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Software Feature Extraction Method Based on Overlapping Community Detection

LIU Chun ZHANG Guo-liang

(School of Computer and Information Engineering, Henan University, Kaifeng, Henan 475001, China)

Abstract Extracting software features from natural language of product descriptions has gained a lot of attentions in
recent years. In light that the sentences in the descriptions can describe the semantics of software features more precise-
ly and one sentence may be concerned about more than one software feature, this paper proposed a feature identification
method by detecting the overlapping clusters of these sentences in the natural language descriptions. Based on the over-
lapping community detection algorithm (LMF) , the proposed method defines a metric to measure the similarity between
each pair of sentences in the descriptions,builds a sentence similarity network accordingly,and then detects the overlap-
ping sentence communities in such network. Each sentence community is a cluster which implies one software feature,
and contains all the sentences potentially describing the implied feature. Further,in order to help people better under-
stand the characteristics of sentence communities, the proposed method designs corresponding algorithms to select the
communities with the lowest entropy from all sentence communities in turn,and to select the most representative sen-
tences from the selected communities that have not been selected by other communities as descriptors of the features
contained in the community. The natural language product descriptions from Soft pedia. com were crawled as experimen-
tal data. Experimental results show that the proposed method has better performance in accuracy and time consump-
tion.
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Data:ssn: sentence similarity network; U, 4. : the set of nodes in the

network
Result: Coomm : the set of identified communities
1. begin
2. while True do
3. Ceomm< @ //a new community;
4. seed <= findSeed (U, 4. ) //find the node which is linked to the

edge with maximum weight from U, ;

5. if seed is found then

6. Usode < Upoae — {seed} ;

7. Ceomm < Coomm U {seed} 5

8. Ceomm < findCommMembers(ssns Coopm )
9. il Coomm & Ceomm then

10. Ceomm < Ceomm U { Ceomm ) 3

11. Usode < Usode ™ Ceomm 3

12, end

13.  else
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14. break//break from while loop;

15. end
16. end
17. Cmmm «mergesimcomm( Ccomm ) i

18.  return C.pps

19. end
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Data:C o : The set of sentence communities
Result:D: The set of feature descriptors

1. begin

2. k< |Cemm | //number of communities;

3. for i=1;1<<k;i++ do

4. //compute the entropy of each community;

o. E comm_entropy <-computeCommEntrope(C ) 5

6. Conin_enyroy < s€lectComm(C o + Ecomm entropy ) 3

7. //treat each community as a document to compute tfidf va-
lues of the words in ¢, enyroy 5

8. Vord tiar <= TFIDFComputing (Cmm » Crnin_entroy ) 3

9. Vieni<—sentToVector(Cuin_entroy » Vword_ttiar) 3

10. centroid<—computeCentroid(V . ences ) 3

11. descriptor<—selectClosetSent (¢, cniroy s centroid, Vi, )
12. D<-DU {descriptor} ;

13. Ceomm < Coomm = { Conin_entroy | 3

14. for each comm€ C,,,,, do

15. COMM ™~ COMM ™ Cpoin entroy 3
16. end

17. end

18. return D

19. end
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Table 1

Experiment datasets

Dataset Num. valid sent.  Num. clusters

Antivirus-50 1038 23
Multimedia-50 989 22
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Fig. 1 Comparison results in accuracy
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Table 2 Comparison in time performance

CRLA ¢ s)
HERE RS % IDC
Antivirus-50 1725 33661
Multimedia-50 892 32731




206 i BN R

2019 4F

4.3 FHAFIER IR FEREF R WNITM

R T VAL RRAE R A A 1 e B B BT AU 4 Antivirus-
50 F Multimedia-50 , 7% SCHE 6 8 23 80 1% 1 45 3 AR N 1Y 7] 5+
X (B il Ak X R/ RS H o Sy D SRS R AR SCH
HH )RR AE A IR A B S 0L O B AL X R AR AR R R A, 2
J& » TR 24 BF 5 N B A ST A S T e 48 9 ) R A e AR R A AL
IXCJUT 26 (R ARRAIE , T B30 AH 7 1) 9 0 5 e JR LA T 4% A 55 N B
o5 Y S S A B MO R AR A HERR B . 3 3 SR T S2 G b B
S B AT A DX AR SRR AE i 3 A B A A

3 FROERE R AT R R PP AL 45 R

Table 3 Evaluation results of feature descriptors selection algorithm

Num. detected

Dataset . Accuracy/ %
communities
Antivirus-50 68 67.7
Multimedia-50 82 65.2

4.4 BIERMW

BARASCRILT Softpedia. com | [ B4 - 3E 47 T H15¢
S2UG L SRR T A SOy A BT AT M (BT SR A 7 1 2 T AE R
B AR SO 4 R A A

TG AR AR SCE R T4 A i O 200 B 48 by AT
BEAT T RIS AR BT N A K AR v A7) 48 T RE A T R RS HOH
S0 N T B BT A 3 9 24 58 SR A5 T BEAT TR BRI L O AT
BEATA) T RIS A R A UM 48R o T EL 3l I 3% 7 L BT AT S 2 IR R
T B R AS SCSE B 25 2R B AT RO . KU, i Tl A
Lo BT R AT BIAE R 2 SR A AR A SC R B 85 T A
Bl 4 LI BB 4R A9 MUBE AR /) 3 i 7T RS2 WA AR SCAG R 1
AR

5 MXIE

ARSI 5T T S bR b 5 44 A L R R R
T RO AR AR AT AR 4 A O i AR OT TAEAR G, A
A A OC T R A 5 PR RRAE SR UM G Y T 5 A

W55 AT A5 G R AE SR IOy vk 32 B R 3 S iR 1Y
J5 5 Hen MARK 3 3 2o 48 BCPF I8 oh 48 % R A T G
R SR K BT IR P B A B BT AR-Miner J7 W 3=
FER F LDA 58 AKX P 17 R 28, R — iy et
A AN TR 3 T S HER] A ) % o 24 I 0 R A 4R B T 5T
T AE 32 2 26 1 F A 38 5 2 B 2 w3 ) o T Ay AR L
O SE R s SRR R

FF AT 05 AR A AT R — A 2 A RRE L
M 3 A 7 A 1] 3 2o A [R]85 SR A v /) o 3R )
KNI 2 50 v, B A A R AR R — AR IR, E X i,
Hariri 20 $2 i ] TF-1DF [ 1 25 [i] #62 5 (VSMD 3k %R &
ANATF o B — Rl B T SR SIS AR O R M R AR B
WA F, E—- AR E D, B E %R Spherical
K-means Jy kA7) F R R G e B R R F% , IR 75 v ik
B— R ICEEN A TR RBEHATEMSL . G AT
] P N 83 e £ R 1 DG B , AV B B TR E — 2B RS
S, [FRE, Bakar 07 il TF-1IDF #1 VSM 46 BUK 43 A4~

A FAS R BT ] SVD R R B, FiR TAERT
P 09 7 v 1 T AR A AN T VS A 0 R A SR BT A AR
B4R M R, BN, Hariri™ 4245 7 — 42 ok Al 3t
WRFEFRIE R B . Yu WA ] TF-IDF 28, 17 22k H LDA
05 1K ) B AR R 1 R R R R 2 k) R kAT
LB NVEE T X (e I DR e L I

T AT I B AT 3 T30 400 07 15 0N R R AE 5 F
2 LUSE IR R R R 0 B i — 21 B A R TR IR 1 1] 4R
F35 TR I 33 i 7 VAT ] 1 S e SR AH RBREAR L AR TS AR A
A F PR IBGX SR 4], B 20 R KA IR I 4L, FE X
FHE, Va SEUYEE T — B0 B S 0 Y R R R R P
TP 4RI PR L, O T AR AT A I AR L A AT T S
B R E R P RSB . Liu 0 W T 2SR A R AR
P . ABANTE RS2 AT N — A B A RS 4Rl o A
T i 7 20K IO 3 AR . Johann 851 & i T 2 WA T
TE 20 2 4 8 IS v B R AE , LR A BRI R R T
R 2 T BE AR, AT 42 1 T SAFE BvE, [FAE AT w T304
T LA R AU AR A B 4 B A1 %— B T App #38 A
FPPEE . T R B RRAE I 2 BT R R R R AE 1
A A ) Sarro ST 1 S B IURU LA A AR AE AL ZE B ATT Y
TAEH R AF B HTML #6385 500 “ A 45 , 37, 5o, 2
B Gt ek, T B S 0, T AE AR DG ER , XRE 1 B A 8 O
7R R A AE A . % 05 i 55 — A 8 T 2 Guzman
N T AR R E T i TAE  Ath AT 7R 4 0 T 1) 21 A5 A iy 2
3 g P B D 0 ) 1 S TR 4R BRI v A RO

BT 7] 41 1k T Y 7 9 00 B 1 2 SCAC A Y 2k K
6 FOUE 1 TE A 1 0 5 ), T A 2 B v, S R A A R A
B, HAl BEAE IR 05 LA AR 2 A5 IR0 . [R M, 3R AT v B 1Y 1A
SRR IR By 3 . BOARGE 0 4R F1) SR ] 5 1 R 48 BURR AR
AN 5 B ) 2H R AR o AL SR e 6 U ) 3 5 TR 19 B /)
W38 LA e an Ao 3L A ST TR0 194 B AT AR R R . PR AR SR
96 3 ] 19 O 3O 4R B 19 FRAE L (0 5 30 19 2 T4 7
BRI EARR ASCRARETESHX AN L, Z RS0
A I T SCARRAE 3258 7 vk A B A oM R ) 1 A
FEAF IR

GEWIE RN = A PR ) T T RE N B R A
— IR AE R SO AR SRR I T — P I T &AL X R I
R IEAR B I . %7 RS B Bl A FF A 1R 7= 5 S
AR 8 1 S T A B A R R AE R R B R AR I
AR AE B OF BLSC g &5 R R 7 1 5 3R ML
T b 7 B R ) 9 R T LA T A R

AR AR SCIT T v A £ U R AR AH R AE S P
IS BR BRI R AR AE T REAR 2 ZE X RE OO R, dna)
PE I FRAF 43 26 Ry S A A e AVRI B S B, R AT T — 2
B YL 7] R

& % X m

[1] KANG K. Feature-Oriented Domain Analysis ( FODA ) Feasibi-



512 4 X1

55— P LT S A X R B AR R AR SR O 12

207

2]

[3]

[4]

(5]

(6]

(7]

(8]

9]

[10]

[11]

lity Study[ J]. Technical Report Software Engineering Institute
Carnegie Mellon University,1990,4(4) :206-207.

BERGER C. Kano’s methods for understanding customer-de-
fined quality[ J]. Center for Quality Management Journal,1993,
2(4) :3-36.

FERRARI A, SPAGNOLO G O,DELL’ORLETTA F. Mining
commonalities and variabilities from natural language documents
[C] // International Software Product Line Conference. New
York: ACM,2013:116-120.

HARIRI N, CASTROHERRERA C, MIRAKHORLI M, et al.
Supporting Domain Analysis through Mining and Recommen-
ding Features from Online Product Listings[J]. IEEE Transac-
tions on Software Engineering,2013,39(12) :1736-1752.

LIU Y,LIU L,LIU H,et al. Mining domain knowledge {rom
app descriptions [ ] ]. Journal of Systems &. Software, 2017,
1(23):1-19.

BAKAR N H,KASIRUN Z M,SALLEH N. Feature extraction
approaches from natural language requirements for reuse in soft-
ware product lines: A systematic literature review[ J]. Journal of
Systems & Software,2015,106(C) :132-149.

BAKAR N H,KASIRUN Z M,SALLEH N,et al. Extracting
features from online software reviews to aid requirements reuse
[I]. Applied Soft Computing,2016,49:1297-1315.

JOHANN T,STANIK C,ALIREZA M A B.et al. SAFE: A
Simple Approach for Feature Extraction from App Descriptions
and App Reviews[ C] // Requirements Engineering Conference.
IEEE,2017.21-30.

CHEN N,LIN J,HOI S C H,et al. AR-miner: mining informa-
tive reviews for developers from mobile app marketplace[ C] //
International Conference on Software Engineering. ACM, 2014
767-778.

VU P M,NGUYEN T T.PHAM H V,et al. Mining User Opini-
ons in Mobile App Reviews: A Keyword-Based Approach (T)
[J]. Computer Science,2015,9(13) : 749-759.

VU P M,PHAM H V,NGUYEN T T,et al. Phrase-based ex-
traction of user opinions in mobile app reviews[ C] // IEEE/

ACM International Conference on Automated Software Engi-

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

neering. IEEE,2016.726-731.

GUZMAN E,MAALE] W. How Do Users Like This Feature?
A Fine Grained Sentiment Analysis of App Reviews[C] // Re-
quirements Engineering Conference. IEEE,2014:153-162.
MOGOTSI T C,CHRISTOPHER D. Manning,Prabhakar Rag-
havan,and Hinrich Schiitze:Introduction to information retriev-
al[J]. Information Retrieval,2010,13(2):192-195.
LANCICHINETTI A,FORTUNATO S,KERT¢SZ J. Detecting
the overlapping and hierarchical community structure of com-
plex networks[]]. New Journal of Physics,2008,11(3):19-44.
BEIL F,ESTER M, XU X. Frequent term-based text clustering
[C]// Eighth International Conference on Knowledge Discovery
and Data Mining. ACM,2002.:436-442.

BLEI D M, NG A Y,JORDAN M 1. Latent dirichlet allocation
[J]. Journal of Machine Learning Research,2003,3:993-1022.
DHILLON I S,MODHA D S. Concept Decompositions for
Large Sparse Text Data Using Clustering[ ] ]. Machine Lear-
ning,2000,42(1/2).

BEZDEK J C. Pattern Recognition with Fuzzy Objective Func-
tion Algorithms[ J]. Advanced Applications in Pattern Recogni-
tion,1981,22(1171) :203-239.

NIU N,SAVOLAINEN J,NIU Z,et al. A Systems Approach to
Product Line Requirements Reuse[ J]. IEEE Systems Journal,
2014,8(3):827-836.

LIAN X, CLELAND-HUANG ], ZHANG L. Mining Associa-
tions Between Quality Concerns and Functional Requirements
[C1// Requirements Engineering Conference. IEEE, 2017 292-
301.

MEFTEH M,BOUASSIDA N,BENABDALLAH H. Mining
Feature Models from Functional Requirements|[]]. Computer
Journal,2016,59(12).

YU Y.WANG H,YIN G,et al. Mining and recommending soft-
ware features across multiple web repositories[ C]// Asia-Pacific
Symposium on Internetware. ACM,2013:1-9.

SARRO F, ALSUBATHIN A A, HARMAN M, et al. Feature
lifecycles as they spread,migrate,remain,and die in App Stores

[C]//Requirements Engineering Conference. IEEE,2015:76-85.





