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Label Propagation Algorithm Based on Weighted Samples and Consensus-rate

CHU Jie,ZHANG Zheng-jun, TANG Xin-yao and HUANG Zhen-sheng

School of Science, Nanjing University of Science and Technology,Nanjing 210094, China

Abstract Label Propagation is one of the most widely used semi-supervised classification methods. Consensus rate-based label
propagation(CRLP) algorithm constructs the graph by summarizing multiple clustering solutions to incorporate various proper-
ties of the data. Like most graph-based semi-supervised classification method, CRLP focuses on optimizing the graph to improve
the performance. In fact,samples are not always evenly distributed. The importance of different samples in the algorithm is diffe-
rent. CRLP algorithm is easily affected by the numbers of clustering and the clustering methods,and it is not adaptable to low-di-
mensional data. To deal with these problems, a label propagation algorithm based on weighted samples and consensus-rate
(WSCRLP) is proposed. WSCRLP firstly clusters the dataset multiple times to explore the structure of sample and combines the
consensus-rate and the local information of the sample to construct a graph. Secondly. different weights are assigned to labeled
samples with different distributions. Finally,semi-supervised classification is performed based on constructed graph and weighted
samples. Experiments on real datasets show that the WSCRLP of weighting and constructing graphs on labeled samples can sig-
nificantly improve classification accuracy,and is superior to other compared methods in 84 % of the experiments. Compared with
CRLP,WSCRLP not only has better performance,but also is robust to input parameters.
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Table 1 Experimental datasets

HEE AR HAE B EX kS

Wine 178 14 2

Wdbe-2 699 9 2

Vertebral(V3C) 310 6 3

Bupa 345 5 2

Balance scale 675 147 9

41 FREMEE LRSS

HT AR, S s LGC BIER S L M 2 T iR
Kk 2 254k 3] 20, 1 BOMEY S 0. 99, CRLP fil WS3C1 B %
rP A S 0 S B 38l R SCk [17, 20 JER R A B . TR R

WSCRLP &, B #% '8 K 60, FF R B HEE L iZE N
10C(C 2y B AR B4 42 09 2 BIE0 L 44~ BEHL 2 8] v B Bk B
SR RHAE 9 70% . o T B S BE AL M, FATTAE — AN E ratio
BPRICREA Y Lb 6D T 4 4 Fh O i 78 B A B 4R LT T
10 WA H

2 G T A S E R TRV ECHE 5 0 43 25 o B SRR B O
Fo NE2MLHERFTLAE.

(DFERF 5 BdE 4 L, Jo H & Bupa, Wdbe-2, Vertebral
Fl Wine i JLAMRAERCHE 4 [, A SCH R ) WSCRLP 53 9
WEW AR T LGC,CRLP, WS3C1, 7E 25 F i it F (5 %
5 A Ratio) , WSCRLP B LA 21 R AL T T L i H A
Jr¥E ., AR L H Al e, WSCRLP 454 341 3 FRE A 18] 7Y =) &5
5 R 3 TR A AN 8 b Al A T R 1 N AR S R L T L R AIR
TARYEE LT th TR0 4 (O BEML T 25 8] 2R R R S EOE  E
B R AR A KUK

(2)WSCRLP B ¥ fl WS3C1 B 378 K £ 3016 0L F Yy i
B R AN B AR T 53 AT R 5 vk, 0 B XA e R AR AT
R T v 1 S AR 4 v 5 R 09 o W A R Bk I R e

(3 FEE bR LA B 3 £, &40 Al R M
FRAR T . M GA A AR D RE A B 2 i RE A 1 2 I B
FELHE BN R,

(4)Wine $#i 45, 7E Ratio 5 0. 05 F1 0. 1 LT,
WSCRLP,WS3C1 #il CRLP X 3 Fft b\ 38 25 I35 A% £ 13 48 3 [
BB 32 A E  SRAR AR T LGC Bk, J5 DN AT i 2 e X P I 1L
T Wine S48 8 00 br 10 B A T 4>, 43 19 BE ML T 2 (8] 2 4%
A T BGX 3 B0 551 BT 1 1Y A il 58 4 Hb S e ke
ENIVESHTED =W

£ 2 BEEAEARFE Ratio T 842 M 2R FAR i 22
Table 2 Classification accuracy and standard deviation of each algorithm with different Ratios

Datasets ratio LGC CRLP WS3C1 WSCRLP
0.05 0.482740.058 0.53740.085 0.539+0.038 0.526=+0.013
0.1 0.56440.033 0.52540.006 0.55040. 044 0.589+0.042
Bupa 0.2 0.57940. 030 0.57740.078 0.55640.046 0.593+0.030
0.3 0.580+0.028 0.59840.021 0.58140.043 0.601=+0. 050
0.4 0.583740.039 0.58840.015 0.583740.033 0.649+0.015
0. 05 0.767240.025 0.860+0.081 0.883+0.018 0.904+0.013
0.1 0.864=40.020 0.89240.054 0.893+0.014 0.901+0.016
Wdbe-2 0.2 0.89240.006 0.88740.030 0.903+0.009 0.9024+0.014
0.3 0.89940.009 0.896+0.041 0.90240.014 0.909+0.014
0.4 0.900£0.011 0.890+0.022 0.90740.009 0.913=+0.021
0.05 0.74940. 105 0.573740.136 0.664740.086 0.770+0. 053
0.1 0.7484+0.035 0.68940.034 0.768+0.054 0.781+0.044
Vertebral(V3C) 0.2 0.750£0.031 0.672740.029 0.78240.032 0.787=+0.029
0.3 0.754740.019 0.735740.042 0.79740.036 0.802+0.031
0.4 0.74540.033 0.74240.037 0.81520.032 0.817+0.037
0.05 0.543740.105 0.706+0.112 0.54140.124 0.715=+0. 090
0.1 0.586+0.003 0.770£0. 160 0.70740.120 0.816+0. 046
Balance 0.2 0.63140.133 0.803+0.129 0.8240.024 0.835+0.030
0.3 0.61940.133 0.813740.075 0.84240.033 0.848+0.024
0.4 0.762+0.162 0.82240.050 0.846+0.017 0.865+0.023
0.05 0.58040.072 0.433740.059 0.479240.131 0.54940.103
0.1 0.636=+0.036 0.460+0.052 0.61040.084 0.61840. 045
Wine 0.2 0.64840.028 0.585740.068 0.70140.052 0.7124+0. 050
0.3 0.68840.047 0.65340.027 0.72720.036 0.755+0.050
0.4 0.69340.055 0.694-+0.023 0.731+0.042 0.762+0.043

Average accuracy 0.638 0.662 0.725 0.757
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Fig. 1 Relationship between accuracy rate and number of random

subspaces on Wine dataset
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Relationship between accuracy rate and number of

random subspaces on Bupa dataset
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AR 42 2% B 5 CRLP S 22 80/ B AR 5 F LGC 858
FET R R 28k, PR |, WSCRLP Bk B B B

%4~ WSCRLP i} %

O 28 U R RN AR A T T T AT B S R R AL T CRLP 55
B, W 7R R 2801 i N WSCRLP 35 ¥: #4328 47 I fa] #4% T
CRLP 5% .

# 35T WSCRLP 53% ALHAB X Fe 5 2 A I8 AT IS ]
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Fig. 3
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Relationship between accuracy rate and number of
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# 3 LGC,CRLP,WS3C1 fil WSCRLP iz 17 i [a]
Table 3 Runtime of LGC,CRLP,WS3C1 and WSCRLP
B+ s)
Datasets LGC CRLP WS3Cl1  WSCRLP
Wine 0.0058 0.6860 0.4014 0.4173
Wdbe-2 0.0490 1.0424 0.6430 0.6361
Vertebral(V3C) 0.0092 0.7978 0.4376 0.4813
Bupa 0.0101 0.7551 0.6253 0.6368
Balance Scale 0.0418 0.6862 0.5411 0.4828
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