
Introduction Joint latent class model The latent process model Application Perspectives

Joint modeling of cognitive decline and
time-to-dementia : a latent variable approach

Cécile Proust-Lima1,Hélène Jacqmin-Gadda1

1Department of Biostatistics, INSERM U897, Bordeaux, France

ISCB 2009 - Prague, Czech Republic



Introduction Joint latent class model The latent process model Application Perspectives

Why jointly model cognitive aging and dementia ?

• Dementia : defined by impairment of memory and at least
one other cognitive function with impact on activities of
daily living.

• Alzheimer’s disease : main sub-type of dementia
characterized by a very long degradation process of
cognitive functionning beginning long before the diagnosis.

• Joint modelling for :
• Understanding the natural history of the disease
• Early discriminating between normal and future demented

subjects
⇒ Tools for early diagnosis
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Characteristics of the population

Cognitive evolution profiles are very heterogeneous in the
elderly because of :

• normal and future demented subjects
• highly and less educated subjects
• various subtypes of dementia (AD vs vascular dementia)
• ... heterogeneity due to other unobserved (or unknown)

factors

⇒ Joint model with latent classes
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Characteristics of cognitive measures

Cognition is not directly observed but measured through
numerous psychometric tests which are :

• highly correlated
• with different metrologic properties (ceiling and floor

effect,...)
• leading to non gaussian score distribution
• with measurement error

⇒ Joint model for multivariate longitudinal outcomes

⇒ Latent process approach
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Joint latent class models for repeated measures of
quantitative marker and time-to-event

• Main idea : Population divided in sub-populations (latent
classes) with different profiles of change for the marker
associated with different risk functions for the event.

• Advantages :
• Account for heterogeneous population
• Closed form for the likelihood

• Key assumption : Conditional independence assumption
between longitudinal outcome and time-to-event given the
classes
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Shared random effect vs Latent class model
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The joint latent class model

• Class membership probability

πig = P(ci = g) =
eξ0g+XT

1iξ1g

∑G
l=1 eξ0l+XT

1iξ1l

• Linear mixed model

Yi |ci=g= Zi(µg + big) + X2iβg + εi

with εi ∼ N (0,Σi), big ∼ N
(
0, ω2

gB
)
.

• Time-to-event model
Ti = min(T∗

i ,Ci) and δi = 1T∗

i ≤Ci .

λ(t | ci = g) = λ0g(t; ζg)eXT
3iγg

  Event
  T* 

Long.
marker 
    Y 

Random
effect

Latent
class

C

S

O
B

E
R
V
E
D

T
N
E
T
A
L



Introduction Joint latent class model The latent process model Application Perspectives

Joint latent class model : likelihood

Thanks to the conditional independence assumption between
Yi and Ti given the latent class Ci, the individual contribution to
the likelihood for G known is :

Li =

G∑

g=1
πigf (yi | ci = g)λ(Ti | ci = g)δi S(Ti | ci = g)

Problems :
• Choosing G ⇒ BIC
• Evaluating the conditional independence assumption
⇒ score test against the alternative hypothesis of residual
dependence through the random effects
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Score test

• Joint LCM with shared random-effects :

λa(t|ci = g, big) = λ0g(t; ζg)eX3iγg+bT
igη

H0 : η = 0 versus H1 : η 6= 0

• Score statistic :

U(0, θ) =

N∑

i=1

G∑

g=1
Pr(ci = g|Yi,Ti, δi)

[δi − Λg(Ti)] E(big|ci = g, yi)
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Joint latent class model for multivariate markers

Motivation : multiple non-gaussian measures of cognition
Latent process approach :
• Latent process : unobserved true cognitive level
• Psychometric scores : measures with error of a

transformation of the latent process
• Flexible transformations between observed scores and

latent process to handle :
• non gaussian quantitative outcomes
• binary or ordinal outcomes
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Joint latent class model for multivariate markers
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Λi(t) |ci=g = Zi(t)Tbig + X2i(t)Tβg λ(t |ci=g ) =λ0g(t)eX3i(t)γg

Yk(t) | Λ(t) ← marker-specific observation equation
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Equations of observation : quantitative outcomes

hk(Yijk;ψk) = Λi(tijk) + X2i(t)Tφk + αik + εijk

→ hk = CDF Beta (Proust, Biometrics 2006 ; Proust-Lima, CSDA
2009)
→ εijk ∼ N (0, σ2

εk)

Likelihood Li(θ) :
Using conditional independence given ci = g :

Li(θ) =

G∑

g=1
πig(θ) × f (hk(yi)|ci = g; θ)J(yi; θ)

︸ ︷︷ ︸

f (yi|ci=g;θ)

×λ(Ti|ci = g; θ)δiS(Ti|ci = g; θ)
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Equations of observation : binary/ordinal outcomes

Yijk = l ⇔ ψl−1 ≤ Λi(tijk) + X2i(t)Tφk + αik + εijk < ψl

with l ∈ {1, ...,L} and ψ0 = 0 and ψL = +∞

Identifiability : 2 constraints on ψ or on the intercept and
variance

→ Threshold model for Gaussian ε
or IRT for graded responses for logistic errors ε

(Liu and Hedeker, Biometrics 2006)
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Likelihood for ordinal outcomes (for G fixed)

Using conditional independence given ci = g,

Li(θ) =
G∑

g=1
πig(θ) × f (yi|ci = g; θ) × λ(Ti|ci = g; θ)δi S(Ti|ci = g; θ)

Where (defining Φ = Gaussian CDF ),

f (yi|ci = g; θ) =
∫

big

K∏

k=1

nik∏

j=1

(

Φ

(
ψyijk − E(Λ(tijk)|big)

σεk

)

− Φ

(
ψyijk−1 − E(Λ(tijk)|big)

σεk

))

× f (big)dbig
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Maximum likelihood technique & Simulations

Estimation for G fixed :
→ Marquardt algorithm for L(θ) =

∑N
i=1 ln (Li(θ)) given G

→ Multivariate Gaussian quadrature over big distribution
→ G selected using the Bayesian Information Criterion (BIC)

Validation of the estimation procedure using simulations :
- 1 ordinal scale, linear evolution, 2 latent classes
- 500 subjects, 200 replicates

→ Coverage rates ∈ [91.0%; 97.5%]

→ Relative biases < 10%
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Posterior classification

2 posterior class-membership probabilities :

π̂
y,T
ig = P(ci = g | yi, (Ti, δi), xi; θ̂)

→ used to assess the goodness-of-fit

π̂
y
ig = P(ci = g | yi, xi; θ̂) =

P(ci = g | xi; θ̂)f (yi | ci = g, xi; θ̂)
∑G

l=1 P(ci = l | xi; θ̂)f (yi | ci = l, xi; θ̂)

→ used for prognostic tools
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Prediction : prognostic /early detection tools

s+ts age

probability   
    of event?

marker information
until time s

H (s):i
evolution
Marker /latent process

Predicted probability of event in (s,s+t) :

P(Ti ≤ s + t | Ti > s,Hi(s),Xi; θ̂) =

=

G∑

g=1
P(Ti ≤ s + t | ci = g,Ti > s,Xi; θ̂) × P(ci = g | Hi(s),Xi; θ̂)

︸ ︷︷ ︸

π̂
ys
ig
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Application

Determine the profiles of cognitive decline according to age
and their association with dementia
→ with adjustment for sex and education (first French diploma -CEP)

2383 subjects from PAQUID cohort with a median of 2 to 4
repeated measures per test

T1 T5 T8 T13T3 T10T0

− 3 psychometric tests
decline of cognitive functions:

not demented

(fluency,  visual memory, speed)
− at least one measure at each test
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Specification of the joint model

Latent class membership :

P(ci = g) =
eξ0g+SEXiξ1g+CEPiξ2g

PG
l=1 eξ0l+SEXiξ1l+CEPiξ2l

Markers evolution :
Λi(t)|ci=g = (µ0g + b0gi) + (µ1g + b1gi)× AGEi + (µ2g + b2gi)× AGE2

i + β1t=T0i

with big = (b0gi, b1gi, b2gi)
T ∼ N (0, ω2B)

Observation equation : hk(Yijk; (η
(k)
1 , η

(k)
2 )) = Λi(tijk) + εijk

Risk of dementia :
λ(t)|ci=g = λ0(t)eγ0g+SEXiγ1+CEPiγ2 and λ0(t) : Weibull function
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Estimation of the joint latent class model

Selection of the 5 latent class model
G p L BIC
2 34 -67390.49 135045.38
3 42 -67262.12 134850.83
4 50 -67186.32 134761.43
5 58 -67141.29 134733.60
6 66 -67115.15 134743.53

∗ comparison of mean for the residuals conditional on the event

Latent class membership highly predicted by education
(p < 0.001) but not by gender (p = 0, 084)
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Predicted mean evolution of the latent process and
probability of being free of dementia
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Table of posterior classification

Final Number of Mean of the class-membership probabilities
classif. subjects 1 2 3 4 5

1 73 0.779 0.083 0.126 0.003 0.009
2 187 0.073 0.723 0.040 0.140 0.024
3 197 0.154 0.106 0.681 0.038 0.021
4 652 0.001 0.204 0.002 0.727 0.066
5 1274 0.012 0.044 0.074 0.097 0.773

→ unambiguous posterior classification
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Subject-specific prediction per test & per class

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

IS
T

age (year)

class 1

 0
 2
 4
 6
 8

 10
 12
 14

 65  70  75  80  85  90  95  100

BV
RT

age (year)

class 1

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

CO
D

age (year)

class 1

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

IS
T

age (year)

class 2

 0
 2
 4
 6
 8

 10
 12
 14

 65  70  75  80  85  90  95  100

BV
RT

age (year)

class 2

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

CO
D

age (year)

class 2

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

IS
T

age (year)

class 3

 0
 2
 4
 6
 8

 10
 12
 14

 65  70  75  80  85  90  95  100

BV
RT

age (year)

class 3

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

CO
D

age (year)

class 3

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

IS
T

age (year)

class 4

 0
 2
 4
 6
 8

 10
 12
 14

 65  70  75  80  85  90  95  100

BV
RT

age (year)

class 4

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

CO
D

age (year)

class 4

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

IS
T

age (year)

class 5

 0
 2
 4
 6
 8

 10
 12
 14

 65  70  75  80  85  90  95  100

BV
RT

age (year)

class 5

 0
 5

 10
 15
 20
 25
 30
 35
 40

 65  70  75  80  85  90  95  100

CO
D

age (year)

class 5

Predicted weighted mean evolution (x)
Observed weighted mean evolution (—) with 95% confidence bands (- - -)

Prediction obtained by numerical integration of h−1
k (ỹijk ; η̂k) over the distribution of
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Concluding remarks

Advantages of the model :
- several markers (latent process part)

→ avoids biases due to nonlinearity
→ increases the power of the analyses

- time-to-event (joint model part)
→ avoids the selection biases

- latent class approach
→ explicit interpretation of the association + heterogeneity
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Perspectives (1)

Diagnostic accuracy measures for joint models :
The predicted probability of event in (s,s+t),

M(s, t) = P(T∗
i ≤ s + t | T∗

i > s,Hi(s),Xi; θ̂)

may be computed whatever the types and number of cognitive
measures for subject i before time s.

Open questions :
• Estimate of sensitivity(c|s, t) = P(M(s, t) > c|T ∗ ≥ s,T∗ < t)
• Estimate of specificity(c|s, t) = P(M(s, t) ≤ c|T ∗ ≥ s,T∗ < t)
• Global evaluation of such prognostic tools

(Zheng and Heagerty, Biometrics, 2007)
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Perspectives (2)

Latent classes towards latent states
Subjects could change of classes with time : switch from
normal cognitive aging to pathological decline

Joint modelling of death
• To address informative censoring due to death
• To estimate mean trajectories conditional to be alive
⇒ Dantan et al, ISCB2009, today 17h30 room RB212
contributed session : Longitudinal and hierarchical data analysis I
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