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Mixture models
1

N subjects, i=1,2,...,N
K groups, k=1,2,...,.K

y; vector of observations from subject i

; vector of individual parameter of subject i

z; label (categorical covariate): Z; {1,2,---, K}

It =k, then(y;,y;) ~ P (Yi:v3)




Mixture models
1

‘ P (Vi) = P (v)) pk(yi‘Wi)‘

1) Mixture of distributions

[1F 2=k, then y,~ p, ()|

2) Mixture of models

‘If z=k, theny |y, ~ pk(yi\wi)‘
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Mixture of distributions

Exemple: V; = (ka,- ,V0|i,C|i)

Total number of subjects: 100
Average number of doses per subject 1
TotallAverageMin®ax numbers of observations: 1895 1895 17 19
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Mixture of distributions

_
Groupl Vol. ~ lognormal (14, @,)
Group2 Vol. ~ lognormal (1, ,)
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1) Supervised learning (the labels are known)

Categorical covariate model building with MONOLIX
_

The data | The structural model

oral_cata bt see Distribution of the individual parameters oralT_Tcpt_kaVCl

The covariate model

gr1]0

T

B Data Information

Format
B B Cancel
) nlme @ NONMEM The file has a header |:| Use header

ESNER™
oral_data txt Sep. \t v:

D - TIME - i - DOSE - CAT
Fixed effects ID TIME DY AT GROUP
0 . 10000 1
0.25 B5.E722 .
2 100 2 05 91,8429

N S Y

1
. . 1
0.75 141.897 . 1

1 113.549 1
18 170 205 1



1) Supervised learning (the labels are known)

Categorical covariate model building with MONOLIX
_

The data | The structural model

oral_cata bt see Distribution of the individual parameters oralT_Tcpt_kaVCl

B Data Information . EEI!

oral_data txt Sep. \t v:
Format
"
) nlme @ NONMEM The file has a header [ Use header

The covariate model

gr1]0

Fixed affects

2 100 2
0

* The categorical
covariate is known



1) Supervised learning (the labels are known)

The data

Categorical covariate model building with MONOLIX

oral_data tt

The covariate model

gr1]0

e Different volumes In the

Fixed affects

2 100 2
0

The structural model

see Distribution of the individual parameters orall_Tocpt_kavCl
[ . =‘ e wle w Sl
B Data Information L:“_I_El p—
oral_data txt Sep. \t v:
Format
ST
) nlme @ NONMEM The file has a header [] Use header

2 groups

* The categorical
covariate is known



2) Unsupervised learning (the labels are unknown)

Mixture model building with MONOLIX
_

The data

There is no covar ate

2

oral_data tt

Fixed affects

100

2

see Distribution of the individual parameters

mixture ]

The structural model
arall_1cpt kavCl

Bl Data Information

ﬁ‘- el wllier @ Sl

oral_data tt

E=EE™

Faormat
Cancel
|7 () nime (@) NONMEM The file has a header [ Use header
D - TIME b - DOSE -

D TIME O AT
1 a ) 10000
1 0.25 G5.6722 )
1 045 91.8429
1 0.75 141.897
1 1 113.5649
1 15 170 &05



2) Unsupervised learning (the labels are unknown)

Mixture model building with MONOLIX
_

The data | The structural model

oral_cata bt see Distribution of the individual parameters oralT_Tcpt_kaVCl

mixture

i ] T ol o e S
Bl Data Information

There is no covar ate

E=NEEE™
oral_data b Sep. \t 'i

Cancel

Farmat
|7 © nime @ NONMEM The file has a header [ Use header

DOSE ~]

4

AT

Fixed affects 10000

2 100 2

* The categorical
covariate is unknown




2) Unsupervised learning (the labels are unknown)

Mixture model building with MONOLIX
_

The data

There is no covar ate

2

oral_data tt

Fixed affects

100

2

Distribution of the individual parameters

The structural model
arall_1cpt kavCl

ﬁ‘- el wllier @ Sl

B ation

oral_data tt

ESREER™

Faormat
Cancel
|7 () nime (@ NONMEM The file has a header | Use header
D - TIME b - DOSE -

D TIME O AT
1 a ) 10000
1 0.25 G5.6722 )
1 045 91.8429
1 0.75 141.897
1 1 113.5649
1 15 170 &05




2) Unsupervised learning (the labels are unknown)

Mixture model building with MONOLIX

The data |
oral_data bd see Distribution of the individual parameters
mixture
There is no covariate i I
Bl mixLatCov EEI-K_EJ
Latent Categorical Covariates [+ gonal

2

Fixed affects

100

2

[catl 2 v: E]

» 1 « latent » categorical
covariate

« 2 categories (2 groups)

The structural model

arall_1cpt kavCl

The residual errar mode|

model r
prop v_|:| w=F+t

Fesidual error pararm

1 1



2) Unsupervised learning (the labels are unknown)

Mixture model building with MONOLIX

The data |
oral_data bd see Distribution of the individual parameters
mixture
The covariate model [ I
Bl mixLatCov EM

2

o110

Fixed affects

100
0

2

Latent Categorical Covariates

[catl 2 v: E]

e Different volumes in the
2 groups

* The categorical
covariate Is estimated

The structural modsal

arall_lcpt kavCl

The residual error mode|

model r
prop v_|:| w=F+t

Fesidual error pararm

1 1



The estimated population parameters

(SAEM for mixtures)

Known
categorical covariate

Estimated

categorical covariate

« true values » estimations | r.s.e.(%) estimations r.s.e.(%)

ka 1 1 3 1 3
Vv /70 68.3 2 65.6 3
By -0.5 -0.507 8 -0.517 10
Cl 4 4 2 4 2
Oy, 0.2 0.197 11 0.208 11
Wy 0.2 0.179 8 0.186 11
O 0.2 0.169 8 0.168 7
b 0.2 0.199 2 0.199 2
T, 0.6 0.6 - 0.686 10
T, 0.4 0.4 - 0.314 21




The estimated population distributions

ka V Cl
2+ 0.06 ‘ ‘ ‘ ‘ 0.8 ‘ ‘ ‘
O*
1.5 1 0.6
0.04 -
1 0.4
0.02
0.5 0.2
0 0 0

0.60.8 1 1.21.41.61.8 40 60 80 100 3 4 5 6



VPCs: global VPC includes both groups

80

70

60

50

40

30

20

10




VPCSs: use the estimated latent categorical
covariate to stratify the data
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VPCSs: use the estimated latent categorical
covariate to stratify the data
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VPCs: use the estimated latent categorical

covariate to stratify the data
_

250 250
~ 90%
7 =1 50%
10%
2001 200
g ©
= =
ab] k]
] ]
P P
i i
o 100
a0
| 'I'L-'=':l ULy """."-.- [:l | . min Ll 1o
0 20 40 B0 0 20 40 B0




1
Mixture of
models



Some data

 POWER
TIBOTEC

* Viral load data from 578 HIV infected
patients

studies were conducted by

 Randomized, controlled, partially blinded
studies

3 studies of up to 144 weeks, performed
in highly treatment experienced patients,
using darunavir/ritonavir (DRV/RTV) or an
investigator-selected control Pl, combined
with an optimised background regimen
(OBR), consisting of nucleoside reverse
transcriptase inhibitors with or without
the fusion inhibitor enfuvirtude.

2130102

+

+

AR Bk

2130104

0 500 1000

2130113

|+

+

1 THxx%x % %

+ +
+ +
+ + + +

_|+

0
0 100 200

2130118

0
0 50 100 150

2130122

. - .
+++ + +

+
+

*
R R R

0 20 40 60 80
2130123

0 200400600800

+

+

+
+

| ek ek k%% %

0 200400500800




Some data

 POWER
TIBOTEC

* Viral load data from 578 HIV infected
patients

studies were conducted by

 Randomized, controlled, partially blinded
studies

3 studies of up to 144 weeks, performed
in highly treatment experienced patients,
using darunavir/ritonavir (DRV/RTV) or an
investigator-selected control Pl, combined
with an optimised background regimen
(OBR), consisting of nucleoside reverse
transcriptase inhibitors with or without
the fusion inhibitor enfuvirtude.
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Some data

The data exhibit three different typical
profiles:

* non-responders,
* responders,
* rebounders.

=> We propose to describe these viral load
data with a mixture of three models
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Between subject model mixture

(unsupervised learning)

]
k) d1ff<?rent 3 different 3 different VK models
profiles groups
4_1¥F+-+4_+ +I+ d
nonresponder

) LO=A +A
0

0 100 200
——

;
4.

: responder f,)=Ae™ +Ae™"!
21 Finorrk sok %% ¥
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- —
ar g rebounder
NEF: fL() = Ae + A 42
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Between subject model mixture
(unsupervised learning)

o
L) =A+A p, = P(z =1)
f,(t)=Ae "+ A e 0, =P(z, =2)
0= Ae At P =P =3

Population approach:

* [IVon A, A1, Ay, Ay, A3, A3, 7

 No variability on p1, p7, p3



Between subject model mixture

MLXTRAN implementation
N

$SPROBLEM Between Subject Model Mixture

$PSI Al L1 A2 L2 A3 L3 TL S1 S2

SEQUATION

f1=A1+A2

f2=Al*exp (-L1*T)+A2*%exp (-L2*T)

f3=Al*exp (-L1*T)+A2%exp (-L2*T)+A3/ (1+texp (-L3* (T-TL) ) )
pl=1/(1+S1+S2)

p2=S1/ (1+S1+S2)

p3=S2/ (1+S1+S2)

$OUTPUT
OUTPUT1 = BSMM(fl,pl, £2,p2, £3,p3)




Between subject model mixture

Some results
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Between subject model mixture

Some results
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Between subject model mixture

Some results
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Between subject model mixture

Some results
I
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Between subject model mixture
Some results

2025509 2025702 2025705
Bipe —+ 5+ S| 5 R
* T +
+
I i
FHERRIK K SRk K K S K K K B ROK XK
0 0 0
0 100 200 0 500 1000 0 500 1000
2025709 2025803 2026008
5 + L + Sl e 4 4o o
=+ T + + +- /  + *
+ + e
+++%¥ + +
0 0 0
0O 200 400 600 800 0 200 400 600 0O 50 100 150
2026203 2026405 2026607
5 ++ + + + + 5 4 ﬁﬁ#
e |
B 2] W¥¥+ * % % % |
*
0 0 0

0 50 100 0 5 10 15 0O 200 400 600



Between subject model mixture

Some results
.

Should we consider this subject

2025709

- as a hon responder?
Lo+ - as a responder?

+ + N

gy T - as a rebounder?

+ iJrﬂL

0O 200 400 600 800

Or someone « in between »?



Within subject model mixture

() =A+A
f(t)=Ae ' +A e > f=pfi+p.1,+psfs

() = Ao+ Ajeit 418

14+ gt

Population approach:

* [IVon Ay, 41, Ay, Ay, A3, A3, t*

+ IIVonp,,p,,ps



MONOLIX IMPLEMENTATION

Within Subject Model Mixture
I

SPROBLEM Within Subject Model Mixture

$PSI Al L1 A2 L2 A3 L3 TL S1 S2

SEQUATION

f1=A1+A2

f2=Al*exp (-L1*T)+A2*%exp (-L2*T)

f3=Al*exp (-L1*T)+A2%exp (-L2*T)+A3/ (1+texp (-L3* (T-TL) ) )
pl=1/(1+S1+S2)

p2=S1/ (1+S1+S2)

p3=S2/ (1+S1+S2)

$OUTPUT
OUTPUT1 = WSMM(fl,pl, £2,p2, £3,p3)




Within subject model mixture
Some results
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SAEM for mixture models

at iteration k,

i) simulate the latent categorical covariates (z;) and the individual
parameters ()

(Zi(k)’Wi(k))~ p(zi "//i‘Yi;e(k))

ii) estimate the expectation of the complete log-likelihood using
stochastic approximation

Qu1(0)=Qu(0)+ i (LL(y; . 2.1 ;0)-Q (0))

iii) update the estimation of the population parameters

Hk+1 = Arg maXQk+l(9)



Conclusions

The SAEM algorithm was extended for the
analysis of mixture models

The algorithm handles different types of
mixtures (mixture distributions, between and
within model mixtures)

'Cll'he estimated labels can be used to stratify the
ata

The algorithms are implemented in new MONOLIX
3.2 and supported by MLXTRAN

Other possible extensions are straightforward
(mixture of error models...)



