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Ok Google: What is Al??

Definition: A computer system able to perform tasks that normally require human intelligence, such as
visual perception, speech recognition, decision-making, and translation between languages.

» Exists since decades

MIND

A QUARTERLY REVIEW
or

PSYCHOLOGY AND PHILOSOPHY

1—COMPUTING MACHINERY AND
INTELLIGENCE

Br A.M.Tuwiva

Turing, Mind, 1950

Oxford dictionary

* New « hype » since ~2011 mostly thanks to :

« Computing power

. Big data Deep Learning

ALL SYSTEMS GO

Google DeepMind, Nature, 2016

©Information Age, ACS



Artificial Intelligence, Machine Learning and Deep
Learning

ML = machine (automatic) learning

Goal = predict outcome y as a function of input/features x4, ..., X,
ML

X1, X2, X3 =—

107

107 0* 101



Artificial Intelligence, Machine Learning and Deep

Learnina
itcome
Supervizec -
Al k-fold cross-validation
ML :
Test set Learning set
t

patient 1 2 3 4 5 6 7 8 N y1

patient 1 2 3 4 5 6 7 8 N y2

patient 1 2 3 4 5 6 7 8 N y3



Artificial Intelligence, Machine Learning and Deep
Learning

Supervized machine learning

Predict outcome y as a function of a /of of input/features x,...,x, (big data,

Al high dimensional statistics)
ML
. 1 1 1 1
patient1 X7, X2, ==+ ,X1000 y
Model —
. 2 2 2
patlent 2 X1’ X2’ e ’X1000 — as™;+ax*™xz + ... + a1000"X1000 _— y2

_ 1000 1000 1000
patient 1000 X1, X2,-++,X71000 l

a1’ az, nnmy a1000



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

Statistical Modeling: The Two Cultures

Leo Breiman

y +—| nature

linear regression -
logistic regression [€—
Cox model

ye—

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

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

y +—— unknown l—— X

decision trees
neural nets

Model validation. Measured by predictive accuracy.
Estimated culture population. 2% of statisticians,
many in other fields.



Statistical (Machine) Learning

Y=M(x)+¢

Goal = predict Y = find M
Y quantitative = regression
Y qualitative = classification

Learning = use data

» only x values = unsupervised learning
* (x,y) examples = supervised learning



3.1 Classification



Confusion matrix

xt y! M(xh) vt
Data| : —> Predictions| : |= : vs reality | :
XN 5;N M (XN) N

y
Actual
Acc =_ TP+TN
Uy = T TN+FP+TN
1 O TP
Sensitivity = SE = P (+]1) = TPR = —
+ TP Ep f =P(—|1) = FNR = 1 — SE = proba of type Il error
g (Sensitivity) (classify as benign what is cancer)
o
=
. FN N .
(Specificity) Specificity = SP = P (=|0) = TNR = ———

a = P(+|0) = FPR =1 — SP = proba of type | error

(classify as tumor what is benign)



Positive and negative predictive value

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 /
P(+|1)P(1) P(+) = P(+|0)P(0) + P(+|DP(1) = (1 — P(=|0))(1 — P(1)) + SE - P(1)
PRV=PA ="y _(-sP) (-
= : 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~1 + 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 = P(lung cancer during lifetime |smoker)= 18.9%



ROC curve analysis

ROC_CURVE
* In practical cases a classification 10=| © ——PERFECT CLASSIFIER <
model often assigns a score (e.g. ‘
proba) p oo
> 04
« For each value of a threshold, one E 206"
SE and one SP value § go.u-
 Global quantification of :é
performances = area under the o
curve (AUC) 0.0 =

1 1 1 1
0.0 0.2 oy 0.6 0.8 \.0
FALSE POSITINE RATE

1 - Specificity



Interpretation of AUC

AUC = probability that a random pair of predictions (51, $2) is concordant with the
observations i.e that the score of $! is larger than the score of 92 if y1 > yZ2.

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

* Sy = score in other class (say, healthy/benign), density f
* T = threshold

Tmin
AUC = f SE(T)d(FPR(T))

Tm ax

Tm ax

SE(T) = P(S > T|1) = f fi(0)dx e T
r ave =" [ Reopmar
T

-

100% 1

T i
T min
max

FPR(T) =P(S > T|0) = f fo(x)dx = IP(S1 = So)
T




Logistic regression

p=P¥ =1)€(0,1) —?> R

P(Y =1
1’%}{) € (0,4) = [P’EY—z()i: odds =~ chance ot

0.8 1

p
In (1 — p) = Po + Prx1 + -+ Brxy,

0.6 -

eﬁ0+51x1+"'+ﬁLxL

SP= 1 + eBotBixa+-+PfLxL =m(x) a \ ePothix
0.' 4
1 + eBotPix
Estimation: likelihood maximization
0.2
Interpretation: for one variable x, odds(x) = efo+f* oo .
odds(x + 1) 0 n 0 & & 100 120

= odds ratio =OR
odds(x) odds ratio

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



Binary classification/regression tree

Sample dataset and choose
splitting features randomly to
get a forest

Vote/average over trees

Random Forests ® = Tumor
@ =Benign
X2 (size) 1
e O: ®
o o @ ® o
o3 T i ® O
f ® o ®
3 . ; -------- a ---------------------------
o : © ®
O o ® ®
t ] X1 (age)
X3 X3
X X4 ) € X2

Breiman, Machine Learning, 2001



Survival fraction

Example: prediction of 5-years metastatic relapse in

—— Metastasis free survival
—— Overall survival

5 10 15
Years post-diagnosis

t

juvan

642 patients w/o ad

n=

K = 25 features

early-stage breast cancer

< »
< >

menopausal_status ER PR Ki67 HER2 HER2_intensity CK56 EGFR VIM ALDH1
Post-ménopause 20 0 0 0 0 0 0 0 0
A Meénopause 40 95 8 0 0 0 0 0 0
Activité génitale 87 10 26 0 0 0 0 80 0
Post-ménopause 100 100 8 0 0 0 0 0 0
Post-ménopause 0 0 16 82 +H 0 0 0 0
Activité génitale 100 95 12 0 0 0 0 0 1
Activité génitale 56 100 17 0 0 0 0 0 0
Activité génitale 57 85 23 100 +H+ 0 0 0 0
Post-ménopause 80 5 20 0 0 0 0 0 0
Post-ménopause 0 0 15 100 H+ 0 5 0 0
Post-ménopause 100 80 10 0 0 0 0 0 0
Post-ménopause 30 0 5 0 0 0 0 0
Post-ménopause 0 0 15 40 +H 0 0 0 0
Ménopause 0 80 8 0 0 0 0 0
Post-ménopause 0 0 27 0 0 0 30 0 1
Post-ménopause 0 0 56 0 0 80 60 100 0
Activité génitale 50 92 2 1 + 0 0 0 0
Post-ménopause 0 47 5 0 0 0 0 80 0
Post-ménopause 65 0 10 0 0 0 0 60 0
Post-ménopause 100 50 11 0 0 0 0 0 0
Ménopause 20 100 0 0 0 0 0 0 0
Activité génitale 90 6 5 0 0 0 0 0 0
Post-ménopause 100 3 5 0 0 0 0 0 0
Activité génitale 0 0 6 0 0 0 0 0 0
Ménopause 80 100 5 0 0 0 0 0 0
v Post-ménopause 100 85 25 0 0 0 0 0
Post-ménopause 10 45 11 13 +H+ 0 0 0
Post-ménopause 66 1 2 40 +H 0 0 0

Institut Bergonié, Bordeaux, FR

outcome

metastatic_relapse

date_metastatic_relapse

04/02/1999

04/09/1990
08/02/1993
15/12/1999

08/03/1995

06/04/1990
02/11/1994

27/10/1999



Prediction results

Logistic regression

1.0 ROC curve Calibration plot
1.0 1.0
0 0.8
§ g 0.81 208
= =
® 0.61 o g
e £ 0.6 g 0.6
N = o
] T
g 041 & 0.4] g 04
= g @
202l — < :
0.21 downsampled 021 —— downsampled (AUC=0.70) ©0.29 —— downsampled
full dataset ——  full dataset (AUC=0.75) —— full dataset
L | . 0. | | ‘ ] 0. ‘ ‘ ‘ ]
;{’éguracy AUROC NPV PPV F1 %o 0.2 04 06 0.8 1.0 %o 02 04 06 08 1.0
False Positive Rate Predicted probability
10 Random Forests
: ROC curve Calibration plot
1.0 . 1.0
0 0.8
§ 3 0.8 208
2 =
® e o 9
v 2 0.6 306
N £ 5
] ©
g 0.4 & 04 $04
o g @
o = 28
2 S
0.2 downsampled 0.2 ——  downsampled (AUC=0.69) ©02 —— downsampled
full dataset ——  full dataset (AUC=0.74) —— full dataset
| | o | | I I
,Qéguracy AUROC NPV PPV °%% 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Predicted probability



Neural networks

DL: artificial neural networks

X1 . a1
X2 @ — az
az ® v
X3 . a
Xn .

y =f(b + a;xs+...+anx,), f =logistic, softmayx, ...



Neural networks

DL: artificial neural networks

Hidden layers

Input layer

Data —

/ i’\.
t:
g

% \,&..«
“3?‘-: "I

©Debbie Maizels, Springer Nature



Success example of DL: computer vision

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

mite container ship motor scooter
mite container ship motér scooter
black widow lifeboat go-kart
cockroach amphibian moped
tick fireboat bumper car

2048

Max Max pooling
pooling pooling

drilling platform golfcart

o

grille mushroom erry Madagascar cat

convertible | agaric dalmatiah squirrel monkey

grille mushroom grape spider monkey

Hmi nmax pickup jelly fungus elderberry titi
beach wagon gill fungus |ffordshire bullterrier indri

fire engine | dead-man's-fingers currant howler monkey

Krizhevsky, A. et al. ImageNet classification with deep convolutional neural networks,
NIPS, 2012

©Science Etonnante

2
2
2
3

e
79
02




Classification of skin lesions

Melanoma: 130 images

* 129 450 anntotated images |
» Task = prediction benign/malignant z
« Similar performances as dermatologists 3
— Algorithm: AUC = 0.94 !
® Dermatologists (22) v
¢ Average dermatologist v
0 M
0 1
Sensitivity
Training classes (757) Inference classes (varies by task)

Skin lesion image Deep convolutional neural network (Inception v3)

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

il il ot B
onme/ M goooe/Heumes Hom
T T ) a0

Blue nevus . _ .
Halo nevus >@O 8% benign melanocytic lesion
Mongolian spot

= Convolution
= AvgPool
= MaxPool

= Concat

= Dropout

= Fully connected
= Softmax

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



Detection of lymph node metastases from histological images

[&] Test set HMS and MIT Il [€] HMS and MGH Ill

* 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
o '_|: HMS and MIT 1l
—— HMS and MGH I
09 HMS and MGH 11
0.8 i CULab Il
—— HMSand MIT |
@ Pathologist WOTC
0.8 ®  Pathologist WTC
o
. 06 WTC °
£
=
2 0.7
b5
v [©]
0.4 ry °
0649
(5] @
0.24
0.54
@
[ T T T T | 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 ﬂ

View seen by user

Nikogr

Output to accelerated
compute unit

Al algorithm

Augmented reality
A . » display

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



Quantitative analysis of histopathological slides in CRC

original image neural network activations

- . deep ADI
SI'dz”-z'i V\g;gow neural network BACK @ = threshold
% 47 layers DEB weighted

03 LYM sum
89 MUC
E outther?guron MUS @ deep
= activation NORM. @ stroma
o g STR score
69 TUM @

+ 100,000 patches of histological slides

e Stroma

*  94% classification accuracy on test data set

uswin| jeunsajul

evee o000

* « Deep stroma score » is a predictive factor

hazard ratio for TCGA data set (N=500 patients), corrected for stage, sex, age of survival independent of TNM stage (current
CAF score, Stage I-IV ® p=033  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 | Qo ‘ Semi-automatic delineation of volumes of interest | Qo ‘ Image processing ‘

BN

Absolute discretisation
Voxel resampling: 1x1x 1 mm?

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

Texture

%

Feature extraction |

o

Histogram Volume Gene expression

A T
score
o Radiomic W - > \/\
: . i signature

A

Technical

variables Pathology

Immune phenotype

Feature selection and i,
coefficient optimisation

Volumes of interest V\ Clinical response to

location

Gene expression signature of CD8 cells anti-PD-1 and anti-PD-L1

Oncol, 2018

Oc | Training | ﬁ\ Sun et aI., Lancet
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Mechanistic modeling of time to relapse

. Number of metastases with size

larger than the visible size V,

4 pre-clinical history TTR

< > D —— +oo
Noaslt) = [ plt,v)do

vdiag

t—Tuis
Visibility threshold = /O d(Vp(t))dt

Primary tumor T,is = time to reach V

growth
a

‘ «  Time to relapse (TTR) = time elapsed
' Metastatic . .

: growth from diagnosis to the appearance of a
' first visible metastasis

log(Tumor size)

Dissemination: p / /

TTR = inf {'[I >0: Nvis(tdiag + '[,') > 1}

~

N

[
NANANAN

0 TTR Lapsetime «  Parameter g fixed such that V,, =
from diagnosis

= tdiag
a
eP =102 cells



Mixed-effects statistical model
In (TZ> =1In (TTR (chiag; o, ,u’)) +&' & ~N(0,07%) (Observation model)

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

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

)

In (a ) =In (apop) + 7Ly 1L ~ N(0,w2)

In </ﬁ) = In (fpop) + 77;, 77,3 ~ N(Oawz)

Likelihood maximization performed using the SAEM algorithm implemented in

AU different, all equal

the saemix R package Lavielle, CRC press, 2014

Comets, Lavenu, Lavielle, J Stat Softw, 2017



Descriptive power: fit to the data

" \
0.8 1

(2]
L
=
(a]
0.6 - Kaplan-Meier estimate
— Model fit
0 5 10 15 20
Time to relapse (years)
Vdiag =10 mm
1.01 \
» 0.8 1
L
=
(a]
0.6 -

PhD of Chiara Nicolo

0 5 10 15

Time to relapse (years)

DMFS

1.0 1

0.8 1

0.6 -

Parameter Estimate r.s.e. (%)

10g Apop -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
\\ s
0.6 1
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
AN T i i i 2 log apop -8.883 10.151
In <u ) = In (ftpop) + BM Xy TNy My ™~ N(0, WM) Bricr o 0.086  27.376_2.59 10" |
BHER2,a 0.029 42.833 0.020
. T . . 9 BcDad,a 0.011 60.816 0.1
ln (QZ> — ln o -+ Xl + ¢ Ly N 0 w BTRIO o 0.016 58.119 0.085
(Qpop) + BaXe + o 7o (0,q) 10 fipop 26342 3.696
BEGFR,u 0.039 47.527 0.035
o 0.606 23.104
Calibration for 10-year outcome Test set Learning set Wa 2.062 29.715
N . N Wy 3563 16.759
%n_a— 1 2 8 4 5 6 7 8 N
c-index = 0.67
297 1 2 '3 4 5 6 7 8 N . .
(10-folds cross-validation)
0.5, | 1 2 3 4 5 6 7 8 N
o lwPredicl;gd prcvl;]aélsbilitieso.9 '
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
47 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 Nicold



Comparison of predictive metrics

5 years metastatic-free survival Mechanistic RSF

AUROC Accuracy PPV NPV

RSF 0.75 090 0.71 0.71 >
Mechanistic model 0.73 0.90 0.72 0.70
Cox 0.75 091 077 0.71

10 years metastatic-free survival

AUROC Accuracy PPV NPV
RSF 0.69 0.82 0.68 0.66
Mechanistic model 0.69 081 0.71 0.64 i
Cox 0.71 0.82 0.70 0.68 )
other tested ML models (support vector machine, k-nearest TE e o

neighbors, gradient boosting) had similar or worse
performances



