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Challenges: Peer Conformity: pef (v, o/) - ((a,v",t') € Ayr|F(a,v,t) : eyyr € EAe>t—t >0
e How to formally define and differentiate different types of conformities? Ay

e How to construct a computational model to learn the different conformity factors? (a,v',t') € AL, |3(a,v,t) : lcig] Ae >t —t' >0

Group Conformity: gcr (v, Ci) =

e How to validate the proposed model in real large networks? |AZ, |
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Algorithm 1: Distributed model learning.
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Datasets:

Flickr — Photo sharing network (04/01/2012 — 06/16/2012).
e Users share photos and add comments to other photos.

e Users share their locations by checking-in.

e Collect a complete network and all the tweets.
Co-Author — Co-author network (1975 — 2012).

Gowalla — Location-based social network (07/10/2010 - 07/29/2010).

e Computer science authors and relationships from Arnetminer.org.

Weibo — Most popular microblogging service in China (09/28/2012 —10/29/2012).

Average prediction performance of different methods on the four data sets
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Statistics of the four networks

Support Vector Machine (SVM)—Features associated with users
Logistic Regression (LR)—Features associated with users
Naive Bayes (NB)—Features associated with users

conformity features

#nodes 1,991,509 196,591 1,776,950 737,690

#tedges 208,118,719 950,327 308,489,739 2,416,472

#groups 460,888 N/A N/A 60

#actions 3,531,801 6,442,390 6,761,186 1,974,466
Baselines:

Gaussian Radial Basis Function Neural Network (RBF)—Features associated with users
Conditional Random Field (CRF)—Use attributes-based, social-based, and individual

Evaluation metrics:

Measure, and Area Under Curve (AUC).

e Prediction accuracy: evaluate its performance in terms of Precision, Recall, F1-

e Scalability performance: Evaluate the computational time as the efficiency metric.
e Qualitative case study: Use a case study to demonstrate the effectiveness of model

Data Method Precision Recall F1-Measure AUC gw _ i g ot . I
SVM | 0.5921 (£0.0036) | 0.5905 (£0.0031) | 0.5802 (£0.0012) | 0.6473 (£0.0004) " g oo
LR | 0.6010(+£0.0052) | 0.5900 (£0.0057) | 0.5770 (£0.0018) | 0.6510 (£0.0008) 3 0l
NB | 0.6170(£0.0071) | 0.6040 (+:0.0083) | 0.5920 (£0.0031) | 06520 (£0.0019) § 059
Flick | RBE | 0.6250 (£0.0039) | 0.5960 (+:0.0010) | 0.5720 (£0.0024) | 0.6700 (£:0.0010) A £ 00 ||
CRF | 0.5474 (+£0.0030) | 0.8002 (£0.0009) | 0.6239 (£0.0016) | 06722 (£0.0010)
Confluence | 0.5472 (£0.0025) | 0.7770(£0.0010) | 0.6342 (£0.0010) | 0.7383 (0.0006) T R e T o Gowala
SVM | 0.9290 (£0.0212) | 0.9310(Z0.0121) | 0.9295 (£0.0103) | 0.9280 (£0.002) - S
LR | 09320 (£0.0234) | 0.9290 (+0.0234) | 0.9310(£0.0155) | 09500 (£0.00%4) 075 E i Contomy SO I [t )
NB | 0.9310(£0.0197) | 09290 (+:0.0335) | 0.9300 (£0.0223) | 09520 (£:0.0030) 2 o7 2 )
Gowalla | RBF | 09320 (+0.0254) | 0.9280 (£0.0284) | 0.9300 (£0.0182) | 0.9540 (+0.0022) 5065- i s a
CRF | 09330 (+0.0100) | 0.9320(£0.0291) | 0.9330 (£0.0164) | 0.9610 (+0.0019) 1
Confluence | 09372 (£0.0097) | 0.9333 (£0.0173) | 0.9352 (+0.0101) | 0.9644 (+0.0140)
SVM | 0.5060 (£0.0381) | 0.5060 (Z0.0181) | 0.5060 (£0.0157) | 0.5070 (£0.0053) £ |H IH <o
LR | 05190 (£0.0461) | 0.6450 (£0.0104) | 0.5750 (£0.0281) | 0.5390 (£0.0133) 04 m IRE— 15— Per—CP Comuns 07— M LR N6 —REF R Gontercs
NB | 0.5120(£0.0296) | 0.6700 (+:0.0085) | 0.5810 (£0.0163) | 0.5390 (£0.0132) (©) Weibo Effect of conformity (@ Co-Author
Weibo | RBE | 05240 (£0.0248) | 0.5690 (£0.0098) | 0.5460 (£0.0159) | 0.5450 (£:0.0103)
CRF | 05150 (0.0353) | 0.6310(£0.0121) | 0.5720 (£0.0209) | 06320 (£0.0139) Running time of the proposed algorithm (hour),
Confuence | 0.5185 (£0.0296) | 0.9967 (+0.0085) | 0.6816 (+0.0156) | 0.7572 (£0.0077) Data Set Flickr | Gowalla | Weibo | Co-Author
SVM | 07672 (£0.0338) | 0.8671 (£0.0145) | 0.8256 (£0.0129) | 0.8562 (£0.0115) Confluence | 1.602 | 0245 | 1.083 | 0512
LR | 08700 (£0.0261) | 0.7640 (£0.0346) | 0.8140 (£0.0221) | 0.8500 (£0.0030) Confluence (single)| 19.637 | 2.395 | 11229 |  6.464
NB | 07640 (£0.0177) | 08510 (+0.0185) | 0.8050 (£0.0048) | 0.8720 (£0.007%4) CRE 3864 | 0337 | 2547 | 1823
Co-Author | RBF | 0.7720(£0.0182) | 0.8830 (£0.0191) | 0.8240 (£0.0143) | 0.8790 (£:0.0031)
CRF | 0.8081 (£0.0252) | 0.8771(£0.0249) | 0.8360 (£0.0087) | 0.9025 (£0.0025)
Confluence | 0.8818 (+0.0105) | 0.9089 (£0.0130) | 0.8818 (+0.0084) | 0.9579 (£0.0022) [ References
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