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Introduction: Motivation

A lot of information is available

-> Electronic medical records
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Introduction: Motivation

A lot of information is available

-> Electronic medical records

Different types of information

-> Baseline characteristics
= Longitudinal outcomes

-> Time-to-event outcomes
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Introduction: Examples

Applications

-> Heart valve
- Stroke
- Cystic Fibrosis
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Introduction: Examples

Applications

-> Heart valve

¢ Aortic gradient
¢ Aortic regurgitation
o Time-to death/reoperation

- Stroke
= Cystic Fibrosis
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Introduction: Examples

Applications

-> Heart valve
-> Stroke

© Extremity performance
¢ Limb strength

- Cystic Fibrosis
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Introduction: Examples

Applications

-> Heart valve
-> Stroke
- Cystic Fibrosis

< FEV1
o BMI
o Time-to death/exacerbation
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Introduction: Common practice

Separate analysis

- Each longitudinal outcome

=> Survival outcomes
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Introduction: Common practice

Separate analysis - Stroke data

Stroke recovery cluster: 1

© 412 patients ! ! ! !

¢ QOutcome of interest:
Fugl-Meyer

FM-UE

van der Vliet, R., Selles, R. W.,
Andrinopoulou, etc (2020). Predicting upper
limb motor impairment recovery after stroke:
a mixture model. Annals of Neurology,
87(3), 383-393.
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Introduction: Extensions

Combined analysis - Cystic Fibrosis data

o 17,100 patients

Visit: 4
¢ Qutcomes of interest: , !
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Introduction: Challenges and Opportunities
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Introduction: Challenges and Opportunities

Combined analysis - Heart valve data

=> 296 patients

-> Association of Aortic Gradient with time-to-death/reoperation

¢ Aortic Gradient is measured with error

@ www.erandrinopoulou.com & eandrinopoulou@erasmusme.nl ¥ @ERandrinopoulou

Erasmus MC



Erasmus MC

Introduction: Challenges and Opportunities

Combined analysis - Heart valve data

=> 296 patients

-> Association of Aortic Gradient with time-to-death/reoperation

¢ Aortic Gradient is measured with error

o Different features of Aortic Gradient
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Statistical Models

Let's assume that we have a longitudinal outcome
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Statistical Models: Mixed Models

y1i(t) = mai(t) + er; = a1;(6) B1 + 205 (£)b1i + €e15(t)
where

<& bli ~ N(O, D)
<& eli(t) ~ N(O, Elz)
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Statistical Models: Mixed Models

y1i(t) = my(t) + e = @ (0)B1 + 2] (H)b1; + eri(t)
where

<& bli ~ N(O, D)
<& eli(t) ~ N(O, Elz)
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Statistical Models: Mixed Models

y1:(t) = mai(t) + e = a;()B1 + 2(E)bri + €1i(t)
where

<& bli ~ N(O, D)
<& eli(t) ~ N(O, Elz)
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Let’'s assume that we have two longitudinal outcomes
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Statistical Models: Multivariate Mixed Models

y1i(t) = mui(t) + ey = x;(8) 1 + 21:(t) "oy + eni(t)
Yoi(t) = ma;(t) + €2 = 20;(t) B1 + 22:(t) " boy; + €ni(t)

where

o b = (b],,b};) ~ N(0,D)
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Statistical Models: Multivariate Mixed Models

y1i(t) = mui(t) + ey = x;(8) 1 + 21:(t) "oy + eni(t)
Yoi(t) = ma;(t) + €2 = 20;(t) B1 + 22:(t) " boy; + €ni(t)

where

o b = (b],,b};) ~ N(0,D)

Challenge: Quantify the association between y; and y»
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Statistical Models: Multivariate Mixed Models

y1i(t) = mui(t) + er; = o;(8)B1 + 215(t) "oy + amay(t) + eni(t)
Yoi(t) = ma;(t) + €2 = 20;(t) B1 + 22:(t) " boy; + €ni(t)

where

¢ « denotes the association
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Statistical Models: Multivariate Mixed Models

y1i(t) = mui(t) + er; = o;(8)B1 + 215(t) "oy + amay(t) + eni(t)
Yoi(t) = ma;(t) + €2 = 20;(t) B1 + 22:(t) " boy; + €ni(t)

where

¢ « denotes the association

Challenge: |s that our only option?
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Statistical Models: Multivariate Mixed Models
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Statistical Models: Multivariate Mixed Models

y1i(t) = mai(t) + eni = 23;(8)B1 + 215(t) Tbus + @ fF{Mai()} + e1i(t)
yai(t) = mai(t) + €2 = 29;(£)B1 + 22i(t) "bay + €2i(t)

where

¢ « denotes the association
o My;(t) denotes the history of the true unobserved longitudinal process up to
time point ¢
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Statistical Models: Multivariate Mixed Models
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Statistical Models:

Erasmus MC

Multivariate Mixed Models
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Statistical Models: Multivariate Mixed Models

d
y1i(t) = mui(t) + er; = x3;(t) 1 + 215(t) Ty + Em%(t) + €14(t),
y2i(t) = ma;(t) + €2 = -"EzTi(t)ﬁl + 294 (t)Tb% + €2i(t),

where

o « denotes the association
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Statistical Models: Multivariate Mixed Models
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Statistical Models: Multivariate Mixed Models

t
y1i(t) = mui(t) + e = x;(8)B1 + 21:(t) Tby + /0 mai(s)dt + e1;(t),
y2i(t) = ma;(t) + €2 = éUgTi(t)ﬂl + Zzi(t)szi + €2 (t),

where

& « denotes the association
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Let’'s assume that we have a longitudinal and a survival outcome
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Statistical Models: Joint Models
=> Naive joint analysis
o Cox model using the last observation
o

Data is discarded!
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Statistical Models: Joint Models

=> Naive joint analysis
o
o Time-dependent Cox model

Time-dependent Cox models are suitable only for exogenous covariates!

Time-dependent Cox Joint model
o ] o ]
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Statistical Models: Joint Models

yi(t) =mi(t) + e = x] ()8 + 2 (£)b; + €i(t)
hi(t)=ho(t)[y T wi+am;(t)]

where
o « denotes the association
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Statistical Models: Joint Models

yi(t) = mi(t) + e = ] ()B + 2 (£)bi + €i(t)

J
hi(t)=ho(t) hT?UH'Z aj fi{Mi(t)}]

Jj=1

where

¢ «; denotes the association
¢ Shrinkage

Andrinopoulou, E. R.,& Rizopoulos, D. (2016). Bayesian shrinkage approach for a joint model of longitudinal
and survival outcomes assuming different association structures. Statistics in medicine, 35(26), 4813-4823.
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Let’'s assume that we have two longitudinal and a survival outcome
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Statistical Models: Multivariate Joint Models

y1i(t) = mai(t) + er; = x;(8) 1 + 21:(t) Tby; + eni(t)
yai(t) = mai(t) + €2 = 29;(£)B1 + 22i(t) "bay + €2i(t)

hi(t)= ho(t)[7y " w; + as1 fFAM1i(t)} + asa f{IM2 (1)},
where

o g1 and g denote the associations
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What about the association between the longitudinal outcomes?
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Statistical Models: Multivariate Joint Models

y1i(t) = mui(t) + eni = 21;(6)B1 + 215(t) "b1i + ap fF{AMai(t)} + eni(t)
Y2i(t) = mai(t) + e = 9;(t) B1 + 22i(t) " ba; + €ni(t)

hi(t)= ho(t)[y " w; + as f{M1;(t)}]

where

o «g denotes the survival association
o «, denotes the longitudinal association
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Statistical Models: Multivariate Joint Models

y1i(t) = mai(t) + €1 = 1;()B1 + 215(t) "bri + o fAMai()} + €xi(t)
Yyoi(t) = mai(t) + e = 29, (1)B1 + 22i(t) "oy + €2i(t)

hi(t)= ho(t)[y " w; + as fF{Mu:()}]

where

o «g denotes the survival association
¢ «, denotes the longitudinal association
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Statistical Models: Multivariate Joint Models

y1i(t) = mui(t) + er; = x;(8) 1 + 215(t) "oy + ap fF{Ma; ()} + eni(t)
yai(t) = maoi(t) + €2 = 29, (t) 1 + 224(t) "bai + €2:(t)

hi(t)=ho(t)[y " w; + cus MU}

where

o «g denotes the survival association
© «p, denotes the longitudinal association
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Simulations
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Simulations

Multivariate Mixed Models
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Simulations: Scenario

Simulate
- Outcome 1

Linear time
Treatment
Value of outcome 2

-> Qutcome 2
Linear time
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Simulations: Scenario

Simulate Fit
- Outcome 1 - Outcome 1
Linear time
Treatment
Value of outcome 2 Value of outcome 2
- Outcome 2 - Outcome 2
Linear time
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Simulations: Scenario

Simulate Fit
- Outcome 1 - Outcome 1
Linear time
Treatment
Value of outcome 2 Value of outcome 2
- Outcome 2 - Outcome 2
Linear time

All models were fitted under the Bayesian framework
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Simulations: Results
Simulate Value

Interceptl Timel Drugl
fitRE }m{ fitRE }|:I:|{ fitRE }|:|:| ----- !
3.0 35 4.0 45 50 < © © o « -25 -20 -15
o o o — —
Intercept2 Time2
fitRE } ----- |:|:|----{ o fitRE }-...|:[| ..... {“
18 20 22 24 26 06 08 10 12
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Simulations: Scenario

Simulate Fit
- Outcome 1 - Outcome 1
Linear time
Treatment
Value of outcome 2 Slope/Area of outcome 2
- Outcome 2 - Outcome 2
Linear time
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Simulations: Results

Simulate Value
Interceptl Timel Drugl

fitArea Hf-1- fitArea }|:”+ fitArea «}H]{m

fitSlope - \+1:|:|1-° fitSlope ° }1]]% fitSlope °°}H:|1
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What if we fit all functional forms
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Simulations: Results

Interceptl

fitall A=b---{] -1+
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I
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Simulate Value
Timel

fitAll wr---ﬂ]---i»

00 05 10

fitAll 4 - im{

fitAll +|:|:|{

T T T T
0.6 1.0 14
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fitAll rﬂDi

fitAll L }-ﬂ]--{




Simulations: Results
Simulate Value

Interceptl Timel
fitAll_shrink wa I]} 1o fitAll_shrink of -4 |:[|{
T T T T T T T T T T
20 30 40 50 0.0 05 1.0
Value Slope
I
fitAll_shrink }--[[I---Ii oo fitAll_shrink 4 - }q]{
i : i '
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fitAll_shrink

Area

fitAll_shrink

T T T T
-0.04 0.00 0.04
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Let’s investigate a more complicated scenario
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Simulations: Scenario

Simulate
- QOutcome 1
Non linear time
Treatment
Value of outcome 2
Slope of outcome 2
- Outcome 2

Non linear time
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Simulations: Scenario

] Fit
Simulate o !
=> QOutcome
- Outcome 1

Non linear time

Treatment
Value of outcome 2
Slope of outcome 2
o P 5 Area of outcome 2
=> Outcome
=> Outcome 2

Non linear time
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Simulations: Results

Simulate Value and Slope (non linear)
Interceptl Timell Timel2 Timel3

fian 4t--{] -4 fiall { b-{[]-- +- feat 4 b=~ {[}--4 fial{ -]+

-05 1.0 00 15 -05 15 3.0 (I) i é :I’,
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Simulations: Results

Simulate Value and Slope (non linear)
Interceptl Timell Timel2 Timel3
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Joint Models
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Simulations: Scenario

Simulate
=> Longitudinal outcome

Non linear time
Treatment

-> Survival outcome

Treatment
Value of longitudinal
outcome
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Simulations: Scenario

Simulate Fit

=> Longitudinal outcome => Longitudinal outcome
Non linear time
Treatment

- Survival outcome -> Survival outcome
Treatment
Value of longitudinal Slope/Area of longitudinal
outcome outcome
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Simulations: Results

Interceptl
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What if we fit all functional forms
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Simulations: Results

Simulate Value
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Simulations: Results .

Simulate Value
Interceptl Drugl Timela

fitAll_shrink }D:I{ fitAll_shrink °°°}---|:]}---1-° fitAll_shrink }I:]:Iif’

T T T T T T T T T T T T
04 06 08 10 02 04 06 08 05 10 15
Timelb Timelc Drug2

fitAll_shrink 4 ° }[[]{w fitAll_shrink 4 F---- D] ----- fo | fitAll_shrink -}---[[:I ----- {o o

0.5 15 2.5 00 10 20 30 -0.8 -04 00
Value Slope Area
fitAll_shrink }[[::l ----- 1 fitAll_shrink 9 }D:I{ ° fitAll_shrink 4 F----- m ----- {oo
i i | i |
1 ! 1
T T T T T T T T T T T T T T T T T
06 1.0 1.4 -0.4 0.0 0.2 0.4 -04 00 04

@ www.erandrinopoulou.com & eandrinopoulou@erasmusme.nl ¥ @ERandrinopoulou



Erasmus MC

Let's combine everything
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Simulations: Scenario

Simulate
= Longitudinal outcome 1

Non linear time
Treatment
Value of longitudinal outcome 2

-> Longitudinal outcome 2
Linear time
-> Survival outcome

Treatment
Value of longitudinal outcome 1
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Simulations: Scenario

Simulate Fit
= Longitudinal outcome 1 = Longitudinal outcome 1
Non linear time
Treatment
Value of longitudinal outcome 2 Value-oflongitudinal-outcome2
= Longitudinal outcome 2 = Longitudinal outcome 2
Linear time
- Survival outcome - Survival outcome
Treatment

Value of longitudinal outcome 1
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Simulations: Results
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Software
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Software: R

- Joint models

o

SO0 0

JMbayes, JMbayes2, JM

joineR, joineRML
frailtypack
stan_jm

lcmm

bamlss

JointAI

-> Multivariate mixed models

¢ lcmm

¢ brms

¢ MCMCglmm
¢ JointAIl
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Summary and Discussion
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Summary and Discussion

-> A lot of information is available

-> Correlation between outcomes
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Summary and Discussion

-> A lot of information is available

-> Correlation between outcomes

- Challenges and opportunities
¢ Functional forms
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Summary and Discussion

-> A lot of information is available

-> Correlation between outcomes

- Challenges and opportunities
¢ Functional forms

=> Future steps
o Dynamic predictions
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Thank you for your attention!

The slides are available at: https://www.erandrinopoulou.com
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