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Tab.1 The data sets for validating the algorithms

BEA RRIE 2B mh R

BB B BEAREL REARRL
Ecoli 336 7 8 2 143
CTG 2126 21 10 53 384
Yeast 1484 8 10 5 463
UCl Image

Segmentation 2 310 19 7 330 330

(Segment)
Movement 360 90 15 24 24
. BirdSong 4998 38 13 32 1280
MSRCv2 1758 48 23 3 255
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Tab. 2 The prediction accuracy of two algorithms on the UCI data sets
A%
B 4E B r=1 r=2 r=3
p=0.15 p=0.45 p=0.75 p=0.15 p=0.45 p=0.75 p=0.15 p=0.45 p=0.75
Ecol; PLLOG-NB 83.93 83.93 83. 04 83.93 83. 04 82.74 84.23 82.74 82.44
ol1
¢ PLLOG 83.97 83.93 82.74 84.52 83.93 83.33 83.93 83.33 82.74
CTG PLLOG-NB 67.59 69.19 70.08 68. 77 68.72 69.71 69. 00 69. 85 69. 80
' PLLOG 64. 68 65.33 66. 46 65.10 65.00 66. 65 65.43 66. 89 67.73
v PLLOG-NB 48. 05 48. 65 50. 07 48. 25 49.19 51. 35 47.71 49. 87 51. 89
east
PLLOG 49. 06 50. 67 52. 36 48. 38 50. 74 50. 20 47.04 48. 65 50. 94
s PLLOG-NB 87.79 87.92 88. 44 87.62 88.18 88. 74 87.62 88. 27 89. 09
ment
cgmen PLLOG 87. 84 87.92 88. 44 87.71 88.10 88.70 87. 66 88.18 89. 09
PLLOG-NB 66. 11 63. 89 66. 39 65. 56 64.72 65. 00 65.56 66. 94 65. 28
Movement
PLLOG 66. 11 64.17 66. 39 65.83 64.72 65.28 65.28 66. 94 65. 83
®3 WAERZEUCIHESE L FHTNEE
Tab.3 The mean prediction accuracy of two algorithms on the UCI data sets
A/ %
GRS Bk r=1 r=2 r=3
p=0.15 p=0.45 p=0.75 p=0.15 p=0.45 p=0.75 p=0.15 p=0.45 p=0.75
Ecoli PLLOG 64. 80 64.18 64,11 64. 45 63. 84 61.07 64. 81 61.53 62. 60
coli
PLLOG-NB 65.07 64. 64 64. 29 65.16 64.92 61.79 64.91 64. 38 65.10
CTG PLLOG 66.67 66. 40 64.07 66.52 64. 32 61.66 67.14 62.97 56.48
’ PLLOG-NB 68.19 67. 80 65. 89 67.53 66.07 64. 21 68. 36 65. 41 59. 54
v PLLOG 53. 20 51.68 52.83 52.75 51.09 49. 90 50. 67 52.19 46. 41
east
PLLOG-NB 53.59 52.42 53.83 52.75 51. 64 49. 82 50. 82 52.48 49. 67
PLLOG 87.79 87.92 88. 44 87.62 88.18 88. 74 87.62 88. 27 89. 09
Segment
PLLOG-NB 87. 84 87.92 88. 44 87.71 88.10 88.70 87. 66 88. 18 89. 09
PLLOG 66.11 63. 89 66. 36 65.56 64.72 65.00 65.56 66. 94 65. 28
Movement
PLLOG-NB 66. 11 64.17 66. 39 65.83 64.72 65. 28 65.28 66. 94 65. 83
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Tab. 4 The prediction accuracy of two algorithms on

the real world data sets

YGRS RS A% A Y
PLLOG 58. 30 40. 97

BirdSong
PLLOG-NB 58. 20 41. 37
PLLOG 41.18 24. 24

MSRCv2
PLLOG-NB 41.52 25.45
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Development , (in

Chinese)

Partial label learning algorithm for imbalanced data

based on logistic regression

ZHOU VYu,

GU Hong®

( Faculty of Electronic Information and Electrical Engineering, Dalian University of Technology, Dalian 116024, China )

Abstract: Partial label learning is a new machine learning framework proposed in recent years, but

existing partial label learning algorithms based on logistic regression have not solved the problem of

data imbalance. A partial label learning algorithm for data imbalance is presented based on logistic

regression model.

The basic idea is to define a new likelihood function in the multiple logistic

regression models to deal with imbalanced data. Firstly., a new likelihood function is defined according

to the proportion of each class sample in the training set; then, the smooth and logistic regression-

based partial label learning model is derived through derivation and approximation method. Simulation

experiments on UCI data sets and real world data sets show that the proposed algorithm improves the

average classification accuracy of sample for data imbalance problem.

Key words: partial label learning; data imbalance; logistic regression; damped Newton method



