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Motivation: Number of Campylobacterosis Infections 

Ferland, Latour, Oraichi (2006) INGARCH-model:    
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Time Series following GLM 
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with   p  and  q  model orders,     link function, e.g.: 

GLM: 

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

        Neumann (2011) 

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

Loglinear generalized autoregression:                   = log, c=1 

Ergodicity for p=q=1  Fokianos & Tjøstheim (2011) 
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1) Intervention analysis for INGARCH models 

- Intervention models: internal / external  

- Detection: Time & type known 

-                  Type unknown: classification 

-                  Time & type unknown: parametric bootstrap  

2) Bayesian modelling of additive outliers 

3) Robust fitting of IN(G)ARCH models 

 

Overview 
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1) Interventions in the INGARCH(1,1)-Model 
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Different Types of Interventions 

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

underlying mean process (t) 
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Conditional Maximum Likelihood: Time & Type known 
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Power in case of external Level Shift 
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Classification for time =100 known, n=200 

0=1, 1=0.3, 1=0.3 

LS TS SO 
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1) Fit INGARCH model without outliers to the data 

 

2) Generate  b  clean INGARCH series from the fitted model  

 Calculate maximum score test statistics using true parameters 

Time  unknown: parametric bootstrap  

    Calculate maximum score test statistics for each type 

Number of bootstrap test statistics exceeding that of the original series (b=500) 
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Histogram for SO test 
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Bootstrap results for internal Level Shift 

Boxplots: percentages of bootstrap test statistics exceeding that of  

original series in case of a level shift of increasing height =0.5, 1,…, 5 
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Analysis of the Campylobacterosis Infections 
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Analysis of the Campylobacterosis Infections (2) 
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Analysis of the Campylobacterosis Infections (3) 

SO test statistic 

TS test statistic 

LS test statistic 

p-value of 0.65 

p-value of 0.90 

p-value of 0.83  

log-link: shift at time 84, spikes at times 100 and 101 detected. 
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Diagnostic Plots 
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2) Bayesian Modelling of Additive Outliers 
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Model Fitting by MCMC 
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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 
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3) M-estimation of Location    for i.i.d. Data 
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Conditional likelihod estimation for INARCH 
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Bias Correction for INARCH(p) Model 

M-estimator with bias correction: 

with a0,…, ap depending on 0, …, p such that expectation  

of left hand side is 0.  
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Bias for INARCH(1) as a function of 1 
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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 

Increasing number j of separated outliers  

Conditional ML 
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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  
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Interventions in a loglinear model 
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Ergodicity for  p=q=1    Fokianos, Rahbek & Tjøstheim (2009) 

Process contaminated by outlier of size  at time : 

Clean process: 

Equivalently 

for >0 and t   : 
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Outliers in the INGARCH(p,q)-Model 
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Process contaminated by outlier of size  at time : 

Clean process: 

Equivalently 

for >0 and t   : 
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