|}
rm uﬂ Institut fir Mathematische Statistik
und industrielle Anwendungen

Data-driven
window
width

adaption Data-driven window width adaption
for robust . . . .
for robust online moving window regression

online
moving
window
regression

Matthias

Dol Matthias Borowski

Fakultat Statistik, TU Dortmund

COMPSTAT 2010, Paris



Data-driven

window
width
adaption
for robust
online
moving
window
regression

Matthias
Borowski

Situation

Online-monitoring time series: systolic blood pressure
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General assumption:
Xt Mt + Et + Nt
data = signal + noise ~ +  outliers




Online filtering by Repeated Median (RM) regression
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Repeated Median (RM) regression
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Approach: data-driven ww selection for RM

At each time point t:

Test: Is window width n adequate for RM fit?

m Yes: estimate signal
m No: decrease n



Methods
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regression m ADORE — ADaptive Online REpeated Median
Matthias (Schettlinger et al., 2010)
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m SCARM - Slope Comparing Adaptive Repeated Median
(Borowski, 2010)
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SCARM test
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- Sophisticated estimation of Var(j'eft — jright)
to increase power:
m Use that RM slope is unbiased (symm. noise) and
regression equivariant
» Estimate noise variability by regression-free scale estimator
(Gelper et al., 2009)
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m Standard normal noise
= Significance level 0.01

Power comparison ADORE vs. SCARM

= Several sizes of level shifts and trend changes
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Outlook
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regression m Shift detection (Fried, Gather, 2007)
Matthias m Trend detection (Fried, Imhoff, 2004)
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m Further comparisons:
m Other types of noise
m Effect of outliers

m SCARM in R package robfilter
(Fried, Schettlinger, Borowski, 2010)
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Var(D) — Var (Bleft o Bright)
ol Var <Bleft> + Var <Bright)
*under Hq for i.i.d. symmetric noise with zero median

Var (ﬁ) depends on ww n and on noise variance ¢

Var (ﬁ) = V(n,0) = V(n,1)- 0>

approximations \7(n, 1) =: v, for n=5,...,300 by
simulation

estimate noise variance o2 on residuals? = small power!

better: obtain 2 by regression-free Q scale estimator
(Gelper et al., 2009)



\E_(B) =V - Q(Xieft)2 + v, - Q(X?ght)2
d
\/Ve CQ(xEt)2 4y, - Q(x1EM)2

— i |d*| =

is 'too large’: reject Hg

Critical values for D*7
D* roughly N(0,1) distributed for several noise
distributions
simulation: quantiles of the emp. distribution of d* for
N(0,1) noise



SCARM arguments: r = 20, npin = 40, npax = 300, o = 0.001

Blocks Data and SCARM signal extraction
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SCARM arguments: r = 40, npyin = 80, nmax = 300, a = 0.001

Real data and SCARM signal extraction
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