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Outline
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Thesis title:
Deep learning in public health, and contributions to statistical learning

Introduction

Background

General background

» application of deep learning on healthcare data

Background
» methodological research for machine learning

Algo

Experiments

Contributions in this thesis

Background

0OSMP

» ZiMM: a deep learning model for long term and blurry relapses with
non-clinical claims data

AOSMP

» Contrastive learning: theoretical guarantees on the contrastive
unsupervised representation learning for classification

» WildWood: a new random forest algorithm

» Online logistic regression: towards an efficient algorithm with better
regret guarantee



PhD defense

ZiMM

Model
Results

ZiMM:
a deep learning model for long term and
blurry relapses with non-clinical claims data



ZiMM: background

Deep learning and its applications

» Neural Networks, Convolutional Neural Networks, Recurrent Neural
Networks, Transformer...

» applications in Computer Vision, Natural Language Processing, audio,
time series, tabular data...

Electronic Healthcare Records (EHRs) & Claims data

» data sources: hospitals, institutions, companies... ~» SNDS

» specificities due to the nature of healthcare data: privacy, regulations,
fairness...

» other works using deep learning includes Lipton et al. (2016),
Rajkomar et al. (2018), Choi et al. (2019)...

~~ Objectives
» prediction
» representation learning

» interpretability
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ZIMM: data

Length of hospital stay
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SNDS (Systéme National des Données de Santé)
~~ non-clinical claims data
» 66 million French residents in total

» sequences of time-stamped events: drugs prescriptions, medical
procedures, diagnostics, hospital stays

> data extraction: SCALPEL-3 (Bacry et al., 2020)

Begnin prostate hyperplasia (BPH)

» drugs regularly needed for urination problem

» post-surgical complications: persisting urination problem

~» TURP surgery + at least 18 months records after surgery
» 138976 patients
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ZiIMM: zero-inflated multinomial model

PhD defense

Number of patients
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Figure: Histogram of n; for n; > 0

» Label n; = 2?:1 Yib, features x;, for patient i Experiments
» We suppose

Background

0OSMP

n;i ~ Categorical(mo(x;), m1(x), . .., m8(x)) AOSMP

» and also

Jo,...,0] if b=0,
Multinomial(b, ps,1(xi), - - . , ps,8(xi)) otherwise

yil(xi, ni = b) ~ {

~ mo(xi), m1(xi), ..., me(xi), ppa(xi), ..., pb,e(Xi) are learnable
parameters specific to patient /.



ZiIMM: Encoder - Decoder architecture

End-to-end supervised framework

Claims Data Preprocessing

7

Medical codes embeddings

Hospital diagnoses Medical procedures

Embeddings aggregation inside a time window
via multi-head self-attention mechanism

Embedding of hospital stay length ~ Embedding of horizon

A
Encoder

Concatenated Decoder
—>» with static patient —>
characteristics

ZiMM: prediction of parameters of a zero-inflated mixture model

PhD defense
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ZiIMM: experiments

» ZiMM Encoder-Decoder implemented in Python, Tensorflow2

» predictive performance compared to some baseline models

Model ‘ mean-AP AUC-ROC AUC-PR
LRI2-SF 0.19 0.64 0.50
GBDT-SF 0.24 0.67 0.56
MLP-SF 0.18 0.64 0.49
LRI2-DF 0.21 0.65 0.53
GBDT-DF 0.25 0.68 0.57
MLP-DF 0.19 0.65 0.50
Word2vec-ISS | 0.20 0.65 0.53
LSTM-ISS 0.21 0.67 0.54
Patient2Vec - 0.68 0.55
ZiMM ED | 0.306 0.701 0.619

» extensive experiments for hyperparameters tuning

» visualization for learned medical codes representations
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ZiIMM: wrap-up

PhD defense

» proposed a probabilistic model for blurry relapses Background

Model

» exploited healthcare claims database with deep learning architectures Results
» possible future works:
® including more data from hospital: vital signs, test results...

Background

® multi-task predictions, pre-training techniques for representation Experiments
learning
Ba round
Publication OSMP

ZiMM: a deep learning model for long term and blurry relapses with
non-clinical claims data, Journal of Biomedical Informatics, 2020,
with A. Kabeshova, B. Lukacs, S. Gaiffas, E. Bacry.
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WildWood: a new random forest algorithm




WildWood: background

PhD defense
Setting: batch supervised learning
Random forest (Breiman, 2001)
» bootstrap aggregation: in-the-bag, out-of-bag samples
» decision tree predictor (in-the-bag + feature subsampling)

firs) s X = V,x = Y

Background
Algo

where C(x) is the unique leaf containing x
» then RF predictor

Experiments

Background
OSMP

M ,
1 —~ AOSMP
g(-:my==S"F(-:Nn
BMm =5 3 7(n)
Exponential weight aggregation (Cesa-Bianchi and Lugosi, 2006)

~ v —nlg
) :/efe(.)v(de) where 2117(9) i:m
©

with Ly the loss of % on all the training data



WildWood: improved tree prediction

Exact aggregation
WildWood tree prediction function

S rer m(T)e "1 2()
Srern(T)e 0T @

with 77 > 0 temperature parameter, 7(T) = 27"l || T|| denotes the
number of nodes in T minus its number of leaves that are also leaves of

T, Lt = Zieloob K(?T(Xi)ayf)

> aggregation of the predictions y7(-) of all subtrees T, weighted by
exp(—nLt) together with prior w(T) =2~ T

» “a non-greedy way to prune trees”
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Wildwood: theoretical guarantees

PhD defense

Theorem (Oracle inequality)

Assume that ¢ is n-exp-concave. Then, 3 given by (1) satisfies the oracle
inequality

1 2 : 1 S |
0(F(x: ) < f ¢ ; ’ Tt
Noob Z ( (Xl)7 yl) TIET { Noob Z (yT(X,)7yl) + n(noob =+ 1) :
i€loob i€loob Background
Algo
where the infimum is taken over all subtrees T C T rooted at root, and EpTERS
C =log2.

Background
OsmMP
AOSMP
» Predictor (1) is almost as good as the best of any pruning of the
same tree

» Proof inspired from Dalalyan and Tsybakov (2007)

» classification tasks + log-loss ~ n =1

» regression tasks + least-square loss ~» 1 = é



WildWood: efficient implementation

Theorem (Simplified version)

The prediction function (1) can be computed recursively along the path of
x in T, with a computational cost in the same order with that of a
standard RF.

» thanks to context tree weighting (Catoni, 2004)

» native support for categorical features
» histogram strategy to accelerate split finding

» WildWood implemented in Python, open-sourced at
https://github.com/pyensemble/wildwood

PhD defense



https://github.com/pyensemble/wildwood

WildWood: experiments (1)

| XcB LGBM CB HGB | RF10  RF100  WW10  WW100
adult 0.930 0.931 0.927 0.930 0.916 0.919 0.918 0.919
bank 0.933 0.935 0.925 0.930 0.917 0.929 0.924 0.931
breastcancer 0.991 0.993 0.987 0.994 0.974 0.978 0.992 0.992
car 0.999 1.000 1.000 1.000 0.996 0.996 0.997 0.998
covtype 0.999 0.999 0.998 0.999 0.996 0.998 0.996 0.998
default-cb 0.780 0.783 0.780 0.779 0.748 0.774 0.773 0.778
higgs 0.853 0.857 0.847 0.853 0.812 0.834 0.818 0.835
internet 0.934 0.910 0.938 0.911 0.841 0.911 0.923 0.928
kddcup 1.000 1.000 1.000 1.000 0.997 0.998 1.000 1.000
kick 0.777 0.770 0.777 0.771 0.736 0.752 0.756 0.763
letter 1.000 1.000 1.000 1.000 0.997 0.999 0.996 0.999
satimage 0.991 0.991 0.991 0.987 0.980 0.989 0.983 0.991
sensorless 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
spambase 0.990 0.990 0.987 0.986 0.980 0.986 0.983 0.987

Table: Test AUC after hyperoptimization

PhD defense




WildWood: experiments (2)

| Training time (seconds) Test AUC

| xeB LGBM CB HGB | RF W XGB LGBM CB HGB | RF W
covtype 10 3 120 14 21 3 0.986 0.978 0.989 0.960 0.998 0.979
higgs 36 30 653 85 1389 179 0.823 0.812 0.840 0.812 0.838 0.813
internet 9 4 188 8 0.4 03 0.918 0.828 0.910 0.500 0.862 0.889
kddcup 175 41 2193 31 208 12 1.000 0.638 0.988 0.740 0.998 1.000
kick 7 0.4 50 0.7 31 5 0.768 0.757 0.781 0.773 0.747 0.751

Table: Training times default hyperparameters

PhD defense

AOSMP



WildWood: wrap-up

PhD defense

» improved tree prediction with exponential weight aggregation over all
subtrees, at small computational cost

» efficient implementation in Python, with native support for

categorical features and histogram strategy S
» future directions include: S
® implementation improvement (feature importance, distributed
training...)

® subtree aggregation for other algorithms

Pre-print
WildWood: a new random forest algorithm,
with |.Merad, S. Gaiffas.
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Online logistic regression:
towards an efficient algorithm with better

Online Log Reg

regret guarantee



Online logistic regression: background (1)

Setting: online supervised learning PhD defense

Online logistic regression
At each time step t =1,2,...,

» environment reveals x; € X C R
> agent chooses y;, based on (xi, y1),. .., (xe—1, yt—1) and x;
» environment reveals the actual y; € {—1,+1}
» agent suffers (¥, y:) = —log o(y:y:), with o(u) == m sigmoid
Some remarks Srckaround
> log-loss with p(y | x,6) = o(y - 8" x) Aosme

» Performance of successive predictions (¥;)¢=1,....» measured by regret

.....

Regret, == Zé(?t,yt) - gig(fa ZZ(GTXt,yt)
=1 =1

» Usual assumptions: with some R, B > 0,
® llxll<R
® comparison class F = {x — (0,x),]|0]| < B}, © = {6 € R?, |10 < B}



Online logistic regression: background (2)

Algorithms for Online logistic regression

» Proper vs. improper

® Hazan, Koren, and Levy (2014): any O(B log n) regret is impossible
for proper algorithms

» non-Bayesian vs. Bayesian

Algorithm ‘ Type Regret upper-bound Computational cost
OGD (Zinkevich, 2003) Proper BR+/n nd
ONS (Hazan, A. Agarwal, and Kale, 2007) Proper deBR log(n) nd?
Foster et al. (2018) Improper, Bayesian d log(BRn) BOn12(Bn + d)12
AIOLI (Jézéquel, Gaillard, and Rudi, 2020) Improper, non-Bayesian dBR log(BRn) nd? + nBR log(n)
GAF* (Jézéquel, Gaillard, and Rudi, 2021) Improper, Bayesian dBR log(n) + dB? nd? + n
FOLKLORE* . 2
(N. Agarwal, Kale, and Zimmert, 2021) Improper, non-Bayesian dBR log(n) nd“ + nBR log(n)
? Improper, non-Bayesian  ?(d + B2R2) log(n)? efficient

Sample Minmax Predictor (SMP) for batch setting

» SMP (Mourtada and Gaiffas, 2019) for logistic regression: excess loss
in O((d + B*R?)/n)

» equivalent version under online setting?

PhD defense

Experiments

Background
OSMP
AOSMP



OSMP: One-Step Minmax Predictor

PhD defense

» At time t, consider \-ridge-penalized regret, with some A > 0

-1 t—1
G y)+ 3 130 = Jof (K0T xe.y0) + 3000075 30) + A1)
5= s=
————
Leeq Lx,t—1(0)
~~ choosing ¥: in a minmax fashion, with (xs, ys)s=1,...,t—1, Xt known L\[
» OSMP uses
yo = argmin sup sup {€(7,y0) = (€0 x ) + Lea(6))
JeER  yre{-1,1} peRrd

» Using log-loss properties, OSMP is equivalent to

S +1x —1x
Y = 7L)\,t + L)\,t

with LY, := infycpa {00 xe,y) + Lx,e—1(0)} for y € {—1,+1}



OSMP: algorithm

PhD defense

Algorithm 1 One-Step Minmax Predictor (OSMP) description. Backe

1: Inputs: Parameters A > 0, n,d > 1 constants B,R > 0 h_—
2. Initialize: Ly o(0) = A |0
3 fort=1,...,ndo Background

Receive x; Exparima
Compute LY, « infyepa {£(0" X, ) + Lrc-1(0)} for y = —1 and

y =+1 Bacgron
Predict y; + —L{* + L7
Receive y;

Update function Ly () = Lx,c—1(0) + £(07 x, y:)

end for




OSMP: regret analysis

» Consider Regret,(6) relative to a comparison parameter 6, then

n

Regret, () < > (€Fe) = inf Lua(0)+ inf Lyca(6) )42 107

t=1

> Assume ||x:|| < R. Running OSMP with X > R?, then
P < e 0! (Be) - [xelger, ooy

with 6, := argmingpa Lx,:(6)
® generalized self-concordance of L) ;
» But

n

>0 ((00x) - lxellfons, oy <7

t=1

PhD defense
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AOSMP: Approximated One-Step Minmax
Predictor
» AOSMP uses PhD defense

Y: = argmin  sup sup {6()7, Vi) — (Z(@Txt,yt) + Ex,t71(9))}

YER  yre{—1,+1} ocrd

with Ly e-1(0) = Y1 (07 xe, y6) + A 6], and

7:(0) = 6:(8:) + g (0 — 6:) + %nt (6 - ét))2 @

with g == V2:(0:), e == o' ({0, x))/(1 + BR) and we choose
0, = argmin I:K‘yt(H) with I:Kt(G) =000 xe,y) 4+ Lx.t-1(0)

GGRd Background

» Inequality from AIOLI (Jézéquel, Gaillard, and Rudi, 2020): for any
6]l < B,

2:(0) < £:(0)

» Using log-loss properties,
yt = _Z;lt* + Z;,lt*

with [Y", = infycze {e(eTxt,y) + Zk,t_l(e)} for y € {—1,+1}



AOSMP: algorithm

PhD defense

Algorithm 2 Approximated One-Step Minmax Predictor (AOSMP) descrip-

tion. Bt
1: Inputs: Parameters A > 0, n,d > 1, constants B,R >0 B
2: Initialize: Function Ly o(6) = 6]
3: fort=1,...,ndo Background
4: Receive x;
~ ~ Experiments
5: Compute L{:k — infpcpa {Z(QTxt,y) + L/\yt,l(a)} fory =—1and y =
+1 . .
6 Predict y + —L{ ' + L}
7: Receive y;

8: Compute 6 argmingcpd {Z(GTxt,yt) + Z/\J_l(@)}, and function 7¢(0)
as specified in Equation (2)

o: Update function Ly ;(0) = Ly +—1(0) + Z:(6)

10: end for




AOSMP: regret analysis

Theorem

Let (x1,y1),-- -, (xn,¥n) € [-R, R]? x {—1,41} be an arbitrary sequence
of observations. We run AOSMP (Algorithm 2) with X > R*. Then its
regret against any ||0|] < B satisfies

nR2 2
<Le- _— .
Regret,(0) < e- (1+ BR)dlog (1—|— 8d(1—|—BR))\> + X0l

In particular, choosing A = R? yields

n 22
t, < e- (14 BR)dI 14— —— B°R".
Regret, < e (1+ BR) og( + 8d(1+BR)) +
» pseudo instant regret 7; == (Ve yi) — I:;ﬂt + I:;,t—l
> again generalized self-concordance of L,

%i<e o (B, x)) - <(v2£§§t(§t))*lxt,xt>

with 0; = argminy_gd Df’t(ﬁ), and
t—1

VALK (00) = o' (B, xe))xexe + > o' (B, x:))xsXs" + 2\l
s=1

1+ BR

PhD defense




OSMP, AOSMP: wrap-up

» One-Step Minmax Predictor for online logistic regression

® OSMP

® AOSMP: using approximated loss

> regret analysis

Algorithm ‘ Type Regret upper-bound Computational cost
OGD Proper BR+/n nd
ONS Proper deBR 10g(n) a2
Foster Improper, Bayesian d log(BRn) Bsnlz(Bn + d)12
GAF* Improper, Bayesian dBR log(n) + dB2 nd? + n*
AIOLI Improper, non-Bayesian dBR log(BRn) nd? + nBR log(n)
FOLKLORE* Improper, non-Bayesian dBR log(n) nd? + nBR log(n)
? Improper, non-Bayesian (d + B2 RZ) log(n)? efficient
AOSMP Improper, non-Bayesian dBR log(n) + B2R? nd? + nCep

Collaboration with |. Merad, J. Mourtada, S. Gaiffas.

PhD defense
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Conclusion
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Concluding remarks

PhD defense

In this presentaion

» a deep learning model for post-surgical complications prediciton with
non-clinical claims data (ZiMM)

> A new random forest algorithm (WildWood)

» Studies on some new algorithms for online logistic regression (OSMP,
AOSMP) Background

0OSMP
AOSMP

Conclusion

Thank you for your attention!
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