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Motivation: Number of Campylobacterosis Infections
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INGARCH-model: Yt‘(YS,s<t)~ Poi(uy)  Ferland, Latour, Oraichi (2006)

ne =Po +aqii-13 + P11
Level shift at time 84, outlier pattern at time 100 Fokianos, F. (2010)
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e M-estimation of location p for i.I.d. data

n _ n _
Minimize Y p(yt “j = > w(yt “) = ()
t=1 o t=1 O

eg. p=-logf gives ML-estimator
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M-estimation for 1.1.d. Poisson data

Modified Huber y-function with bias correction

y-p-a
, —u—alkk
Wk aly:n) =+ \/ﬁ y-p-al
k-sign(y-p-a), |y-p-alzk

with a=a(u) suchthat Ej(yka(Y1,1n))=0 simpson etal. (1987)
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Modified Tukey y-function with bias correction
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Initialization by sample median or by estimating P (Y=0)
,




Efficiencies. asymptotic and sample size n=50

Asymptotic efficiency of Finite sample efficiency of
-Huber M-est. for several k Huber & Tukey M-est., n=50
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Efficiencies. asymptotic and sample size n=50

asymptotic efficiency
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Robustness for u=0.5 and p=5

Efficiency relatively to sample mean in case of increasing
number of outliers of increasing size, n=50, log-scale

relative efficiency
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eConditional likelihod estimation for INARCH

INARCH-model: Yy (v, s<t)~Poilu) 1t =PBo +B1Ye—1+-+BpYip

Conditioning on first p observations yj, ..., Y,
(1) (0)

n Yt-1

v Yt~ Mt 1
t=p+1 \/FTt \/FTt

Yt-p) \0)
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Efficiencies: INARCH(1), B,=1,several ,, n=100

Efficiency for 3, Efficiency for B,
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Robustness: INARCH(1) with B,=1, B,=.4

Increasing number k of outliers of size k at end of time series

Bias for 3,
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Robustness: INARCH(1) with B,=1, B,=.4

Increasing number k of outliers of size k at end of time series

Bias for 3, Bias for (3,
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e Bias correction for INARCH(p) model

M-estimator with bias correction:
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with a,,..., a, depending on By, ..., B, such that
expectation of left hand side equals 0.
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Bias for INARCH(1) in dependence on f3,
n=100
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Bias for INARCH(1) in dependence on f3,

n=100 n=200
Po é = / é = /
Conditional ML o K Q {rgr %
Tukey, k=7 o / | | 7/ |
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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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Outliers in the INGARCH(p,q)-Model
Clean process:  Yi(v, s<t)~ Poi(i)

P q
A =Po + _Zlaikt—i + _Zlﬁ iYtoj
1= J:

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

Process contaminated by outlier of size v at time t:

Zt‘(ZS,S<t)~ Poi(x; )

P g _
Kt =PBo + 2ok + 2P j+ vt = 1)

=1 j=1
Equivalently Zi =Yi +Ct, Ci ~Poi(xi —At)

& d t—1
forv>0and t2t. «¢—2¢= Xoj(kij i)+ X BjCi_j+ VO
i1 =1
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Different Types of Outliers

0=0 spiky outlier (SO) 6=0.8 transient shift (TS) =1 level shift (LS)
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Goal: Detect and classify different outliers
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