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Motivation: Number of Campylobacterosis Infections

Ferland, Latour, Oraichi (2006)INGARCH-model:    

1t113t10t

tts,Yt

Y

Poi~Y
s









0 20 40 60 80 100 120 140

0
1
0

2
0

3
0

4
0

5
0

time (4 week periods)

n
u
m

b
e
r

Level shift at time 84, outlier pattern at time 100 Fokianos, F. (2010)
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● M-estimation of location  for i.i.d. data
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● M-estimation of location  for i.i.d. data
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M-estimation for i.i.d. Poisson data

Modified Huber -function with bias correction
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with  a=a()  such that    0,YE 1a,k  Simpson et al. (1987)
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M-estimation for i.i.d. Poisson data

Modified Huber -function with bias correction
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Modified Tukey -function with bias correction
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Initialization by sample median or by estimating P(Y=0)
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Efficiencies: asymptotic and sample size n=50 

huberM (robustbase), k=1.8

glmrob, k=1.8

Tukey, k=5

Tukey, k=6

Tukey, adaptive k

Asymptotic efficiency of 

Huber M-est. for several k  

Finite sample efficiency of 

Huber & Tukey M-est., n=50  
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Cadigan & Chen (2001)
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Efficiencies: asymptotic and sample size n=50 
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Robustness for =0.5 and =5

Efficiency relatively to sample mean in case of increasing

number of outliers of increasing size, n=50, log-scale 
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●Conditional likelihod estimation for INARCH
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Conditioning on first  p  observations  y1, …, yp:

INARCH-model:     ptp1t10ttts,Yt YY,Poi~Y
s   



12

●Conditional likelihod estimation for INARCH
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Efficiencies: INARCH(1), 0=1,several 1, n=100

Efficiency for 0
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Robustness: INARCH(1) with 0=1, 1=.4

Bias for 0
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Robustness: INARCH(1) with 0=1, 1=.4

Bias for 0
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● Bias correction for INARCH(p) model

M-estimator with bias correction:

with ao,…, ap depending on 0, …, p such that 

expectation of left hand side equals 0. 
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Bias for INARCH(1) in dependence on 1

n=100
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Bias for INARCH(1) in dependence on 1

n=100
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Conclusions

Tukey M-estimators more robust against many large outliers

Needs good robust initialization - from median or P(Y=0) 

Adaptive choice of the tuning constant  k  gives M-estimators 

with good efficiencies irrespective of the true Poisson parameter

M-estimators provide robustness also in INARCH case

Bias correction works for long time series

Ongoing work: extend to INGARCH, prove asymptotic normality 
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Efficiencies: asymptotic and n=50 

huberM (robustbase), k=1.8
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Outliers in the INGARCH(p,q)-Model

   

 











q

1j
jtj

p

1i
iti0t

tts,Yt

Y

Poi~Y
s

   

)t(IZ

Poi~Z

t
q

1j
jtj

p

1i
iti0t

tts,Zt s

 













  











q

1j

t
jtjit

p

1i
ititt

tttttt

C)(

)(Poi~C,CYZ

Ergodicity for INGARCH(1,1): Fokianos, Rahbek & Tjøstheim (2009)

Process contaminated by outlier of size  at time :

Clean process:

Equivalently

for >0 and t   :
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Different Types of Outliers
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