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Joint Modeling (CoBmecTHOE moaenupoBaHue)

maBHaa 3agayva Joint Modeling (JM): ycTaHOBNeHMe CBA3U MeX4y NOHMUTIOAHbIMU
(M3mepsieMbIMn BO BpeMeHN) bBruomapkepamm 1 KIMHUYECKN 3HAYNMbIMU CODbITUSIMMN.

CBs13b JIOHIUTIOAHBIX BMOMapPKepPOB 1 COOLITUI BbipaXkeHa rnocpeactsom pyHkumm pucka (hazard),
CTPYKTYypa KOTOopon 0600LaeT Mogerb nponopunoHanbHbiX puckoB Kokca.

[na onucaHna NOHMUTIOAHbIX 6|/|omap|<epOB NCNOJNb3yHOTCA MOOENN CMELLUaHHbIX SCbeeKTOB.

[lapameTpbl MOAENW ONpeaenstoTca U3 COBMECTHON dbyHKLUKM npaBaonoaobusi, kotopas
o0beanHAeT pyHKUMN npaBaonogobust Mmogenu cmellaHHbIX 3PdeKToB 1 COObITUIHOM

COCTaBNsoLLEN. Vector of Individual baseline covariates * Vector of corresponding
| coefficients. Similar to COX proportional hazard. ]
|
Individual Hazard(t) = Baseline_Hazard(t) * exp [ (Y,w) + f(asia,SLD(1)) ]
A
[ Impact of individual multivariate longitudinal history |
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processed by Mixed Effect model. Extension to COX.



Oobwaa xapaktepuctmka CoBMecTHOro moaeriupoBaHus

 [lpenmyLlecTsa:

o fBHasi CTPYKTYpa MOAENN, CBA3blBaloLLas 3Ha4eHUs bomMapkepoB 1 Bknaza B OYHKLWIO pUCKa;

o Bkntovyaet mogenb cmellaHHbIX 3dEKTOB AN NOHIUTIOAHbLIX BUOMapKepoB, YTO ABNAETCH
o0LEenpm3HaHHbIM CNocob KX onncaHus:;

o [locne onpegeneHus napameTpoB MOAENN OHa MOXET OblTb UCMONb30BaHa AS1s NpeackasaHus

BEPOSATHOCTN COObLITUIN U 3HAYEHUIN BOMAapPKEepPOB HA OCHOBE NHAMBUAYaNbHbIX NTOHMUTOAHbIX
OaHHBIX;

 QOrpaHunyeHunga nogxoaa:.

o TpebyeT 3aTpaTHbIX C BbIMUCINTENBHOM TOYKN 3pEHNS NpoLeayp Ans onpeaeneHns
napameTpoB U BbINOMHEHMA NPeacKasaHum;

o Bo03MOXHOCTb onpegerneHnst onTuManbHbIX NapamMeTpoB MOAENN 3aBUCUT OT MHOTUX
JoaKTOpOB;

o Wcnonb3oBaHne Moaenu onsa npeackasaHuii npeanonaraeT reHepaLunio BbIOOPKM 13 r—
anocTepUopHOro pacnpeneneHnsa napameTpoB, YTO MOXKET NPeACTaBNSAET CNOXHOCTb; =M&S



NNpegHa3HavyeHne CoBMeCTHOro MoaenMpoBaHus

OnucaHue nosegeHust buomapkepos. brnarogaps NCNonb30BaHMID COBMECTHOW OYHKLUN
npaBgonoaodunst KOadMUUNEHTLI MOAENU CMELLAaHHbIX 9dEKTOB NOABEPXKEHLI BIIUAHUIO
COObLITUNHON cocTaBnALWEN (M HA0ODOPOT), YTO MOXET ObITb MHTEPNPETUPOBAHO Kak bornee

NofMHoOUEeHHOE ornnMcaHme JNIOHrMMTIAHbIX 6|/|omap|<ep08.

Ilcnonb3oBaHue Mmoaenu Anga npeackasadnn. BoamoxxHocTb COBMECTHbLIX Moaernen AaBaTb

npeackasaHnua MoXeT bbiTb 9 dPEKTMBHO UCMoNb3oBaHa aArs NepCoOHUPULMPOBAHHOIO
TepaneBTUYECKOro noaxoaa v aHanmaa KnuHM4eCcKnx nccnenoBaHui.
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Ucnonb3oBaHue JM B npoektax M&S Decisions

 AHanu3 BbIXKUBaeMOCTU OJ151 HEMEJIKOKIIeTOYHOro paka Jfierkmx (KnmHndeckme
nccneposaHusa ATLANTIC, 1108 (durvalumab), IPASS (gefitinib)

« S Gavrilov et al. Longitudinal assessment of tumor size and neutrophil count in multivariate joint models are more predictive of
survival than their baseline values in patients with non-small cell lung cancer. PAGE Meeting, 2019, Stockholm, Sweden.

« K. Zhudenkov, S Gauvrilov et al. Longitudinal tumor size and NLR are more predictive of individual survival than their baseline values
in patients with non-small cell lung cancer treated with durvalumab. 2019 ASCO Annual Meeting, Chicago, USA.

« AHanus BbDKMBaAaeMOCTU MeTacTaTU4YecKOoro paka npeacrarenbHomn xenesbl (Ha OCHOBE

OaHHbIX ProjectDataSphere)

« S Gauvrilov et al. Evaluation of longitudinal biomarkers associated with survival of prostate cancer patients by means of Bayesian
joint modeling. Stancon 2019, Cambridge, UK
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CoBmecTHan pyHKUMA npaBgononoousa

Bknag cobbITUMHOW cOCTaBNAOLLEN

S(t) = exp{—H(t)} = exp{— /Dt h(s) ds} (1)

n n 15
= 6ilogp(T;;0) + (1 - 6;) log S;(T;; 0) = Z 0;log hi(T3;0) — / hi(s;0)ds  (2)
i—1 i=1 0

Bknag mogenu cmelaHHbIX 9 eKToB

p(yi | bi;0) = Hp (yij | bi;0)  (3)
log (CoBMecTHasaA pyHKUMA

npasgononobus) = (2) + (4)
Z log p(y::

((0) (4)

Dimitris Rizopoulos. Joint Models for Longitudinal and Time-to-Event Data With Applications in R. 2012. Chapman and
Hall/CRC 275 Pages
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MpuHUunn npenckasaHum Ha ocHoBe CoBMeCTHOU Moaenu

[MpenckasaHus: BEPOSATHOCTb

- BbknBaHua s(t) n npeackasaHms
NOHIUTIOAHON UH Mauunm K NUMEHTOB B MOAENu
° *0AHO bopMall O3PULINEHTO OAe NOHrUTIOAHOro Guomapkepa

BNnoTb Ao Cut-off BpemeHm CMeLlaHHbIX 3¢peKToB SLD(t) ansi t > Cut-off

HakonneHve nHanemnayansHoOm PacyeTt nHauemayanbHbIX

N3BecTHas SLD(t) = c*exp(d*t) + b*t = |
NOHrUTIOAHaA {c,d,b} BbluMCNAETCA N3 ZIAN | _
NHpopmMaunsa BNNOTb 4O anocTepuopHoro | _-="
BpemeHu Cut-off: pacnpeneneHus pr(c,b,d | yi) T N
yi = SLD(ti) | R
- I - Cut-off t
a la *
a | ZIAN 1

s(t)

[
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Cut-off t
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HekoTopble nporpammMHbie cpeacTBa Ansa CoBMecTHOro mogenupoBaHus

JM JMbayes Monolix NONMEM Rstanarm STAN
package package (stanjm) package

R interface Full Full Command Command Full* Command
interface interface interface

Dataset Time-to-event Time-to-event Vertical Vertical Time-to-event Custom

Nonlinear mixed- No No Yes Yes No Yes

effect models

Multivariate No Yes Yes Yes Yes** Yes

models

Splines Yes Yes Coding Coding Yes Coding

Predictions Implemented Implemented  Only random partially Implemented Coding

effects implemented

Overall low low medium medium low high

Complexity

Modifications No No Yes Yes No Yes

after fitting



[TakeTbl ona R peanusywwme nmHenHblie JM

JM package JMbayes package

Pros

Easy syntax

Robust and very fast fit

Fully documented (Rizopoulos
book)

Various baseline hazard models
possible

complex association structure
(derivative, integral, etc.) possible
Coded in R

Cons

No multivariate models
Non-Bayesian

No access to random effects or
modification of fitted model

Pros

Easy syntax

Multivariate capability

Robust and rather fast fit
Bayesian algorithm, priors
possible

Various baseline hazard models
possible

complex association structure
(derivative, integral, etc.) possible

Cons

Il sequential, not honest joint
model

No access to random effects or
modification of fitted model
Limited prediction functionality

Rstanarm package (stanjm)

Pros

Easy syntax

Multivariate capability*(see cons)
Bayesian algorithm, priors
possible

Various baseline hazard models
possible

complex association structure
(derivative, integral, etc.) possible

Cons

Fitting is not robust and slow
Limited multivariate capability:
predictions are not possible due
to NA issue

Limited access to random effects
and no modification of fitted
model



Cpeabl ona co3pgaHua HeNMMHenHbIX JM

NONMEM STAN

Pros Pros Pros

» Differential equations solver « Differential equations solver » Fully customizable

« Easy covariate mechanism « Efficient fitting algorithms « Based on likelihood definition
» Efficient SAEM algorithm « Based on hazard definition « Bayesian

» User-friendly graphical interface

« Based on hazard definition

Cons Cons Cons

« Baseline hazard should be coded -
(no splines, etc.)

» Slow computation .

« Time-consuming posterior
diagnostics: except individual
random effects estimation .
everything else should be coded -
in R

» No access to likelihood function

Coded from scratch
Difficult to achieve stable fitting
(sampling)

Baseline hazard should be coded -
(no splines, etc.) .
Time-consuming posterior
diagnostics: requires some

coding in R

Difficult to compose proper model
Access to likelihood function is
strictly limited



'padhnyeckan guarHoctmka Ha ocHoBe MeTpuk ROC-AUC u Brier Score
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CpaBHEHNA TOYHOCTU NpeacKasaHum CpaBHEHMA TOYHOCTU NpeacKasaHum
BbDKMBAEMOCTW PasfnyHbiX Mogenen Ha BbDKMBAEMOCTW PasfnyHbiX Mogenen Ha
OCHOBE [aHHbIX KITMHUYECKNX UCCregoBaHnin OCHOBE [aHHbIX KITMHUYECKNX UCCcregoBaHnin
paka npencrarenbHom Xernesbl. HEMETKOKINEeTOYHOro paka fnerkumx.
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CpaBHeHVe TOYHOCTU NTIOHIUTIOOHbIX NpeacKasaHUM JIMHEeNHbIX U
HeNTMHEenHbLIX Moaeneun
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