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Abstract  Application distribution platforms such as Google Play Store or Apple App Store allow
users to submit feedbacks to download applications in the form of ratings or reviews. These feedbacks
can directly or indirectly reflect users’ intention, and it can greatly help mobile developers (or
app provider) to continuously maintain and improve their applications, such as fix the existing
bugs, add or refining the app features, etc. and so as to better satisfying user expectations

continuously. App reviews provide an opportunity to proactively collect user complaints and
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promptly improve apps’ user experience, in terms of bug fixing and feature refinement. However,
for many popular applications, since the large amount of user review data, unstructured review
data, and inconsistent review quality, identifying the valuable review information becomes a
challenging task. Therefore, classification of user reviews into specific topics and automated
analysis to reduce the workload of manual analysis has become a new idea for app review mining
analysis. In this paper, we propose a method named ARICA ( Automatic Review Intention
Classification Analysis) to automatically analyze crowd user reviews to efficiently provide
developers with software maintenance and evolution suggestions. Firstly, ARICA classifies the
reviews into different categories according to the user’s feedbacks, and then uses the LDA topic
model to classify the reviews under each user’s intent category. This allows a preliminary
screening of user reviews to obtain review information under each intent category. Secondly,
ARICA clusters user views with similar semantic expressions under each review topic to further
filter the redundant information in reviews, so that can easier and intuitive to understand the
user’s original feedback and capture the user’s true intention more accurately. Afterwards,
ARICA uses the sentiment analysis tool called SentiStrength to obtain user sentiment, and then
analyzes the sentiment distribution of user reviews to identify the user’s significant intentions.
Finally, the multidimensional information such as user intentions and sentiment preferences are
considered comprehensively for calculating the review score and then ARICA prioritizes reviews
for realizing the opinions recommendation for the developers. We use real app review data from
Google Play to verify the performance of review intent classification and sentence clustering of
ARICA. The experimental results show that ARICA has precision of 80% in the process of user
review intention classification, compared with the state-of-the-art existing automatic user
intentions mining method TextCNN which based on Convolutional Neural Networks (CNN), the
F-Measure of ARICA is improved by 19.1%. Meanwhile, ARICA achieves 86% of the precision
during the clustering of review sentences, which provides effective support for subsequent
developers to recommend app update tasks. Further, we use the official app changelog as a
ground truth, and empirically analyzed whether our recommended user reviews can be truly
adopted by developers, the results show that ARICA can efficiently help developers better
understand the user’s real requirements, which is of great significance for developers to perform
subsequent app maintenance and evolution tasks. In addition, we also publish the original data
set, the manually labeled data set and the source code of ARICA on github which provide
materials for other relevant researchers.
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. TR EE S 7 PRIE LDA A5 Y GE A% X 38 7 AR 19 T 7
PRIE BEAT R 73 FRATTHCE A TR MR R R Y
AN AT AT ISR AN S 2% S8 ) v i L
TR AR PEE . AT B A& A L
HEN PP (M AR R b o S UNIDR S o8 U R R s oy e o
AL A ] LA P B AR A S S s R AT
LINERsIb R e R4 RSP S S N R /A W
LD PR

ﬁkxxx)
1

Review_Sim =

- - (D
JzyvaJzynv
i=1 i=1
Horb s XM Y 43 ) 3R 7 Dy 32080 v [ R 7 AR Y
PB4 T 1] . Review_Sim B9 BUE G By (0. 1),
YRR B, B BT L ) 2 R 2 1 O AR
Bk 1R,
BiE 1 iR EES K.
i A :D: the set of user_review;
k: the number of topic
size: the size of word embedding
review: pending review
i : topic_id: the topic_id of input review
Procedure:
1. initialization: ropics<-LDA(D.k)
2. FOR EACH topic& topics DO
3. topic_words<topic.keywords
4 FOR EACH topic_word € topic_words DO
calculate weight vector sum;
END FOR
weight vector sum as sum_vec;
add sum_vec to topic_vecs;

END FOR

© (o) ~3 (=2} wl

. review_vec <Vector (review)
11.
12.

initialization: minVec <—1;

initialization: topic_id < —1;

13. FOR EACH topic_vec& topic_vecs DO

14. IF distance Ctopic _vec, review _ vec) <_minVec
THEN

15,  minVec<distance(topic_vec,review_vec)

16. topic_id <topic_vec.id

17.  ENDIF

18. END FOR

19. RETURN topic_id

TER —APHE BT PFE A TR Z L
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PHE app [Al— A J7 T A9 N A BIAEAE 3R SCRE G
Y FA e — 28 75 B A T80T AT TE SCRMUL i 4] 1 ik
Fr RIS AT LN T S 3 98 R TUARf5 B AT
SEN 2 B AU M B AR P Y D B O BE R
AR P I ESE T A O R — 2P AT app A OC A9 52
P 4 37 AT 55 3 3t S HE.

I3 —J7 Wi - g1 A R PR A R A
TR R A SCHRATT R — 2 3 A 26
% DBSCANM g x4 AP 36 80T 19 18 A i 47 5%
Je X AT DLE G k-means 2R 2 1 £ 4] b R L
xR IL R . [ . i T DBSCAN 9k /9 i A
ol I B2 & B P PSR A A AR AT
Al RE f ] word2vece XFPEIE ) A FHL L AT 45 3] 35 1)
AL 2 AR VAT B FATTR ) T 2 AT
Ak B 539005 A% A ) B 1A s S X T i i AR
L INALZ I 4 1o B A O B8 EAT 1 B[] i s
Fon T AT RYTE XAE B BJa SRR B 1)
JiI DBSCAN B 3 9 A7 5 26 4R 3] 4] 1 2 Ji) B 8 4
Tl AR RLRE 5 v 1 s LR S B — e, I By O
B PR U R HSE E AL
3.4 ERERSN

TEA [] (9 s 18] BER & 1 P 4 il 2wl R R AR R
i 9 28 AE , JEIHAE app H B bug sEAA 22 4 55 7]
FIUIRT o 25 5 BT P A7 S AT BE ) B o Q0 9 WA A 90 A 4
A 2T A R B O 0 R A I AR R AR S
IR app A S B R AL K A AR AR BT 5 20 B2
app H B ot B R FA A 1] I 2 Tl A PR e K
I 5 AR 22 G T 0 R 2 app BT Y D REAS
ik 20 K A1 3B WA I Ot ik — SR BT D) BE A 7
A TP AR 2l e PR B I 2 3K R I AT 114 15
ST AE— AR OU R P B RO TR AR

3B/ T A I e R B AR T ) A
THPEEIE B P4 AE T I [ R R 2k 2 e,
i ] R AR AR AN, FATT 2 T AN [ i (] By
7 T 1) SR X5 PP O T AT AL 3 I FE AR 2
17 TR B A A I A IR o A AR R T 1 JR
A e R RE I A AU /D S X TR
i I e = AR E I P AT RE A 8 B R Y )
R WG IS TP B 22 9 T RE R AR R IR app A9 — 2
PRBAE BN MI7E P AT N AT RE T app B bug 251§
DU JE IS P S A ] BE SR X app AR 5C AT (A



1 MO — T IR A S M i APP ZE P I AL 7 Tk 2191

WRBEE bug 4. XA AR BT & 1)
75 SR A B 33k S 15 SR e AP P B4 TR T AR SR Ik L DA T
SR T 3 A SRS o B P L

R o U
6 |
1
- 1
0 1
1
&4 1
E]T\L;y 1
#3 |
#z 1
=, X
1
1 |
I
0 1
I
“lr------- I B :
T7
I TR Ay
3 MG HoR MK
3.4.1 FRBUTF IS B A5 41

15 B3 BT o Sy A5 A P8 20 T I 1 1E A B RU(E
ML RS T A A P I R R A L AT
SentiStrength™" % & /3 #r T H 3k s2 30 P e
AT B X TG Twitter F1HL 52 PF 16 2 28 19 41
SRR ) S SCAS HL A AR Y e R PECY . Pagano
NI, App Store H 80. 4 %0 Y PEIE I AU B F
f3/0F 160. [A] ], SentiStrength A] DAAR 4 b i1 55 4

SCAS H I TR AT R T R R B R AR IE A
WAL . T app BIFIE{HE B 9 SentiStrength fYiX
LI S 4T DL L 3X S 7 SentiStrength R 3
Bt app H P PFIR 1 EA BEAR T A

SentiStrength A LUK P18 17 B 247 5) F 20
B 15 55 LV VAT o [ ) A = IS B S o (= R S
[—=5,5 ], [ +1, +5 1% /N IEHE R, +5 R
e E T A R, + 1 FRoR A TR T B 28 i,
[—5, — 1R/ A MIER, —5 R IEH 7 mmiE
& — 1 TR A AFAEAT Aol B0 10 A %L AR A SO B R
B — PRI A FATHOZ 7] 515 0 30 Fl o 486 {6
BER WA AE R A F 1) B A543 BB Sk 446 % 58 K1Y
B B S i An) - 1 S BRI IR 53 A s B T RO AT DA
D b A B P 1) T L 2 ) A 43 1 E (B RN 97 A
S5 S ELAE S B AN ) 45 4+ DT 3 A T A 1 1Y
AR NS

HARE A B TP RS R
P9 S5 AL 23 52 Y R PR IG  I JR  A  R
MR PS8 A 20t 3. 1 37 B 148 1% B i 4k 33
IR B A T P PR N AR . R 2 JROR
T 234 SentiStrength T.HAR |1y 3 4~ 1Fig A 15
gy 7w il

% 2 E TF SentiStrength BJiFiL 55

uploading pictures with the app is so annoying!  uploading pictures with the app is so annoying [ —3]! [ —1 punctuation emphasis] {1, —3}
love listening to Pandora . . . has everything love[ 3] listening to Pandora [ proper noun]. .. [ sentence: 3, — 1] has everything (3.—1)
you could need and want [ sentence: 1,—1] [result: max and - of any sentence ]
you could need and want.
[overall result=1 as pos>>—neg]}
. works great [ 3] 1 prefer over Amazon [ proper noun] music ! [ 1 punctuation
works great I prefer over Amazon music! ! ;
emphasis] [ sentence; 4, — 1] [result; max and - of any sentence] [ overall {4,—1}

result=1 as pos>>—neg |

3.4.2 IR AE ST

FH P AEAS [R] B 1] B A X app 15 8% 2 AR A8 A
BB F P AR (] BE T % app 451 T n Z50F8, FE T
3.4.1%,483%] RS(score) ={RS..,,RS,,,**+ RS, }
N on FVFIRTE A 4. (A1 B Ay . TR [ E 1Y I
) Be Y TP X ] — A app B 3716 £ H JF A [ E.
PG FRATHE T i) B o 1 P #& AKX app B9 F 24 1
JBAG 1 ARS Cscore) VS TP U 10 175 % fit 1 135
X2 P

ARS(score):% > RS, (2)
S T(11 sz] .11“)

;H\:':F'aT(Zl s Loy 0ty t,,,)%%*%ﬁu%ﬁﬂxﬁgﬂg

I a] 1] B RS, 2 78 iy app 72 T 0 ] Be N 19 565 5
R A I = s M T N ¢l g 1 = P R R A B i
H.

P 4 S P 2R R R T AEAS [R) B i) B P P X6t
app M IS 70 0 A s X BLIRATTIE 6 T 24 F E A it
7895 ] Facebook I Uber 43 #7 . 7 LA 3| FH = 1%
R IR Z2 e A i A8 Ak s e LE AN TR A B TR B N
I R 2 s BLR GEE T BE T R R e AT
H BT 0 I U N A SE L WA I B )
PR P 17 R L A R Y A I TR A i
JEJESL I R H AT app 4E 3R T B FF B SO
[ Hb 77 .
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Facebook Uber
1.0 15f
5 5 1of
;: 05 é 05t
() [
£ £ o
= =}
7 0 Z 05t
o o0
5 .. £ —1.0f
=—0.5 >
< < —15t
—1.0t —2.0f
2018-12-19 2018-12-27 2019-01-04 2019-01-12 2019-01-20 2018-12-12  2018-12-26  2019-01-07 2019-01-19
Date Date
B 4 A B R BT AP PR I R
3.4.3 ERGOE AR 19. END ELSE
FATAR Big I P 1 1 2 AR Ak, 15 28] 1 P AE 4 20. END IF
app NG B A 2R S R P PRI AR D A (R AR 2L END IF
TAIIE 25 4 PO I FRATIN Ry e P B 2 th i P e J 22. END FOR
23. END IF

Tt S RS S e Y A L U D I e A e R
R 3 3 R S T A IR TR B CRE A 3 R\ — &, T AR 4
T LB AT RE) R 5 78 I [E] B N T R R A
FH P18 R A UM BRI R Ak 2 P,
k2 N RS
i A : D the set of user_review which has sentiment_score
and date;
¢: the Threshold of Days
i s trough_List: the list of troughs
Procedure:
1. initialization: status<—unknown;
2. FOR EACH d€ D DO
3. IF d.status= =unknown THEN
4 IF d.sentiment_score>d+1 THEN

(<21

status <downhill;

6. END IF

7. ELSE THEN

8. status<—uphill;

9. END ELSE

10.  END IF

11. IF d.status==downhill THEN

12. IF d.sentiment_score<(d—+1).sentiment_score

THEN

13. IF d.date-trough_Llist[ —1].date<<e THEN

14. IF trough_list [ — 1].sentiment_score >
d.sentiment_score THEN

15. trough_list [ —1]<d;

16. END IF

17. ELSE THEN.

18. add d to trough_list;

24. RETURN trough_list
3.5 TitthkREE

XFFIFE R R AT B A B — Oy ik R LA
[ B8R (1) AR 25 5 b 3Rk B P 38 1 A RS
K5 (2) 1E iy M 3 A A 250 LY 4E 94T 555 (3) app
WA EmNE R RCEHAERABE
(. DRIt FRATT A AR B — R A3 1 7 2Ok X 8 45
AP RE B MEESITRE. B T Ui A [n]
B FRATHE T — RPN P IR A S LT A
1117 A 2 5 e G B0 L 20y P PR g . Al
AR AL () B 25 B8 T 5 A T (Aspect) IR R

ASL: R B 0 1 b, — R UE, B
432 v B T L Y 2 ) A BRI R AIE 3 SR X A 28
Sl s PR SA 33 B A AT B A L app 4EHPORE DG 19 N 2L XM
THRE TR, HRORE LRGBS W
AN B E R TIF R & H 0T Re
PEIE . TR 22 P 28 ARHE Al 28 01 A P38 FR AT R
53 A H 55 A e 2%

AS2: PR RE T 3.4 T PE Rl AR L i R A
T Bsf 3 2ok PE 8 ok R 3K ] app Y 52 B R B0 L 3X 26 3
VAR B AT LA i P P S8 I R b > app B
Fa b e ik, P AT R — o H4% I I 2235 1 02
U E 45 524 app 1 BB DD RERT L P 2838 1 1 Ik
— 8 Ay I T B LS A 1 TR AR A3 5 1 I TR A 43R AIG
CEIVG IR 4 BRI 25 BF ) G I O B Sz e JH P A4 2L
SR

AS3: H P PES B[] F P B9 PE I8 0 B[R] B 2
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BUAE AT X I 3 AR OK

AS4 PR A F I R PRI R R K
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ASS: PR VPR 2 L UL B 22 P AT
VPR WL RL S TR I oy 9 A K
3.5.1 FIRLGEAN IR

B B A TS5 5 I A 1 9 A 20 SR AR 3R
BORMEE G130 AL TR - BA N B — A e
— LA IR A NG B

cluster .,

TotalScore = Z (Ins, X Sentiment_Score X
i—1

Time_Score; X Sen_In for; X Hel ps_Score;) (3)
o, Ins, , Sentiment_Score, Time_Score; , Sen_In for;
VL Help _Score; 5 F AT TLA™ T5 1T R 28 AH XS B
& AS1~ASS5. TotalScore T E I ZE S B4,
TotalScore FK . HEF# WL 6 S8R &

AR A A R 0 (R AR 2 (0, 1] B BB
R F7n 5 1) T A O o Ins, R 02
FH P P R A, T 3 A 23 2 AT LAY W
TP R H T B AT 5. RATR Y P B E
SR 25 B i) 4 O AR I AR AR G v ) R B A
FRAETE SRR AL W BN 1.5 B FRE B &
BB E AL Sy 0.5, HA R B & 0. 1. %)
THEBGE AT 53 (Sentiment _Score) 715 T ATH 12
B HIE & — R BUR AR B 1, HoAl
BB E g 0.5, BUAR AP B A I R AL TR
AJ LA B O A AR S A9 . {ELR X AN [R]ASUE B9 52 i)
PEAT R GE MBI 58 2 AT T AR SR WA 1Y — R 45

Xof T IF K 3 R U AR A (R R 2 A P AT
F Hh 5 U B I e 2 A 3 0 ) R, A BT K
F18 . A N FH T MG s A P R A T RS
SO IR P A A s Rk T HACS &
KB ZS AT LS IZ TR, Help_Score Jj& R
Aoy, P Fe 9 R B A 0 B A X ()
Jios. o rohelp fulnwm iy 25 i PF 38 09 A7 55 B %,
maxhelp J 247 app P IEIS H B K SRS

Jhel [
Help_Score = r.help fulnum )
maxhel p

FHPAE R TR b R AT PR I, 2 A5 I 1) s 1
BRIV P 2 A o] I 2 A7 PP 8 Y.L 3X 28 I ] 5 B AT LA
FeA 1P M8 215 8. PFIE Y ik a] 2 F A T | ol %

PRI AN FLA I 0P JR AT AN (/N A SCH]
Time_Score M) 1557, X (5) F_7m T B 0] 4543 19
HE I . Hodr, reviewtime & 1TEE Y B8] s mintime
EEPEE P BB TEIE IR, currenttime 2 24 1if B
6. Time_Score fii i , 367 JL35 9 90 {5 B 3% HL 76
B R

. reviewtime — mintime + 1
Time_Score = (5)

currenttime — mintime + 1

HI T I8 b A1 A B R A [ E Y L O HLEE
BRI I, A R AE B R I Y. H2 B
A AT RE A OR B, A L RS A R Y.
FATHE — A BIE p S8 A 0 PTRIs S
Haigmastg. 78 08 A L= ) pros, H
t, Sen_Infor, 248 4] T Sentience, {5 B #1341
len(Sentence) J&: 48 4] T WK .

1
Sen_Infor;= (6)

14+e (len(Sentence,) )

3.5.2 FRLEAMEL
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24815 2 PR 4 & AR AT 4 0 R BUAS
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HEAE PP B w] B FRATT R B 25 G 1 4 (k2
TotalScore) Hi 10 WP IR 4] F#EA47 R, Rl i, &
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) P B E Ay 2k ) 8 BLRVERAE 85 2R N 0
SR JE T H A AN 28 50 I S A T R

5 J&/~ T Deezer N 0 PR8I HELE .
FRATARE P B 5 25 B R 45 A 4 28 T B A
L. Hd g — 2 0F e /0 B & T PF i i a) 7 ek
OY LA AR S A5 2. FLAnHEFE R AT 3 AR PEiR
P30 2 56 T Al 5 ok 9 0 ) L A RO BOR
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Deezer Music Player

Deezer Music Player

PROBLEM
DISCOVERY

Result Statistics

’

A / Home

INFORMATION INFORMATION
ﬁ e E o E o

1: lve reinstalled the application three times so far because it stops playing songs and
then i have to uninstall and reinstall again for the songs to work and | have premium so
yeah Kindly fix this issue

H#: 2018-07-08 @44 2 [EEFTK

2: It says loading but the song never plays and yes its connected to the wifi .

H#: 2018-07-08 fEE44: 1 [EETK

3: Except that sometimes and this has started happening recently , the application stops
playing songs whether they are downloaded or not ?

HH#: 2018-07-08 &A% 2 [REFR

K5 iR sEa R pl

4+ mwigit

FAVEFH B SR8 5 A FEAH 56 1 H A H e
TR 2 B H DL A PRI IR T4
& 25 BT PRI (s AT R SE ) 4 vy O
2 IR B AR T 0 & SR app 4E 40
FH G T DA IR 3ok 20 TF & N B3 FE 3R IO P R B
eI R ]9 6 o SRR 92 MK B IR (5 B T R B
HEIE B TR LB BT 2 AZ LUR YA )
5

RQI : Fll 3 T G 1) O 5 1) $18 B 45 3 &1 43 25 A
Ll AT B R4 2807 T R A T I e

RQ2: % F DBCAN (1) 5 25 & 75 fe ik 26 A8 121
B PR IE A RN —4?

RQ3: ARICA X I F7 734 1 2 WL 4 77 2 15 RE &
R A TE R B AT app BIAEY R Bt Bae 5%

RQ4 : FH P 18 B T & 3 A 1 5 M i 2
4.1 HIBEES

AR SCHE W A ST 2B 7 0 BB i B
A5 IS B R 4 LA B app B BB H B B0
41,1 PR goE 4

TR SR AT A 5 R L, 3R AT JE T Google
Play (1 B H1 9 1 % P4l 38 AT 09 7 5. 76 3 £ app
F FRATR A LT LA E N . (1) X 28 app i dg I
AT RN AR T L X UK B T R 43 W T A AT
1 I R AR I 5 (2 A & S [) 2000 1 I AR T 5 (3D i
FARR P K W P PEe s I AT PSS IE 38 A 8

A3 BT IR ZBOCR . i T 3k 46 JEU U ] DLAE B A AR b R
HE RT3 7 i fz At fda  FRATTIE SR T 5 AR
FER RS DL A% 3 .

x3 FRBES

App £ F 3 e WA
Twitter News & Magazines 35598 6
Chrome Communication 46045 )
Gmail Communication 22363 4
Uber Maps & Navigation 13053 7
Instagram Social 91069 5

TEZR 3 L FATH 7 AR e i 24 Bk L 26 00
JEI P8 B LA S Wi 4R & b app AU RRAS B S
M5 AT 4 DRI 54> app 345 T 208128 4%
Wig.

4.1.2 App 3 H ik

App BB HERE T 5B AR app B 3248
WCES s LA |FH P <2 35 RV A 30 RRAS . — ke 3, I
RN SAE I H & hid s 5 0 R 2 5 3 el
JINY I 2 BB AH G 15 8, s DA Sy TR P J2 5 7 it 283K
& BT T R B X R E ) bug #E1T B
2% 4 JB/R T Google Play H Twitter 2019. 11. 11 A4«
) SEB H AR TR

*& 4 Twitter 2019.11. 11 EFHE

A 2019. 11. 11

What’s New in V 2019. 11. 11

few updates to make Twitter better!

—We’re making it easier for you to see the most relevant and
interesting conversations in your timeline.

— Now you can follow specific topics to see top Tweets about the
things you love.
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& 4 fros, Twitter i 2019. 11. 11 R A< 45
TR I — SR QN T OG TR R E AR A
BN THESC DI RE X SE T R T & A BT
SCVE Y ) . A8 TR T H AR T REAS BB 35 4T app B
A B A A SRR EATER T app EE T
BN ZE. TR X T 56 E BT MR P RS TR i A
JURE RS X I RN AT B app BT H &2 —
A4 BHLAY 2B
4.2 HWAHIE

ST B Rl 1 ) 2, AT KU 4 v Rl
PLIEEL T 1955 &4 F 317 F TAric P i = E ©.
SR T FH AL 24 2 Al NLP AT 55 o % A9 i i
FrdE B 53 KB S5 RS T ahbric i B EHAT L.
TE N T AER 2 b FRATHE 1 3 6 v 308 4 Al
18 45 £ b U
4.2.1 QIEEEEES

T AN B A AT BN A app R
FH 43 2 BB A AR O % 36 BRVE 8, 6 i AR 19 3 A s
FATHRAE T A4 B b 4R B ) | b S
R A A I Ve 19 E 4 EL A TR de ) e BR

3.2 WM T PRI B R R AT AR . KA TS
AT TS B 5 19 288 S0l AN UE C B R AT gl 23 4 ) 7 A
C N HAM ) B T R R AR TR
AR

FER T 1 2 A A, JRATT 2 O 24 [7] 2 0 Sl HE A7
R VIR B B ARIC » P 4% (] 2 A Bk AR - #8152
TR HLEAE Ll AT 5 A 75 57 R 2 P AR
TE R ZE AR BB AT 5 R = A R 22 2 AT
e A D BB Z K 50 B ATTH R 500 26 0
AN N[ 73 28 14 45 AT fe i 19 T P 2k

75— 77 - B TP PR I R R IR A 2 8
A Y. i P FUR Bl Rk H B R L R
TRED. P L BATREYLAR T 19 B B A S A 4
k. X S FAT ISR FH 3 SR 19 7 326 S ) B dis Bk A Ak
H, BT D 10 28 3 AT 22 UK R A Uk % X 73 2K
LR A2 TR T 2 A B A IR A IR
T} 5 AR T BAThR T 9RO AR B AR S5 R X
A AR T o BATHY T o Bk O 2R S A
MR R ) 1L FRATT BE AL L BOHE 80 04 S il 5 4
P A0 20 20 20 BN 34K

x5 BESEREFR

App It

50 Instagram Twitter Chrome Gmail Uber
Num Ratio Num Ratio Num Ratio Num Ratio Num Ratio
ERAT 145 0.19 106 0. 26 48 0.17 30 0. 14 58 0.21
IEPsEiESS 121 0.16 56 0.14 55 0. 20 43 0. 20 80 0.28
FEAE T R 145 0.19 56 0.14 28 0.10 41 0.19 58 0.21
i) J5 % B 106 0. 14 61 0.15 45 0.16 44 0.21 43 0.15
HoAth 258 0.33 130 0.32 101 0. 36 55 0. 26 42 0.15

6 50t T LR EEET A app RN
TR R PRI A 7 B B Be A HG e A 2 ) 2
BH ILRZE . IR AR B 29. 990 BLWIH P SEBR
A PEIBAR K — &8 70 A A AR LE T app A B A JEARAH
KN XWAT A — B B 00 - FL I FRAT 1 2%
A LAE B R R . R A R Is B0 A R
W BN B 4% U nice app!”8{(“good app” . iX LI
WBA NIT R RIT ZAT 55 MR E B R B iR
HEFIE B T SRS 235 19. 86 F1 18, 104 .7
IF 750 % BUFIVRS iE 355K 203 2 BUAE 16. 82081 15. 204

®6 IRATFHIEER

Bl IR i b
FR%T 387 0.197954
[EI=SE R 355 0. 181586
FRAE T >R 299 0.152941
[i] A8t & R 328 0.167774

HoAth 586 0.299744

(1)) b X BT T P PR e v S8 PR 45 S ) A ERRE R
T SRAH O Y Y2 AE X D
4.2.2 MEARER

RQI 1) i £ b5 1 « 7EFAT A PEAS b FRATHE A
TA M EAES B 8 4E R0 o RFEAT . Al
fi FH AL 2% 24 2 % W HE B % Precision, F [B] R
Recall 1 F-measure 15 #5345 25 . 109 E X
M= D PR

TP

TP+FP’
rp ’ (7
TP+FN

2Precision X Recall

Precision +Recall
TP(True Positive) &R Jp ¥ f] F 52 b Ry 1E 2K

Precision =

Recall =

F-Measure =

@  https://github. com/xuanhui0129/ ARICA/tree/ master/data
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H.432¢ 9 1E 26, FP(False Positive) 76 4] 1 52 b
Rt BRI 2R M SE bR O IE 2 H AR
MKW AT F 7~ 8 FN(False Negatives). 7 4h, %
JEBNA SO B 4y 28 02 2 o0 2R IRl D G 3R AT R
BT R R B AR B A O M AR B A
HEFR (MacroPre) , 77 8 4 & (MacroRec) UL % F1
{5 (MacroF1) s EATHYHE A X2 (8) R -

1
1 < ..
MacroPre = — E Precision; »
n -
i=1

e LN (8)
MacroRec " ;Recalli,

- l n .
MacroF1 = . ;F measure;

Horpron FOR BB A SOR BB 42k 5 R,
B n=>5.

T RQ2, o F 75 oW A7) 715 SOME 1 17T 3
LK AHERNF RN E T EREFEL £ A,
WS k-means 5245 1R IR FILIFA G,
DBSCAN J&5E T % JF 1 53 vk . AN 5 2445 R KK
B, IF AT RLAd BRARE Y 43 A 0 s AR TRk, FR AT
K0 % B R 25 7 1 DBSCAN #F 17 4]+ 1 R 26,
DBSCAN 5 55 i > 2 8 . 5 /N % 2 minPts & B 55
WS 22 18] B KIS e, #6315 38 19 minpoints F12
(632 S /ESIPS

9T RQ3 F RQ4, FATTE I E 7 L
HOHT H Ok 5 UF ARICA B R S W] B EE 48 im A1
T3 BT FUAS I A 8653 A A 4 42 45 2R 25 WL 4 e I 1)
PP B L AHEEROR.

5 ZHROH
RQI: FIEE T 1% 55 1) O 1) £ B 55 2 B 4 25 A
Fo, AT B B 23 2R 05 R 2 A o B A L

o A8 I T T G O ST R T R A IO P A
WA FEAl Ay T IR TRATT Y R 43 2 B I e ARk
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FEAT 0.71 0.61 0.66 4930 sometimes play video end audio keep go exit 140
fEaE 0.95 0.97 0.96 o completely.
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4890 problem video keep play sound scroll post. 140
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“Bug fixes and performance improvements”, X A7
(19 bug Fil 1k RE BCHE 928 AN 88 B4R, Tk %) ARICA
HEAT B AIE. PRI FATT AR A A 3ok 2 iy P AR P ) g B B
B H AR T2 B DL A HAARESE B R H .
o M1 e T Free Ringtones fll Deezer Music
Player 24> app #47 SEUESM BT 5031 » app 1F 4045 & 40
7 10 IR,
F 10 EFAEHEE

App 4 S B I [h B Ji A %
Deezer Music 2018.03. 05~
M :- &< . - 2 or
Player usic® Audio 13834 2019. 01. 24 35
. . . . . 2014.02. 24~
Free Ringtones Music® Audio 8813 2019. 01. 24 76

2 11 B /8 T Free Ringtones R 2% 7.1.1 Fi
7.2.0 By SEF ] B SR N AL 3R 12 g ARICA #fE
AT 10 220 m) 7. A1 Fah k& — D RRAC iR
S B app ) B A AT DL BRTE T — > hiAs 1 748 B
Hak . AR 12, R ATA] LAE B H P BHATE 2018 45
7H 20 H 7RIk TAER g ]
SRR (GR 12 LR B ) i PRI . T AE

%+ 11 Free Ringtones E # H &
i ] B H B R

(1) Functionality of the app improved
(2) New ringtones package added

WA

7.1.1 2018.7.03

(1) Stability and reliability of the app improved

(2) Fixed an issue with the search function.

(3) New ringtones category added - The best
of 2018. Check it out.

7.2.0 2018.8.14

£ 12 ARICA HEFEMTLAF
WIS F L UE ), S B E

(1) T downloaded this application on my new

R i) B

phone so I can have the same ringtone I did on
my old phone. [—1], 2018. 07. 20

(2) 1 saw a snippet of another review that
complained that this application only has
“factory-like” ringtones. [—2], 2018. 07. 20
(3) Most other ringtone apps do not have anything
I would even consider using. [—1), 2018. 07. 20
(4) Could not be bothered to try and sort it out
so uninstalled it.

(5) Search function did not work. [—1].
2018. 07. 08

(6) The handful of tones I heard were awful.
(7) This application is a complete waste of time

Version 7. 2.0,
Bl 2018. 8. 14
ZH

just delete it and save your memory space!

(8) This is a horrible app, anything more or less
popular, or classical, or pretty much anything
at all you type in the search just does not appear
to be on this app. [—4]), 2018. 07. 20

(9) Great quality and a wide variety of styles to
choose from.

(10) Ringtones are available in “packs” that must
be downloaded before knowing what is in them.

2018 4 8 H 14 H,7.2. 0 JRAMEE T app MR
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A SCFRATT 32 ) R R A R VRIS ZE A R
WL 13 BN T W H B T IFRHE R A B
B Z PR 0 . N T LUE R A T 1S

JRO TG » Precisione s Recally T F 00 #B A N H 2
T X 10 W P A SRR AT [ X6 T 4 v BT S 4 RE )
Pk A A

® 13 BREZNEFZRTIRERNZN

i B 98 bR
App ZF Precisionc » Recallr, Fsvria Precisionc » Recallr, E)yoria »

top-k =5 top-k =5 top-k=5 top-k =10 top-k =10 top-k =10
Free Ringtones 0. 667 0.6 0.631 0. 667 0.4 0.5
Free Ringtones(R % JE % 8 0. 667 0.4 0.631 0. 667 0.3 0.414
Deezer Music Player 0.5 0.4 0. 444 0.75 0.4 0.522
Deezer Music Player CR 2 [& 5 18O 0. 25 0.2 0.22 0.5 0.4 0. 444

TS AR B U B AT HE A 0 PR Y e AL sy N2

PR FAT 2 SRHHEE PE IR 1R 5 FET 10 DPFIR A
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B A 2 [FAE X T K # HL Al 45 3 L

K 8 JB/x T ARICA 4 Free Ringtones #E47
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FEGIHL 9 7R T Deezer 5 Bt # &, 1] D)
RIRAEA A I B (8] B Deezer 23 3L 245 18 0« BT
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Bt AR ARICA #EFF VPR B HT 5 40P
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P PRSI & A 2 A48 app PRIRME S35
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T3 B R] HMERNZ AR PE.
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tasks for subsequent app maintenance and evolution, Moreover,
these, methods rarely provide an interactive tool for developers
to easy understand the users’ real intention.

We believe that our research methods can improve the
efficiency of automated analysis of user reviews at the
theoretical level and identify the users’ real intentions. At
the practical application level, this method can provide
developers with direct and interactive app maintenance tasks,
so as to continuously meet the users’ real requirements and
improve user satisfaction.
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