1 0.0 0.1 0.2

-0.4

Selecting the tuning parameter 4

Values of the estimated coefficients

as A decreases

16 15 15 12 10 2 1
5
9
11
13
1
7
14
12
16 //
]
8
6
4
3
T T T T T T T
-8 -7 -6 -5 -4 -3 -2

Log Lambda

C—index

0.56

0.54

0.52

0.50

Prediction score as A decreases

16 16 15 15 15 14 13 11

10 99722111

¢

-8 -7

-6 -5

Log(2)

-4

-3 -2




Unsupervised learning



Challenge of unsupervised learning

* For supervised learning, we have ways to assess the
performances

* In unsupervised learning, there is no truth to refer to



Dimensionality reduction: Principal Component Analysis

Transforms (correlated) variables into a set of uncorrelated (orthogonal) components

+ Reduces the number of features while retaining as much

variance (information) as possible.

- The new variables are not interpretable anymore

» first eigenvector = direction of the data of maximal variance

» first eigenvalue = variance of the data in this direction

0.5

eigenelements

-0.5 0.0 0.5
eta V



Dimensionality reduction: Principal Component Analysis

PCA - Biplot
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http://factominer.free.fr/index_fr.html

Dimensionality reduction: Principal Component Analysis

FactoMineR package

- 0.075-
()]
<
o
o
3 0.050 -
()]
o
C
.
= 0.025-
i ‘I
0.000 - III.'...IH-
0 50 100 150

PC

Cumulative variance

1.00 -

0.75 -

0.25- o N = 149
| p=2315
0 50 100 150


http://factominer.free.fr/index_fr.html

Clustering

Finding subgroups (or clusters) in the data

Ex: (unknown!) subgroups classifying different breast
cancers

Observations that are “similar” or “different”

Problem = Define “similar’ and “different”

luminal

HER2+

basal 2

basal 1
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Partitioning the data into K distinct, non-overlapping clusters

K is chosen

K-means clustering

° .oof e®®
° ‘:o °

K=2 K=3 K=4
°® e® °®
°® ° °
.o o0 © .o o0 © .o o0 ©
' ..‘. ..Q .: ' ..! ..Q .: ‘ ..‘. ..Q .t
® e ° % g ® o °% g ® e ° % N
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° ° °
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K-means formalism

« LetC,, ..., Cxbe the K clusters

Cl U CQ J...U CK = {1, e ,n} each observation belongs to at least one of the K clusters

2. Cx,NClr =10 for all k # K the clusters are non- overlapping: no observation belongs to more
than one cluster

« |dea: good clustering = within-cluster variation is as small as possible
Squared Euclidian distance

K
minimize W(C 1 -
{Z W} W= g 3 Mo wes)
E :

k=1



K-means algorithm

Algorithm 12.2 K-Means Clustering

1. Randomly assign a number, from 1 to K, to each of the observations.
These serve as initial cluster assignments for the observations.

2. Iterate until the cluster assignments stop changing:

(a) For each of the K clusters, compute the cluster centroid. The
kth cluster centroid is the vector of the p feature means for the
observations in the kth cluster.

(b) Assign each observation to the cluster whose centroid is closest
(where closest is defined using Euclidean distance).

Data Step 1 Iteration 1, Step 2a
® ° °
& .’ ° & : . & : .
L4 ‘0"‘°.: ® o0 "'..o '.. "'..o
. :.o 00.' I’ e’ °
. ° © °
] L]
° L[] ° . L] ° [ ]
<« . ¢
Cen %. <. .64 .
° '} % o : ¢ e % .: ¢ P o % .:
R et R
° ® °® ® °®

Iteration 1, Step 2b

Iteration 2, Step 2a

Final Results
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Varying the initial random assignment

final value of the
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Hierarchical clustering

l |
Gl == LS TR A SR A TR

« Disadvantage of K-means : need to specify K

luminal

« Hierarchical clustering gives an interpretrable

tree-based output: a dendrogram 1
« Bottom-up = starting from the leaves
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« Top-down = starting from all data

SR
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Example: dendrograms

il




Hierarchical clustering algorithm

Algorithm 12.3 Hierarchical Clustering

1.

Begin with n observations and a measure (such as Euclidean dis-
tance) of all the (%) = n(n —1)/2 pairwise dissimilarities. Treat each
observation as its own cluster.

Fori=n,n—-1,...,2:

(a) Examine all pairwise inter-cluster dissimilarities among the 4
clusters and identify the pair of clusters that are least dissimilar
(that is, most similar). Fuse these two clusters. The dissimilarity
between these two clusters indicates the height in the dendro-
gram at which the fusion should be placed.

(b) Compute the new pairwise inter-cluster dissimilarities among
the ¢+ — 1 remaining clusters.
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Possible linkages (=dissimilarities between groups)

Linkage

Description

Average Linkage

Complete Linkage

Single Linkage

Complete

Maximal intercluster dissimilarity. Compute all pairwise dis-
similarities between the observations in cluster A and the
observations in cluster B, and record the largest of these
dissimilarities.

Single

Minimal intercluster dissimilarity. Compute all pairwise dis-
similarities between the observations in cluster A and the
observations in cluster B, and record the smallest of these
dissimilarities. Single linkage can result in extended, trailing
clusters in which single observations are fused one-at-a-time.

Average

Mean intercluster dissimilarity. Compute all pairwise dis-
similarities between the observations in cluster A and the
observations in cluster B, and record the average of these
dissimilarities.

Centroid

Dissimilarity between the centroid for cluster A (a mean
vector of length p) and the centroid for cluster B. Centroid
linkage can result in undesirable inversions.
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Additional



Detection of lymph node metastases from histological images

[A] Test set HMS and MIT 11 [c] HMS and MGH 111

» One pathology slide = several gigapixels
« Best algorithms of the challenge = Deep Learning

« Same performances as pathologists without time constraint, but
significatively better than 11 pathologists with constraint (WTC)

1.0+ ' 1.0
—T I HMS and MIT 11
I | ——— HMS and MGH Il
0.9 HMS and MGH Il
0.8- : —— CULab IlI
——— HMS and MIT |
I — @  Pathologist WOTC
0.8+ | ©  Pathologist WTC
_ 06 WTC 7 o
= o
S \ 0.7+
53
“ 0.4 Q ? .
0.6
S}
0.2 I
0.5
)
0 : ; ; ; ; ‘ 0.4 . . . . .
0 0.2 0.4 0.6 0.8 1.0 0 0.02 0.04 0.06 0.08 0.10
1-Specificity 1-Specificity

Bejnordi et al., Diagnostic Assessment of Deep Learning Algorithms for Detection of Lymph Node
Metastases in Women With Breast Cancer, JAMA, 2017




Microscope 2.0

Camera capture of
current field of view

View seen by user

Output to accelerated

compute unit
pli — Augmented reality
Al algorithm display

Chen et al. (Google Al Healthcare), Microscope 2.0: An Augmented Reality Microscope with Real-time Atrtificial Intelligence Integration, arXiv, 2018



Quantitative analysis of histopathological slides in CRC

original image neural network activations

- : deep ADI
slldga)\(/\g;‘c‘low rearal fetwork BACK @ > threshold
47 layers DEB weighted

08 LYM sum
390 MUC
Eé outp:]terfguron Mus deep
. activation NORM @ stroma
2 STR score
o g TUM @

« 100,000 patches of histological slides

e Stroma

*  94% classification accuracy on test data set

ADI
BACK
DEB
LYm
MuUC
MUS
NORM

uswin| |eunRsalul

« « Deep stroma score » is a predictive factor of

hazard ratio for TCGA data set (N=500 patients), corrected for stage, sex, age survival independent of TNM stage (Current
CAF score, Stage I-IV @ p=0.33 state of the art)
pathologist score, Stage I-IV @ p=0.19
deep stroma score, Stage I-IV _— p<0.01

Kather et al., Predicting survival from colorectal cancer histology slides using deep learning: A retrospective multicenter study, PLoS Med, 2019



Prediction of response to immune-checkpoint inhibition

Qo Image selection and quality check

Semi-automatic delineation of volumes of interest

Contrast-enhanced CT
Soft or standard reconstruction algorithms
Slice thickness <5 mm

Texture

o Feature extraction
e

o

Histogram Volume

AL B8

Technical
variables

A

Volumes of interest
location

Peripheral ring

Tumour

. . . score

Radiomic

signature

Feature selection and
coefficient optimisation

W

Gene expression signature of CD8 cells

Radiomic

Training

Image processing

Absolute discretisation
Voxel resampling: 1x1x 1 mm3

Validation

-

Gene expression
signature

W

Pathology
Immune phenotype

R

Clinical response to
anti-PD-1 and anti-PD-L1

Sun et al., Lancet
Oncol, 2018
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Mechanistic modeling of metastatic relapse



Vdiag

Mechanistic modeling of time to relapse

. Number of metastases with size

larger than the visible size V

4 pre-clinical history TTR
“+00
) ‘ ’ Nos®) = [ plt.o)do
Vvis
t—Tyis
Visibility threshold = /0 d(Vy(t))dt
3 ’ |
B Primary tumor ' T,is = time to reach V,
<E> growth / : | |
E @ _ «  Time to relapse (TTR) = time elapsed
3] : M;:vatta;'c from diagnosis to the appearance of a
o / / ; first visible metastasis
Dissemination: p '
// / . TTR = inf {t >0: Nvis(tdiag + t) > 1}
y y v/ >
- tdiag 0 TTR Lapse time «  Parameter f fixed such that V,, =

from diagnosis a
ef = 1012 cells



Mixed-effects statistical model

In (T7) = (TTR (Vg o', ') ) + €', &' ~ N(0,0%)

(Observation model)

S <t|o/, ,ui) =P (Ti > tla, ui) Survival function to account for censoring in the likelihood

In (oﬂ) = In (apop) + nfx, né ~ N(0, W?x)

n (/‘Z) = In (ptpop) + 77/2’ 77/7; ~ N(O,wz)

Likelihood maximization performed using the SAEM algorithm implemented in
the saemix R package

Comets, Lavenu, Lavielle, J Stat Softw, 2017

Mixed Effects Models for the Population Approach
Models, Tasks, Methods and Tools

s € "N ISR
4] i NINWE

/ N
® & & F‘ﬁ
l"

All different, all equal”

Lavielle, CRC press, 2014



Descriptive power: fit to the data

1.0 1
0 0.8 -
L
=
a
0.6 - Kaplan-Meier estimate
— Model fit
0 5 10 15 20
Time to relapse (years)
Vgiag =10 mm
1.0 1 \
o 0.8-
L
=
a
0.6
0 5 10 15

PhD of Chiara Nicolo

Time to relapse (years)

DMFS

1.0 -

0.8 1

0.6 1

Parameter Estimate r.s.e. (%)
log aupop -6.34 12.6
log tpop -26.8 3.68
o 0.542 28.4
Wa 3.37 36.4
Wy 3.78 15.9
Vgiag =20 mm Vgiag =25 mm
1.0
» 0.8
2
0.6
0 5 10 15 0 5 10 15

Time to relapse (years)

Time to relapse (years)



Predictive power: covariates

Parameter Estimate r.s.e. (%) p-value
1\ T i ) ) 2 log aipgp -8.883 10.151
In (M ) = In (ppop) + Bu X, TNy Ny ™ N (0, Wu) BKi6T.0 0.086  27.376  2.59 -10~*
BHER2,a 0.029 42.833 0.020
. T . . 5 BcDad,a 0.011 60.816 0.1
In (o/‘) = In (« 4+ Bix +nt Lo N(0. w BTRIO a 0016 58119 0.085
(Qpop) + BaXa +7as 1 (0,05) 10g fLyop -26.342 3.696
BEGFR.. 0.039 47.527 0.035
- o 0.606 23.104
-Calnbratlon for 10-year outcome Test set Learning set W 92 062 22.715
| T1 2 3 4 5 6 7 8 .. N Wy 3.563 16.759
Et%o.s- 1 2 3 4 5 6 7 8 N )
c-index = 0.67
SN - (10-folds cross-validation)
o.s-,// 1 2 3 4 5 6 7 8 .. N

05 0.6 07 08 0.9 1.0
Predicted probabilities

Patient ID  Tumor size (mm) Ki67 HER2 CD44 TRIO EGFR Observed TTR (cens) Predicted TTR Prediction error (days)

255 25 1 60 90 60 0 1812 (1) 1609 203
A7 20 32 100 0 0 50 739 (1) 447 292
143 18 60 0 50 0 0 2798 (1) 434 2364
12 10 20 0 23 0 0 5970 (0) +00 -

PhD of Chiara Nicolo



C—-index

Random survival forests

c-index = 0.69

(cross-validation)

Ki67[

tumor sizef

age at diagnosisH
HER2p
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TNM_T

CD24
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©
N

Observed probabilities
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Calibration for 5-year outcome
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4
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redicted probabilities Predicted probabilities

0.5

Bootstrap
sampling
r (percentage) examples are selected

(2,63 in classical imzlementation]
in n random subzampgles
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]
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Building the l l l
T / ‘\m m/ "“\
\ 7 NIV

/\/\

for each subzamcle. a dedision tree i
censtructed based on a randem set
of m features (covariants), the results
fall into leaves

/\

' A
RS ' "
S ' e
A v o
Bootstrap Predictien 1 Predicien2  _ _ _ _ _ _ Prediction n
aggregating = --___ i —
_______ ' e
results from all constructed trees T T Teal L 2P
are gathered and averaged
Final prediction

M. Dmitrievsky, https://www.mql5.com/en/articles/3856

0.9 Time
0 [ = D r:
2 2 years
a a == 5 vyears
Bos 3
B 3 === 10 years
-3 °
o (3
& a

0.7

0.6 0.6

30 40 50 60 70 80 0 25 50 75 100

Age at diagnosis (years) EGFR (%)

= nonlinear effect of covariates and non proportional hazard

Ishwaran et al., Ann Appl Stat, 2008
PhD of Chiara Nicolo



Comparison of predictive metrics

5 years metastatic-free survival Mechanistic RSF

AUROC Accuracy PPV NPV

RSF 0.75 0.90 0.71 0.71
Mechanistic model 0.73 090 0.72 0.70
Cox 0.75 091 0.77 0.71

10 years metastatic-free survival

AUROC Accuracy PPV NPV
RSF 0.69 0.82 0.68 0.66
Mechanistic model 0.69 0.81 0.71 0.64
Cox 0.71 0.82 0.70 0.68

other tested ML models (support vector machine, k-nearest
neighbors, gradient boosting) had similar or worse
performances
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Conclusions and perspectives

Similar predictive performances of Cox regression (c-index 0.67 - 0.72), random survival forest (c-index 0.67-

0.71) and a novel mechanistic model (c-index 0.63 - 0.70) for pure prediction

Other machine learning algorithms tested for classification of 5-years relapse (logistic regression, support

vector machine, random forests, k-nearest neighbors and gradient boosting)) gave similar results

Mechanistic modeling provides biological and clinical insights that ML does not:
» Ki67 correlates with proliferation rate a (expected but reassurring)
 HERZ2 correlates with a, EGFR with u (metastatic potential)
« prediction of the invisible metastatic state at diagnosis = potential for personalized adjuvant therapy
This is a first attempt of a mechanistic, individual-level, predictive metastatic model. A lot remains to be done:
+ Refinement to well-established breast cancer molecular subtypes

* Further investigations to refine the modeling (dormancy, etc...)

* Predictive power to be confirmed in exiernal data sets



Pharmacometrics and precision dosing



Inter-individual variability

Patient dies from treatment

Severe Toxicities
Good care

time



Pharmacometrics = the science of quantitative
pharmacology

Pharmacokinetics Pharmacodynamics
C
O P
£ o PK 5 PD
nc 2
L O o
o o o
S|
&
Time Concentration
) PKPD
N
C
o
Q.
(7))
)
o

: Garrido and Troconiz, 2019
Time



Historical overview of PMX in oncology

COMPUTERS AND BIOMEDICAL RESEARCH 5, 441-459 (1972)

Modelling of Individual Pharmacokinetics for
Computer-Aided Drug Dosage*

» 1980’s: Principles of population PK modeling by
. . Lewis B. SHEINER, BARR ROSENBERG,T AND KENNETH L. MELMON
L eWI S S h e I n e r a n d Stu a rt B e a I Departments of Medicine and Pharmacology, Division of Clinical Pharmacology,

University of California San Francisco Medical Center, San Francisco, California 94122
* 1990’s: pop PK models of cytotoxics

Circ ¢
Feedback=( - ")
Circ

Korot (5Ky)

Transit
3

| Transit| " | Transit
1 2

Edrug \%/\/ l kcfrc (= ktr)

MTT

« 2000’s: models of hematopoietic toxicity

> Circ

Friberg et al., J Clin Oncol, 2002
VOLUME 27 - NUMBER 25 - SEPTEMBER 1 2009

Model-Based Prediction of Phase III Overall Survival in

Colorectal Cancer on the Basis of Phase II Tumor Dynamics

Laurent Claret, Pascal Girard, Paulo M. Hoff, Eric Van Cutsem, Klaas P. Zuideveld, Karin Jorga,
Jan Fagerberg, and René Bruno

« 2010’s: tumor growth inhibition models



How can standard dosing be part of personalized medicine?

 Most anticancer agents are given as:

* mg/m?
* mg/kg
* mg (flat-dose)

Age I:I ser [1.0 ||mgIdL "] Sex ‘Male ~'|

Height | |[Centi v| weignt [ | [Kilograms ~]

Target AUC : (mg/mi/min)

« Only carboplatin is given in a tailored Sp——
fashion (i.e., AUCS or AUCG dosing). s

Looking for a palm or pocket pc version?

Essentials for Oncology Includes commonly used oncology calculators, a RCC prognosis
calculator, and the Gail Breast Cancer Risk Calc. :
ot atiatatiatatstiotaitintat DO OUNI NN - ittt

CALVERT FORMULA FOR CARBOPLATIN DOSING
Total Dose (mg) = (target AUC) x (GFR + 25)

« « One dose fits all »
(standard dosing)




Mixed-effects modeling

Population data

¢i = l/)pop + 77i;77i ~ N (0,Q)

- Population fit (MLE)
g
5 _
T 6
€ 14
g
8
N fixed effects random effects 12
10
0 5 10 15 20 25 =
Time (h) g
Individual fit ‘5’8
.. Subject 1 Subject 2 =
Individual structural model £
o . o 8 6
C
@]
)
3 o 3 . 2 4
£ £ £
" “ 0 2 4 6 8 mTimJez(hoﬁ?) 16 18 20 22 24
o s 10 2 o 5 10 15 20 2

Time (hr) Time (hr)



Medecine de précision et bioguidage des
ITK

Suivi Thérapeutique Pharmacologique des ITKs (imatinib, sunitinib, dasatinib, cabozantinib,

sorafenib, ibrutinib...). T E Y

‘ Nouvea:J patient 'I' 'I' w w w

P51 Monolix . w wwww*w

Parameétres PK inconnus

c e V700 ws Q@ Q nOX®0 OO = P PK
owerte = Op
2 .

Concentration sunitinib + métabolite [ng/mL]

{

Assistance Publique FOR THERAPEUTICS IN CANCER |' \\J
Hépitaux de Marseille H

Identifiant utilisateur:

1

) E I":Vpai'm' de do}c 75 "mh).‘lf‘s les 24h B B )
Estimation
i Une L — :
; , Ct Bayesienne
g | observation

_ Concentration résiduele: 42 ngimL [cible: 50-180] | 5 oo | B
e £ =]
T
.

— |
o e p ; P x %
emps depuis lademiéredose)  Temps depuis la demiére dos se (]

|dentification PK
SMART: o T @ g

~

SIMULATION MODELING ADAPTIVE RESPONSE cone. A T




Sunitinib in metastatic kidney cancer

otal Su+ met Sampling Simulated Trough [l Proposed % SUTENT
ng/ml) Time Level (ng/ml) Dose (mg) change n155 mg
195 5H30 161 25 -50 S
55 23H00 56 62,5 22t opmten
37,4 24H15 40 87,5
40 23h45 42 75
166 22H20 158 25
161 4H45 136 25
70 24H00 73 50
161 =i 250 25 Standard dose:
17,1 24H00 18
170 12H30 149 25 50 mg Evaluation response as a function of drug exposure
90 24H00 90 (AUC) and cl:;l(:(sili(iiiecl:tg:;ns (Ei il;ls);equent dose
44,3 24H00 47 75 9,0 -
88 2H15 76 50 8.0 |
106 19HO00 100 70,0 -
54,2 6HO0 42 0.
141 1H30 81 fé 40,0 -
128 24H00 106 © 30,0 -
118,9 1HOO 81 oo ] -
18475 199HH30(;) 17125 80% Of AP'H M 00 Baseline Correct IUuderexposed followed‘Underexposed withmltI
- exposure by tailored dosing tailored dosing
104 3H20 90 patient have dose
125 24h00 112 modification of Unpublished data - do not post
62 19HO00 58
246 24H00 231 Sutent®
150 24H00 143 12.5 <>100 mg
83 12h00 71 - o o/ 1
216 24h00 204 (-75% = + 100%!)
197 24h00 192
116 8H30 97
78 24H00 71 no change

J. Ciccolini
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Model-based dosing regimen for a phase l/ll clinical trial

Goal: safe densification of docetaxel (DTX) + epirubicin (EPI) in metastatic breast cancer

PK models

“IIIIIIIIIIIII.

PK
DTX

PK
EPI

Sapusnsnnnnnnnns?®

<

—

Interface
model

.IIIIIIIIIIIIIIIIIIIIIIIII"
s I E N EEEEEEEEEENENEEEENEEEEEEN,

* (+ G-CSF rescue) *,

PD models

“IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII..

TOXICITY
(Friberg-like)

EFFICACY

(Gompertz-like)

ANC [ Geells/L ]

4
F 14 21 28 35 42 49 56
Time [d]

A g EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEER®

Meille et al. (lliadis), Clin Pharmacokinet, 2016

*

..IIIIIIIIIIIIIIIIIIIIIIIII‘



Model equations

Neutrophils kinetics ;UQ effect
wi(t) =y - A/@-wo- Pw(1), @] —7-wi(t) —Ny(0),v] - wi(t) ~ wi1(0) = A/w-wo
Wwy(t) =y - wi(t) = wa(8)] = Ny(2), v] - wa(2) w(0) = A/ - wo
wi(t) =w-wa(t — 1) — 1-ws(2) w3(—1<t<0) =wp
w(t) = A-{Mlz(t), ] - w3(t) — w(?) } w(0) = wo

G' C SF oo (Ke) Feedback=( CC’;(;”)

- Tra1nsit ki | Tra2nsit ke Tra;gsjt ki Cire
Eang S~ — / lkm (k)

Constraints

W(t) > Wb

tulw(t) < Wyl <Ty

Tumor kinetics

dn(?)
dr

Optimization

T

1

0

under toxicity constraints

= p-n(t) - n[0/n(e)] = -f (e, o) -n(t)  n(0) =no



Scheduling optimization

Parameter estimation Optimization

* PK: popPK previous studies . |1 h \
- PD toxicity: estimated from previous phase | study d’ = argmin [T / n(t,d, 1) 'dt]
» PD efficacy: in vitro cytotoxicity + fit to previously 0

published clinical studies

under toxicity constraints

S Opt. S Opt. S Opt.
0 ] 24 48
1 DTX80 | I~ Brx60 25 20 EPI 20 EPI 20
2 26 ——
3 7 50
4 28 51
5 29 52
D1 5 30 5 D3 53
7 31 EPI
55
9 DTX 40 33
10 34 56
11 35 57

S = standard, Opt = optimized

Meille et al. (lliadis), Clin Pharmacokinet, 2016



MODELA1 clinical results

Median survival (months)

. . . e ey 2 4
Previously: life-threatening toxicities 0 10 0 30 0 50 60

* 100% grade = 3 neutropenia
* 1 death

Viens et al., J Clin Oncol, 2001 - Standard
Dosing

MODEL1: no lethal toxicities
* 0% grade = 3 neutropenia

Dosing

Hénin et al. (lliadis, Freyer), Breast Cancer Res Treat, 2016



Individualization of parameter estimates

[ 1/s11809 ] DNV

Time [d ]



Plasma vinorelbine (ng/ml)

Neutrophils (G/1)

Tumour mass (mg)

Empirical dosing
D1-D3-D5 50mg

100
120
807 100
60 80
60
40
40
20
20
0- 0
I T T T T 1
0 20 40 60 80 100 0

Other model-based trials

Model-based dosing
D1-D2-D4 60-30-60mg

(NCT03509584)

* Metronomic vinorelbine in NSCLC (NCT02555007)

» Combination of radiotherapy and immune-checkpoint inhibition

140
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100

80+
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E
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Barbolosi et al., Nat Rev Clin Oncol, 2016
Ciccolini et al. (Benzekry), J Clin Oncol: Precision Oncology, 2020



Conclusion



Conclusion

" IEEE
| SPECTRUM  Eengineering Topics Special Reports Blogs Multimedia The Magazine Professional Resources Search

Great success of machine learning methods when

there are a

How IBM Watson Overpromised
and Underdelivered on Al
Health Care

After its triumph on Jeopardy!, IBM’s Al seemed

Seq u e n Ci n g d ata poised to re\‘olut‘i:t)ilhiz“evﬂrilliel(]j;cine. Doctors are

By Eliza Strickland

(pathology, imaging)

So far, almost no study validated

Very few studies using ML/DL in Almost none in pharmacometrics.

So far, failed.

Tried to « learn » how oncologists are treating their patients and to digest literature.

Al will not replace radiologist/pathologist but will become a supplementary tool for daily medical

practice



Humans and machine doctors
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Now Unlikely

Topol, High-performance medicine: the convergence of human and artificial intelligence, Nat Med, 2019
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Logistic regression
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Title

source : scikit-learn



Title

Naive Bayes

‘( Averaged One-Dependence Estimators (AODE)

Deep Boltzmann Machine (DBM)

Bayesian Belief Network (BBN)

Bayesian

Deep Belief Networks (DBN)

Gaussian Naive Bayes

Deep Learning

Multinomial Naive Bayes

Convolutional Neural Network (CNN)

|
\ Bayesian Network (BN)
Stacked Auto-Encoders / — .
Classification and Regression Tree (CART)
Random Forest - - -
. . - \ Iterative Dichotomiser 3 (ID3)
Gradient Boosting Machines (GBM) | \ s Py

Cs5.0
Decision Tree

Boosting '
Bootstrapped Aggregation (Bagging) Ensemble \

Chi-squared Automatic Interaction Detection (CHAID)

Decision Stump
\_ Conditional Decision Trees

AdaBoost
Stacked Generalization (Blending) /| "\ ,‘/
Gradient Boosted Regression Trees (GBRT) / \ / -
Radial Basis Function Network (RBFN) \.\ '\ / /,/
Perceptron

- Neural Networks
Back-Propagation

Hopfield Network

Ridge Regression
Least Absolute Shrinkage and Selection Operator (LASSO)

- Regularization
Elastic Net

Least Angle Regression (LARS)
Cubist
One Rule (OneR)
Zero Rule (ZeroR)
Repeated Incremental Pruning to Produce Error Reduction (RIPPER)

Dimensionality Reduction |

/' \\ \

Rule System

Linear Regression

Principal Component Analysis (PCA)
Partial Least Squares Regression (PLSR
,’/ Sammon Mapping

/' Multidimensional Scaling (MDS)

i Projection Pursuit

[

Principal Component Regression (PCR)
Partial Least Squares Discriminant Analysis

\_ Mixture Discriminant Analysis (MDA)
\_ Quadratic Discriminant Analysis (QDA)
Regularized Discriminant Analysis (RDA)

\_ Flexible Discriminant Analysis (FDA)
\_ Linear Discriminant Analysis (LDA)

k-Nearest Neighbour (kNN)

Ordinary Least Squares Regression (OLSR) \‘ /

Stepwise Regression

Learning Vector Quantization (LVQ)

Instance Based

Self-Organizing Map (SOM)

Weighted Learning (LWL)

o . - X Regression
Multivariate Adaptive Regression Splines (MARS) Locally
oca
Locally Estimated Scatterplot Smoothing (LOESS) , \ kMt
-Means
Logistic Regression / —k Med!
-Medians

Clustering -
Expectation

Maximization

Hierarchical

Clustering
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FIGURE 1.4. Left: Representation of the NCI60 gene expression data set in
a two-dimensional space, Z1 and Z2. Fach point corresponds to one of the 64
cell lines. There appear to be four groups of cell lines, which we have represented
using different colors. Right: Same as left panel except that we have represented
each of the 14 different types of cancer using a different colored symbol. Cell lines
corresponding to the same cancer type tend to be nearby in the two-dimensional
space.



