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Fig. 2 Feature-evel comparison in English online review
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3
Fig. 3 Overall structure of featuredevel comparative network
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Table 3 Most evaluated features for digital cameras
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7 3569 5.054 0 21 739 1.046 5
8 2 902 4.109 4 22 543 0.768 9
9 2 405 3.405 6 23 543 0.768 9
10 2 260 3.200 3 24 319 0.4517
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13 1 834 2.597 1 27 180 0.254 9
14 1 834 2.597 1 28 86 0.1218
84 756
1) ( 4) 65.92 ;
0.49
12) 3 SentiStrength °
SentiStrength
1 3) < f fi = {p, p, cScore}
Pi P2 > J P P2 2 cScore .
1 4) 2
1

<fipip C> C



— 116 —

2016 9
-0.167( ) . PageRank  HITS
cScore HITS
PageRank
cScore = =5 + ( cS(EOr:Leax—_mZLi)n)x 10 (5) PageRank
cScore’ , min SalesRank -0.131.
; max
-55 ( -0.526)
5
Spearman -0.469 -0.443
-0.496 -0.470
5 4
Fig. 5 Statistics of normalized feature — level comparative arrays : PageRank>
PageRank HITS PageRank > HITS > HITS
R igraph : 1) PageRank  HITS
PageRank  HITS CHITS
PageRank
4 PageRank
( )
4.1 .
HITS
( SalesRank) - ( )
SalesRank . Sales—
Rank
SalesRank <fip pc>
In( Demand) = a - BIn( SalesRank) (06) N 2
« ' B . PageRank
SalesRank HITS 1 2) HITS
PageRank
: . 4
( SalesRank) .
4 PageRank “
HITS SalesRank 7,

spearman -0.085



9 — 117 —
(1861 )
4
Table 4 Correlation coefficients between sales rank and different variables
( spearman)
HITS -0.109
1295 HITS —-0.089 ™
34 432 PageRank —0.1437%
PageRank —0.141 %
HITS -0.117**
1295 HITS —-0.095 "%
68 864 PageRank -0.159***
PageRank -0.1377%*
HITS -0.108 ***
1295 HITS —0.085 ™
724 447 PageRank -0.167
PageRank —0. 141 ***
1295 Closeness Centrality —0.249 ***
70 618 Betweenness Centrality —0.384*
-0.131***
-0.526™*"
1 295 —0.469 ***
—0.496***
—0.443 "
—-0.470 ™
L p<0.01.
4.2
2
1)
( 1);2)

( spearman) .
5
( Spearman)
Table 5 Correlation coefficients between feature-level comparative

networks and sales rank for two algorithms ( Spearman)

Spearman —0.5122%% —0.5140

i p<0.01.
p<0.01

( endogenous)

(7) (8)
SalesRank, , =0 + o, FeatureNetwork, , |, +
o, Price; ,_| +a;AvgRating, ,_, +
aySalesRank; ,_, + ¢ (7)

FeatureNetwork,, = 6 + 3, Z cScore;; , +
-
B, NumReview,, + B;CompFeature;, +
BiFeatureNetwork; ,_; + » (8)
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i FeatureNetwork, , 1)
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f t  NumReview,
6
Table 6 Results of two stage least squares regression
( ) ( )
( ) ( )
FeatureNetwork; , —0.42 (0.13) -0.33 (0.13) ***
Price; ,_, —0.18 (0.02) *** -0.17 (0.02) ***
AvgRating; , _, —-0.09 (0.03) *** ~0.09 (0.03) ***
SaleRank, , _, —0.38 (0.02) *** -0.37 (0.03) ***
R 0.235 0.250
1. (7):
2. p<0.01 ** p<0.05 © p<0.10.
6 2
In SalesRank;, = o + B,AvgRating, ,_, +
B.In NumReview,,_, + B;In Price, ,_; +
( ) BiIn CompFeature, ,_|
3
1355
In SalesRank;, = o + B,AvgRating, ,_, +
B.In NumReview,,_, + B;In Price,,_, +
BiIn CompFeature, ,_; +
BsIn Betweenness,; ,_,
( p< 4
0.01) In SalesRank,, = o + B,AvgRating, ,_, +
B,In NumReview, ,_, + B;In Price,,_, +
4.3 Biln CompFeature, ,_; +
SalesRank
aleshan BsIn Betweenness; ,_, + BsPageRank; ,_,
5
Sales—
In SalesRank;, = o + B,AvgRating, ,_, +
Rank
SalesRank. . B,In NumReview, ,_, + B;In Price,,_, +
(In). 5 Biln CompFeature, , | +
Bsln Betweenness; ,_, + BsPageRank, | +
1 B,Authority; ,_,
In SalesRank;, = o + B,AvgRating, ,_, + 7 5

B,In NumReview, ,_, + B;In Price, ,_,
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Table 7 Coefficients of linear regression models
1 2 3 4 5
5.117(0.104) | 4.817(0.110) | 4.821(0.111) | 4.850(0.112) | 4.868(0.118)
AvgRating ~0.075(0.025) | —0.047(0.025) | —0.047(0.025) | —0.052(0.025) | —0.062(0.027)
In NumReview ~0.395(0.021) | —0.230(0.030) | —0.228(0.031) | -0.231(0.031) | —0.189(0.032)
In Price ~0.186(0.023) | —0.114(0.024) | 0. 114(0.024) | -0.118(0.024) | -0.095(0.025)
In CompFeature ~0.203(0.025) | —0.201(0.026) | —0.213(0.027) | —0.224(0.028)
In Betweenness -0.003(0.012) | -0.003(0.012) | -0.010(0.013)
PageRank ~0.158(0.089) | —0.107(0.116)
Authority 0.006( 0.003)
R 0.234 0.273 0.272 0.274 0.303
0.403 64 0.393 70 0.393 84 0.393 52 0.377 07
7 ( In NumRe- 5 1
view) 0.403 64 0.377 07
5 1
( AvgRating) ) t+1
2011 1
1 1 2011 1 1
( InPrice) 2011 3 31 10
2011 1 2013 6
SalesRank 8 10
( In CompFeature)
1 9 841 10
(In- 12 602
Betweenness)
8
Table 8 Data summary
1 2 3 4 5 6 7 9 10
789 867 883 1045 946 1032 1 096 1388 1683 1481
9 841 9 575 9472 13 277 11 283 12 568 12 803 17 235 19 086 12 602
44 330 47 096 48 709 52 573 55512 61 248 65 632 71 692 75 243 70 641
36 808 39 223 40 529 43 722 45 511 50 250 54 060 59 123 61 966 58 050
317 301 278 309 263 290 283 381 327
5 8 5
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Table 9 Mean square error of the predictive models
t N 1 2 3 4 5
2 286 2.0129 1.952 4 1.953 2 1.932 6 1.910 6
3 271 2.3417 2.263 1 2.262 8 2.242 6 2.214 7
4 273 2.2387 2.207 0 2.207 0 2.188 5 2.183 4
5 258 2.097 1 1.9512 1.9520 1.940 2 1.901 5
6 260 2.1543 2.1105 2.1118 2.1012 2.0713
7 275 2.6213 2.601 2 2.600 1 2.571 4 2.548 0
8 277 2.452 17 2.447 3 2.447 7 2.437 6 2.401 4
9 328 3.028 3 2.9910 3.0103 2.993 2 2.9759
10 319 2.969 1 2.946 3 2.945 7 2.808 1 2.787 1
9 2 3 1
1 5 2 .2
1 5
2 3
4 22
.4 : Canon EOS Rebel T3i
PageRank  HITS Nikon D3100 Digital SLR Canon EOS 60D  Can—
on EOS 7D 6 6
Nikon D3100 Digital SLR
( price) . ( wireless) .
> ( color) ( video)
9 Canon EOS Rebel T3i
( pixel) \LCD( led) ( image
A quality) ( noise) . Canon
EOS 60D ( menu) . ( shooting
speed) ( video) . ( wireless)
( touchscreen)
4.4
6
0—5
_ 4
P

pi = L,Jl( {pL pn cScore} n U {p’l pi cScore} ")
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Fig. 6 Visualization of competitive advantage for 4 products
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Table 10 Comprehensive comparison for digital cameras
SalesRank

1 Panasonic DMC+H25K 209 312 4.86

2 Sony NEX-6L./B 519 76 4.40

3 Panasonic LUMIX DMC-LX7K 578 60 4.12

4 Panasonic DMC-GH1K 101 3122 3.35

5 Canon PowerShot SD7801S 251 1357 3.17

6 Sony NEX-5RK/B 142 430 3.14

7 Canon Powershot A1200 180 826 3.10

8 Canon PowerShot A5701S 261 3 837 2.99

9 Sony Cyber-Shot DSC-RX100 885 1037 2.90

10 Canon Powershot SX1101S 146 2 598 2.81

11 Canon PowerShot SD45001S 147 1 810 2.79

12 Canon PowerShot SX1301S 267 409 2.77

13 Canon PowerShot SD14001S 248 3 602 2.76

14 Sony NEX-5N 389 1234 2.60

15 Fujifilm FinePix HS30EXR 122 484 2.48
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10
1 “Panasonic DMC-FH25K” . .
312
5 4.86
SalesRank . PageRank  HITS
Spearman

-0.403(p <0.001)
SalesRank
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Comparative network for product competition in featureJevels through senti—

ment analysis

WANG Wei' > WANG Hong-wei’

1. College of Business Administration Huaqiao University Quanzhou 362021 China;
2. School of Economics and Management Tongji University Shanghai 200092 China

Abstract: Comparative opinions widely exist in online reviews as a common way of expressing consumers’ ide—
as. Mean while such online opinions are key proxies for detecting product competitiveness. Firstly compara—
tive opinion pairs are extracted in featuredevels through text mining and sentiment analysis. Then based on
the comparative opinion pairs a single-link graph a dichotomic-ink graph and a multidink graph are built
respectively where the weights of edges are determined by the sentimental strength. Next a feature-evel
comparative network is calculated by employing sophisticated network algorithms including PageRank and Hy-
perlink-Induced Topic Search. The proposed comparative network can identify the strengths and weaknesses of
compared products. Experimental results show that the featuredevel comparative networks are correlated with
SalesRank significantly thus enabling the prediction on sales volume.

Key words: competitiveness; comparative network; online review; sentiment analysis; product feature; net—

work analysis



