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Immunotherapy

e Context

> stochastic model for skin cancer
immunotherapy (Baar et al., 2015)

6) Differentiated melanoma cel
o-@— 0+ b"'o*@ (8> Dedifierentiated melancma cell
& e, © ormorcTon
> Adoptive Cell Transfer (ACT) . o M
therapy (Landsberg et al., 2012) § <85 $ i 8 oynguncrca

Objective: understanding the resistance of tumors & treatment optimization

e Parameter estimation using real data
e Evaluation of T cell exhaustion probability

e Treatment optimization to delay relapse
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Experimental data

B Three groups of mice
> CTRL mice (5): no therapy

> ACT mice (7): ACT therapy (70th
day)

> ACT+Re mice (7): ACT therapy
(70th, 160th day)

Diameter (mm)

B Tumor evolution measurement 25

Yij if Y55 €]3 mm, 10 mm]|
obs 1.9 mm if y;; € [0 mm, 1.9 mm 3 = =
Yii =y 3mmif Yij € [2 mm,3 mm] e

10 mm if y;; > 10 mm

300 400
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Stochastic model: continuous time Markov process (Baar et al., 2015)

B e: M(¢): population of differentiated
cells at time ¢;

B o: D(t): population of dedifferentiated
cells;

B o: T'(t): population of therapy cells;

B o: A(t): population of cytokines T'N Fy,.

X(t) = (M(t)1 D(t)v T(t), A(t)) e N*
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Stochastic model: continuous time Markov process (Baar et al., 2015)

B e: M(¢): population of differentiated
cells at time ¢;

B o: D(t): population of dedifferentiated
cells;

B o: T'(t): population of therapy cells;

B o: A(t): population of cytokines T'N Fy,.
X(t) = (M(t), D(t)v (), A(t)) eN?

Stochastic model = Birth and Death Process + switch + Predator-Prey

Birth and Death Process . Predator-Prey system
e > oo with a rate b M(t) = M(t) (a—BT(1))
e — T with a rate d T(t) = T(t) (6M(t) —~)

rod
0 = (bar,dar,bp,dp, snvp, s, br,dr, tr, sa,da, 15°7)
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Deterministic approximation of cancer model

Large population approximation: Stochastic model — Deterministic model

Let Myc(t) = 292, Dye(t) = B2, Tie(t) = T2, Ase(t) = 242

. d * * * *
lim (Mx(t), Dx(t), Ti (t), Ak (t)) = (na, np,np,ma)
K—oo
where (nh;,np,nr,ny) is the solution of the deterministic system:
™M

——
nnv = (bM - dM) nyv—trnrnyp—SypnM + SpMND — SANANM

np = (bp —dp)np +sypnnM — SpMND + SANANNM
D

nt = —drnr+brnynt

iip = —dana+ brnyvny

with initial condition (nas,, npy, N1y, NA)

rod .
0 = (T,Af7TD7S]\1D75D]\17n]\/[07bT7dT7tT7SA7dA7l?4 ) (tO be estlmated)
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Parameter estimation in deterministic approximation: Nonlinear Mixed
Effects Model (Pinheiro and Bates, 1995)

Yi; = f(Cirtig) + €5, € ~ N(0,0°1,),

log(¢i) =log(6'®di) + 7 © di, ri ~ N(0,9)

f(Ciyt) = (nas(Giyt) + np (¢, t))% : tumor size (n};,np solution of the deterministic system);
€ = (€i1,...,€n,;) : residual error;

Ci : individual parameters;

0 = (TM, TD,SMD,SDM,NM,, br,dr,tr,sa,da, led) . vector of fixed effects;

di=(1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0): wheniisa control individual;
di=(1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1): wheniis a treated individual;

ri = (riM,riD,riMD,rgDM,rf,MO,r,’;T,réT,rfT,riA,réA,rfA) : random effects,

€2 : variance matrix of the random effects;

0=1{0,0,Q €0
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Estimation

e SAEM (Stochastic Approximation Expectation Maximization) for censored data
e Model selection through likelihood ratio tests

mean (r.s.e (%))

sd (r.s.e (%))

M

D

SMD
SDM,,

TLMO

dr
tp
SA

prod
lA

0.09 (4)
0.05 (10)

< 0.01 (118)
<0.01 (-)
0.08 (28)

< 0.01 (16)
0.02 (34)
1.33 (55)

77 (37)

0.03 (-)

0.19 (93)

0.44 (6)

0.10 (34)
0.35 (20)

0()

0()

0.58 (29)
0()

1.07 (27)
1.03 (48)
0()

0.09 (181)
3.23 (25)
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Using estimated parameters, we:

e Simulate T cell exhaustion (Relapse)

oo
L

oo

e Estimate T cell exhaustion probability

minTedl

oo
L

e Optimize treatment doses and times

oos
L

Treatment optimization

g
B
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ime imo
| & & /
[ B R i A R . : . %
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ime e o 0% om o o o0tz 0w oib o o0 0z
o

Cell lations d i
el populations dynamics Exhaustion proba. vs dp (Imp. Splitting)

Modibo DIABATE (LJK-UGA) Stochastic modeling and estimation of tumor growth 9/14



Stochastic diffusion approximation of cancer Model (Cseke et a.l, 2016)

Cancer model: continuous time discrete state Markov Jump Process

[95)

Il
o ocor
I
o ool
o oroO

1 -1 0 0 0
-1 1 0 0 0
0 0 -1 0|~ 9(X(t),0") =
0o 0 Y o0 -1

B 'I’MM(t)

tr M ()T (t)
’I"DD(t)
SMDM(t)
spmD(t)
saM(t)A(t)
br M (t)T'(t)

dTT(t)
()

X(t) = (M(t), D(t),T(t), A(t)) € N*: state of the stochastic model at time ¢

X(t)— X(@)+ S

Cancer diffusion process:
a(x:,0') = Sg(xe,0) and b(x,0") = Sdiag(g(xz:,6)) ST

X ()

xt = (TM,, TDy» TT; TA,) € R* : continuous real-valued pendant to 7

dzy = alzy,0)dt + b(xr, 0')2 dW,.
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Stochastic diffusion approximation of cancer model

Diffusion process:
dzt = a(xe, 0")dt + b(xy, 9')%th, Tty = Tinitial
Euler discretization: zr, = @, , + a(ze, ,,0)A; + b(xe, ,,0)% pV/A;
p=(p1,p2,p3,p4), P ~N(0,1), I =1,....4

o o
3 8]
- 2
s 4
g o
= Z g
s ] H
8
o $
T e T
0 5 100 150 200 250 300 0 5 100 150 200 250 300
time time
&4
@4 ©
3
- S < 2|
o | g |
e T T T T T T o T T T T T T T
0 5 100 150 200 250 300 0 5 100 150 200 250 300
time time

Simulation using the previous estimated value of 6’
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Parameter estimation for diffusion process (In progress ...)

Diffusion process:
dxy = a(xe, 0")dt + b, 0')dWr,
Noisy observations y = (y1,...,yn) of z at time t;, i =1,...,n:
yi = H(zi) + e, e ~N(0,6%), 6 ={6c}.
Strategy: Calculate the likelihood p(y|0) = /p(ac,y|9)dac and compute

6°"" = arg max p(y|0)
0
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Parameter estimation for diffusion process (In progress ...)

Diffusion process:
dxy = a(xe, 0")dt + bz, 0")dWr,
Noisy observations y = (y1,...,yn) of z at time t;, i =1,...,n:
yi = H(z;) + e, e ~N(0,6%), 0=1{05¢}).
Strategy: Calculate the likelihood p(y|0) = /p(m,y|9)dm and compute

6°"" = arg max p(y|0)
0

Likelihood calculation — approximate inference methods (p(y|6) ~ p(y|6) )
e Expectation Propagation (EP) method (Minka, 2001; Heskes and Zoeter, 2002)

© Approximate p (factorizable) by g (factorizable) by minimizing DK L(p||q)
© Good compromise between accuracy and speed (Barthelmé and Chopin, 2014)
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Conclusion

B Done
> Simplification/adaptation of the cancer model for parameter estimation
> Parameter estimation with NLMEMs and SAEM algorithm using (censored) real data
> T cell exhaustion probability estimation

> Treatment optimization

> Parameter estimation using EP in AR(1) and Ornstein Uhlenbeck latent models

W In progress & Future Works

> Parameter estimation in cancer diffusion approximation using EP method

» Extend the calculations to diffusion model with random effects
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SAEM: Stochastic Approximation EM

SAEM-MCMC for regular exponential families (Samson et al., 2006):

Py, ¢ o) = exp{(n,, ¢y, y*"*, ) — ®(10)}, 0 € ©

Iteration k of the algorithm:

e Simulation step: simulation of (yce"s(’“),cj(k)) through the simulation of a Markov
Chain having p(y°*"°, |y, 0x—1) as stationary distribution

e Stochastic approximation: update s according to
b k) ~(k
sk = sk + (o™, y ™ (W) — s 0)
(k) is a decreasing sequence: > 77 | vk = 00, > ey v2 < oo
e Maximization step: update gx—1 according to

Or = arg max{(n,, sx) — ®(n,)}
0EO
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EP as approximate Belief Propagation (Heskes et a.l, 2002)

Aim: approximate p(y|0) = /p(x,y|9)dw where  p(z,yld) = Hp yilzi, 0)p(zi|zi—1,0)
Yi(xi_q1,24)
~Bi(x;)
(2, y10) = p(@i, y1:410) P(Yit1:0|Ti v1:0,0)s  Yirir = (Yir Yit 15 Yit 2, o Yir)
—

b (o)

~Bi(x;)
— |
p(xi—1,74,y]0) = p(xi—1,Y1:6-110) Yi(Ti—1, %) PYit1:nl|Ti, 0)
— ————

~a—1(Ti—1)

We define g;(x;) o &;(z:)Bi(x:), and g(z H qi(x;)
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EP as approximate Belief Propagation (Heskes et a.l, 2002)

Aim: approximate p(y|0) = /p(x,y|9)d$ where  p(z,yld) = Hp yilzi, 0)p(zi|zi—1,0)
pi(Ti—1,2i)
~B;(z;)
—_—
(2, y10) = p(@i, y1:410) P(Yit1:0|Ti v1:0,0)s  Yirir = (Yir Yit 15 Yit 2, o Yir)
—_————
b (o)
~Bi(x;)

—N—

p(ri—1, 25, y|0) = p(xi—1,y1:i-110) Yi(®i—1, i) D(Yit1:n|Ti, 0)
—_————

~a—1(Ti—1)

We define g;(x;) o &;(z:)Bi(x:), and g(z H qi(x;)

EP Algorithm:
e Choose i € {1,...,n} — update for &;(z;) and B;_1(zi_1)
e Calculate p(z;—1,%;) X &i—1(xi—1) Yi(Ti—1,24) ﬁz(%)
[ —
~Bi_1(zi_1)di(w;)
e Find arg min DKL(ﬁ(xi_l,xi\y, 0) H qi_l(wi_l)qi(aci))
&i(x;), Bi—1(zi—1)
e lterate until convergence
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EP as approximate BP (log-Likelihood approximation)

From estimated c, f3;, we deduce L(6) ~ log p(y|0) by replacing the v;(2i_1, ;) by

their approximation in p(y|0) = / H Yi(zi—1,zi)dxy ... dTn,
i=2
E(B) = log/ H Cm[)i(:ri,hxi) dxy...dxn
1=2
= log/ H C; exp {BiT,l¢(a:i_1) + a?@(mi)} dzry...dzn
i=2

= Zlog Ci + Zlog/exp {(ozl- + ﬁi)Tqﬁi(aci)} da; — log/exp {a?d)(m)} dxy

i=2 i=2
=> logCi+ Y _ ®(c; + Bi) — P(a1)

i=2 i=2

0°"* = arg max L(6)

0

Then, an optimal §° is computed as:
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Application 1: Ornstein Uhlenbeck process

dry = Mp — x)dt + odWe, x4y = Tinitial

Exact solution: p(z;|xi—1,0) = N(wi;u (1—e %) 4 z_1e 2, g (1— e 280 )
Euler discretization: p(z;|xi—1,60) = /\/'(a:i; Tim1 + A(p — xim1) Ay, O'QAi)

Noisy observations: y; = H(z;) + ¢ = x; +¢i, € ~N(0,6%), 6= (\u,0,5)

— xOU-Exact
-~ Obs OU-Exac | . H
N9 x ep-Exact l TR
-+ xep-Euler

True x, y, x EP

time

zo=-5A=1,4=12 06=0.3,¢=0.5 A; =102, n =500
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Ornstein Uhlenbeck: Parameter estimation with EP

Exact solution

isto. sg_opt isto. ambda_opt
i j ﬂ—’—rH_’_'j—m—‘ I jﬂ—rH_’_'_h_L
nisto. mu_opt isto. varsig_opt
Euler discretization
iso. ig_opt_sler vist.lamba_opt_svler
: “i Fﬂvm-‘-m-ﬂ-hﬂ ; Nj_/J_HhTLWﬁ
iso. mu_optulee visto.varsig_opt_suler

Densiy
01234
[E——
Densiy.
02 4
[

w0 1z 14 18 00 01 0z 03 04 05 08

mo_opt_ovler varsig_opt_euler

100 (z,y), 21 = =5, A; = 1072, n = 500
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Application 2: Diffusion approximation of cancer model (In Progress . ..)
Notation: mq = E[z;|z;—1] and X = Cov(z;|zi—1)

_1.T . T .. ~ _1.T . T ..
i) = el 720 caTiton i gy () = el T2 Aagmithy i

Calculation of two-slice marginal p(z;—1,zi|y,0) (under canonical/exponential form)
p(yilw;,0)p(zile;—1,0)

f_/\— -
Plai—1, @) o< &_1(wi—1) Ys(xi—1,x4,y:,0) Bi(xs), @

i=1:n
Laep?,
- 2 ;2 H(x;
:e{afi_lxi71—%$?71aAi,1wi—1} % e 2 ° e{*%y& +yi S‘)}
(2m) <
E{—5 mIs T ma}

-1 —1 T, _1,.T .
{7%1?21) zi+a:;-TEb mq } Xe{ﬁyixz_fwi BAH‘%}

* 2m) 2 et oy)]
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Application 2: Diffusion approximation of cancer model (In Progress . ..)
Notation: mq = E[z;|z;—1] and X = Cov(z;|zi—1)

1 ~ _1i.T 48T 4.
di(w;) = el 72" faneiteged g Bi(x;) = el 2% Pagmithy =i}

Calculation of two-slice marginal p(z;—1,zi|y,0) (under canonical/exponential form)
p(yilw;,0)p(zile;—1,0)

f_/\— -
Plai—1, @) o< &_1(wi—1) Ys(xi—1,x4,y:,0) Bi(xs), @

i=1:n
Laep?, ,
i H(z,
:e{afi_lxi71—%1?71aAi71xi71} 2 - e{*%y:z +yi i;‘)}
(2m) ¢

1
L3 my s, tma}

% > {7%1?2;11i+z?251ma} % e{rg,’ixz_%w?ﬁAlzﬁ}
(2m) /2 /Idet ()]

Minimization of DKL(ﬁ(zi_l,zi\y, 0) H qi_l(zi_l)qi(xi))
(By moment matching: integration and projection on to the chosen family of distribution)

q%l(zz— OC/ Plai1,x 7M)d:ho(e{ 2 Ti_ 11\1 T TR A 1}_)(/Bnew 5new )

vi_1?

2T Anew . new
AV +v]

q; " (x i)O(/p(iL‘i—ly$i)dxi—1 x el=27]

( new neW)

7aA1
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Moment closure approximation for cancer diffusion model
Notation: $1[t] =g, for (Z,1) € {(M,1), (D,2), (T,3) (A,4)}

Time evolution equation for the first and second order moments:

[0
dEc[; ] = Elay(ze,0)], L€ {1, 2, 3, 4},

W m]
% = B2 X am (z1,0)] + Elzl™ x ay(2,0)] + Elbym (,0)], I,m € {1, 2, 3, 4}

Two order Moment Approximation (2-MA): Taylor series expansion around u: = E[z¢] +
ignoring terms above degree 2:

=)+ gty
dziiﬂ _ %z[m] 4l ]%‘ZZ T b (i) + %ailg;t ¢,
We solve the equations by using Euler scheme:
/ly] = ﬁl] 1+ (al(uz 1,0) + ;afTaét : iz‘—l)Ai,
fim] _ glem] (S“Tz[muzy ]1%"“ + b (fii Hé&iﬁ; P i1 As
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