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Bidirectional Quality Control Strategies Based on CIDA and PI-cosine in Crowdsourcing

LIU Qingju,PAN Qingxian, TONG Xiangrong, YU Song and PAN Yanan

School of Computer and Control Engineering, Yantai University, Yantai,Shandong 264005, China

Abstract With the popularity of mobile smart terminals,crowdsourcing to collect large-scale perceptual data becomes easier and
easier. The selfishness of crowdworkers makes them want to get the most pay with the least effort,and even collude with each
other and submit crowdsourced data arbitrarily,resulting in poor quality of crowdsourced task completion. This paper proposes a
jury-based quality control strategy,a mechanism that solves the data validation problem. To address the behaviors that degrade
the quality of crowdsourcing,this paper uses the proposed community influence detection algorithm(CIDA) to detect conspiracy
leaders and their organizations after determining the presence of spam employees and conspiracy organizations,and finally uses an
improved similarity detection algorithm(PI-Cosine) to screen out for spam employees. These two aspects are used to improve the
quality of crowdsourcing data. Experiments show that the proposed method improves the accuracy of 12. 3% over Cosine similari-
ty detection algorithm in accuracy and Fl-score measures.

Keywords Crowdsourcing, Quality control, CIDA algorithm, PI-Cosine similarity detection, Spam
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Fig. 1 Crowdsourcing missions with collusive participants
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Fig. 2 Crowdsourcing mode diagram
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Fig. 3 Quality control model based on jury
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13. end for
14. return C and influencers _follower
H B 114 JR 0 L HE AT A n AR Bl 1, R AT A A AR )
rh e B 52 0 BE 1 A5 R i B R Y RO B B 1 SR
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Fig. 7 Collusion community discovery
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Table 2 Collusion detection results

N AR
0 1.2.3,4,5.6,7,9,10,11,12,13,15.16,17,19.21
1 8,18,20,22,23,24,25,26,27,28,29,30,31,32

SR WRA BT S ) G A TR AR 0
33, Horb R o AR, WA BB RERK A
TAT WA SER B FERRE. Lo AE P LS FM .1,
2,3,4,5,6,7,9,10,11,12,13,15,16,17,19,21 SR 5 H—
20, 0L 33 a4 8.18,20,22,23,24,25,26,27,28,29,
30.31,32 BRI —d ., XWAFA AT B, 4 I
G 000 52 B v A ARG M R A O B LR B A . K AR S
PR 4R T7 Uk 5 G M A DRGSR VR AT X LG L % L SRk A
% GN(Girvan-Newman) % \SCAN &k, @i brifb 515
S (NMD | 22 1845 50 CARD FUER S 46 B Cpurity) S A 4 50 16 1
e, SCER &5 Xt L dn gk 3 in gl .

3 LREIRNTIL

Table 3 Comparison of experimental results

Zachary ¥ ¥ &

5%

NMI ARI Purity

Ours 0.862 0.802 0.910
SCAN 0.564 0.329 0.769
Girvan-Newmann 0.707 0.678 0. 894

M NMI, ARI F4l B 5 45 8 0] LUF . CIDA 78 45 W6 75
R T 55 Sh MR I vk
5.2 HIREBHFEE L

SCARARANE Y e B SR T A B ) B O A . AR
S e S % R AL G 0 G DU R L ) AR B B AR T
AR 1 37 3% 44

FE T SCAS B AR AL T O A T iR G D 3 L TR
W B AR A S S IR B % T gk A 2 A A U T TR
B I 7= (1 o R L ol S I i 1 =l L1 P S A
FitE D,

SWLW,,
i=1

W) Ws

(13

cos(w; sw;)

B H Wi W H B

S W, S aw,)

LT F 45 UC IS A AR P 158 7 vk R 0 SOR 43 i R G 4R
L DL A5 18] 10 728 Ak 72 B2 A A AR RLRE R /N ) ) 28 25 1 W Jaro B
I FARTE SA M S 2 B A T F 2B m A s B e, e
| RFPHFEHLATLFMENKE. &L 4 I F 4. Winlker

&
[
il

o XK 0.1,

e

N

" ’"*‘) (14)

1 m
N
5 3(\5,«\ ISyl " m]

$TMiuro = diaro T (P (1 —djur ) (15)
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Table 4 Performance comparison of similarity algorithms

Algorithms Cosine  Jaro-Winkler Jaro

Xiao ming/xiao ming 0.874 0.925 0.925

xla0 ming/ming xiao 0.999 0.555 0.555

xiao ming is a boy/ xiao ming 0.852 0. 900 0.833

xiao ming/xiao ming is a boy 0.852 0. 900 0.833
aaaaaa/aaaaaa bbb 0.707 0.920 0. 866

xiao ming is tall /xiao ming is not short  0.870 0.892 0.819
She go to school on foot/ 0.750 0.821 0.701

She walks to school

N 4 FEFN 7 A0 F Hal DUE R AU T3
A5 B WA I 4t . Taro J7 AR SCRY LA T ) R
M P 28 R R X BR P, Jaro-Winkler B 4K % 1% T A1 8] ¥ 1T 2%
Xof 4 SRS L AH R vk HGE 0 SO R TR X
A, LT AN T SCA SR A AL 55 6 1T A
Tk B E — A E BT LUE 13 ROk BN AR AR 4 1
A0 8 HE A O AR R T R AL AT 55 v K I TN T 58 11 Ak
A B8 ASANAS B F 2% 1 AR RLBE

3.2 TR R T S LR AT S g R B L R &
52 58 42 AR 7] 9 A 4 B  (H A7 40 0 A5 U5 mT DL & B L Al A 42
3B 25 SRR /N . b SCRRRLEE A6 v 2 T SCAR 4
A B T FL  FRT A AR SC 4 HE T o 4 5 A L A T O
AR SC I 3 AN SO e AR R R B R P (POS) B 2R R A 3
Rk TR PR A SR AR AL B L BR L 2 A8 i85 A Pearson #fl
R B IR D AR 56 Z2 B0 e A B TN B 22 ] 6 AR AL 56 T
590 . Pearson MR AL o HAHRIPEHE BOR(EAE 0.8~1.0 Z
], FATTIN SRy T T 1 10 5 B0 =2 [ Ay e B O G 3R, AR S0
HA R 5 A5 ,0.6~0. 8 Z A ALK FR,0.4~0.6 Z
6] fy AR AR AR 56 52,0, 2~0. 4 Z A KT L & ,0. 0~
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0.2 Z[a AR TEAHKKR.

Fi Pearson HH5¢ & B0/ R AL TE , 5 p B SCAR Py 3R] 3 TR Y
AN S R SCAR ) 3 B SO S L OF AT E AT 2 T Y
AHXT 56 22 A B SCA I AR LR .l ot 6 28 (13) SR 47 e 2 45 3]
B R AR AL BE 35 =, = (16) s
E gi)p(f,y)

p(1'1 vIz) * 2 E ()(y1 ,yg)
1 €w ¥, €w,

newsim(w; »w; ) = ST

) €wy €,
(16)
HAr newsim (w; sw; ) Frm A w; Flw, BYARLEE , FHAH B K
2 W 0 20 0040 22 1) 0 AR AL B K T A X L P A A AR L
PR s R AR A 2 CL6) 5 A9 AH AU R T (0 i D 3R 7 2
SEABARLAY o I 3 R A T R Bk 2 PR,
R 2 BRI A
A AL TSRS R R 24
i SRR R A N
1. for each review R in dataset do
2. T 5 7 i)
3. 2 i
4. end for
5. for each business in R do
6 for each reviews pair (Ri,R;) €R do
7. Similarity<-Newsim(R;,R;)
8. end for
9 for spam threshold 6=0. 8.0+ =0. 05 do
10, if sim(Ri»R;) = 0 then

11. Mark R; and R; as spam
12. else

13. HIEH ARETA

14. end if

15. end for

16. end for

17. return N
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7R SCHE R T E i R Caccuracy) L 48 & 38 b8 F1 {H (F1-
score) A PN 5288 25 5, Hog A lan R .

o TP+TN
aceuracy = p I TN+ FP+FN

[l = o brecision * recall

precision +recall
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Table 5 Experimental environment

S 3 B 3% B
BIERSE Microsoft Windows 10
% (RAM) 16 GB
RAEEE Python 3.8
43 B Intel Core i7-1165G7(1. 2GHz/L3 12M)
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Fig. 8 Comparison of execution time on different datasets
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Fig. 9 Accuracy comparison of three methods on Ott dataset
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Fig. 10 F1 value comparison of three methods on Ott dataset
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Fig. 11 Accuracy comparison of three methods on Yelp dataset
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