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While traditional classification problem assumes that a
data sample belongs to only one class among the prede-
fined classes, a multi-labeled problem can arise in real situ-
ation where a data sample 1s associated with multiple class
labels. For example, in text categorization documents can
be classified to multiple categories of topics (Lewis et al.,
2004). In bioinformatics, each gene 1s associated with a
set of functional classes (Pavlidis et al., 2001). In a multi-
labeled problem, the main task is to output a set of class
labels associated with a new unseen data sample. One com-

« =1=: 0n applying linear discriminant analysis for multi-labeled problems &



Figure 1: Face images under various illumination
conditions.

Original image HE Method 1 Method 2

Figure 4: comparison of face images reconstructed
by the proposed methods

« &=i: An efficient image normalization method for face recognition under varying illuminations
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Table 2
Z: Comparison of error rates (%) by different discretization methods
o4l Entropy-based disc. SVM-based disc. SVM+entropy-based disc.
CBA 5.3 22 2.1
C4.5 46 2.3 L7
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Some rules generated by CBA using entropy-based discretization

01F

01 0 01 02 03 04 05 06 07 08 09 07 0 01 02 03 04 05 06 07 08 09

rulel: health = not_recom — class = not_recom
rule2: 0.55 < x < 0.65 and y < 0.43 — class = spec_prior
rule4: x > 0.65 and health = priority — class = spec_prior

Fig. 1. Entropy-based discretization. Fig. 2. SVM-based discretization.

Some rules generated by CBA using SVM-based discretization

rulel: health = not_recom — class = not_recom
rule2: 0.6x — y + 0.3 >0 and health = recommended — class = priority
rule3: 1.3x — y — 0.3 <0 and has_nurs = critical — class = spec_prior

« =i=: A SVM-based discretization method with application to associative classification
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* Hypothesis testing for change detection in class distribution

-> Alarm for Emerging new class

-> Retrieval of new class members

4 4k

4 )

Fig. 2. Training (left figure) and test (right figure) sets in synthetic data.

=i=: Detection of emerging new class using statistical hypothesis testing and density estimation
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[ DB1: conversion of midi files to pitch vectors l

DB2: choppings of pitch vectors
starting at each note

¥
Find k eigenfunctions @, , ®,, ..., @,
by Spectral hashing using DB2

P Sy

random selection of K random selection of K

functions ®4,, ...k | functions ®,;, ... {Q: a query pitch vector ‘
| |

construction of K-bits binary embeddings <--------- -l Qs: scaled version of Q |

¥ ¥

Search of 5-nearest Search of 5-nearest

neighbors of Qs in a neighoors of Qs in a

binay embedding space binay embedding space

S “

|A list of candidates in the form of (midi file number, starting point) ‘

¥

‘ Similarity matching of a query Q and candidates by using SOEDTW in DB1 I

| Return ranking of candidate midi files [

Fig. 1. A flowchart of the proposed QBH method.

« &=i: Query by humming based on multiple spectral hashing and scaled open-end dynamic time warping



Figure 2. The occurrence of refweets from an original twest
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Figure 3. & flowchart of the proposed mbth{]d when an initial fraining sef is small
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=1i=: Jamming Prediction for Radar Signals Using Machine Learning Methods
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: Emerging topic detection in twitter stream based on high utility pattern mining
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« =it: - Anomaly pattern detection for streaming data
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- Partial Discharge Detection Based on Anomaly Pattern Detection
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* Hypothesis testing for change detection in class distribution
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-> Alarm for Emerging new class

-> Retrieval of new class members
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=1&: Detection of emerging new class using statistical hypothesis testing and density estimation
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= =1: Jamming Prediction for Radar Signals Using Machine Learning Methods
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Figwra 2. The oocurrence of relweals from an original fwaet
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Figure 3, A fowcharl of e proposed mbinod when an iitlal raining sat is small
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