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@ &% construct by means of
e SX comes from chaos expansion of a r.v.
e DX is the chaos annihilation operator
@ % construct by means of
o (8%, DX) are cylindrical variables and "true” stochastic gradient

No direct approach for filtered Poisson and filtered Lévy processes
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@ (Bender (2003))
@ In the (marked) Poisson setting X = N
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@ In Lévy setting X = L
@ (Savy, Vives (2014))
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What about integrals defined by “true” stochastic gradient ?

@ In the Brownian case 68 = 65
@ Even in standard Poisson setting 52(u) # 6a4(u)
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e Strong Law of Large Number: 07 :—5> 0

o =

e Central Limit Theorem in the stable case (6 < 0)

VT(07 — ) % N(0,—26)

e Central Limit Theorem in the unstable case (6 > 0)
exp(0T)(Or — 0) —=—20C  where C is Cauchy
T—oo

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 10/64



i ® FNs‘nruT
e MATHEMATIQUES

Asymptotic behaviour of (57) in terms of Large Deviation Principle

@ If /is regular and strictly convex then / expresses as the Fenchel-
Legendre dual of the limit £ of the log-Laplace transform of Zr:

I(c) := sup [ct — L(1)].



LDP and SLDP for O-U processes ) .

Habilitation thesis

Asymptotic behaviour of (87) in terms of Large Deviation Principle i

Deﬂnition Stochastic Calculus

@ A family of random variables (Zr) satisfies a LDP of good rate
function [ if there exists a function /I.s.c. from R to [0, +-o0] s.t.

||r>nx 7_ logP[Zr > c] = —I(c), forallc > E[Zr] pepes P
Research

Conclusions and
Perspectives

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 11/64



LDP and SLDP for O-U processes

Asymptotic behaviour of (87) in terms of Large Deviation Principle

@ A family of random variables (Z7) satisfies a LDP of good rate
function / if there exists a function / I.s.c. from R to [0, +o¢] s.t.

||m 7_ logP [Zr > c] = —I(c), forallc>E|[Z7]

@ If /is regular and strictly convex then / expresses as the Fenchel-
Legendre dual of the limit £ of the log-Laplace transform of Z7:

I(c) :=sup[ct — L(1)].

teR

Nicolas SAVY Habilitation thesis defence

Habilitation thesis
defence

Stochastic Calculus

Applied Statistics
for Medical
Research

Conclusions and
Perspectives

Wednesday June, 18th 11/64



LDP and SLDP for O-U processes

Asymptotic behaviour of (87) in terms of Large Deviation Principle

@ A family of random variables (Z7) satisfies a LDP of good rate
function / if there exists a function / I.s.c. from R to [0, +o¢] s.t.

||m 7_ logP [Zr > c] = —I(c), forallc>E|[Z7]

@ If /is regular and strictly convex then / expresses as the Fenchel-
Legendre dual of the limit £ of the log-Laplace transform of Z7:

I(c) :=sup[ct — L(1)].

teR

Setting (0 < 0,H = })

Nicolas SAVY Habilitation thesis defence

Habilitation thesis
defence

Stochastic Calculus

Applied Statistics
for Medical
Research

Conclusions and
Perspectives

Wednesday June, 18th 11/64



LDP and SLDP for O-U processes

Asymptotic behaviour of (87) in terms of Large Deviation Principle

@ A family of random variables (Z7) satisfies a LDP of good rate
function / if there exists a function / I.s.c. from R to [0, +o¢] s.t.

||m 7_ logP [Zr > c] = —I(c), forallc>E|[Z7]

@ If /is regular and strictly convex then / expresses as the Fenchel-
Legendre dual of the limit £ of the log-Laplace transform of Z7:

I(c) :=sup[ct — L(1)].

teR

N=
~

Setting (0 < 0, H =

=
~

Setting (6 > 0,H =

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th

Habilitation thesis
defence

Stochastic Calculus

Applied Statistics
for Medical
Research

Conclusions and
Perspectives

11/64



LDP and SLDP for O-U processes

Asymptotic behaviour of (87) in terms of Large Deviation Principle

@ A family of random variables (Z7) satisfies a LDP of good rate
function [ if there exists a function /I.s.c. from R to [0, +-o0] s.t.

||m 7_ logP [Zr > c] = —I(c), forallc>E|[Z7]

@ If /is regular and strictly convex then / expresses as the Fenchel-
Legendre dual of the limit £ of the log-Laplace transform of Z7:

I(c) :=sup[ct — L(1)].

teR

Setting (0 < 0, H = 3)
)

Setting (6 < 0,H # 3)

N=

Setting (¢ > 0,H =

=

Nicolas SAVY Habilitation thesis defence

£ e

Habilitation thesis
defence

Stochastic Calculus

Applied Statistics
for Medical
Research

Conclusions and
Perspectives

Wednesday June, 18th 11/64



LDP for O-U processes

First, notice that, for any c,

)
” X X”
Lo XidX" | izae) < 0)

{frsop = JIxzdt ~

where

T T
Zr(a,c):a/ Xtht—ac/ XE dt.
0 0

Nicolas SAVY Habilitation thesis defence

INSTITUT
de MATHEMATIQUES

Habilitation thesis
defence

Stochastic Calculus

LDP and SLDP for
Ornstein-Uhlenbeck
processes

Applied Statistics
for Medical
Research

Conclusions and
Perspectives

Wednesday June, 18th 12/64



INSTITUT
de MATHEMATIQUES

Habilitation thesis
defence

LDP for O-U processes

First, notice that, for any c,
Stochastic Calculus

)
” X X”
Ch XX | zae) <o)

T y2
fo Xg dt
LDP and SLDP for
Ornstein-Uhlenbeck
processes

where
Applied Statistics
for Medical

T T
ZT(a, C) =a / X[ dX[ — ac / X[2 dt Research
0 0

{5T < c} —

Conclusions and
Perspectives

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 12/64



LDP for O-U processes p S

Habilitation thesis
defence

First, notice that, for any c,

Stochastic Calculus

;
” X XH
" Jo XeaXi" <cy < {Zr(ac) <0}

_
ST X dt
LDP and SLDP for

Ornstein-Uhlenbeck
processes

where
Applied Statistics

{§T < c} —

for Medical

T T
ZT(a, C) =a / Q;‘-’ dY[H —ac / (Q{“I)z d < MH >t Research
0 0

Conclusions and
Perspectives

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 12/64



TuT

LDP for O-U processes B e

Habilitation thesis

First, notice that, for any c, defence
T
=R ” X an Stochastic Calculus
Or < c{ <= Mgc < {Zr(a,c) <0}
[T X2t
0 Mt
where
T T ‘/\pp;\/;ni Lﬁtz‘at\sw:s
Zi(a,c) = a / of dv — ac / Q2 d < M >, . S
0 0

To establish an LDP, we have to study the Laplace transform

Conclusions and
Perspectives

Lr(a,c) = l_,_ log E [exp(Z7(a, ¢))]

especially the description of the domain A, of the limit £ of Lt

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 12/64



LDP for O-U processes B e

Habilitation thesis

Stochastic Calculus

Applied Statistics

First, notice that, for any c, dofonce
-
~ " X dXy
{97§C}<:> %gc — {Zr(a,c) <0}
fo X2 dt
where
T H H T H\2 H for Medical
ZT(a, C) =a Q[ dYt —ac (Qt ) d < M >t Research
0 0

To establish an LDP, we have to study the Laplace transform

Lr(a,c) = l_,_ log E [exp(Z7(a, ¢))]

especially the description of the domain A, of the limit £ of Lt

I(c) = — inf_£(a) (6)
aclA¢
and denote a. = argmin £(a) (7)
aclhc

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th

Conclusions and
Perspectives

12/64



LDP for O-U processes £ v

Fundamental Lemma |

Habilitation thesis
defence

Stochastic Calculus

@ Thelimit L of L1 is

£(8) = —y(a+ 0+ (a)

with

o(a) = V0?2 +2ac  for (0 < 0)
T —Ve2+2ac for (6 > 0)

@ jts domain A is

{a € R s.t. 0°4+2ac > 0 and \/ 62 + 2ac > max(a+9; f(SH(a+9))}

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 13/64



LDP for O-U processes p I

Habilitation thesis
defence

Theorem (Stable setting 6 < 0)

Stochastic Calculus

The sequence (67) satisfies an LDP with rate function

(c—06)? | osf
S i) Y
I(c) = ic ifc<6/3 |
2c—0 if c>6/3 °2\_,/
ForH=}
For H # }

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 14/64



LDP for O-U processes p I

Habilitation thesis
defence

Theorem (Stable setting 6 < 0) Stochastic Calculus

The sequence (67) satisfies an LDP with rate function

Y fe<9/3 .
2c— 0 if c>6/3

For H= 1
For H #

= N

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 14/64



LDP for O-U processes p I

Habilitation thesis
defence

Theorem (Stable setting 6 < 0) Stochastic Calculus

The sequence (67) satisfies an LDP with rate function

Y fe<9/3 .
2c— 0 if c>6/3

For H= 1
For H #

= N

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 14/64



LDP for O-U processes p I

Habilitation thesis
defence

Theorem (Stable setting 6 < 0) Stochastic Calculus

The sequence (67) satisfies an LDP with rate function

(c—0? . :
I(c) = ic if ¢<06/3 0
2c—0 ife>0/3 ./
0al Easy Hard
ForH=}
For H+# }

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 14/64



LDP for O-U processes

Theorem (Unstable setting 6 > 0)

The sequence (67) satisfies an LDP with rate function

ForH =}

Nicolas SAVY

if ¢ < —0,
if |c| <0,
if c=0,
if ¢> 0.

Habilitation thesis defence

'S e

Habilitation thesis
defence

Stochastic Calculus

Applied Statistics
for Medical
Research

Conclusions and

Perspectives

Wednesday June, 18th 15/64



LDP for O-U processes

Theorem (Unstable setting 6 > 0)

INSTITUT
ie MATHEMATIQ

h

Habilitation thesis
defence

Stochastic Calculus

The sequence (67) satisfies an LDP with rate function

- (c—6)?
4c
(@) = Z
2c—0
ForH=}

Nicolas SAVY

if ¢ < —0,
if |c| <0,
i @= @),
if ¢ > 6.

Easy

Habilitation thesis defence Wednesday June, 18th 15/64



LDP for O-U processes

Theorem (Unstable setting 6 > 0)

The sequence (67) satisfies an LDP with rate function

ForH=}

Nicolas SAVY

if ¢ < —0,
if |c| <0,
i @= @),
if ¢ > 6.

18 Easy

Habilitation thesis defence

Hard

NSTITUT
ie MATHEMATIQ

h

Habilitation thesis
defence

Stochastic Calculus

Applied Statistics

for Medical

Research

Wednesday June, 18th 15/64



LDP for O-U processes

Theorem (Unstable setting 6 > 0)

The sequence (67) satisfies an LDP with rate function

ForH=}

Nicolas SAVY

if ¢ < —0,
if |c| <0,
i @= @),
if ¢ > 6.

e Easy Hard

Habilitation thesis defence

'S e

Habilitation thesis
defence

Stochastic Calculus

Research

Conclusions and

Perspectives

Wednesday June, 18th 15/64



SLDP for O-U processes e
Fundamental Lemmas Il i R

Habilitation thesis

To establish an SLDP we have to study deeper the behaviour of £ -

Stochastic Calculus

LDP and SLDP for
Ornstein-Uhlenbeck
processes

Applied Statistics
for Medical
Research

Conclusions and
Perspectives

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 16/64



SLDP for O-U processes £ v

Fundamental Lemmas I

Habilitation thesis

To establish an SLDP we have to study deeper the behaviour of £ "

@ An eXpanSiOn of £T for any a in the interior of AC Stochastic Calculus

Lemma

For any a in the interior of A¢, we have the expansion :

1 1
Lr(a) = L(a) + =H(a) + =Rr(a)
T T
where H(a) = —3 log (%) and Rt (a) is a remainder term

ctives

Perspe

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 16/64



SLDP for O-U processes

3
Fundamental Lemmas || 2
To establish an SLDP we have to study deeper the behaviour of £ Habiltation thesis

defence

@ An expansion of L1 for any ain the interior of A¢
For any a in the interior of A¢, we have the expansion :

Lr(a) = £(a) + lTH(a) + lT/RT(a)

where H(a) = —3 log (%) and Rt (a) is a remainder term

@ Analysis of the behaviour at ac

e Easy case: no problem ac € A¢

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 16/64



SLDP for O-U processes

b3
Fundamental Lemmas I ok
To establish an SLDP we have to study deeper the behaviour of £ Habiltation thesis

defence

@ An expansion of L1 for any ain the interior of A¢

Lemma

For any a in the interior of A¢, we have the expansion :
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Lr(a) = £(a) + lTH(a) + lT/RT(a)

where H(a) = — 1 log (7*”(3) (216)

O] ) and Rr(a) is a remainder term

@ Analysis of the behaviour at ac

o Easy case: no problem a; € A¢

® Hard case: ac ¢ A¢ but there is a family ar such that ar € A¢ forany T,
ar T*> ac and for T large enough,
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The sequence (97) satisfies an SLDP.
@ Forallc <0/3,

it exists a sequence (d; «) such that, forany p > 1 and T large enough
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The sequence (67) satisfies an SLDP.

@ Forallc <6/3,
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e Patients inclusion and exclusion criteria

o Statistic analysis plan especially:
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@ In order to recruit these N patients, several investigators centres
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The recruitment period is the duration between the initiation of the first
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e Analogy with queueing theory

Queueing theory Clinical research Applied Statstics
for Medical
Research
Storage capacity = «+—  target population or cohort
Server — None
Exit process — Drop-out patients Conclusions and
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Entry process ~ +— Recruitment erspectives

@ |t is thus natural to model the recruitment period by means of
Poisson processes.
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@ N: number of patients to be recruited
@ Tg: expected duration of the trial
@ \/;: the recruitment process for centre i
—> modelled by a PP of rate \;
@ \: the global recruitment process
—> modelled by a PP of rate A = }_ )\,
@ T(N): the recruitment duration
— is the stopping time inf {t € R| N (t) > N}

@ T aninterim time
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The recruitment process model p I

Habilitation thesis

defence
Consider a multicentric trial involving C investigator centres Stochastic Calculus
@ N: number of patients to be recruited
@ Tg: expected duration of the trial
@ N;: the recruitment process for centre i i
—> modelled by a PP of rate \; Rescath
@ N the global recruitment process
— modelled by a PP of rate A = 3" ), e

@ T(N): the recruitment duration
— is the stopping time inf {t € R| N (t) > N}
@ T aninterim time

@ 77, denote the history of the process up to T
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Feasibility of the trial - Estimation of duration trial
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@ If \ is known (given by the investigator) then

The feasibility of the trial expresses by:
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The recruitment process model

Feasibility of the trial - Estimation of duration trial

@ If \ is known (given by the investigator) then

The feasibility of the trial expresses by:

P[N(Tg) > N | Fr,]

N—Nj —1 ; \ k

T C
1 T, [+. (Xq+...+xp)dt T.
c </T1H(X1 +...+ xc)dr> e 7 © H p; () dx; (8)

1 L
k=0 k' 'R

th
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The recruitment process model

Feasibility of the trial - Estimation of duration trial

@ If \ is known (given by the investigator) then

The feasibility of the trial expresses by:

PN(Te) > N | Fr,]

Ny —1 T
1 1 (xq+...+xc)at C 7|

1 T, \K —J
/,C </T1H(x1 + .. —xc)dr> e 1 1_[/3A () dx; (8)

o K
The expected duration E [T,] of the trial expresses by:

T
ar r N Py (X1, ..., Xc)
E bgﬁ{.\(t) > N} \]:TJ ,N'”C e dxy ... dxe (9)
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The recruitment process model
Feasibility of the trial - Estimation of duration trial

@ If \ is known (given by the investigator) then
The feasibility of the trial expresses by:

PIN(Tr) = N | Fr,]
T (x4 +..+xg)at C 7

N—Ny —1 3
=1 i ! / /‘TH(X + ...+ xg)dt keifT Hp (x;) dx, (8)
2C Ui 1 C L by (L) ek

o K
The expected duration E [T,] of the trial expresses by:

Py (x4, ... xc)

E | inf {N(t) > N N[ B Xe) g
ngi{ (0= }‘FT‘} Jee Xt dxe OO =

Involving pf the forward density of \.
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The recruitment process model
Feasibility of the trial - Estimation of duration trial

@ If \ is known (given by the investigator) then
The feasibility of the trial expresses by:

PN(Te) > N | Fr,]

=05 =1 T, Kk — (T (xy+...4xc)dt C T
=1— = o /‘C</T1H(x1+..,—xc)dr> e °N i © Ep;(xl)dx, (8)
The expected duration E [T,] of the trial expresses by:
E|inf (N() >N} | Fr. | =N [ pii(x‘“”’md d 9
R R e B s P SO

Involving pf the forward density of \.

@ If \ is unknown then
@ 1 an estimation of \ from the data collected on [0, Ty]
@ Replace A by X in (8) and (9)
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On-going studies ;p; S vamioues
going s
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Figure: On going study at 1 year (on the left) and at 1.5 year (on the right)

@ Dots: Real data used to calibrate the model
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Figure: On going study at 1 year (on the left) and at 1.5 year (on the right)
@ Dots: Real data used to calibrate the model
@ Solid line: estimated number of recruited patients

@ Dotted line: Confidence Intervals
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The recruitment process model £ v

Introduction of a empirical Bayesian model
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Limit of this approach
Problem 1: If p estimations are needed to describe A;, C - p
estimation are needed to describe A/

When C large, this is not relevant
Applied Statistics

Problem 2 : If centre i has not recruited before Ti, then X; = 0 and ‘R Mf(ﬁ:a‘
the model does not authorize centre j to recruit later

Conclusions and
Perspectives

Empirical Bayesian model
Ones considers
()‘1 3ttty AC)
is a sample of size C distributed by a certain distribution £(6)

Instead of estimate C values of \, one estimates 0
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The recruitment process model

Introduction of a empirical Bayesian model

@ [-Poisson model

o Rates are I'(«, 8) distributed.
o Distribution of T is explicit.

@ [1-Poisson model

o Rates are Pareto-(xm, kp) distributed.
@ 20% of centres recruit 80% of patients.

o Distribution of T is no more explicit (Monte Carlo Simulation).
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The recruitment process model

Introduction of a empirical Bayesian model

@ [-Poisson model

o Rates are I'(«, 8) distributed.
o Distribution of T is explicit.

@ [1-Poisson model

o Rates are Pareto-(xm, kp) distributed.
@ 20% of centres recruit 80% of patients.

o Distribution of T is no more explicit (Monte Carlo Simulation).

@ UUT-Poisson model
e Centre opening date are unknown and uniformly distributed
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Comparison of models on a real data

An application to real data

@ Objectives:

e N = 610 patients
e Tp = 3years

e Cp = 77 investigators centres

@ On-going studies: after 1 year, after 1.5 year and after 2 years

@ The estimated duration of the trial

The model Time 1 Time 1.5 | Time 2
Constant intensity 3.30 2.63 2.44
-Poisson model 3.31 2.63 2.44
M-Poisson model 2.63 2.39 2.36
UT-Poisson model 2.60 2.34 2.36
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Comparison of models on a real data
An application to real data

@ Objectives:
e N = 610 patients
e Tp = 3years
e Cp = 77 investigators centres

@ On-going studies: after 1 year, after 1.5 year and after 2 years
@ The estimated duration of the trial

The model Time 1 Time 1.5 | Time 2
Constant intensity 3.30 2.63 2.44
-Poisson model 3.31 2.63 2.44
M-Poisson model 2.63 2.39 2.36
UT-Poisson model 2.60 2.34 2.36

o Effective duration of the trial : 2.31 years

@ The end of the trial was predicted with an error of 15 days, 10 mouths

before the expected date
@ 56 centres would be enough for ending in 3 years.
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@ Drop-out at the inclusion
modelled by a probability p; in centre i
(p1, ..., pc) sample having a beta distribution
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Improvement of patient recruitment’ models -
Models with screening failures D
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Models investigated in i
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tl-J tt-_l + R tb-,.l +7 Research
. Screening period : Follow up period :
Inclusion Randomization End of follow up

Conclusions and
Perspectives

@ Drop-out at the inclusion
modelled by a probability p; in centre i
(p1, ..., pc) sample having a beta distribution
@ Drop-out during the screening period
modelled s;; modelled by an exponential distribution of intensity ¢;
(61, ...,0c) sample having a gamma distribution
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@ T is aninterim time.
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@ The recruitment dynamic is I'(«, 8)-Poisson. e e
@ Drop-out process is directed by p a constant or B(w)1, 12).

@ Ti is an interim time.
e T; the duration of activity of centre j up to Ty (assume ; > R)
e n; number of recruited patients for centre j up to T4
e r; number of randomized patients for centre i up to T S

Applied Statistics

Theorem ((Anisimov, Mijoule, Savy (in progress)))
Given data {(n;, ri, i), 1 < i < C}, the log-likelihood function writes:

LA ((),, 3, p) = L1 ((Y, 3) 4 ﬁmg(p)
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@ The recruitment dynamic is I'(«, 8)-Poisson. e e
@ Drop-out process is directed by p a constant or B(w)1, 12).

@ Ti is an interim time.
e T; the duration of activity of centre j up to Ty (assume ; > R)
e n; number of recruited patients for centre j up to T4
e r; number of randomized patients for centre i up to T S

Applied Statistics

Theorem ((Anisimov, Mijoule, Savy (in progress)))
Given data {(n;, ri, i), 1 < i < C}, the log-likelihood function writes:

Li(a, B,¥1,192) = L11(a, B) + L1,2(1,12)
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@ The recruitment dynamic is I'(«, 8)-Poisson.
Stochastic Calculus
@ Drop-out process is directed by p a constant or B(w)1, 12).
@ T is aninterim time.
e T; the duration of activity of centre j up to Ty (assume ; > R)
o n; number of recruited patients for centre i up to Ty Applied Statistics
e r; number of randomized patients for centre i up to T e
Theorem ((Anisimov, Mijoule, Savy (in progress)))
Given data {(n;, r;, ), 1 < i < C}, the log-likelihood function writes: S

Li(a, B,¥1,192) = L11(a, B) + L1,2(1,12)

@ Notice the separation of the log-likelihood function (processes
independent)
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Models with screening failures - Estimation Ead

Habilitation thesis

defence
@ The recruitment dynamic is I'(«, 8)-Poisson.
Stochastic Calculus
@ Drop-out process is directed by p a constant or B(w)1, 12).
@ T is aninterim time.
e T; the duration of activity of centre j up to Ty (assume ; > R)
o n; number of recruited patients for centre i up to Ty Applied Statistics
e r; number of randomized patients for centre i up to T e
Theorem ((Anisimov, Mijoule, Savy (in progress)))
Given data {(n;, ri, ), 1 < i < C}, the log-likelihood function writes: S

Li(a, B,¥1,192) = L11(a, B) + L1,2(1,12)

@ Notice the separation of the log-likelihood function (processes
independent)
@ L11 and L, are explicit functions allowing optimisation.
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Improvement of patient recruitment’ models

Models with screening failures - Prediction ;'? -

Habilitation thesis
The recruitment dynamic is '(«, 3)-Poisson. T; is an interim time. gl
@ 7; the duration of activity of centre j up to T (assume 7; > R) Stochastic Calculus
@ n; number of recruited patients for centre j up to T;

@ r, number of randomized patients for centre i up to Ty

@ v; number of patients entered in screening period for centre j in Applied Statistics
. for Medical
the interval [Ty — R, T1] R

Theorem ((Anisimov, Mijoule, Savy (in progress)))
Given data {(n;, ri, 7i,vi), 1 < i < C}, the predicted process of the E;’!;i;il?v‘;im
number of randomized patients in centre i, {R'(t), t > T + R},

expenses as

Ri(t) = ri + Bin(v;, p) + M55 (t = Ty — R).
€ 4. C R R
p= (Z ni) 121: ri and X = Ga(a-+ nj, [+ 1)

=1
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The recruitment dynamic is I'(«, 3)-Poisson. T; is an interim time.

Stochastic Calculus

@ 7; the duration of activity of centre j up to T (assume 7; > R)
@ n; number of recruited patients for centre j up to T4

@ r; number of randomized patients for centre i up to Ty

Applied Statistics
for Medical

@ v; number of patients entered in screening period for centre / in
the interval [T1 - H, T1] Research

Theorem ((Anisimov, Mijoule, Savy (in progress)))

Conclusions and

Given data {(n;, i, 7i,vi), 1 < i < C}, the predicted process of the Perspectives
number of randomized patients in centre i, {R/(t), t > Ty + R},
expenses as

Ri(t) = i+ Bin(vi, B) + My 5, (t — Ty — A).

b = Beta(th1 + ki, 02 + 0 — k), and X, = Ga(@ + n;, B+ 7)
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Consider a clinical trial such that for centre i, ot ol
@ The inclusion process N is modelled by a PP()\;)
@ The probability for a patient to be screening failure is p;

Applied Statistics
@ F;(t): the number of screening failure at time t for center i o e
= modelled by a PP(p;\/)
= cost proportional to F;(t) : J;Fi(t)
Conclusions and
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@ R;(t) the number of randomized patients at time ¢ for center i
= modelled by a PP((1 — p;)\;)
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@ The inclusion process N is modelled by a PP()\;)

@ The probability for a patient to be screening failure is p;

Applied Statistics
@ F;(t): the number of screening failure at time t for center i o e
= modelled by a PP(p;\/)
= cost proportional to F;(t) : J;Fi(t)
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= modelled by a PP((1 — p;)\;)
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Improvement of patient recruitment’ models ry—
An additive model for cost > 2 e

Habilitation thesis
defence

Consider a clinical trial such that for centre i, ot ol
@ The inclusion process N is modelled by a PP()\;)
@ The probability for a patient to be screening failure is p;

Applied Statistics
@ F;(t): the number of screening failure at time t for center i o e
= modelled by a PP(p;\/)
= cost proportional to F;(t) : J;Fi(t)
Conclusions and
Perspectives

@ R;(t) the number of randomized patients at time ¢ for center i
= modelled by a PP((1 — p;)\;)

= cost proportional to R;(t): KiR;(t) _
= cost depend of the duration of the follow-up: >, _ i, 9i(t, Tj’)
<T/<

@ g is a triangular function g;(t,s) = Owhent < s
° T/’ are randomization time of the patient j by centre i
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Improvement of patient recruitment’ models
An additive model for cost

In ones considers the additive

model for the cost generated by centre i:

G =JF(t)+ KR+ > a(t. T+ F+Git

0= le <t independent of patients
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Improvement of patient recruitment’ models
An additive model for cost

In ones considers the additive
model for the cost generated by centre i:

t
Ci(t) = JiFi(t KiRi(t i(t, 8)dR; Fi+ Gt
(= JF (0 + KRAD+ [ a(t9)aR(9)+  Fit

independent of patients

@ The duration of the trial is the stopping time

T(N) = inf {R(t) > N}
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t
Ci(t) = JiFi(t KiRi(t i(t, 8)dR; Fi+ Gt
(= JF (0 + KRAD+ [ a(t9)aR(9)+  Fit

independent of patients
@ The duration of the trial is the stopping time
= >
T(N) = inf {R() = N}

@ The total cost of the trial is thus C(T(N)) = Z,‘; Ci(T(N))
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Improvement of patient recruitment’ models
An additive model for cost

In ones considers the additive

model for the cost generated by centre i:

t
Ci(t) = JiFi(t KiRi(t i(t, 8)dR; Fi+ Gt
(= JF (0 + KRAD+ [ a(t9)aR(9)+  Fit

independent of patients
@ The duration of the trial is the stopping time
= >
T(N) = inf {R() = N}

@ The total cost of the trial is thus C(T(N)) = Z,‘; Ci(T(N))
@ In order to compute C = E [C(T(N))] we have to compute

T(N)
E /O 9(T(N), s)dRi(s)| .
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Improvement of patient recruitment’ models
An additive model for cost

In ones considers the additive
model for the cost generated by centre i:

t
Ci(t) = JiFi(t KiRi(t i(t, 8)dR; Fi+ Gt
(= JF (0 + KRAD+ [ a(t9)aR(9)+  Fit

independent of patients
@ The duration of the trial is the stopping time
= >
T(N) = inf {R(t) > N}

@ The total cost of the trial is thus C(T(N)) = 2,021 Ci(T(N))
@ In order to compute C = E [C(T(N))] we have to compute

T(N)
E [/O 9(T(N), s)dRi(s)| .

It is not possible to use martingale arguments to compute
such an expression
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Improvement of patient recruitment’ models

An additive model for cost

Habilitation thesis
defence

Theorem ((Mijoule, Minois, Anisimov, Savy (2014)))

@ Assume (\j)1<i<c and (p;)i<i<c are known
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Theorem ((Mijoule, Minois, Anisimov, Savy (2014)))
@ Assume (\j)1<i<c and (p;)i<i<c are known

— we have an explicit expression of C
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@ Assume (\j)1<i<c and (p;)i<i<c are known
— we have an explicit expression of C
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@ Assume )\ ~ I («, B) and p; ~ B(3)1,1)2)
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Theorem ((Mijoule, Minois, Anisimov, Savy (2014)))
@ Assume (\j)1<i<c and (p;)i<i<c are known

— we have an explicit expression of C

Research

@ Assume )\ ~ I («, B) and p; ~ B(3)1,1)2)
@ Consider an interim time Ty, and consider that the i-th centre has

Conclusions and
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@ screened n; patients
@ randomized r; patients
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Improvement of patient recruitment’ models ry—
An additive model for cost > 2 e
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Theorem ((Mijoule, Minois, Anisimov, Savy (2014)))
@ Assume (\j)1<i<c and (p;)i<i<c are known

— we have an explicit expression of C
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for Medical
Research

@ Assume )\ ~ I («, B) and p; ~ B(3)1,1)2)
@ Consider an interim time Ty, and consider that the i-th centre has

Conclusions and

@ screened n; patients
5 0 Perspectives
@ randomized r; patients

@ Given (n;, r;) the posterior distribution of

o therateis \j ~T(a+ n;, 8+ Tq)
@ the probability of screening failure is p; ~ B(11 + ri, o + nj — r;j)
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Improvement of patient recruitment’ models ry—
An additive model for cost > 2 e

Habilitation thesis
defence

q L . Stochastic Calculus
Theorem ((!\/Iuou\e, Minois, Anisimov, Savy (‘2014)))

@ Assume (\j)1<i<c and (p;)i<i<c are known

— we have an explicit expression of C

Applied Statistics
for Medical

Research
@ Assume )\ ~ I («, B) and p; ~ B(3)1,1)2)
@ Consider an interim time Ty, and consider that the i-th centre has
@ screened n; patients COENERID
5 0 Perspectives
@ randomized r; patients
@ Given (n;, r;) the posterior distribution of
o therateis \j ~T(a+ n;, 8+ Tq)
@ the probability of screening failure is p; ~ B(11 + ri, o + nj — r;j)

— we can compute C by means of Monte Carlo simulation
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Assume the closure of centre j, denote
o T/(N) the duration of the trial without centre j

o C/(t) the cost of the trial at time ¢ without centre j .
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Assume the closure of centre j, denote

o T/(N) the duration of the trial without centre j

o C/(t) the cost of the trial at time ¢ without centre j
oo
Research

@ By means of Monte Carlo simulation we are able to evaluate the
variation of cost due to centre j closure:

Conclusions and
Perspectives

AG =E [C(T(N)) - (T (N))]

Nicolas SAVY Habilitation thesis defence Wednesday June, 18th 41/64
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An additive model for cost SMATHEMATIO
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Stochastic Calculus

Assume the closure of centre j, denote

o T/(N) the duration of the trial without centre j

o C/(t) the cost of the trial at time ¢ without centre j
Applied Statistics

\o‘r?ﬂedwca\

Research

@ By means of Monte Carlo simulation we are able to evaluate the
variation of cost due to centre j closure:

Conclusions and
Perspectives

AG =E [C(T(N)) - (T (N))]

@ Consider (AC;, T/(N)) to decide on the closure of centre j.
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The context of this investigation: GuidAge Study

@ The GuidAge Trial

@ Double blind controlled randomized trial

@ 240 mg per day of de Ginkgo Biloba versus placebo

o G.B. appears to delay the conversion to dementia of Alzheimer type
e Primary endpoint: conversion to Alzheimer disease (time to event)

@ Statistical Analysis Plan: Logrank test
Conclusion: P-value 0.3044

No Significant effect of the treatment
@ Re-analysis: Fleming-Harrington’s test (g = 3)
Conclusion: P-value 0.0041

Significant effect of the treatment

@ Is logrank test relevant for such a prevention study ?
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Weighted logrank’s tests £ s
Notations related to survival data analysis Ead
@ D: the time to event random variable Habileton tnesi
e F: the distribution function associated to D
e S =1 — F: the survival function associated to D
@ ): the risk function associated to D

Stochastic Calculus

@ Subjects may be right-censored by C independent of D.

Applied Statistics

e X; = D; A C;: observed data for Medical
@ §; = lIyp,<c,y: censoring indicator Research
@ N,(t): Number of events observed at time ¢: Conclusions and
Perspectives

n
No(t) = > Tix<ts=1)
i=1
@ Y, (t): Number of at risk subjects at time f:
n
Yo() = Tixsn
i=1
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Weighted logrank’s tests

Notations related to survival data analysis

We aim to test:
Ho - SP(t) = S'(¢), vt
Hy: SP(t) # ST(1)

SP and ST are the survival functions associated respectively to the
Placebo arm and Treatment arm.
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Weighted logrank’s tests

Notations related to survival data analysis

We aim to test:
Ho : AP(t) = AT(t), vt
Hi APt # AT ()

SP and ST are the survival functions associated respectively to the
Placebo arm and Treatment arm.
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Weighted logrank’s tests £ v

Notations related to survival data analysis

Habilitation thesis
defence

We aim to teSt: Stochastic Calculus
Ho : AP(t) = AT(t), vt
Hi APt # AT ()
Applied Statistics

SP and ST are the survival functions associated respectively to the e

Placebo arm and Treatment arm. fesearch
Logrank test defined as: Gondlteionsare
Perspectives

dNg(s)  dNE,(s)
Vi(s)  YI(9)

t T
/np+nr Yn )
LRw, (1) = T
wi (1) /0 npnr (s)
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Weighted logrank’s tests £ v

Notations related to survival data analysis

Habilitation thesis
defence

We aim to teSt: Stochastic Calculus
Ho : A°(t) = AT(t), vt
Hi AP(8) £ AT (1)

Applied Statistics

SP and ST are the survival functions associated respectively to the B
Placebo arm and Treatment arm. Fesearch

Weighted Logrank test defined as: Gondlteionsare

Perspectives
t P T
np+nr Yno(8)Yn, (8)
LRy, (1) = / Wa(s)/ A2 N7
) = J N e Ve () + VI (S)

W, is an adapted, positive, predictable process

dNf.(s)  dN7.(s)
YP(s)  YI(9)
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Weighted logrank’s tests £ v

Notations related to survival data analysis

Habilitation thesis
defence

We aim to test:
Stochastic Calculus
Ho : AP(t) = AT(t), vt
Hi AP(8) £ AT (1)
S” and ST are the survival functions associated respectively to the pepes P

Placebo arm and Treatment arm. Research

Weighted Logrank test defined as: Gondlteionsare

Perspectives
t P T
np+nr Yno(8)Yn, (8)
LRy, (1) = / Wa(s)/ A2 N7
) = J N e Ve () + VI (S)

W, is an adapted, positive, predictable process

dNf.(s)  dN7.(s)
YP(s)  YI(9)

The 71 assumption detected by the test depends on the weight
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Weights of paramount interest p S
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Stochastic Calculus

@ Constant piecewise weight

0 ift<t

1 if t>t Applied Statistics
for Medical
Research

Easy to interpret: t* beginning of effect

Conclusions and

@ Fleming Harrington weight for late effect detection ——
Wi(t) = (1 = Sa(t))"

where S, is the Kaplan-Meier estimator of S under the #Hq

Classical test but hard to interpret: what is the role of g ?
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o Wa have to choose a value for parameter q
o We have to compute the necessary sample size
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Problems investigated p I

Habilitation thesis
defence

@ Application of Fleming-Harrington’s test in a Clinical trial setting S

o Wa have to choose a value for parameter q
o We have to compute the necessary sample size

Applied Statistics
for Medical

@ Comparison of CPWL test and Fleming Harrington’s test Research

e Comparison of performances
o Bridge between the parameters of each test

Conclusions and
Perspectives

@ Introduction of a versatile test with “expert prior”
e Maximum between logrank and Fleming Harrington tests
@ A computation procedure for sample size
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Strategy of these investigations p S
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@ Objectives:
o To evaluate the performance of a test
e To compare tests

Applied Statistics

] strategy: for Medical
. - .. R rch
e Make use of the Asymptotic (Relative) Efficiency e
o There exists several notions of ARE
. . Conclusions and
o Asymptotlc normallty Perspectives
= Pitman’s ARE more convenient
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Strategy of these investigations p S

Habilitation thesis
defence

Stochastic Calculus

@ Objectives:
o To evaluate the performance of a test
e To compare tests

Applied Statistics

@ Strategy: for Medical
e Make use of the Asymptotic (Relative) Efficiency Fesearch
e There exists several notions of ARE
. . Conclusions and
o Asymptotlc normallty Perspectives

— Pitman’s ARE more convenient

@ Consequences:
o |dentification of the assumptions under which the test is optimal
@ Allow us to perform simulations studies
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Asymptotic normality of WLT

One tests the following assumptions

Ho : AT =2P =),
Hqi )\T = )\97 and

)\P = )\eP
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i 1 £
Asymptotic normality of WLT 3F
. . Habilitation thesis
One tests the following assumptions defence

Ho : AT =2P =),
Hi :AT:)\gr and )\P:AQP

@ Under Hy:

LRw, —2, Gy
n—+oo

e Gq centred Gaussian process of covariance function >o(w, \g, )
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Asymptotic normality of WLT
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One tests the following assumptions

Stochastic Calculus
Ho : AT =2P =),
Hi A = AT and A\ = AgP

@ Under Hy:

LRw, 2 Gy
+

n—-+oo

e Gq centred Gaussian process of covariance function >o(w, \g, )

@ Under H, :

L(D
LRw, fﬁu(emﬂ) LGN G+

n—-+oo

o Gy centred Gaussian process of covariance function X1 (w, Xgp, Ag7)
® [gp g7y IS function of w, Agp and Ayt
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Asymptotic normality of WLT
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One tests the following assumptions

Stochastic Calculus
Ho : AT =2P =),
Hi A = AT and A\ = AgP

@ Under Hy:

LRw, 2 Gy
+

n—-+oo

e Gq centred Gaussian process of covariance function >o(w, \g, )

@ Under H, :
L(D
LRw, —v/N e o7) # G+

o Gy centred Gaussian process of covariance function X1 (w, Xgp, Ag7)
® [gp g7y IS function of w, Agp and Ayt
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Asymptotic Relative Efficiency and Shift assumption

The idea is to consider the assumptions

Ho : FT =FF = Fy,
Hi : FT = o7 and FP = 0P
nT nP

in such a way that
@ The class of assumptions is sufficiently wide

Fo(t) = W(g(t) +0), e

@ W adistribution function with continuous second derivative
@ g an increasing differentiable function
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0p, =6y +cy,/ —————— and 0, =0g—cC,/ ————
i np(np + nr) T nr(np 4 nr)
the singularity vanishes:
Applied Statistics
\/ﬁ . for Medical
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Asymptotic Relative Efficiency and Shift assumption p S
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@ Choosing

Stochastic Calculus

nr T np
0F =6o+c,/——"— and O =6—c,/—F
i np(np + nr) " nr(np 4 nr)
the singularity vanishes:
Applied Statistics
. for Medical
\/HM(GﬁPﬂZT) N— o0 H’GO Research

@ The efficiency of the test can be measure by means of Pitman’s
Asymptotic Efficiency

Conclusions and
Perspectives

_ (pay(7))?
AE = Yo(r,7)
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nr T ne
0 —o+c/—T  and 0 =6p—c,/——F
e np(ne + nr) r nr(nep + nr)
the singularity vanishes:
Applied Statistics
f 3 for Medical
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@ The efficiency of the test can be measure by means of Pitman’s I
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Asymptotic Efficiency

_ (pay(7))?
AE = Yo(r,7)

@ Asymptotic Efficiency depends on

o the weight
o the pattern of the assumptions
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Theorem ((Gares, Dupuy, Andrieu, Savy (JRSS-C 2014)))

Given a
@ a shift A
Applied Statistics
¢ consrant >\O - O \o‘r"?\‘ed\ca\i o

Research

@ a parameterq > 0
there exists a function T'9(-, Ao, A) such that the Fleming-Harrington test
FH(q) has maximum Asymptotic Efficiency to test S

Ho : AP =X,
0 0 (10)
Hi = AT =X T9(-, X0, D)
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Optiomal assumptions for Fleming-Harrington test B e

Habilitation thesis
defence

Stochastic Calculus

Theorem ((Gares, Dupuy, Andrieu, Savy (JRSS-C 2014)))

Given a
@ a shift A
Applied Statistics
¢ consrant >\O - O \o‘r"?\‘ed\ca\i o

Research

@ a parameterq > 0

there exists a function T'9(-, Ao, A) such that the Fleming-Harrington test
FH(q) has maximum Asymptotic Efficiency to test S

7‘[0 . )\P = )\o,
Hi = AT =X T9(-, X0, D)

(10)

Study the performance of FH(q) thanks to simulation study
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Performances of Fleming-Harrington test y——
Data generation procedure 2 o
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@ Parameters (usually given by investigator)
o the sample size n
e c=SP(1)
o ST(7) or discrepancy rate r = STf?s;Pf’:)(T)
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Performances of Fleming-Harrington test
Data generation procedure

@ Parameters (usually given by investigator)
o the sample size n

e c=SP(1)
T P
o ST(7) or discrepancy rate r = %P‘?T)(T)

@ The data in the placebo group
e Simulated from an exponential distribution with parameter A\ > 0
@ )\ is given by the desired proportion of censored data:

_In(SP (7))

T

Ao =
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Performances of Fleming-Harrington test
Data generation procedure

@ Parameters (usually given by investigator)
o the sample size n
e c=SP(1)

T P
o ST(7) or discrepancy rate r = S-S (r)

1-SP(r)

@ The data in the placebo group
e Simulated from an exponential distribution with parameter A\ > 0
@ )\ is given by the desired proportion of censored data:

_In(SP (7))

T

Ao =

@ The data in the treatment group

e Fixqgs >0
o Compute A(gs)
e Simulate data from the hazard function

AT(1) = Ao T9(-, 2o, A(Gs))
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Performances of Fleming-Harrington test
Data generation procedure

@ Parameters (usually given by investigator)
o the sample size n
e c=SP(1)

T P
o ST(7) or discrepancy rate r = S-S (r)

1-SP(r)

@ The data in the placebo group
e Simulated from an exponential distribution with parameter A\ > 0
@ )\ is given by the desired proportion of censored data:

_In(SP (7))

T

Ao =

@ The data in the treatment group

e Fixqgs >0
o Compute A(gs)
e Simulate data from the hazard function

AT(1) = Ao T9(-, 2o, A(Gs))

@ Such a data set denoted Si(gs, n, r, ¢) is optimal for FH(gs)
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Performances of Fleming-Harrington test ry—
Evaluation of performance > 2 e
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@ Analyse this data set by means of Fleming-Harrington gr
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@ Compute the empirical power of the test
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Performances of Fleming-Harrington test

Evaluation of performance

@ Generate 2000 data sets Si(gs, n, r, ¢)
@ Analyse this data set by means of Fleming-Harrington gr

@ Compute the empirical power of the test

Qs | Logrank gr=1 qgr=2 qr=3 qr=4
0 0.640 0.534 0.420 0.349 0.294
1 0.620 0.743 0.713 0.670 0.632
2 0.609 0.845 0.877 0.871 0.853
3 0.593 0.873 0.912 0.914 0.914
4 0.587 0.887 0.940 0.957 0.961
5 0.588 0.910 0.962 0.974 0.980

INSTITUT
ie MATHEMATIQ

h

Habilitation thesis
defence

Stochastic Calculus

Table: Empirical power of FH(qgr) under scenarios S1(gs, 2000,0.2,0.8)
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Performances of Fleming-Harrington test

Evaluation of performance

INSTITUT
ie MATHEMATIQ

h

Habilitation thesis

@ Generate 2000 data sets Si(gs, n, r, ¢) defence
@ Analyse this data set by means of Fleming-Harrington gr Stochastic Calculus

@ Compute the empirical power of the test

Logrank gr=1 qr=2 qr=3 qr=4
0.640 0.534 0.420 0.349 0.294
0.620 0.743 0.713 0.670 0.632
0.609 0.845 0.877 0.871 0.853
0.593 0.873 0.912 0.914 0.914
0.587 0.887 0.940 0.957 0.961
0.588 0.910 0.962 0.974 0.980

o~ N = o

Table: Empirical power of FH(qgr) under scenarios S1(gs, 2000,0.2,0.8)

Main result (Gares, Dupuy, Andrieu, Savy (JRSS-C 2014))

@ No solution for choosing g

@ Fleming Harrington’s test exhibits little sensitivity to the value of g
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@ CPWL depends on a parameter t* defence
@ This parameter has a concrete reality (beginning of the effect) Stochastic Calculus
The strategy:
@ Find the assumptions under which CPWL(t*) is optimal T
for Medical
Research

Fix a value for {5
Generate 2000 data sets Sx(t5, n, r, c)
Analyse this data set by means of Fleming-Harrington qr

Compute the empirical power of the test

Fix a value for gs

Generate 2000 data sets S1(gs, n, r, ¢)
Analyse this data set by means of CPWL(t*)
Compute the empirical power of the test
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Main result (Gares, Dupuy, Andrieu, Savy (EJS 2014)) Stochastic Calculus
@ CPWL(t") test exhibits little sensitivity to the value of t*
@ FH(q) is less sensitive to g than the CPWL(¢") is to t*
@ Given t*, it is possible to find the value of q(t*) which maximizes Applied Statistics
for Medical
Research

ARE(FH(q(t"), CPWL(t"))

Conclusions and

CPWL(t") t=]02 04 06 08 Perspeciivee
FH(q(t)) q(ty=| 05 12 24 59
FH(q) g=] 1 2 3 4
CPWL(t*(q)) | t*(q)= | 0.3 05 06 0.7

Table: Correspondence between g and t*.
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@ In , we introduce MWL statistics
5 FHY (1)
q _
)= max, (|7 00)
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@ Logrank’s test is a good test when effects are constant in time

Investigators do not want to bet on a situation rather than another
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@ In , we introduce MWL statistics e
g FHY (1)
MWLY(t) = max —
(t) = max_ ( 0 )
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Fleming-Harrington’s test is a good test when late effects exist

Stochastic Calculus

Logrank’s test is a good test when effects are constant in time

Investigators do not want to bet on a situation rather than another

Applied Statistics

@ In , we introduce MWL statistics e
g FHY (1)
MWLY(t) = max —
(t) = max_ ( 0 )
Conclusions and
@ Fori=1,..., m, assume given p; the probability that late effect of Perspectives

"type q;” occurs (expert a priori)

We investigate its performances for testing

Ho : FT = FP = Fv
Hi o UL {FT = W9(g+67(i)) and F¥ = Wi (g + 67(1))}
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Main result (Garés, Dupuy, Andrieu, Savy (SIM 2014)) defence

@ Computation of asymptotic distributions under H, and #1 Stochastic Calculus
@ Procedure for NSS computing

@ Good power even when far from the optimal assumption

gs LR FHT FH? FH® FH? FH®

0 | 0629 | 0526 0416 0334 0289 0256 e

1 | 0625 | 0.756 0744 0702 0655 0611

2 | 0609 | 0839 0864 0863 0850 0.835

3 | 0623 | 0869 0919 0825 0922 0910

4 | 0626 | 0891 0943 0959 0961  0.963 S
5 | 0608 | 0911 0963 0976 0978  0.982

MwLT  MwLz MwLeE mMwLlt MwL®
0.620 0606 0.589 0.584  0.582
0729 0731 0720 0692  0.679
0797 0.828 0.826 0816  0.801
0.833 0.881 0.897 0.896  0.888
0.864 0923 0.936 0946  0.945
0.880 0.947 0.959 0967  0.968

where MWL = MWL®9 with p(q) = }
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Works in progress and perspectives

@ Works in progress and perspectives are directed by
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IMPACTISS - Partner - IRESP 2014-2017 (submitted)
SCT - Project in maturation

@ The Ph-D students’ works

@ Nathan Minois (2013-2016)
Patients recruitment modelling

@ Fabrice Billy (2013-2016)
Survival data analysis

@ The will to continue to share my time between projects on Applied
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Stochastic Calculus

@ Simulated Clinical Trials
Applied Statistics

e How to model the whole clinical trial ?
e including dose/responds, drop-out, side-effect, recruitment... e

@ Workshop "Clinical Trials Simulation”
@ Institut of Mathematics of Toulouse Conclusions and
@ Spring 2015 Perspectives
@ Everybody is welcome...
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