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Abstract: With the development of SOA technology, Web service is widely used and the number of services is growing rapidly. It is
very important to classify Web service correctly and efficiently to improve the quality of service discovery and promote the efficiency of
service composition. However, the existing Web service classification technologies have some problems, such as sparse description text,
insufficient consideration of attribute information, and structural relationship. Therefore, it is difficult to effectively improve the accuracy
of Web service classification. In order to solve this problem, this study proposes a GAT2VEC-based Web service classification method.
Firstly, according to the structural relationship between Web services and their own attribute information, several corresponding structural
diagrams and attribute bipartite diagrams are constructed respectively, and the random walk algorithm is used to generate the structural
context and attribute context of Web services. Then, the SkipGram model is used to train the joint context to obtain the word vector which
merges the multidimensional information. Finally, the SVM model is used to perform the classification and prediction of Web services.
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The experimental results show that compared with the five methods of Doc2vec, LDA, Deepwalk, Node2Vec, and TriDNR, the proposed
method has 135.3%, 60.3%, 12.4%, 10.5%, and 4.3% improvement in Macro F1 value, which effectively improves the accuracy of service
classification.

Key words: Web services classification; GAT2VEC model; random walks; SVM model
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1) A2 SIE R B SOA SEH A Web IR 45 AH G FR HE 1) i 84, T 45 E 0] H ¥ Web il 45 18 KBk 22 4] 48k 1k
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Fig.1 GWSC method framework
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g A REAS T4 1 2K
o B T REAS AT b B AR R 58 BT 4 AT S

2 SKEIHER SR

2.1 HUREHIARLE

h VPR, FATT AL ProgrammableWeb.com 35 1 JICHR T 6 415 4~ Mashup #1 12 919 4~ API )15 &, G4
ABATT R A TR R SCRY . BN AR B AEAR I e TR LR 10 3% 2,58 #1842 7T LAYE http://kpnm.hnust.
cn/xstdset.html P hk F3E4T R 4.

Table 1 Data statistics of Mashup
F 1 Mashup Bdigeil 5 &

Items i
Mashup F~ % 6415
Mashup 125 51 % 324

FEIEEA AL A I Mashup M 19.8
SERIREAS Mashup #7765 2551 3.16
Mashup i FH 1) API % 1471

Table 2 Data statistics of API
Fz2 APILHHES G

Items {1
API [N % 12 919
API 1287 54 383

IR KRBT H APL A S 337
SEEEAS APL A HIAR 5L 3.85
4 Mashup 1 1) AP1 % 1471

7 TCERL () 4 v, 25990 4 “Search” ) Mashup w45 306 AN, 1M 2 51l “Cities” H AL A& T — A Mashup. [/ £, 2%
5 K3 “Tools” [ API 45 790 A, 1 2553 “Solar” FAUAL &L T —A~ APLIA L, FRATIEHR T 2= i 2 977 10~50 2K
Mashup F1 AP1 TS5, PR (19 /0 AR 5 Bl WK 3. 3% 4.
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Table 3 Top 10 categories with the largest number in Mashup
Fz 3 Mashup %5 £ T 10 28

Mapping 1034 Music 250
Search 306 Video 176
Social 299 Travel 169

eCommerce 294 Messaging 133
Photos 256 Mobile 126

Table 4 Top 10 categories with the largest number in API
F 4 APl Hritig £ 1HT 10 2K

Tools 790 Messaging 388
Financial 586 Payments 374
Enterprise 487 Government 306

eCommerce 435 Mapping 295

Social 403 Science 287

TR R Pk Ay BB R T BRSO B0 T3 w2 RS 0 FE, BT 19 56 2260 Mashup FT API
(043 SCRY HEAT TRAL BRI Rt 4
(1) 73l (tokenize): ¥ F AN FL il 422 HUA K 3 T, FLRE SRR RIRR 5 555 1 43 T AE A3 SOA R I Bl o 4548
B ) BTG
(2) 245 HiA (stop words): 2 B 5E 30— 26 0 58 SR B R FR SRS, a0 e “the”“to ™ @7 4%,
(3) il T AL AL B (stemming): £ S 3L A Rl — AN FLR S BR O ABR B 1S [R] 1T A AS [R) ff e I =X,
“adaptation”“adapted”“adapting”, & {11 S Fx I #8 f2 [R] — A~ 5 48] “adapt”. 5 44 1X 48 B IA] A S AN A 1) B
il I 2 S P S 56 4 L PR ARG S 2 B AT, MR AT 1) T A L
15, B 3B IR IE 3045 T AL IR 4F 1 Mashup A1 AP 3R SCkS . [R] F, Fe A7) LAYE 2% 5):Mashup BB 4,
5% 1fy“Mapping” 57 1 034 /T 55—ty “Search” s FUAT 306 /™. I 1k Bell S B A 43 A1 5 45 3 i 50 45 1L,
FATTHE AL B 500 24 “Mapping™ (¥ 748 434 5% 1 4 L5250 504 . 11 AP I EHE £ 2341 15k 450, 2 WA K, AN T 24
AHICAL BRI MR AL SR B i1 W3k 5. K 6.

Table 5 Experimental statistics of Mashup dataset
F5 Mashup Hdl s s gt it

Items B Items B
V] 6415 Va 8711
IE| 57 497 I 6268
A 2385 E.] 97 117

Table 6 Experimental statistics of API dataset
F 6 APl HdR LS gt

Items B Items gy
V] 12919 Va 11524
IE| 87 497 1q 10 268
V, 4523 Ed| 121 846

2.2 VR
— Bk, Web R %5 R A LT 4 B .
(1) BT A BIEEARY EH 0 83028 AKX —REEARbRE N TP,
(2) RIET 2 A BIFEAB R B2 AKX — R bRIC N FP;
(3) BT A MBEARB IEH 2253 T 250 A 1 H AL KX —REEAR R A TN;
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(4) BT A FFEART IR K EIR A ISR R IX - RBEAFRIC A FN.

AR Macro FL {HA1 Micro FL i 11 PEREVE Hr b, 27, Web il 55 73 28 1) Macro F1 i vt 55 22 (1
ZN TPI
i=1
Precision,,, = TTTRAFR (7)
N
zN TPI
i=1
Recall , = M (8)
Macro F1— 2x Pr(?C.ISIOI’]ma x Recall,, )
Precision,,, + Recall
ifi Web %543 2511 Micro FL i iF 5 20 R
N
. i P
Precision,; = —=4=L (10)
> TR +FR
DI
Recall |, = ——==—— (11)
> TR+FN,

Micro F1— 2 x Precision,,; x Recall ; (12)

Precision,, + Recall

ik A Precision s HER % Recall 7~ 73 [0 3 N K on 20 2K K2R 0 %K.
2.3 Itk FHE

AT GWSC L T 5B il N B3 WA S T8 11 I & 10 770 (Doc2vec Fl LDA). Wik F 45k R
7715 (Deepwalk FI Node2vec) LA K —Fh [R] I FH &5 #4) 5& & A0 g M P9 25 1 77 ¥5 (TriDNR), BT 75 v 3R H SVM
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Table 7 Experimental results of Mashup dataset
£ 7 Mashup $ilE 45086 45 1

EE

Xf b vk 10 20 30 40 50
Mi-F1  Ma-F1 | Mi-F1  Ma-F1 [ Mi-F1 Ma-F1 | Mi-F1 Ma-F1 | Mi-F1 _ Ma-F1
Doc2vec | 0.421 0.312 | 0.235 0.196 | 0.192 0125 | 0.135 0.098 | 0.106 0.074
LDA 0538 0.458 | 0.393 0.367 | 0.325 0.213 | 0.261 0.186 | 0.184  0.135
Deepwalk | 0.685  0.653 | 0.612  0.603 | 0531 0504 | 0.412 0.369 | 0.358  0.342
Node2vec | 0.702  0.664 | 0.693 0614 | 0612 0586 | 0536  0.438 | 0.389  0.395
TriDNR | 0.764  0.704 | 0.732  0.624 | 0.654 0602 | 0.616  0.543 | 0.521  0.469
GWSC | 0783 0.739 | 0.745 0.635 | 0.667  0.612 | 0.638  0.585 | 0.588  0.523

Table 8 Experimental results of API dataset
= 8 APl e 4t
EE

Xt b i 10 20 30 40 50
Mi-F1  Ma-F1 | Mi-F1 _ Ma-F1 [ Mi-F1 _Ma-F1 | Mi-F1 _Ma-F1 | Mi-F1 _ Ma-F1
Doc2vec | 0.391 0.304 | 0.315 0.265 | 0.278 0.124 | 0.256  0.097 | 0.201  0.064
LDA 0516  0.447 | 0354 0356 | 0.325 0.243 | 0.308 0.210 | 0.254  0.125
Deepwalk | 0.654  0.631 | 0549 0594 | 0537 0514 | 0452 0.377 | 0.365  0.352
Node2vec | 0.683  0.664 | 0.602 0.614 | 0.546 0576 | 0.491 0434 | 0.409  0.392
TriDNR | 0759 0713 | 0713  0.622 | 0.657 0586 | 0597 0.513 | 0.586  0.479
GWSC | 0771 0.721 | 0.742  0.630 | 0.663  0.594 | 0.618 0555 | 0.588  0.521

(a) Doc2vec

(d) Node2vec

(b) LDA

(e) TriDNR

(c) Deepwalk

(f) GWSC

Fig.5 Visualization results with 20 categories classification of Mashup dataset
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(d) Node2vec (e) TriDNR (f) GWSC
Fig.6 Visualization results with 20 categories classification of API dataset
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Fig.7 Analysis of the weight with the structure and the attribute information of Mashup dataset
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Fig.8 Analysis of the weight with the structure and the attribute information of API dataset
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Fig.9 Number of walk parameter analysis of Mashup dataset
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Fig.10 Walk length parameter analysis of Mashup dataset
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Fig.11 Number of walk parameter analysis of API dataset
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Fig.12 Walk length parameter analysis of API dataset
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Fig.13 Representation dimension analysis of Mashup dataset
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Fig.14 Representation dimension analysis of API dataset
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