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

M =PBo +PB1Yt—1 + aqri13
Possible outliers at times 100, 101: level shift after time 807



Time Series following GLM

GLM: Yt‘(ys,s<t)~ Poi(A)

P g
()= Bo + _Zlﬁm(Yt—i ro)+ > )
I= J=

with p and g model orders, n link function, e.g.:

Loglinear generalized autoregression:; n =log, c=1
Ergodicity for p=q=1 Fokianos & Tjgstheim (2011)

Linear generalized autoregression (INGARCH): n =id, ¢c=0

Ergodicity for INGARCH(1,1) Fokianos, Rahbek & Tjgstheim (2009)
Neumann (2011)



1)

2)

3)

Overview

Intervention analysis for INGARCH models
- Intervention models: internal / external

- Detection: Time & type known

- Type unknown: classification

- Time & type unknown: parametric bootstrap

Bayesian modelling of additive outliers

Robust fitting of IN(G)ARCH models



1) Interventions in the INGARCH(1,1)-Model

Clean process:  Yi|(y,,s<t)~ Poi(t()

M =B +P1Yt-1+ At

Additive internal / external effect of size v at time «:
Zt‘(ZS,s<t)" Poi(ic ) Xt = 8" "I 0) (1)
Kkt =PBo +PB1Z-1 + a1lki_g —vX,_, )+ VX
Equivalently Zi =Yt +Ct, Ct/(Cg,s <t)~Poi(us)

forv>0andt=>t: Mt =B1Ci—1 taq 1, +v8'



Different Types of Interventions

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



Conditional Maximum Likelihood: Time & Type known

| n( z oK (0)

Score function S..(0)=3| “t g7/t
e (9) El[m(m j 00

0 = (Bo,B1, o1, V)

okt (0) _ 4. ., 9xt-1(0)

oBo L opy
Oicr (0 Okcr_1(0
with the = 2o D
recursions:
21O a0 +0q PO 511 1)
o1 oo
5K6t(9) = 81y (1) + OLl(f}‘(t—l(@) St (t>1) j
V oV
Conditional n c%t(@)} n o1 (%t(e)j(aKt(G)j
Gh.(0) = Y Cov,_ =
information n<(0) El tl[ o0 Eﬂct(e) o0 o0

Simultaneous score tests for outliers at all time points,



Power
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Tests detect also other patterns:
Robust vs. Misspecification, but classification rules needed
Restrict to internal effects in the following

Test for
internal external
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Classification for time t=100 known, n=200

B,=1, 0,=0.3, B,=0.3
LS TS SO
v=0 4.0 2.5 1.0

LS v=1 50.0 15 11.5
v=2 96.0 0.0 3.0

TS v=5 1.5 35.0 7.5
v=10 2.2 92.8 2.5

SO v=5 20 1.0 18.0
v=10 3.0 0.2 68.0

Classify as LS if LS detected

classify as SO / TS according to larger test statistic otherwise
9



Time T unknown: parametric bootstrap

1) Fit INGARCH model without outliers to the data
Calculate maximum score test statistics for each type

2) Generate b clean INGARCH series from the fitted model
Calculate maximum score test statistics using true parameters

Histogram for SO test Histogram for TS test Histogram for LS test
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Number of bootstrap test statistics exceeding that of the original series (b=500)

Bootstrap p-values roughly uniform
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Bootstrap results for internal Level Shift

Results for SO Results for TS Results for LS
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Boxplots: percentages of bootstrap test statistics exceeding that of
original series in case of a level shift of increasing height v=0.5, 1,..., 5
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number of infections

Analysis of the Campylobacterosis Infections

Initial model: At =2.439+0.196A¢_13 +0.591z;_4

. SO test statistic
p-value O at t=100

TS test statistic
p-value O at t=100

LS test statistic
p-value O at =84

O 20 40 60,6 80 100 120 140
time

LS of size 7.64 (external: 4.6) detected at t,=84

12



number of infections

Analysis of the Campylobacterosis Infections (2)

New model: xt =3.681+0.150xt_q13 +0.409z;_1

& SO test statistic
p-value 0.0 at t=100

TS test statistic
p-value 0.0 at t=100

LS test statistic
p-value 0.9

I
0 20 40 60 80 100 120 140
time

SO of size 22.55 (external: 16.4) detected at t,=100

13



number of infections

Analysis of the Campylobacterosis Infections (3)

New model:

k¢ = 2.300 +0.387k;_13 +0.3232¢_1
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SO test statistic
* p-value of 0.65

TS test statistic
p-value of 0.90

LS test statistic
p-value of 0.83

log-link: shift at time 84, spikes at times 100 and 101 detected.

Stop

100 120 140
time

14



Diagnostic Plots

Joint estimation: «; =3.64 +0.342x;_4+0.217z,_,
+2.7-1(t>83)+42.7-(t=100)+15.2-1(t =113)

Time series and predictions & & i
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2) Bayesian Modelling of Additive Outliers

Process contaminated by additive outlier (size m, time 71):

Zt = Yt + Ct, Ct = 8'[ . POi((D), 6'[ ~ Bern(rct),

M =E(Yi ]| Yg,s<t)=Bg +aght_q +PB1Yi-1

(a1,Bp) ~ Dirichlet (a1 =lay =laz =1)
ny ~ Beta(bq,bo)

Bo,xp,® ~ Gamma

16



Model Fitting by MCMC

Zt
Likelihood  L(8) = [T (ﬂ{+5tlw) o~ (h+80)
t:2 Zt.

Metropolis within Gibbs, using full conditionals:

O

2,0_5, ~ Bern(A/(A+B))

A=(4 +w)te Mt

B =/"te ™ (1-m)

z,0_, ~Beta(a,, +6,by +1-56t)

7T
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Simulated Data Example

INGARCH series with 6 additive outliers and
posterior probabilities of outlyingness
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Analysis of the Campylobacterosis Data

Model with Additive Outliers Model with Level Shift

Bo =1.710.72), @& =0.421(0.14)
p1 =0.424(0.10), & = 22.1(4.94)

Qutliers at 100, 101, 113, 125 Shift at time 86
Probability 1.0 1.0 .96 .91

19



3) 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

e.g. p=-logf gives ML-estimator, y=p'

Huber y-function Tukey wy-function

(Y)' N-

_? -

psi-function
-3-2-10 1 2
psi-function
1 0 1

Wi (X) = x(l (E)ZJZ () x |< k)

20

X, | X |< k

Vi) = {k sign(x), | X2k



Conditional 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) \O)
M-estimation: \
t-1— j

N [
| YLt 1, o% marginal
N mean & variance

gl
-

a

t-p

Y
— =

=

N
[



Bias Correction for INARCH(p) Model

M-estimator with bias correction:

( [ 1 h \\
+o (Yt—l - Mj (ag (0°
n . 1 !"I“ \V \/> . :
5 W(Yt Htj ~VH B _
t=p+1 \/PTt \/FTt :

Yt—p — H]
H+ G\V( Fp 0/
N N Ny )

with a,,..., a, depending on B, ..., B, such that expectation
of left hand side is 0.

Asymptotically normal ElSaied (2012)
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Bias for INARCH(1) as a function of B,
bias n=100

Conditional ML
Tukey, k=7
(corrected)
Tukey, k=5
(corrected)

Bias correction
better in large
samples
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Efficiencies: INARCH(1), B,=1,several ,, n=100

relative efficiency
05 06 07 08 09 10 1.1

Efficiency for 3,

0.0 0.2 0.4 0.6 0.8 0.9 [3,

relative efficiency

1].1

1.'0

Efficiency for 3,

08 0.9

05 06 0.7

0.0 0.2 0.4 0.6 0.8 0.9

Tukey, k=5 (corrected), Tukey, k=7(corrected)

24



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

Increasing number | of separated outliers

bias
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Conclusion

Modeling of external / internal intervention effects in INGARCH
processes feasible via latent mean process

(Maximum) Score tests for simultaneous testing of all types
of outliers at all time points, using parametric bootstrap

Misspecification not a problem, but correct classification
(Multiplicative) Log-linear model: same observations suspicious

Bayesian detection of additive outliers using MCMC
Robust generalized M-estimators

Surveillance: 1st approach using 1-step ahead predictions
extend to h-step ahead prediction to distinguish spikes - shifts

26
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Interventions in a loglinear model
Clean process: Y|(y, s<t)~ POi(A¢)

log(At) =Bo + Za. log(Ar—j) + Z Bjlog(Y—j+1)
=1 =1
Ergodicity for p=q=1 Fokianos, Rahbek & Tjgstheim (2009)
Process contaminated by outlier of size v at time t:
Z¢|(z5s<t)~ POi(x)
0g(kt) =Po + Sxilog(iei) + 3 Bilog(Ze_j +1)+ Vot > 1)
=1 =1

EQUivalentIy Zi = Y; +Cq, Ct‘(CS,S < t) ~ Poi(kt(exp(pt) —1))

Ci_j B
forv>0and t =t Zauut i + Z Bi |Og(1+ ) ]+v6t t
i=1 =1 Yi-j+1
28



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
29
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