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An API Service Recommendation Method via Combining Self-Organization
Map-Based Functionality Clustering and Deep Factorization Machine-Based
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Abstract More and more enterprises and organizations encapsulate their business, data or
resources as API services and publish then on Internet, and the number of API services is growing

fast. In this context, to find API services quickly and effectively that meets Mashup requirements
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of developers from such a large collection of API services, has become a challenging problem. To
address this problem, aiming to the issue of recommending appropriate API services to build
high-quality Mashup applications, on top of service content-oriented functionality clustering and
score prediction of quality of service with multi-dimension, an API service recommendation
method via combining self-organization map-based functionality clustering and deep factorization
machine-based quality prediction, is proposed in this paper to create novel Mashup applications
with high-quality. This method, firstly uses Wikipedia as an external corpus to expand the
contents of API service documents and models their topic distribution by adopting HDP model.
WikiExtractor is used to extract corpus data from Wikipedia, and Word2vec tool is exploited to
train the corpus data to obtain its word vector model. The trained Wikipedia word vector is
regarded as the extension source of API service documents. As for the extended API service
documents, hierarchical Dirichlet processes topic modeling technology is deployed to mine their
implicit topic information, which automatically identifies the optimal number of topics to accurately
measure semantic similarity between API service documents. Then, it exploits SOM neural network
to cluster API services into various clusters with similar topic and functionality. After HDP topic
modeling, the derived vector of API service document-topic is clustered with different topics by
using the clustering algorithm of self-organization map-based neural network. That is to say,
numerous API services are divided into different clusters through self-organizing process, each of
which contains multiple API services with similar functionality. Next, as for all API services
with similar functionality in the API service cluster, we use deep factorization machine to model
and mine the complex interaction relationships between their multi-dimensional attributes of
quality of service, and predict and rank the quality scores of API services. Deep factorization
machine model automatically extracts effective feature composition relationships (including
high-order feature and low-order feature composition relationships) between the data of quality of
service (such as popularity, co-occurrences, and so on), predicts and ranks the quality score of
each API service to the target Mashup application, and recommends the top-N API services with
the high score to the developer. Finally, based on a real-world dataset of Web services, we
conduct a comprehensive evaluation to measure the performance of the proposed method. The
experimental results show that the performance of the proposed method in this paper is totally
better than that of other six methods in terms of precision, recall, purity, entropy, DCG
(Discounted Cumulative Gain) and HMD (Hamming Distance). Compared with the methods of
TF-IDF, LDA-K-CF, LDA-K-FM, HDP-K-CF, HDP-K-FM, HDP-S-FM. the precision metric
of the proposed method has increased by 196. 2%, 49%., 33.8% ., 31.2%, 12.3%, 10.3%, and
DCG metric has increased by 161. 8%, 26.4%, 18.6%, 16.2%, 6.73% and 4. 5%, respectively.

Keywords  API recommendation; Mashup application; Hierarchical Dirichlet Processes topic

model; Self-Organizing Map-based neural network; deep factorization machine
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i BT A b BE B Web IR 55 il 3 SCRS Z 8] (19 7 X
FHALLBE.

(3) 3T SOM iy il 55 R 2. 1E HDP i 46t
Z 5 R ARAG 1 R 55 SCRY-FE R 1] R ] SOM. B
AT BRI B AL T AR Web
APTs 2] 53 TEA R 1 Dy e 2L 7% .

(4) JE T DeepFM (9 Ik 55 T 5 HE . &1 X iRk
FRPIAHHAMUUNRER Web APIs ik 55 . % &
Iz 55 2Z 18] (i AR AL AR B LA B2 QoS @ 1 (A0 45 i 47 JE
FUAE) 5 Z e R AE (S B A ] DeepFM £ £
YN hix 6 ZHERFAE (S B 4248 B AR EH & ¢
2, W HEF Web APTs A915 5.

(5) Web IR 55 #E7E. £1xF & # P i Mashup
it oK o Mk 55 47 20 W A 2D TRk AT | TR
Mashup i 5K 1 378 15 Iz 55 FE 7 48 3 % 26 v i A I
S5 AR SCA 4R 5D Z 18] 1Y T2 8 AH AL BE L 4% B B DT
B5E ) IR 5528 U B0 32 MR 55 2 vh e AT AT AR AL
RERY Web APTs IR 55 - A4 € AT TAY 5000 45 73 %o fik i
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IR 55 AT HE R . S IT K & R HETE top-k R BT 1Y)
Web APIs.

T T AR A 48 J5 v &S Tl RE AR HR B A 5 B AR
LUNCR/ VPSS EUY N
3.1 REXEY 7

Web JIiR 55 i i SCAS T8 S 60 30AS 3l 2L BLAF
B IR H 5 4 Web i 55 i SCAS R 47 32 8
BRI T8 o X DL 78 2347 0 B RS il i R R
I, FATR Web JIig 55 il & SO BEAT Y 58, 1 56 ]
Word2vec T.H Xt Wikipedia & ¥} % #4711 45 , 38 5
o] ) AR SR 5 L B X Web iR 5 5 iR SCA R Y
AT AN Gl 3] ) AR o R HEHT NS AR
LiR). $5c S5 B 3 26 A AL 3] 5 JF B Web fiik 55 4 34 3C
Ay Y . BARER f Web iz 55 #8348 SRS
S i A ] Wikipedia i i) AR f L, 5 S
T w A AL S T, = (st ) s IF
TE AR EE B = I ET N AR S o AT 58 M =
N. ¥ 551 Web ik 55 38 SXEIIC R Sovicredren—~ s
W Seicneater—n = { Cron s Ty )5 Crwg s Ty o vees (10, s
Ty} HorArn R EAR BNE £ 1 2 Earth 1 Google
PN 23 47 38 10 A Ta) i S 481 44 BR 5 i F i) 2
[E] P AFLARLEE R /NN 3R 47 HE

x1 BREXEY RTHGTF

B 46 iR Earth Google
Planet gmail
martian dropbox
mars evernote
venusian app
i planct‘? adsense
spaceship yahoo
universe microsoft
planetary flickr
moon hotmail
deimos mapquest

ffi F§ Word2vec T. E. %} Wikipedia 15 %} JE #F 47
I, 45 3] Wikipedia o B} 19 30] [n] & B8l T
Word2vec H{#i F§ T Hierarchical Softmax %3k 347
T Fiy DAAE I 25 a] [n] 5 A RS i B, L ) 52 2% B O
OClogN) , 52 b fifi Jl Word2vee T.H %} Wikipedia
TERHE AT R ST 290 12 h, Word2vee T A
ST TR Hh T A DRI AR R L RE R L TSR AR A
FERR RIS (] 52 24 B o O, Has Al Z: ol
OG®*) . AEX S5 SCAR AT SR FE v, U 2 AEI
GRu R AR rh i A R i 7 50 R R] BRAS S — A B
() S AR AT 0 AN AE RLRLL R G S 8 AR 55 SCAR B 78 B
BB R &2 2% FE S OD) AHZS M Z 4B O(n®).

3.2 BRETTFEE

AR — b SCAS A R AE R AR L e R
R SCAR G AE M B S B IR k. R &
3 AT (LDA) J2& — Fh 78 1y 3= 8 g B R, Af
AT HUARE SC A A B B o 42 9 o B 0 32 A
BOBRTAE N A LDA #F 47 3 80 a8 Y o A h, 7
BN BCE T A B DA B de £ Y R i )T
AR K. HDP @ g i ARt —Fh 2 )2 75 F v 75 40
fii s W] B N JE LDA B —Fh G2 A 1R 61 . 7 1
HDP 47 F U b e SORy L2 [a] — A~ 4
FE RN E B/ ool B 3 O I SR I O N N
JEBEE S AT LAARAS T o A 0 AR . R, AT
P HDP @B RIS | — 254 745 1 Web iR 55 3C
RYEAT 32 R AR, 7 32 R o R e, A DL AR
HEMRE

M1 O Web ik 55 il iR SORYS o 9 B A3 43
PC F2 A8 A o e B A AR S E e
an ESILOREO IR S 1 DS A = A G L R 3 I KA WY i3
A3 TC B — A8 0 . IR R SR Web IR 55 i
R SRS A S 0 3 RS B

I 2. O Web IS5 4R SO 4 e 32 0, B
A~ Web iR 55 9% 43 Bie 21 5 A~ 80 E % 5 © 4 Bid 2
ZFER Web IR 55 194> BOE . SR 1F— 1 Web
IR 55 9% 43 e 2 224> 32 8L 3% 5 PR ok 3R IBOAR 95 SR
14 32 )

B % Web IR 45 SCRY 9 HDP 3= 75 2 455 5 72 4
Kl 3 TR AR5 K Lk 2 Jios.

ajin
O GRFGSFONNG

K 3 HDP 3 8iEA

®2 HDP FTEEHHFSREN

s & X

H B i

Go SCRY B I T2 B4 A AR S By

G, 55 7 e ORI RS A MBS«

Y A2 i Go By Beta 23 11 %1

@ H: i G, 1) Beta 7301 8

Gji 855 ARG SCR R AR ¢ AR
Wi 55 A RS ORI TSR @ AN 1A

TEIE 3 Brn HDP UK o . DP K75 # F 5
TR AR Go IR 55 15 R R R AR A B —
A G AR — A 55 SCREJZ 3T+ ) 2 A ik 55 X
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RIS 0, R 55 5 AR SF SCRE R B ER @ AT Y
T D %n Web Il 55 X A8 N R fE 541
Web I 75 3OS o ) T 38 20 SR T LA R 2 SR A5

T 25 5k K 43
G,~DP(y,H) (D

G, |Gy ~DP(a\Gy) (2)

0, ~G, (3)

W, ~Multi(0,) 4

K FH e i R AR rp iy SR A] R B SRR R R O
(Markov Chain Monte Carlo, MCMC) , #%18“Ja] - =~
SN AT I A LN R R

P(Ty =k W.oany.m.0, H)oc

—n
n" g

Rl

()" +aly) ¢ (5)

n" AV ey
Hrp A5 5 " RIRBIE B, T, =k Fom HH—
AL AT RE 5 75 50 1 3 B0 W 225 ] k0,
7RI I A R AR s, RN TR - D HE AR e, RO
- R 5 SR A R A e RN -2 bR A
MBI GETHE. B3R =AEW EAR —mn RIRGETT
R w,,, R HERRTESN Y. VR 1] R ).
asysp AL P E 4R 1Y 3282 4R I
ke R 280 s AT DB R 5 ) A B
) A BT AE T« — B iR g o e 32— A~ &
AL AR B T 28 40 0 3 i 32 A v A ] Y B
XAt HDP B8 1) fe f 2 i e k. 36 3 Jy HDP 3
R TR A ) R 45 SRS - AR R Horh d R iRk
G5 SCRY I ES ¢ SORY. T, R OR R 55 SCRY AR S == i
S5 AL S BT O AT W R AE. Z
Jo o ARHEIZ R 55 SCRY - 32807 B 58 B Web Iz 45 3R

& 3 HDP B A A Y SO - R 4R

T, T, T; Twm
dy 0.12 0. 40 0.18 0. 04
ds 0.11 0.07 0.19 0.01
ds 0. 40 0. 36 0.03 0.03
d|p| 0.28 0.11 0. 15 0.02

ZRA Lk T Web Al 55 SCR ) HDP 3= 8
B L 4N gk 1 pR.
ik 1. T Web [lr 55 SCR 1) HDP 32 g 462,
A : Web APT {14838 SCR 1] [0 5 W. S 8 a. 7.9
Byt s Web APT 3k SCHY 32 5801 Bt T= (T, . Ty v e
T ML EBE K
/ /PG

1. K=K,k K=1);
/R B U BRI IR AR 05
2. n,:,=03n,=05n,,=0;n,=0;
/ /UL o fili 0 280, U 3878 R0 i 3 8 3% R
Pl
3. U =[1,K], U=[K+1,K..];
4. FOR 4§—1 Web API Wi R C# me [1, M]

DO
5. For Web APIs ##i iR XY m F & — 4 1f n €
[1,N,] DO

6. MIZCANEE —AFE T, =k~Multi (1/K) ;
7. BB =1 me =L b =15
8. S (D RBEFRIK G, 1 G,

//Gibbs b JE 41 5
9. WHILE %4 5¢ i Gibbs % #££ DO

10.  FOR % —4~ Web APIs [l 38 3084 me [1,M]

DO
11.  FOR m A ne[1.N, ] DO
12, it . — =1, e, —=1,m—=1;
13, R GYELL e+ 1] 3 B AE B AN il f7
14, FRBEBE b~ p(T,..,=k|W.asy.9.0. H)
15. IFk€[1.K] THEN
16. k" =U, (k);
17, BT E .. =1, n. ,+=1,

nee +=1;

18. ELSE

/WSS SRS e B ¢ A T 3R

19. kR =popU,),pushU, k"), K+=1;
20, g =1, =1ong =1;

2L D RFERI GG,

22. T,.,=k";

/KA SR A W e B8 T 3 4 2 Ml R (8D

23, IF Y8t THEN SHCFE S 500H
24.  Else IF %448 THEN

25.  FOR k€[1,K] DO

26. IF n,=0 THEN

e e

27.  remove(U, k) ,push(U, , k), K—=1
28, IrEERAZE.n,,=0.m.,=0,7,=0;
29, A X F R AT R E R
30, KW o,y Al IS HLE.

3.3 ETF SOM i API R B %

SOM J& — i i T8 (14 TG W 7B il 28 W 48 330325 WK
o 2 (i) et e S B AN A s () vt ) 4% 6 4
N2 R R 2 AL A2 R A B T A
B 0 2 B RN S T BT 2 P 48 8 A B0 IR T
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A ZHHE I/, SOM B33 T i W56 1 o 3 284 4L
W F AL R 4T R 2 TR AR U R
YRR, /E HDP 8 it 4 2 J . % 3145 1
Web APT [)“ iR 55 SC RS- F 807 1) &, F AR F§ SOM
SEIEAT 1) MR S5 E AU R 2R Gl A UK
ANFH) Web APTs il 43 8K W] 1 D) ge 2K i o 5 —
MR E 2 A A MG Web APIs Il 55.
SOM A 20 4R 28 W 45 (1 F0 Fh 25 # an &) 4 f .

N, ()
o

e

HNZ

T

K

4 SOM [ ZH S48 J 25 4H $h 25 4

HT SOM K AP 5 SRR F % AT R an F

(D #EG A B L — 23K H Web APT 19 Iz
5 SO -0 ) BEARL R A D SOML [ 2 S0 28 ) 45
B2 A AR R ERORZ 2 R A w,, B
HLIAE.

(2) 554+ 5 Web APT IR 55 f5 #2230 1) 1 22 F. 0
B R Kk 55T (winner) . #it 28 BT 22 (8] (1 4 AL
o LR 06) 5 (D534

K
f,:Z([,—wj,)Z,je{l,Z,"”M} (6)

i=1
fio=min {f;} D

JjE{1,2, M}

Horpr TGO J2 3R B IT 10 9 5
(3) AR A B T3 ek B AR TS
FEARAR Y /2 N BOALE A] 5 4 50 (8) T

Sf‘.lm ) (8)

N,m)—cxp(— 20

(4) B T B, a2t (9D, X 3R B T B AH 4

A AT SR
Aw;; = () N, (0 (4 —wj;) (9
4 NHT SOM (1 AP IR 55 K H Ik p — L
ZRCBCE S B S A BEHLIERE 10 > Web APT
IR 55 i SOM 35850 . SOM 583 M3 5 AH 0L 45 45
— > Web APT I 55 W 56 2 A [] 11915 5/ D 52 30
R ALK S P ATEOR SN ARy 2, TR EE PR
FHPASTS i/ I T 326 Horr, XU (0, 0) 4%
P EJ& F Fun 432589 Web APIs iR 5, X 38,0, 1)

> Music 28, X 38 (1,0) & deadpool Z&, X (1,1)
& Mapping 2.

R4 SOMEZHH-—LSHEEN

5 & X
FAJZE A R E
S BRUEUZEH R ST R O R BEE
o RS LAy 408 35 DA /) I 1) 405 i 4 47 i) A8 Ak
— ol B T [ T 5 e 4 T A A o) L R TE I SR
o AL VAT ) W S /)

ME
a

7

Earch Point Boise
Earchoid
Dynamic Visitor Map

Earth Sandwich

e-renova.net

CD Collection Browser
Chumby Widget
allSongsBy

Effected
ClickPoint

0 1 2
Bl 5 SOM 32 52 4 Je 550

3.4 ETF DeepFM HJ API IR il 5 HE 7
TEAETE 2R S8 P B 9 S TR R i 25 7 208 X
AR BE P AR W ORI Y. DeepFM AL A [7]
P BB Sl 0 B2 2% 1 R R AL RS B R R 4
KA N ik e A 5 AN TR A5 HE A TR R 4R
THEF RS HERE. QA 6 FT 7R DeepFM 57 1y 7 55 43
ZH - 22 0 E 53 1 BT O3 AL L T T AR AT AR B 5 AE
B KA s A AR oY R i 22 P A BT T AR
HETRRIELL 5 5 R T R RE S IR B
C— B A ) R A 4 5 HE AT A A 0000 5 1) 7
P omkEg WA e ]

- — Weight-13%$#
R iz A g
X) PRz —— Normali#E$#
V) BEEH

‘ Sigmoid ¢ %

K6 BRER TR LR
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M OLT iz B FRAF 4 & % R AE 98 A R4 T4
17 PERE. R B Bl 28 I 2% A5 1Y Y 1 2 o TN A2 B BalE
R B 2H 5 O B L T gE— 2D R T HE R R R

DeepFM A1 (1) F50 24 X 40 F -

y=sigmoid (y., + v (10)

Forp sy N B T R B RS CEVD ) S5 SR v N
TR 1 2 N 2 B R (DNIND [ iyt 25 3R v e (0, 1)
ot 25

5T DeepFM # 7L, & — 4~ APT A% T H ¥
Mashup #9373 {5 6 8% 8 T 00 H Ok . 28 3 k)7 )5 3K
AR HERE SN . B 7 S — A B ALY B T Deep-
FM A1) Web APT $5000 PF 43 52 ], 2 v (9 £ 40
PAHR 4320 %« B A B 1E 1) 5 ££ (Feature Vector X)
g B HAREE (Target ). B —47 H — P 4F1E 7 &
x; SOXE L) HARVE S v 44 5L

-

(— BOXI Y BOX2 Y BOXs Y BOX4 Y BOXs Y
Xy | 1)/0] 0]« 1]0]0+++]0]0.30.7+] 0]0.30.4=+] 0]0.50.5++| 1| 1|
Lo 1 110]0e+«] 0] 1]0]e+] 0]0.50.5[+++]0.5 0 |0.2+++] O] 1]0.5eec] 1| 1|
L3 {0110 ]+«+[1]0]0[+++[0.700.5++[ 0[0.70.1]o++| O] O] Ofeee] 1] 1] Y5
Ly |0]1]0]]0]0]1+++]0.6/ 0 |0.3}-++]0.4/0.6 O |+++]0.5 0 ]0.5==| 1| 1| Vs
L5 001 ]eee[1]0]0]+[0.30.2] O ]+++] 00.30.6]+++]0.50.5 0 |-+| 0] O | 5
L6 10101 |++[O]1[0[++/0.40.1] O |+++]0.1] O [0.1[++| 1]0.5 0 |+++| O] O | Vs
71010 1+<]010]0]-++]0.80.2 O |+++]0.200.8/0.1]++]0.5 0] O |-++] 0| O | Y7
Lg 1 0[0[0]e=+[O]1]0]+[0.10.30.2]+]0.3[ O |36]+++]0.5 1] O J=«] 1] 1 | Is

A A, A /Q/IV‘MZM'; /Al A A MMM, (A A, A.s'j
\_ APIs Mashup  Similar APIs Similar Mashups Co-occurrence @

N

{7 FIJH DeepFM 1 %1f) Web AP 4352 1

KOS T 7 PN ER A Box By F 3L,
ARG

(1) Boxl. {5 i% Web API HJ one-hot % it 1) £&
BN O =1{0,,504,5s04n 1 s FHoH N i Web API
R 55 A TR B o IVZERE NGB A 14
Web API {J one-hot Zi i st Je& 0,, =[1,0,0,++,0]; . n.

(2) Box2. {i % Mashup [ one-hot @i 55
N0y = {0y +0pz 5+ oy | L 24 Mashup B4
B F A o I4ERE S LR 455 14> Mashup
i one-hot & pt & 0y =L[1,0,0,+,0] «1.

(3) Box3. {# i Web API ik SCA4E 5 HDP
F2 U A ) g AT AT R AR R — > Web
APT 19 i 55 SCRY- 32 8 ) it R FH AR % AE LR 112
X Web APL 2 [a] (9 L .

(4) Box4. {fi il Mashup i i SCA My HDP
F R B AT AT 3 RS g —
Mashup [ il 45 SCAS- 32 80 1m) 4. >R 4k 5% AH AL o
A3 Mashup 22 (8] 9 H LU

(5) Box5. MG 09 K P 45 3R B Web API
L E B SLEE B RN )2 Web APL ;s 41

FREA R Web APT [A) i #— > Mashup
ik s e TR 3L B K. Web APT Z (8] 19 3 3
ABOATH AT

aiﬂaj ‘
a;Ua, |
Hr, |a;Ua, | 78 Web APl a; 5 Web API a, #
Mashup ¥ F B9 B IR E [aNa, | #R a, 5 a, [ B
Be[a]— 4> Mashup Fir i FI A9 CEL

(6)Box6. Web API {47 [t Web API ¥
AT L. WAT R8BI Web APT R ) 1
WL AT B T
pop(a;)=

Fre(a;) —MinFre(Category(a;))
MaxFre(Category(a;)) —MinFre(Category(a;))
(12)

Her, Fre(a;) &~ a; #% Mashup ¥ F 19 & IR %,
Category(a,) Fn5 a, B ME M HE AR
Web API ik %5, MinFre(*) 3 7n Web API #f Mashup
P B /N IR B, MaxFre (%) 3 78 Web AP #
Mashup ¥ I 9 e K UCEL.

RS SHEREE

(1D

(:O(a,' vaj) -

Box 44 ¥ 9
Boxl Xt Web APIFRTEFF 5, IF Ho¥ 5 — 4 Web API Bt
0% 54 ACME— ) — 4~ one-hot i 5
Box? %} Mashup #5335 5 . I B & — 4~ Web API e 5
* B — (K] — 4~ one-hot %ifid ;
Box3 X Web APT B4l b SCRYIEAT 35 80 AE 455, 3R 45 S0 RS-
) i TR A Web APT 22 7] 114 43 8% AH (0L
Boxt M Mashup fHE A SORY AT AL 379 SRk
3016 K TR Mashup 2 i (19 4 2 40 BLEE 5
Box5 B A APL Z 8] 9 L3 R 50
Box6 A APT AT BE 5
Target Y U1 API # Mashup SEZBriE A 840 1. Z M 0.

3.5 Web fREH#HE

BEXEIF % # P Mashup 73K Ik 55 477 43
BN A PR AT

(D E 5, I &3 M $& 38 Mashup 75 5K B,
R fE ] LDA 32 80 B4 R 75 SR SCA il iR 8
PG 18— 1> Mashup 7 5K 380 ) 5

(2) % 8 — > Mashup 25% ¥ Br 5 Mashup
(485 3R SC A, I B B LDA 32 8 g B R, 3K 15
Mashup & 32 8 [n] &

(3) ] IS BrEs 22 0358 Mashup 755K 338 ]
i 5 Mashup 287 3= 8 m] 2 22 [A] (14 A B0, 4% 3] T
P B d5c e I B A~ Mashup 287,

(4) f#i ] DeepFM #55 BUE T 3 HE /7 APT Ji &
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48/

BorMEE AR SRR R A T AP IR 5 8 0T K
M.

4 LBWEZH

4.1 ZHWEBEEHEE

S p A AU ] Python 4RI H %5 10
X fic & & 32GB RAM, Windows 10 OS, 7 —fEn
B4 9 1ETE 2 NVIDIA Quadro K4000. Y T B iiE
ASSCHE W T IR A S, I AT ProgrammableWeb
A ERR T 12919 4~ API 16791 4~ Mashup, T
bk R http://49.123. 0. 60: 8080/ MashupNet-
work2. 0/dataset. jsp, 7£ 1% URL 43 5| 32 4 5 35
4E (Download Dateset) F1 % 3 il 4& P2 7 AL 75
(Download Code) i) T % ; 3256 1 fir 2% FH i) SOM 2
1 F1 DeepFM B8 % 1 5 A8 5% R 25 Hb ik 43 51 A
https://github.com/JustGlowing/ minisom #1 https://
github. com/ChenglongChen/tensorflow-DeepFM.

FeA1 e £ 4 & e £ Mashup WY 20 28 4F Jy 52
BB HOPR A n 45 BNk 6 . JAPRZ 52 56
B A2 53 1L 70 Y0 iU ZR AR T 30 D6 i 3l 4 . 236 o
fdt HI 9 Mashup 755K (3O ™ B S 12 4R A 3 52 47
TER) Mashup & SCR. 78 52 55 3 &, Word2vec
SR ) (] R 4R B O 200, B K S 10, fie /N B
KECH 103 DeepFM FE 4 2] 3500 0. 001, ffk &%
oy adam, L2 IEW R HCH 0. 01, 15 V KRy 8.

* 6 BE®m%S Mashup BT 20 KPS HHER

Bl Mashup % # Bl Mashup % &
Mapping 1038 Sports 112
Search 305 Telephone 99
Social 298 Blogging 98
Ecommerce 295 Reference 98
Photos 260 Electronic 95
Signature

Music 251 Widgets 86
Travel 192 Visualizations 78
Video 174 Humor 67
Messaging 137 Government 66
Mobile 126 Games 54

4.2 Mashup BRI R HH

Mashup RIS Web APT 7 1 2 A, 3%
I8 T — 41 52 50 ok be A A ] 3R 28 07 2 1) 52 3
ROR.
4.2.1  PHAEHEBR

SR FHUERA 2 4 0] 38, 4l B 0 3 DU Fh g A ok Al
AN A R T L PERE. 98 A, ProgrammableWeb

W3k 1 Mashup 432808 N T 380E 19 AS— 2 ERf. 76
I FRATTER X Mashup 4328 #5476 46 :  Mashup(MS)
B —MRUEST R EE R SM={SM, ,SM, ,+++,SMy } ,
Zor Rt 22 SR R KRBT 44 R P 3R TR i
SIS ARAT (1 3 A5 Ry M= (M, , M, , -+, M},
A2 HERA Z A0 4 2 T 7 T

Precision(M,) [SM.NM, | (13)
recision )=
| M, |
R zz<zv1>—w (14)
eca i \SM;\

Horp, | SM, | #7826 51 SM, H iy Mashup (9508 s | M, |
FRIH M, H ) Mashup B8R | SM, M, | R
2 ) SM, A1 M, kTRl B9 Mashup #9550 75 5215 ]
Y« SR ARG A0 2 T M T B R o A 2 2
SM AT HL T+ L5 45 3 J7 5 1 ¥ RE 45 A, 61 0 .
PRUESF2E Mapping 7] BERISE IR 4325 A B.C #B A %
4 {H & Mapping fIZEHE C 19 | SM.NM, | /| M, | &
e KB AN 267 C 3t j& Mapping 4328, AL
R FISCHRCLOT A B o 1 SEBLSL B0 0 25 5 bR ofis 40 2
¥ VC g . 7 45 2K 78 [ SML M, | /| M, | BR{E % K 1
(SM,e s M) 3 3£ 85 B SM, Fl M, g — X IT L 5
SRIG K SM T M 23 510 IR 23 28 1 S 40 2 42
A B T AN I R BT A R AR o S 2L R SE
e L[N

WG AR L T AT SR FH 4 13 0 O TF A R 25 R 2K 1 K5
BB, Horp, 18 (15) %R 4 — 4 Mashup 2K 5] M, (1)
2 538 (16) F 7R i — 4> Mashup 251 M, 1945,

1
Purity(M;) = 7‘ i maxn’, 1<iG<K, 1<;j<V
' (15)
1 A% 7,11

n’
— [ log( [ )(16)
logv 24 T ¢ o

j=

Hor, [M; | R 250 M, i) Mashup (40 . n] &
BT SM,; H R P 43 25 5] M v i iz 55 $iE.

{5 s HERA 3 L (8] 48 4 88 1 K T 0 1L
D R IR 55 IR RO B AT
4.2.2 FEMETE

(1) TF-IDF. iy TF-IDF 3 AR #4538 Mashup
48] 1] 5t 725 ) ) 4 5% AE BLEE 28 358 Mashup
Z IR A AL » S8 Mashup fy 2R 28,

(2) LDA. fi ] LDA @i 7 @ #2814 Mashup
FR % SO - 32 1) o IR R KL BE A x5 Mashup
Z 18] 3 EUAE BLEE L SE B Mashup [ 2555,

(3) LDA-K. %75 i & e i ] LDA 3 A 7Y
ARG Mashup (9% 30 - 807 7] &5 8 )5 FH

Entropy(M;) =
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K-means &3 % Mashup #4720,

(4) HDP-K. % J5 ¥ 15 64 il HDP 3= R Al
B Mashup FRA% I SCRY- 32 807 i) 10 5 4R )i - A
K-means 2% Mashup #E47 % 2K.

(5) HDP-SOM. % J5 ¥ & Se i il HDP 42 @i 4
R FEAE Mashup ZRA3 “SCRY-32 807 1) 10 5 SR )5 L )
FI SOM Hft 28 o £ 532 %F Mashup #E47 260,
4.2.3  SEEGEIR oA

Kl 8 Zy it 7 AN[H] Mashup 2851 %k (43 Mashup
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Background

Recently, Mashup technology, a lightweight service
composition technology, has emerged on the Internet. Software
developer can combine the existing API services through the
way of Mashup to build novel Web applications for meeting
users’ complex requirements. Driven by the idea of service-
oriented service computing, more and more enterprises
encapsulate their data or resources as API services and publish
them to the Internet, resulting in the number of API services
doubled. Tt is becoming a challenge to quickly and effectively
discover API services that meet the Mashup requirement of
software developer from such a large-scale service set. To
solve this problem, some researchers exploit service
recommendation to improve the accuracy of service discovery,
which includes content-based, quality of service based, cluste-
ring-based, and hybrid service recommendation technologies.
As we investigated, although these service recommendation
methods greatly improve the effect of service discovery, there
are some problems for them. First of all, service documents
are usually short, with sparse features and less information.
It is difficult for traditional document modeling technique to
fully model and mine the deep semantics from short service
documents. Secondly, aiming to the data sparsity and cold
start problems, besides the general QoS information (such as
geographical location, historical collaboration records), the
popularity and co-occurrences can be used as auxiliary information

to facilitate service recommendation. Furthermore, both

collaborative filtering and matrix factorization only are suitable
for general recommendation tasks, which cannot model the
high-order interaction relationship between QoS features.

To this end, this paper proposes an API service recom-
mendation method via combining SOM-based functionality
clustering and DeepFM-based quality prediction. In this
method, Wikipedia is used as external corpus to extend the
description of short service document, and HDP topic model
and SOM neural network are integrated to perform the
functionality clustering of oriented-content service. DeepFM
is exploited to model the feature composition relationships
(including high-order and low-order composition relation-
ships) between QoS features, and recommend high-quality
API services to software developers. Compared with other
methods, the experimental results show that the proposed
method achieves better accuracy of service clustering and
recommendation.

The work is mainly supported by the National Natural
Science Foundation of China under Grant No. 61873316, and
the Hunan Provincial Natural Science Foundation of China
under grant No. 2017]J2098. The two projects mainly aim to
study on service Mashup development method enhance by
machine learning. This paper presents a SOM and DeepFM
based API service recommendation to create Mashup application
with high-quality, which is an effective study in service

Mashup development.





