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–  The	
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  of	
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  decision	
  

–  The	
  cost	
  of	
  delaying	
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  Adap)ve:	
  the	
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  depends	
  upon	
  xt	
  	
  

  Non	
  myopic:	
  	
  

–  At	
  each	
  Jme	
  step	
  the	
  expected	
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  for	
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  general	
  approach	
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Results:	
  effect	
  of	
  the	
  noise	
  level	
  

Increasing	
  the	
  noise	
  

level	
  increases	
  the	
  

waiJng	
  Jme,	
  and	
  then	
  

it’s	
  no	
  longer	
  worth	
  it	
  

12 Asma Dachraoui et al.

±b 0.02 0.05 0.07
C(t)

ε(t) τ� σ(τ�) AUC τ� σ(τ�) AUC τ� σ(τ�) AUC

0.01

0.2 9.0 2.40 0.99 9.0 2.40 0.99 10.0 0.0 1.00
0.5 13.0 4.40 0.98 13.0 4.40 0.98 15.0 0.18 1.00
1.5 24.0 10.02 0.98 32.0 2.56 1.00 30.0 12.79 0.99
5.0 26.0 7.78 0.84 30.0 18.91 0.87 30.0 19.14 0.88
10.0 38.0 18.89 0.70 48.0 1.79 0.74 46.0 5.27 0.75
15.0 23.0 15.88 0.61 32.0 13.88 0.64 29.0 17.80 0.62
20.0 7.0 8.99 0.52 11.0 11.38 0.55 4.0 1.22 0.52

0.05

0.2 8.0 2.00 0.98 8.0 2.00 0.98 9.0 0.0 1.00
0.5 10.0 2.80 0.96 8.0 4.0 0.98 14.0 0.41 0.99
1.5 5.0 0.40 0.68 20.0 0.42 0.95 14.0 4.80 0.88
5.0 8.0 3.87 0.68 6.0 1.36 0.64 5.0 0.50 0.65
10.0 4.0 0.29 0.56 4.0 0.25 0.56 4.0 0.34 0.57
15.0 4.0 0.0 0.54 4.0 0.25 0.56 4.0 0.0 0.55
20.0 4.0 0.0 0.52 4.0 0.0 0.52 4.0 0.0 0.52

0.10

0.2 6.0 0.80 0.95 7.0 1.60 0.94 8.0 0.40 0.96
0.5 6.0 0.80 0.84 9.0 2.40 0.93 10.0 0.0 0.95
1.5 4.0 0.0 0.67 5.0 0.43 0.68 6.0 0.80 0.74
5.0 4.0 0.07 0.64 4.0 0.05 0.64 4.0 0.11 0.64
10.0 4.0 0.0 0.56 48.0 1.79 0.74 4.0 0.22 0.56
15.0 4.0 0.0 0.55 4.0 0.0 0.55 4.0 0.0 0.55
20.0 4.0 0.0 0.52 11.0 11.38 0.55 4.0 0.0 0.52

Table 1. Experimental results in function of the waiting cost C(t) = {0.01, 0.05, 0.1}×
t, the noise level ε(t) and the trend parameter b.
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Effect of the waiting cost

±b 0.02 0.05 0.07
C(t)

ε(t) τ� σ(τ�) AUC τ� σ(τ�) AUC τ� σ(τ�) AUC

0.01

0.2 9.0 2.40 0.99 9.0 2.40 0.99 10.0 0.0 1.00
0.5 13.0 4.40 0.98 13.0 4.40 0.98 15.0 0.18 1.00
1.5 24.0 10.02 0.98 32.0 2.56 1.00 30.0 12.79 0.99
5.0 26.0 7.78 0.84 30.0 18.91 0.87 30.0 19.14 0.88
10.0 38.0 18.89 0.70 48.0 1.79 0.74 46.0 5.27 0.75
15.0 23.0 15.88 0.61 32.0 13.88 0.64 29.0 17.80 0.62
20.0 7.0 8.99 0.52 11.0 11.38 0.55 4.0 1.22 0.52

0.05

0.2 8.0 2.00 0.98 8.0 2.00 0.98 9.0 0.0 1.00
0.5 10.0 2.80 0.96 8.0 4.0 0.98 14.0 0.41 0.99
1.5 5.0 0.40 0.68 20.0 0.42 0.95 14.0 4.80 0.88
5.0 8.0 3.87 0.68 6.0 1.36 0.64 5.0 0.50 0.65
10.0 4.0 0.29 0.56 4.0 0.25 0.56 4.0 0.34 0.57
15.0 4.0 0.0 0.54 4.0 0.25 0.56 4.0 0.0 0.55
20.0 4.0 0.0 0.52 4.0 0.0 0.52 4.0 0.0 0.52

0.10

0.2 6.0 0.80 0.95 7.0 1.60 0.94 8.0 0.40 0.96
0.5 6.0 0.80 0.84 9.0 2.40 0.93 10.0 0.0 0.95
1.5 4.0 0.0 0.67 5.0 0.43 0.68 6.0 0.80 0.74
5.0 4.0 0.07 0.64 4.0 0.05 0.64 4.0 0.11 0.64
10.0 4.0 0.0 0.56 48.0 1.79 0.74 4.0 0.22 0.56
15.0 4.0 0.0 0.55 4.0 0.0 0.55 4.0 0.0 0.55
20.0 4.0 0.0 0.52 11.0 11.38 0.55 4.0 0.0 0.52

Table 2. Experimental results in function of the waiting cost C(t) = {0.01, 0.05, 0.1}×
t, the noise level ε(t) and the trend parameter b.
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  'me	
  is	
  not	
  

much	
  changed	
  in	
  these	
  

experiments	
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Effect of the difference between the classes

±b 0.02 0.05 0.07
C(t)

ε(t) τ� σ(τ�) AUC τ� σ(τ�) AUC τ� σ(τ�) AUC

0.01

0.2 9.0 2.40 0.99 9.0 2.40 0.99 10.0 0.0 1.00
0.5 13.0 4.40 0.98 13.0 4.40 0.98 15.0 0.18 1.00
1.5 24.0 10.02 0.98 32.0 2.56 1.00 30.0 12.79 0.99
5.0 26.0 7.78 0.84 30.0 18.91 0.87 30.0 19.14 0.88
10.0 38.0 18.89 0.70 48.0 1.79 0.74 46.0 5.27 0.75
15.0 23.0 15.88 0.61 32.0 13.88 0.64 29.0 17.80 0.62
20.0 7.0 8.99 0.52 11.0 11.38 0.55 4.0 1.22 0.52

0.05

0.2 8.0 2.00 0.98 8.0 2.00 0.98 9.0 0.0 1.00
0.5 10.0 2.80 0.96 8.0 4.0 0.98 14.0 0.41 0.99
1.5 5.0 0.40 0.68 20.0 0.42 0.95 14.0 4.80 0.88
5.0 8.0 3.87 0.68 6.0 1.36 0.64 5.0 0.50 0.65
10.0 4.0 0.29 0.56 4.0 0.25 0.56 4.0 0.34 0.57
15.0 4.0 0.0 0.54 4.0 0.25 0.56 4.0 0.0 0.55
20.0 4.0 0.0 0.52 4.0 0.0 0.52 4.0 0.0 0.52

0.10

0.2 6.0 0.80 0.95 7.0 1.60 0.94 8.0 0.40 0.96
0.5 6.0 0.80 0.84 9.0 2.40 0.93 10.0 0.0 0.95
1.5 4.0 0.0 0.67 5.0 0.43 0.68 6.0 0.80 0.74
5.0 4.0 0.07 0.64 4.0 0.05 0.64 4.0 0.11 0.64
10.0 4.0 0.0 0.56 48.0 1.79 0.74 4.0 0.22 0.56
15.0 4.0 0.0 0.55 4.0 0.0 0.55 4.0 0.0 0.55
20.0 4.0 0.0 0.52 11.0 11.38 0.55 4.0 0.0 0.52

Table 3. Experimental results in function of the waiting cost C(t) = {0.01, 0.05, 0.1}×
t, the noise level ε(t) and the trend parameter b.
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Real	
  dataset	
  

  TwoLeadECG	
  (UCI	
  repository)	
  

  1,162	
  signals	
  of	
  81	
  measurements	
  each	
  (81	
  minutes)	
  

  Two	
  classes	
  	
  

  We	
  arbitrarily	
  varied	
  the	
  waiJng	
  cost:	
  	
  

•  C(t)	
  =	
  0.01	
  .	
  	
  t	
  	
  	
   	
  (cheap)	
  

•  C(t)	
  =	
  0.05	
  .	
  	
  t	
  	
  	
   	
  (costly)	
  

•  C(t)	
  =	
  0.10	
  .	
  	
  t	
  	
   	
  	
  (very	
  costly)	
  

Adapts	
  to	
  keep	
  a	
  

good	
  performance	
  

with	
  fewer	
  

measurements	
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±b 0.02 0.05 0.07
(K−1,K+1)

ε(t) τ� σ(τ�) AUC τ� σ(τ�) AUC τ� σ(τ�) AUC

(3,2)

0.2 9.0 2.40 0.99 9.0 2.40 0.99 10.0 0.0 1.00
0.5 13.0 4.40 0.98 13.0 4.40 0.98 15.0 0.18 1.00
1.5 24.0 10.02 0.98 32.0 2.56 1.00 30.0 12.79 1.00
5.0 26.0 7.78 0.84 30.0 18.90 0.87 30.0 19.14 0.88
10.0 38.0 18.89 0.70 48.0 1.79 0.74 46.0 5.27 0.75
15.0 23.0 15.88 0.61 32.0 13.88 0.64 29.0 17.80 0.62
20.0 7.0 8.99 0.52 11.0 11.38 0.55 4.0 1.22 0.52

(3,5)

0.2 7.0 2.47 0.86 7.0 2.15 0.89 7.0 3.00 0.85
0.5 11.0 5.10 0.87 10.0 4.87 0.88 14.0 7.07 0.91
1.5 20.0 12.69 0.85 18.0 11.80 0.87 26.0 16.33 0.89
5.0 44.0 4.75 0.83 46.0 2.81 0.87 38.0 11.49 0.81
10.0 42.0 6.34 0.67 39.0 7.59 0.68 25.0 8.57 0.61
15.0 28.0 5.99 0.58 32.0 6.51 0.59 19.0 10.12 0.58
20.0 17.0 11.72 0.50 13.0 10.72 0.56 17.0 5.93 0.55

Table 5. Experimental results in function of the noise level ε(t), the trend parameter
b, and the number of subgroups k+1 and k−1 in each class. The waiting cost C(t) is
fixed to 0.01.

where d ∈ {0.01, 0.05, 0.1}. The question here is whether the method is able to
make reliable prediction early and provide reasonable results.

Table (6) reports the average of optimal times of decision τ� of test time
series, its associated standard deviation σ(τ�), and the performance of the pre-
diction AUC. It is remarkable that a very good performance, as measured by the
AUC, can be obtained from a limited set of measurements: E.g. 22 out of 81 if
C(t) = 0.01, 24 out of 81 if C(t) = 0.05, and 10 out of 81 if C(t) = 0.1.

C(t) 0.01 0.05 0.1
τ� 22.0 24.0 10.0

σ(τ�) 6.1 15.7 9.8
AUC 0.99 0.99 0.91

Table 6. Experimental results on real data in function of the waiting cost C(t).

We therefore see that the baseline solution proposed here is able to (1) adapt
to each incoming sequence and (2) to predict an estimated optimal time of
prediction that yields very good prediction performances while controlling the
cost of delay.
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Conclusions	
  

  Online	
  classifica)on	
  of	
  data	
  streams	
  is	
  increasingly	
  important	
  

  Contribu)on	
  

–  A	
  new	
  op)miza)on	
  criterion	
  incorporaJng	
  	
  

•  ClassificaJon	
  performance	
  

•  Cost	
  of	
  delaying	
  decision	
  

–  A	
  baseline	
  method	
  

•  	
  AdapJve	
  	
  
•  	
  Non	
  myopic	
  

•  	
  A	
  spectrum	
  of	
  different	
  implementaJons	
  is	
  possible	
  

–  Experimental	
  results	
  show	
  the	
  promise	
  of	
  the	
  method	
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PerspecJves	
  

  Explora)on	
  of	
  the	
  spectrum	
  of	
  variaJons	
  

1.   BeTer	
  clustering	
  method	
  of	
  the	
  training	
  sequences	
  

•  More	
  informed	
  distance	
  

2.   	
  A	
  more	
  direct	
  approach	
  without	
  clustering	
  on	
  sequences	
  

3.   	
  BeTer	
  classifier	
  of	
  incomplete	
  sequences	
  

  Applica)on	
  to	
  electrical	
  grid	
  data	
  


