
BIOSTAT
Department of Applied Mathematics,

Biometrics and Process Control

Spatio-temporal state-space models for river
network data: two extension

L. Clement and O. Thas

19th Annual Conference of The International Environmetrics Society
TIES 2008, Kelowna, Canada, June 8-13, 2008

BIOSTAT, Coupure Links 653, 9000 Gent,Belgium e-mail: lieven.clement@Ugent.be



Outline

1 Introduction

2 Extension 1: Nonparametric trends in rivers
1 Motivation & Modifications
2 Implication on Parameter Estimation and Inference
3 Case Study

3 Extension 2: Marginalised GLMM for River Networks
1 Motivation
2 Marginalised GLMM: Model Formulation
3 Case Study

4 Conclusions and related research

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 2/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

State and Observation Model

State space representation

{
St = ΦSt−1 + δt

Yt = Xtβ + St + εt

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 3/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

State and Observation Model

State space representation

{
St = ΦSt−1 + δt

Yt = Xtβ + St + εt

St = ASt + BSt−1 + ηt

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 3/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

State and Observation Model

State space representation

{
St = ΦSt−1 + δt

Yt = Xtβ + ft + St + εt

Extension I: nonlinear trend

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 3/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

State and Observation Model

State space representation

{
St = ΦSt−1 + δt

g{E {Yt}} = Xtβ + St

Extension I: nonlinear trend

Extension II: Response distributed
according to other member of the
exponential family

⇒ GLMM

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 3/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

Motivation & Modification
Implications to Parameter Estimation and Inference
Case Study

Outline

1 Introduction
1 Original Model
2 Extensions

2 Extension 1: Nonparametric trends in rivers
1 Motivation & Modifications
2 Implication on Parameter Estimation and Inference
3 Case Study

3 Extension 2: Marginalised GLMM for River Networks
1 Motivation
2 Marginalised GLMM: Model Formulation
3 Case Study

4 Conclusions and related research

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 4/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

Motivation & Modification
Implications to Parameter Estimation and Inference
Case Study

Motivation & Modification
Observed

Time

N
itr

at
e 

(m
g 

N
/l)

1990 1992 1994 1996 1998 2000 2002 2004

0
10

20
30 MAP I MAP II

Seasonal effect

Time

E
ffe

ct
 (

m
g 

N
/l)

1990 1992 1994 1996 1998 2000 2002 2004

0

Trend

Time

E
ffe

ct
 (

m
g 

N
/l)

1990 1992 1994 1996 1998 2000 2002 2004

−
3

0
3

MAP I MAP II

Model: {
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Yt = Xtβ + St + εt

Nitrate Data: ST + nonlinear trend

Adjust mean model

E {Yt} = Xtβ + f(t)
Fourier + smoother

1 Impact on P.E.
2 Inference on first derivative f(1)(t)
3 Multiplicity correction
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Modifications to original ECM algorithm

1 ECM algorithm
1 Choose initial estimates: Ψ0

2 E-step: Calculate Q(Ψ,Ψk
α,βk) = E

{
lc(Ψ)|YN ,Ψk

}
3 CM-step 1: Find the covariance parameters Ψk+1

α that
maximise Q(Ψ,Ψk

α,βk)

4 CM-step 2: Find βk+1 that maximises Q(Ψ,Ψk+1
α ,βk)

5 Repeat steps 2-4 until convergence
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1 ECM algorithm
1 Choose initial estimates: Ψ0

2 E-step: Calculate Q(Ψ,Ψk
α,βk , fk) = E

{
lc(Ψ)|YN ,Ψk

}
3 CM-step 1: Find the covariance parameters Ψk+1

α that
maximise Q(Ψ,Ψk

α,βk , fk)

4 CM-step 2: Find βk+1 and fk+1 that maximises
Q(Ψ,Ψk+1

α ,βk , fk)

5 Repeat steps 2-4 until convergence
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1 Estimate β and f by OLS: β̂ and f̂
2 ECM algorithm

1 Choose initial estimates: Ψ0

2 E-step: Calculate Q(Ψ,Ψk
α, β̂, f̂) = E

{
lc(Ψ)|YN ,Ψk

}
3 CM-step 1: Find the covariance parameters Ψk+1
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Modifications to original ECM algorithm

1 Estimate β and f by OLS: β̂ and f̂
2 ECM algorithm ⇒ EM on residuals of marginal mean model

1 Choose initial estimates: Ψ0

2 E-step: Calculate Q(Ψ,Ψk
α, β̂, f̂) = E

{
lc(Ψ)|YN ,Ψk

}
3 M-step: Find the covariance parameters Ψk+1

α that maximise
Q(Ψ,Ψk

α, β̂, f̂)

4 Repeat steps 3-4 until convergence

⇒ Kalman Filter: vt = (Yt − at|t−1 − Xt β̂ − f̂(t))

⇒ CM-step 1: Y′
t = Yt − Xtβ̂ − f̂(t)
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Mean model: parameter estimation by means of OLS

E {Yt} = Xtβ + f(t)

OLS ⇔ GLS (smoother matrix changes for every iteration ⇒
computationally demanding)

Estimate marginal mean: OLS (Hastie and Tibshirani, 1990){
β̂ = (XT (I− Sf )X)−1XT (I− Sf )Y

f̂ = Sf(Y − Xβ̂) = HfY

where Sf is the smoother matrix and
Hf is the projection matrix
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Inference

Assess local trends using f(t)

Tests on first derivative f(1)(t) (Σf (1) = Hf (1)ΣYN
HT

f (1))

Many simultaneous tests

Tests are dependent: classical multiplicity corrections to
conservative

Incorporate dependence between the tests explicitly: Adapt
free step-down resampling method (algorithm 2.8 of Westfall
and Young 1993)
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Trend test: Multiplicity correction

1 Rank original p-values: p(1) ≤ p(2) ≤ . . . ≤ p(n)

2 Initialise the count variables: COUNTi = 0, i = 1, . . . , n

3 Generate a vector (p∗(1), . . . , p
∗
(n)) under H0. (Note that

sequence {(j)} is fixed).
4 Successive minima to enforce the same monotonicity

q∗
n = p∗

(n), . . . , q
∗
n−i = min(q∗

n−i+1, p
∗
(n−i)), . . . , q

∗
1 = min(q∗

2 , p∗
(1)).

5 If q∗i ≤ p(i), then COUNTi = COUNTi + 1.

6 Repeat (3)-(5) B times, adjusted p-values:
∼
p

(B)

(i) = COUNTi
B .

7 Enforce monotonicity of
∼
p

(B)

(i)

Problem: Step 3, simulate p∗ under H0
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Trend test: Multiplicity correction

Problem: Step 3, simulate p∗ under H0

Solution: simulate from F̂ f (1)

0 .

1 sampling a new set of derivatives f(1)∗ under H0 from
MVN(0, Σ̂f (1))

2 calculating the p-values p∗k that correspond to each of the

simulated derivatives f
(1)∗
k , and

3 ranking these p-values according to the original ranked
p-values (p(1), . . . , p(n)) to obtain (p∗(1), . . . , p

∗
(n)).
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Fit Spatio-temporal river network model, a semiparametric approach
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Figure 6.3: Model fit at five sampling locations of the river Yzer according to
model II. Sampling locations S1, S2, S4, S5 are located on the main
river and sampling location S3 is located on a tributary which drains
into the Yzer between S2 and S4.
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The model quality has to be checked by the use of an assessment of the standard-
ised innovations. These innovations should be independent. This is assessed with
a plot of the autocorrelation function (ACF). The ACF plot of the original series is
given in Figure 6.4. The original nitrate observations are clearly correlated. The
ACF of the standardised innovations are given in Figure 6.5. For these plots, we
see that the model succeeds in reducing a considerable amount of the serial cor-
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Trend test: multiplicity correction Westfall & Young

Time

E
ffe

ct
 (

m
g 

N
/l)

−
6

−
4

−
2

0
2

4

01/90 01/96 01/02

NLT

MAP I MAP II

Time

fir
st

 d
er

iv
at

iv
e

−
0.

15
−

0.
05

0.
05

01/90 01/96 01/02

NLT: First derivative

MAP I MAP II

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 13/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

Motivation & Modification
Implications to Parameter Estimation and Inference
Case Study

Trend test: multiplicity correction Westfall & Young

Time

E
ffe

ct
 (

m
g 

N
/l)

●●●●●●●●●●●●●●●●●●●●●●●●●●●●

−
6

−
4

−
2

0
2

4

01/90 01/96 01/02

NLT

MAP I MAP II

Time

fir
st

 d
er

iv
at

iv
e

●●●●●●●●●●●●●●●●●●●●●●●●●●●●

−
0.

15
−

0.
05

0.
05

01/90 01/96 01/02

NLT: First derivative

MAP I MAP II

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 13/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

Motivation
Marginalised GLMM: model formulation
Case study

Outline

1 Introduction
1 Original Model
2 Extensions

2 Extension 1: Nonparametric trends in rivers
1 Motivation & Modifications
2 Implication on Parameter Estimation and Inference
3 Case Study

3 Extension 2: Marginalised GLMM for River Networks
1 Motivation
2 Marginalised GLMM: Model Formulation
3 Case Study

4 Conclusions and related research

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 14/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

Motivation
Marginalised GLMM: model formulation
Case study

Motivation

Time

N
itr

at
e 

(m
g 

N
/l)

1990 1994 1998 2002

0
10

20
30 MAP I MAP II

1

0

1 River Yzer: Restrict nutrient
pollution

2 Previous actions
1 1996: MAP I
2 2000: MAP II

3 Use of environmental thresholds
Nitrate: <13 mg NO−3 -N/l

1 Above standard: not good (1)
2 below standard: good (0)

⇒ Binary response for regulator

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 15/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

Motivation
Marginalised GLMM: model formulation
Case study

Motivation

●

●

●●●●●●●●●

●●●●

●

●

●●●●●●●

●●

●●●●●●●●●

●●

●●●●●●●●

●

●

●●

●●●●●●●●●●●●●●●●

●

●●●●

●●●

●●●

●

●●●●●

●●●●

●●

●

●●●●●

●●●●●

●●

●

●●●●●

●●●

●●

●●

●●●●●●

●

●

●

●●●●●●●●●●

●

●●●●●●●●●●●●●●

●

●

●

●●●

●●

●●●●●●●●●●●●

Time

V
io

la
tio

n 
of

 n
itr

at
e 

st
an

da
rd

1990 1994 1998 2002

0

MAP I MAP II

1 River Yzer: Restrict nutrient
pollution

2 Previous actions
1 1996: MAP I
2 2000: MAP II

3 Use of environmental thresholds
Nitrate: <13 mg NO−3 -N/l

1 Above standard: not good (1)
2 below standard: good (0)

⇒ Binary response for regulator
TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 15/23



Introduction
Extension 1: Assess nonparametric trends in rivers

Extension 2: Marginalised GLMM for River Networks
Conclusions and related research

Motivation
Marginalised GLMM: model formulation
Case study

Generalised linear mixed models (GLMM)

1 Random component: yit |xit ,Sit ∼ B(µc
it)

2 Conditional mean E {yit |xit ,Sit} = µc
it

3 Systematic component: νc
it = xitβ

c + Sit

4 Link: νc
it = g(µc

it)

5 Spatio-temporal latent process:
SN = (S11, . . . ,Sp1, . . . ,S1n, . . . ,Spn)

T

SN ∼ MVN(0,ΣSN
)

⇒ Problem conditional model
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Motivation
Marginalised GLMM: model formulation
Case study

Marginal models

1 Marginal mean: E {yit |xit} = µm
it

2 Systematic component: νm
it = xitβ

m

3 link: νm
it = g(µm

it ) with g(.) as before

⇒ βm correct marginal interpretation

⇒ GEE is commonly used to fit such marginal models

⇒ cannot be applied here: dependence among sampling locations

⇒ Solution: obtain marginalised GLMM via integration over
latent variable
µm

it = E {yit |xit} = ES(E {yit |xit ,Sit}) = ES(µc
it)
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Motivation
Marginalised GLMM: model formulation
Case study

Marginalised generalised linear mixed models

1 Random component: yit |xit ,Sit ∼ B(µc
it)

2 Marginal mean: E {yit |xit} = µm
it

3 Conditional mean: E {yit |xit ,Sit} = µc
it

4 Systematic components: νm
it = xitβ

m

νc
it = ∆it + Sit

5 Link: νm
it = g(µm

it )
νc
it = g(µc

it)

⇒ For probit link g() = Φ() ⇒ ∆it =
√

1 + S2
itxitβ

m

⇒ Conditional model induces the marginal model of interest

⇒ Fit conditional model to obtain marginal model parameters
(here in a Bayesian context)

6 Spatio-temporal latent variable: SN ∼ MVN(0,ΣSN
)

TIES 2008, June 8 - 13, 2008 L. Clement and O. Thas, BIOSTAT 18/23
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Model for probability of exeedance (µm
i ,t)

g(µm
i ,t) = α0 + αi + β0t + β1tMAPI + β2tMAPII

+ γ1 sin(
2πt

12
) + γ2 cos(

2πt

12
)

7.5 Conclusions
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Figure 7.3: Evolution of the violation frequency of the nitrate standard of 11.3 mg
N/l at five sampling locations of the river Yzer. The black line indicates
the posterior mean probability to violate the standard, and the grey lines
are the 95% credibility bands

7.5 Conclusions

In this chapter an extension of the spatio-temporal model for river monitoring net-
works is proposed for non-normal data. In particular, Bernoulli distributed obser-
vations originating from transforming the data using an environmental threshold
were considered. This approach can be further adapted as long as theconditional
distribution of the data is a member of the exponential family, by using the appro-
priate link function. The spatial dependence structure was restricted to a structure
that was induced by river topology. The temporal dependence structure was as-
sumed to be an AR(1) process. The temporal dependence can be extended towards
an AR(p), process including the states at earlier time instants in Equation (7.8).

191
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Model for probability of exeedance (µm
i ,t)

g(µm
i ,t) = α0 + αi + β0t + β1tMAPI + β2tMAPII

+ γ1 sin(
2πt

12
) + γ2 cos(

2πt

12
)

0 50 100 150
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Time (months)

t tMAPI tMAPII

Parameter MAP I (β1):
[−0.03, 0.01]

Parameter MAP II (β2):
[−0.06,−0.004]

Trend after MAP II (β0 + β1 + β2):
[−0.057,−0.017]
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