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B OE FAAFRRY App AT EFERET —ATHAPHETEGABEE, F5 8 P@ w18 “send a
video Fr*crash” 4 £ 442 15 R A5 LA 52 14 69 F 44.(BP B 7 B4F) A= App 893 F AT A (Br F-F 47 4), MmiX 248457 fE 4
5T A B (e ) P I R) — R EETFRIAT, TRXLMEEFETARNIFLE LB RO R P )
BT R RBGIRE, SmA A TR App 95 2. IR A TAXG B AFAERIR T & R ALt ifiba & & 24U
F@BATE L, B FaPiPite)iE MR R, AR RIA ML £, B T —AriE N AL a A A App it
B PEA%E 7 ik (Arab), RRIRA P BREF R TTH, FRBAF NG LFEL R, & T —AHH AN A TRRE
KLE B AT IE AP E MAALR, ZARA X ARG R AP 8 B AR 4 A, fE EATFHIEALIT 80938 . Arab EARIEE
UK Z AT RIEGALIFBATIRE, SR P B fe 2 W AT A L) 0 KIR X A 24T T TAAL. 125 6 A~ App 49 3 426
AP AT R, TR RIEL T Arab A4ERIRG @egR 2k, #—F1E 8 Arab 3t 15 N1 App 49
301 415 9Pt AT T B R, VIR R R BEG R, FFIiER £ RIEHIE L og 5 R

KHER: App it R ERIK, RAEF

PEZESES: TP311

sl R ESC, ERA, AW, EE. RESURM AR App VRIG BRIEIZ I VL. AT AR, 2023, 34(4):
1613-1629. http://www.jos.org.cn/1000-9825/6697.htm
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Abstract: App reviews are considered as a communication channel between users and developers to perceive user’s satisfaction. Users
usually describe buggy features (i.e., user actions) and App abnormal behaviors (i.e., abnormal behaviors) in forms of key phrases (e.g.,

“send a video” and “crash” ), which could be buried with other trivial information (e.g., complaints) in the review texts. A fine-grained
view about this information could facilitate the developers’  understanding of feature requests or bug reports from users, and improve the
quality of Apps. Existing pattern-based approaches to extract target phrases can only summarize the high-level topics/aspects of reviews,
and suffer from low performance due to insufficient semantic understanding of reviews. This study proposes a semantic-aware and
fine-grained App review bug mining approach (Arab) to extract user actions and abnormal behaviors, and mine the correlations between
them. A novel neural network model is designed for extracting fine-grained target phrases, which combines textual descriptions and
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review attributes to better represent the semantics of reviews. Arab also clusters the extracted phrases based on their semantic relations
and provides a visualization of correlations between User Actions and Abnormal Behaviors. 3,426 reviews from six Apps are used to carry
out evaluation test, and the results confirm the effectiveness of Arab in phrase extraction. A case study is further conducted with Arab on
301,415 reviews of 15 popular Apps to explore its potential application and examine its usefulness on large-scale data.

Key words: App review; information extraction; deep learning

Bah N (App)&it + LM R R, ETRATN H & A2 G b AR ko AN nr el PR FFR T 8L E Ji ik
FIATH App, FTAb B BI &R AT S5 (U . ARAT FIAEZC T 5)). App O EE B PR A T % [ BA o L 4 g h
R FH 2 BB IR B RE e SR AN B AR A, JF TF R R ARE R e 35 5. App FH P 3 40 A0 35 BN T G AN
K Play 7 i 25 & - g i B4 T 16 App BE S PF8. XL P PRSI B R SRR M SCA, W Bk App TR
NGRS B, T R Bl R RO sl e 5 SRR 78 B IX SV AT B T OT & iR
App ST T 6 7 b R B L AR, A T SRR 4 AT P T LU VT e R A T A A S 3 AR
BT, AR S 2 o) T S S s DR 3 T R M BB T 4 VPR IR ART] App SR BEARAN FE K

WAER, T8 App VEIE A G B0 ESHLER SR T2 B BFs N 5oE LT 2 AT 45 M
AN A TR I 2 P SRR B AN 0 AT App VEIR TR I TAR &, b LA AR W AT 45 R I
AF 55 6 P20 50 e 4 T B A 45 (43 3 B LA 45 2 TR0 P P A R B 1 R T 43 2584
B Bt GUI S5/, sR¥ESE. GhiG. Thae® K425, LI 1 4k B Snapchat [1—4% App iFit
Sy, B 10 7 4 1l 32 2 “download”“delete” Fl“crash” 4% 1= ], UK Z I8 20 S0 B iE. XAk 145 B
AR UAFE BT RN e T 8 F T 7R PRI R R 1A SR A DhBE B App HHELII AT . o — 5T, BLA T
KA VR AR BT 25 F 2R 2R T8 R 3R AR (il P AR V2 e AT R R o SCARCM 1) S S B H b i, X 28
FARTEIETE o BV R 1035 X, R BEAN e 4 AT

il

| Snapchat  pieke Zanna Poe 17717 /20
I have had to download and delete this app multiple times.

LiLs i HEH N

I can’t EERAENIAEG without the whole app EFESHITE |'m
not the anly one with this problem, my friends have the

|_same issue.

Yahoo Mail ¥ Emma Proctor  11/18/2019 |

l Slow, slow, slow.... Since the format changed it GAKESfOrevEr
to load an email. Fed up with it & considering changing to

| another provider.

[ BPMobile % “n factar

| I cannot pUEy password and username from login screen,
I tried to reinstall the application | was thinking that it
might solve the issue, but it didn't, it's SEEK on WELCOME
to BPI MOBILE. | have experienced this after the update.

| Fix thisi!!

1 App P T] P SRAE Bt K App ST

FALEZ R, A E PRS2 App PEIS R AIDRLEE 45 8, X885 Bad LB B AFE TH P Fis 2
W 15161 g 1] 3 3 5 3 ) P 45 /B (user actions) RIS % 47 % (abnormal behaviors) #2458, Fi P ek 2 h T
o P A R AR SR A I D BEAR OC I AEVE, B0 4R A - AR B/ 1 Dh R DG B RS T e R AT D E AR X
App KT AN P EAE RO, BERSAE— R LR ARSI RS ST, 5 G n 28 ) [T 1% 7 M BE B B, App AR e S
IR AEPEBBA AR, SRR AT T R R R AT A LR 2 R SRR OR R, AT LA B IR R T AR LE ]

JrBE) App SHAT A, Bl LERGERUAN App fiist; Ina s AF i Tl K N P 44 R IS X BT
FAEARZAE. HrFf“send a video”load an email”#1“put my password and username”%% B[ 4 F 7 848, T

R, B M T O RN G ER App VEIR IO AR, AR T HRad e 0 A S BUAT s B RO BE Dk, JFREAT IR L1
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RS R 5 I AR BEME AR AR BOX S A0 R AR B, T SR Y L 2% T R ORI SCBR AR AR T, I I O A S
P IR & 5 N YRR

H T SR WA DA IOR B, T8 SCHLAR AR ) AR S, AR SCHR T — R SO 1 AR
App PEIB LRG3 7% Arab (app review user action and abnormal behavior miner). %777 1] L2 i S BOH 7 45
fERT App BRAT A, B R IER T AGIZ IR P 2 2 I G OC AR, B B i, FeA T vl 17— Bl st
PP W 2 A5 BT LA h$E AN RLEE (1 B b R 0 (BD P AR R R AT o). ARG T VR IR SCAR R IR R
ANV B PR (G App ZRABIAT VPSR ), BE IO ERVEE (075 . 2 )5, ISR TE, BATET

VBRIV 2 B PR DG IDR 00 R HEAT AT A4 AL 2.

BAME A 3426 5450 N TAREER App PFIEXT Arab 28 TESRIAIPEREUEAT T VR4S, XLV Sdi s & 34
ZE 6 A App, BILE 8 788 ANSUARAIT. Arab FEIESEER I B A BEMERI R . R FL A BIER T
81.78%. 82.99%#1 82.37%, W EM T INA MILMEMAL. £ RIOTA I, Arab ZE PG FaF5 ARI AT NMI_E 4375k
FIT 0.64 F10.91, [FIFALTSRISHILAEBTY. FeA 1 — B Arab 75 15 N34T App (1 301 415 & ¥R (VP ik
RIS E R 10 A H) L3ET T RBIWEF, DAEZR Arab ¥ERIN A, RS0 HAE R MBS L f sz v,
T F P AR R AT SR AN (R SRR O AR AT WK A0 BT, BRATT AT LU 5% S0 26 FHY 7= 5 4 R0 S 47 LA 0

SR B YR ACTD AN 52 56 $4 4% & AR £E : hitps://github.com/MeloFancy/Arab.

AT 1 FNAEE ARSI BT IR. 5 2 A A ST 2 A A S AR 3R R AR, 3 ar
SRR R FNTE SRR T e R, 38 3 WA EA SO g s OB AN KL App DS B2 38 5 V2.
55 4 R b SE 050 UE Hr AR A AL IR A ARk, e S A4 L

1 fAXIME

1.1 BRITEEE

Harman % A B0 55 150 App FH P VEI8 I VE 4 55 App R 3k HE 4 2 IR IAR Sk, 51N T R 7 i 424 1 Mk
. Palomba 25 A\ MOV B U SR TT e 2 e i 0 T AR VP8 b R S 1 S g 7 SR A8 AR G B, App YRR
# 1 7F. Noei 25 NP3} App % IS S HEAT TIFSE, FE005E T 5 HEG S UIMIDCH — L8248 B, R AT IAS Bt

AT R 42 48 D P 218 1 BF 5 O 2 a0 0 ot P 8 3R A7 32 B By KR A &, Sl stk TR D T &
N A M KR SO T SR 1 TAE = WF 90N B I8 25 ISR IR A B R i 4y 2Rl 3= i 28 ), il Vi
RS R TSP AT SRR R S R S A L S A o R A K (4
RO sk Ay Lo AL N App VRIS AT (R BBRE, T RDRS R P RO L, T
TR BRI 45 SRS B JT 0% 3 A5 R s B AR I 4738 RN S B AFZER RS, P #3% App
(K77 T, 35 G R ATV 1 e 1

BT (9 J Lk 3 0% B 5 9518413 14 20148 3] 1ty 2 J0 L BRA 142t A 7 R SR, i, TS K Play 7K
F1#1 95 4~ App, MARKE HUBE & 3% 11 crash. compatibility 1 connection %5 3= ;i PUMARY g% &% I 4
battery consumption %5 3= 5 25{Bl#:, SUR-Miner™ 4 i i1 predictions. auto-correct 1 words 2 3= ; SURFP!
AT LL& B GUIL App A1 company % 3: /8i; INFARIMIA] LLAE i update. radar £11 download 25 8, 3 6k %2 B
T LA BT R FX App ARAE I8k B — AN KRB0 T8, (HEIEVE T B ARk Se Ry 2 (M D) BB H B T .

“crash”), XA W ITANGIHEIRAN SRR UL - IR DIRERT App 153, 55— 51, O TAR(ESRE
YU b o o Il 3 R P 6 RS S Uik, W 78 B IS VPR TR 3L, 6 R A I A R, T FRAT TSR Y 1
Pt R SRS TV, TR T .
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12 FiRRERSEZE

AT MU T 2 Bl vk B AR B AR, B, SR R PR, e A P, R A AT
2N T A PR BT 1 B B A B AT — o R G 0 1 M SRR, I LI 4
PEAR KB (BB, R AR LI, AHEE 2R, App PRI B & im I S8 A2 (K, SCAE R, DRk B3R T7 vk AR I vl
oL R IFANE .
1.3 BRETREPEENERAAE

A RN 2 AR FUN B3 R B8 2 20 H3 AR B A B ol i (T8 3, IR IR 55 T Jn B P D REAE 55
TS AL T T G 5 A PSS R AR B A TP A P, R D SR o 1 SRR e R A
Pl RIREAT AP, B3RP & BARTE SIS 10 A PSP A SO RIS 2 App TP IR, IF
18 1] BERT S5UR L2 2] SRR AN PRI SCA BT S, PR 45 RAE W T AT Hh i 53 i A &bk

2 EAREiR

A ST TT VL LT Ay 4 SRR B BOR RS S R TN 2R, T A 2 A A & R R A 4R
2.1 W& RMKIRA

i 44 SR (named entity recognition, NER)J2 H 4815 & 4k 2 (natural language processing, NLP) T —3K 4
BT B bRV AT 55 (sequence tagging)230. Hise Xk 4 — AN FE A, NER Y B b5 2 TR A4 2130 2 75 8
TR B9k, Bl A& AR 4 HL 5. NER AT 45 0l LU o 26 1 48 vH B8 S g v, 41 1 Maximum Entropy
Markov 457132 Hidden Markov #1331 4 {4 H.3% 4 72 (conditional random fields, CRF)®B4. i Al - ¥ i%
R 55 (R 1 T 8 2 S I B W A ] — SRR B M B8 A 30 ) 738 X, IR CRF J222 ) 6 T4 IR 20
V. S J0 g ot 26 D % G55 ) L, 5 AR 22 I 2% 45 4 CRF (Conv-CRF)P), K4 #8121 4% 45 & CRF (LSTM-CRF)
FXL ) K S AR A2 M 4% 45 £ CRF (BILSTM-CRF)®?, b, BiLSTM-CRF #5170 52 25 -~ X0 [ F) 190 2% 45 #4 7T LA
(A I FH e 25 R SR 4 A5 B, AT 38 8 AT BA3R A5 EE Conv-CRF #l LSTM-CRF S 47 (1) ¥ fig
2.2 EBEEERI %

B R PN B R CUE W T LA Ot w8 2 NLP 45 1k B3, BERT (bidirectional encoder
representation from transformers)® g — /N3 T+ Transformert®8 1y e R M0 |8 1 21 A FH LI 25 AR 78 Ji 4 8 e
PER AT 5 3], SR B AS R R AT 25 (W NER AT 55) 3047 300, 41 {1 BERT 4% BiLSTM (BERT-CRF)
AT LAk — AR SR Y NER {E 45101 RERY). BERT-CRF 45 &Ml HAR, BEWS 32 25 T 76 K003 B R F 2% 2T
TN R, AR G 23— BTt

3 BXEHHERLE App TR ERFEIZHE R

N T VENRBAT App PRIBAZAE BRIk i F SEAF ORI AT App PP IITE SC, A SCHR H (1 7 SN ) 4000 5
App PFIRBRFEZAE 7% Arab, BENESLIUT /£ App PR rF 34 7 £ SR B 1 D RE (BT 7 #A5) BLSOH P A2 A
RPXLE Ty Em Pr 3 800 App S AT A (B SR FAT08), FFIZH M Z I SCIBOC R, 7 ik i AR 2R i p - 2
Pios, FLAUS A 3 B

(1) B piab B gk b RS P IRHC App HIP PR HHE, 2 Ja MEAT SO S 5 56 A L2 AR PP 18 I 1
(R App F&53) cRITE L Fifi 3 (1 75 1A i ).

() P AR FAT MR M IF ISR T — AT BERT M2 M AR, DL 332 App tFig T 5
PP AR RS AT AR OGO LT A2 A5 A Y 00 AL B o SR P PP A8 SOART A PE I8 I 1 (B e s) 1 o i
A, RESEAF MG VPR (¥ SCHEAT AR, $2T1 T {48 BERT-CRF # AU A H 42 U PR fE.

(3) M BRAF RIS HAT A R AR EM: Beuh T — AT BTk, e RS R 2 8] (9 785 O 2 20 9l
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X HK Y B A0 S W AT g AT I, AR SRS (K 45 AR R P 4, 34T D)0 B 48 D 2% 1 1R SR 2 b
ZE(ALB), LUZ I P 2 IR R SRR .
Hopm ik B

N -
App it o - App K«
ﬂ{ Tk s

| [ '
— ey - .
SCAS \h\ BER
E TELS] Coan'r sennda vitouw ot
i

|
i SR i
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b wehabe: apn rashing ..

25|
)

J7 VLA P
3.1 HEmabaE

K AL EE 1 B B D . SOARSRE TR RIS S8 E BRI, R I 43 A6 X 2D 3 AT AN A 24
3.1.1  SCARHEEUE

REKCB App PFIR I H 2 P I # 3l v SR AC T, IR R A W A T2 BT T LB,
BB MR 75 3], WA PR 4 2000 B e B AT R SO B AT U T A2
CRF J7 ik isg 9, A ol VR SCAR AR ) TR 9 S N B0, LA 1 26 3 et 16 J0) 26 32 2 UG P e o5
5 X BV IRHEAT 0 f), ARG AT T H Langid (https://github.com/saffsd/langid.py)id 3 5 B 45 JE & 3¢ A1) 1
SRR R SR A0 SR FH LA 25 BB U B0 oK At e g 7 ][]

o NEAL BIER SCAR I BT AR 4 NS

o HAL: {8 Spacy (https://spacy.io) AT 1M Ak, LAYBCAR B 1] (10 ] v A% e i S (1 5% 1

o PEAIE: 18] Ekphras (https://github.com/cbaziotis/ekphrasis) £ & (4 H HF 54 iE T B4 i S0 A
LI P S R R

o H% Ak FIREERAT5 “(numbery” B #e BT A I BT, I0Ah, TRATME T — NS IR Play RS ITE
App BRRINFNE, HWENTEHAZ— IR RS 5 “(appname)”, DA B BERT 45 24 faj 44 B2 .
3.1.2 PP

— S PRI App ZEAIAH S I JE MR B TR U SRR R AT b, AR B T Ak BE Y BN K L6
HEATIREL. AT VEAH T WA &, B App 280 cFIPFefliid 1% s, 4 App 8016 — N E vk, AR EZE
IR I App PEVE T K K D e R 3 U7 A 2 S I 6 PR AR 1 1 R, BRATTIA N SRR 45 (Ve

N2 ANVER BT
XF App 2K, AT LLE B AGHK Play F5F R IFIRECEAT, kTR MR, #H TR
SentiStrength-SEM2 5k $j A5 AN P16 10 T H 1% B 15). SentiStrength-SE J& — A4 T FH K s 401k LR AR, op 4

WU ) B IE A B B, DL R AN D — L OAN T W) BB (I 5 1 1) R SR A 00 e, R 23 i 2 AE AR A A TR 3
R B IR S SR R — AN 1) 1 R AN 23 B0 DS A A7 0 BRAE I ST AR ], N2 AT Ak PR A & R0 V0 A 175
(0. ARG Sy, AR AR 7 2R TS 7 (075 8 o B0 S W19 S 43 e LA 1.5 (R 4t
KT AT 5r, %501 IO AT 20 OO T M AR A0 0, 3250 1R JER AU 17 0 8k AR A e A5
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3.2 APIREMRETAHIRR

AR SCRE R R AE RN S AT SR BT 55 AR iy 2 SE AR R (NER)AT: 45, BIRE F 7 45 45 R0 St 6 47 2 43 Sl AR
YEWI S A 44 SEAK, JERTE T — NG PRI A 48 0 286 85 BUORAR Y iz 0] . h T AR Ml 3K App PRIR IR X,
PTAE R BERT AU PRI8 (W SCA R BEAT HihS, 2 )5 H CRF BB IR B RIS B ) 5005, 4 i, FRAT)
7E CRF AL 5| N T AT I 1 (BT App 28 3 o F0PE 1R Al 101575 1000 ) ) LA — 20 4 w8 9 2 S8 TR 1) 7
Wbk, Z AL NER ME45 10 &, TAMEH BIO Fr25ks RPNt N erig f) 1, v,

o B Fr%E(beginning): 37 1% 5] A2 H AR A 1E I TT 4R,

o | Fr&8(inside): FINIX PR HAREE D, HEAREERIT L.

o O f5%% (outside): FRoniZ HIALE B brEZ S

B BIO F5ic I PF 10 15 ) 44 4 i N\ 30 J 35 B OB 2 vp g AT 1 — 2D Ab 2.

B 3 RN T A 7 4 R E SR OB R (R AN 25 0. T App YFIR R 2 RSO, ¥ 3RV AR ) i
A T LAIRATAS RSN B TN 2545 8 BERTBASE  (https://huggingface.co/bert-base-uncased) %) ¥ if 3¢ 4 ik
AT Gk, I TOR A HBEAT I 25, BB S BN S R 12 JE A2 2%, 768 A Ba 4k B2 F1 12 M
Bk MR T DR R RS “[CLS]E N ITk, B8 T 128 MRS, W T IRLEAR 48 K 1A
T, A AR S [PAD] B A T4 5 P A K B 7R B 128, B NI ) TS BERT J&, JATTREEAFE n
AN TR A A M, A MEGR VA 768 ANYERE, IE LN R RS SR RS,
BERT % th 223k — Dropout )z, LU RYIIZR I Bl &. 2 )5, FAT TRV IR 1 & 91 B S04 ] 5 (v)
o, DUHRTHATR PR ) PR BB W RE ). T TR PR JE M (c A s) 2 B HlE, FATE LKA 1MmA
Bl —MRANZ, LR SR GC A he A1 hy). BUEYE sy, s nT LI 10 AME (-5 #)-1,1 £ 5), kA JZ
AT LUK AN B B 22 ) s RoR, IF HX S g 1) 5 0] DU AR Y AL S O &N 4. 2 )a, BeflliE
 hew hs AT v(h®he®v) LLERAFREAN TN B3 19 1) B, 742 5 190 ) i P T N 81— A 2 2 IR PL (multi-layer
perceptron, MLP) £ 4T AL BE. MLP 23 24 4> FLia] 55 BIO FRA& AOMEAE [ S (iK 4 p):

p=fW[h;h;v]) 1)

b, £() 2 B0 56 B, WARER MLP FF RIS 5K, [heha VIARRIX 3 AN 3%, &5, ¥ p i CRF )2, W
P& Viterbi 575 (https://en.wikipedia.org/wiki/Viterbi_algorithm)igh fe 6 & i N 7 5l vl Be AR S 7 51, 6Tl
W%t B BR2E EA, FRATTRT L3RS B bR A (R P B E B AT ). i, SREAT N PR A
can’t send a video without the whole app crashing”, % H FIFR2E 751 & (OO B-AX1-AXI-AXO)XO)X0)XO)
(B-B)”, HHar 5 “-A"MARZE (BN B-A F1 1-A) R IR ZAR bR (1) 42 FH 7 88, s “-B M bR %5 (B B-B)&R /R~ %

FEIE 54 47 A “crashing”.

Kl 3 RIS U 45 4

ST (1453 2K bR B 122 PR AN N ) K LSRR B PP S A T RERE, T A A2 e 41w A B3] 1R B SE AR AR Y
FTRETE, DRIk T 0 A SR A3 R AN TG A3 3Kl L. AN AR T AR 450 K o A 9 8 23 At 4 % (emission
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score) Fl1 %% # 43 % (transition score), 1451575 K
~ T
s([x]1.001.0) = Z([A][I]H,[I], +[ ol ) (2)

Hoh, [XEARRKEN T Ma7Fes, mi] RER AT ERSTH. () EE RN, Tk
MLP S50 F Mt 1 [A] SRR 4, di CRF 2 S H0 5k, @8R CRF ZH 3 74
RABLE JAREWERE. 0 =0 O{[A], Vi, HEEANMBINSH. — AN FFF X S50 R0 [ 1
TR Ny B S o3 R0 B 4y B .

TEM AR, FAT I FH B 28 SR s ok R i T vh R S B LA SR e AR e, RO A 4 e — NS
B P R HAEEAE V1, V2, VoY, FRATIAT n JGE AR BEAMEE 1 2 80347 B 2R L, Ik 88 58 SR EU R A4 1k B (B
YEJ PRI, 3 B 50 B0 2 S R g BB o 107, I BvLIE £ Adam BIEMSL [,
J T I SRl B2, A1 T mini-batch £ AR, (1) batch size # 1% & i 32. Dropout 2 1) drop rate #% %
HR 0.1, IXEERE AL rh 10%I1 4 28 TC % 45 BELBE Al DA RE i e 5. FRATME R T — N3 T Pytorch 1)
JTY8 28 Transformers (https://github.com/huggingface/transformers) i Sz % k5 7.
33 APREMREITAXRIZE

WA 3.2 W R R RY, FRATTREE B AR A B PR E R SR AT, IR RO P
P, AT )R, AT REE SR X Bl 7 SR g JEvE X, RN AT SRR R BAEH App SN ThBe fiTid
F(0 1) B, WS LER—A) T REA A O ERAE UL Z R E T R BN App RHAT N, ZFEE N R T
ZIERBEOC R, B, JE—KH PR TR R B R AT, BUE R — R AT N R T Re RS A
BRI R, S PRe s R 2R AiE 01500, Arab S IRBUH N IS I F T, I BLAEFE 0B RN 1
I3 BT REA LT . T 2 AN EERTE RIS B Re AN RMEAETE S EAREL, AR E A IR A AHNE ST

SRR I AR AT A LR 2 A S B R AT T AL k.
331 & %

AL 48 10 2 RBURSE A P F) e i T 03 SR BB R I 8 B (9140 Gibbs SRR, B I b R I AN 4348 3¢
A () U AR 77 V53 5 (0 P R AT O ), DR A 3 RO 2R A i AN R S A R i R R ] SR AR R B AR,
XU T R ) T B R A R K, (EZ S R AR D RN I SO AR MR AT A . O T RO IX Bk, R
NI T —FhIE T BRIk, % BRI T 4005 2 T SCOR R, RERE ME A st P 45 4 R0 S 5 A7 9 3

TR,
B BRI 4 FT 7, HLET SR
(1) 1A Ak A I A T g AT 3% (universal sentence encode, I SRt
USE) U 4RI 1 7 B TV o 47 o KT 512 4k 19 1) RN
. USE /&0 IET Transformer®3fi ) T AR 7T DU 354 7 —_—
S OV XU L, IFELELAE M % NLP AT L i e 5 6 P 1 i
% X (word embedding) 15 %1 5 A5 2% R
(@) EIRaEE: Hatl— A BLHOTE B, 3 e A A L ¥
N, PRSI USE 4852 180 6 4% AR DU 58 20 S 0 4 Yo
2 I BT, A SR AT A4 e A B, IO P 2 [ 5 j

D43, 7 WA 0. % B A T e 4 R T B
"R T 2 B SURMBUYE, 5 01 B A2 3 BOR 4 B L 4 BRI
A I N 2R 5 (cohesion).

(3) PRI (i IR M EE 1 17 P& L4017 5725 Chinese Whispers (CW)M®1, LUK HARMEIE HEAT 5. Hrhitg
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CW 2 — P iy 2 1) B SR R ARk

ATV U 1R 3 o i T L ) 2R 2 7 v mT DK 1 SCARALIR FH P B VR 0 B 53 96 A7 0 SR SR 2K J R — 2 i
AT USE (https://github.com/MartinoMensio/spacy-universal-sentence-encoder) il CW (https://github.com/
nlpub/chinese-whispers-python) i) FF- U5 23R, 16 1] python SEIRL T ik S8 25779,
33.2 WL

T ATRAL PR E R AT PR R OREEOC R, FRATTRELL T AP 3R,

(1) A 3.3.1 WHIMERETL, 40 AR H 7 B R RS A R AT A FIE AT 2R 2. B S HN
WY, PSSR B B B R 0.6.

(2) M HIABR (L) b R JE 2R 45 R 03 S O P B0 S5 B AT DAy o 00 P R A0 R S AT A e 488 DAy ) I L 1
JE (R FERARRE(ALBY), BIIREE i 28I H] 45 (A) 2 S BUH | 2RI 57 517 0 (By).

(3) Lk BT (ALB)XTRIECE, A ) B P iR R AT AL, BOD B T ATH § IR GR
(ALB MK, IR R 7R P 5 % AR ).
(4) F5pRdh, PR 0 513 T SRAE R TE SR RS K 0 A, 55 047 380 5 W AT 0 R VE BR 2R (K 0 Ao

TR AR, T BE 3 T 3t BE AR AN A B B TR D REAT IR L, XSS 2 T30 App IRWRLL SR H AT
A, CLRRSE AR SIS W AT A R R D), iidiE T App BrhREMIIT A BRI AE AN LR 2.

4 TWHH

4.1 KR

BAVEL P T 3 ANEHRAE Dyv Do M Dy, L, Dy A A TARFERIEHRAE, FHT VP45 Arab fiiE$2I
FITERE; Dy N Thnid BB A4, F TIPS Arab JR2REOPERE; Ds bR brid U4, H TR AT VAL
RBP4 Eg N SO, Dy F1 Dy WA 483 2 id T H Google-Play-scraper (https://github.com/
facundoolano/google-play-scraper) JCIX 73+ 3k Play 75 )k H 1) App V6 B #4921,

L LVEAMHGIR T AR B 4L DL MG THE DL, Dy BE T 31 6 3k App (BEANZE00 2 M IMPFe £ dE, 48
AZBFIAE 2019 41 8 H-2020 4 1 H 2z il FATAEE—3K App T BEA LMK 2 550 45 PF 1 (21 1 500 M A)F), &
THMELT 3 426 5 VP A1 8 788 AN TR AW HE KR4 Dy, 3 A7 ARTE# XX LEVE IR AT Falibrit, LASREUIRIE A
JPEVERE M IUSERRZE. T ORUFFRVE &5 B HERG I, PIALFRVER 23 % F—A App VR AT A bRyE, B

WA R ZES, A3 AT IS LU B S & AR 45 . 1X 6 3k App #EE AR AH Rl AR AR, E R hRvE e
B E 1 ANRER App (Instagram), P FRiF 45 311 Cohen’s Kappa 24 0.78, T T )G —AMFriF 1) App
(chase mobile), Cohen’s Kappa & 0.86, WA 37 bR d: BIRRE & B bR e v 78 b ol 72 o i i T — 2L
TEAFIXAE AR RS, I 20— 45 AR i 7 4R, AT VbR T 3 090 AN P R DL A 1280 A
FEFATA.

#1 AR Dy

App App % P HCR )T HCR H A R SHAT N ECR
s Instagram 582 1402 481 194
Snapchat 585 1388 427 175
W Gmail 586 1525 663 232
" Yahoo Mail 542 1511 460 215
e BPI Mobile 588 579 579 256
Chase Mobile 543 480 480 208
I 3426 8 788 3090 1280

Hifade Dy N TSR AR . AU, FTAEARSE Dy FRHU H AR 43 5
B> App BEHLRFE 100 AN AR R 47 4 (B L% 600 AN), A LRRTE RIS HER R 4R AX IR — HI 7 B A ol 57
WAT M REE IR . £E28 1 RARUET, PIALERTE & 70 04 7 R AT 53 AT AR 8 SCREAT 238, Wty
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bride 45 S 2 1) ff) Cohen’s Kappa i& 2 T 0.83(Hl 4 A I — 3R BE), U W A b i 2 AE bl A vl A 5 —.
SRR AR — B 455, PIRLERE 34T 5 ST IS EH BDA L. 3528 600 A R VE R SR 2881 37 AN 4r 4L,
i 600 AN S AT A R H) 26 ANyl rp. T EE RN, BATIERS TR A e e e RIS B, U E R
M35 N AR SR AT A e, 10 ELFRAT T4 H 1 SRR VA A TR 2 e XA B 4L
T2 TEAIAIR T AR FEIEAE Dy G THE DL, D& T 2020 45 2 H-12 H M4 A8 3 A0 (B4~ K
S5 AN 15 4 App IPFR s, ST 301 415 4 VFiE 1 675 034 4] 1
* 2 KbriHdEsE Ds

App K4 App % e A (IFR
Facebook 64 559 147 156
Instagram 63 124 153 852
2 TikTok 61178 104 094
Snapchat 18 268 41278
Twitter 15 583 36 386
Facebook-Messenger 27121 59 303
Gmail 9 655 24 520
A Telegram 7704 17 672
Yahoo Mail 7 090 20 124
Skype 3 266 8139
Paytm 18 316 47 836
Chase Mobile 3732 9952
4 fil BP1 Mobile 1375 3638
BCA Mobile 386 960
WavePay 58 124
I 301 415 675 034

4.2 FiERR
PP IR ER A AW Ay, — B e VP B bR R R AR bR, i R VP I TR AR,
421 EIERIEN FEAR

PR AT ) BT ERE. Wi Arab AVTIS A1) R S A T SE R M TE AR 1R, AR A A %
VB IE AR 3 A B IV R A i A

o VHEAiff e 2 LE A AR I 600 50 B A TR U B A

o 1 [A] 6 J2 1E AP AR B I 9 R S B A TR 0 A

o F1 2 R 2 0 44 1] 2 1) R AP 341
422 R firbs

S8 2 T ARV p ok SR AT (0 7 0, FRoAT A0 2k B A S B B R T £ SR 2 4 R, AT T 1Y adjusted
rand index (ARI)A! normalized mutual information (NMI)P§/NERZEFEHRACPEAE TR ISTEAE, X WM RHRI0 B B G
R RN R R . AT G RN SEFR R B R, C KR TR A4 L.

e adjusted rand index (ARI): ARI HU{E M [-1,1], Wt T AN I [ (1= S AL, J5 441 rand index (R

WA Rl = (a+b)/[2j, b, a 245 G A1 C i Iy BE 21 [ — S8 IO IC o £ b R AE G A C A g 3 id

BUASRI RS LR (ZJ%Hﬂ n AT REWE 2115 K G P X R R . AR A DA SRR SR 1 AR 23 3

“R# JLZ (chance) TH 34y ARI 4> %1
RI — E(RI
__RI-ERD _ 3)
max(RI)—E(RI)
Hod, E(RIAZ RITOHAEEAE. XL ] UARIE ARI B AEBEHLIG R bR 28 THOEF 0.0, A SZ R ISREE ALY

.
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e normalized mutual information (NM1): NMI Sz T P9 20 28 25 85 R AU, BUE A O(TC HLA% B B 1(58 42
HH%).
MI(G,C)

JH(G)H(C) @

e, H(G) =~ P(i)log(P(i)) 244 G Ik, P(i):%%Bﬁﬁﬂiﬂxﬂ@%ﬁiﬁ%&%%&EPH‘J*%%. MI(G,C)

NMI(G,C) =

G C TR, WIMIG,C)=Y jc_'lP(i,j)Iog[PF()i()il’D{)j)j.

4.3 HEEER

SEVRAT IR A 4 Sy VYA Jod T B X 8 P40 S P A 20 R 208 A e e S YR AR 7R 1 355 4
4.3.1 GHIEFREUIEAERAY

T VPl Arab BB SR AOMERE, FATE LR LA SEMERT R S L.

o KEFEP: ST B i M App P& H UM SC B Dh BE (1 5 5. % TAE P I Sk h i 295 15 App V4 i i
AR RE. KEFE & e8I 56 T4 5K 00 DB 4 SR SR ik 4 i, R J5 18825 T+ BERT 194 2588 K RN 3 R AH
S E. T g b AR S D R SOV B B, BT LASRAT A ] SAFER h R H A8 1 D AR LA b
PEXVE L.

o Casparl™: J&—Fl A\ App PF f HR ORI ZE B P 3045 (K56 T App 1) 1316 /)N 2 (mini-story) 16 753 Bl
H FLRT 2D (B) FEPE BRI 23 2O AE g — A FEUHERIRL. % TAE P AR —ADNEE, ST A8, JHa
Sz A O S A B k. HAkHh, Caspar B 56K HIBREEMATSE NLP FARIEIUE B F0), 25
1§ Fl USE ¥ 32 W ¥ 46 8 1) F Ak, 5 A 2 3 13 B AL (support vector machine, SVM)4r2 844 343264 User
Actions 5% AppProblems. FATE FH T i 18 3 42 41 1) S8 7 125 (https://hguo5.github.io/Caspar).

o BILSTM-CRF™: 2 J5 5 bRiE AR 55 (1 NER AT 45) i — Bl F IS0, B — FhIE T iR B 2 S IR, A
JI BILSTM #fi 3k ) 515 X, FIH] CRF JZ257 ) A1) T hR%%.

432 RIHMERAY

o 7 VG Arab BISIIPERE, FA1ME ] scikit-learn (https://scikit-learn.org)/FES2 38 7 BA K PR RSB S5 T7
EE N H, IR S HUG M R AR S 5 LR AR Ak e,

o K-Means: iXJ&— i HI RO 25005, & TxF App $F8 b 10 Bl i AT S 2504 ZEA o, A4k
/] USE %t H s 5 2E4T 1 84k, 4R )5 I24T K-Means 52K H b i v S 2K 2R ) 32 i vn

o DBSCANDPY: I it —Fhdt 5 FE L, T RBUTEIRIR M RIS, Foplity, BATH USE K4whd H bk
JEYE, #RJ5124T DBSCAN KT HARMEIE.

4.4 TWHE

WARIA ] T XL FE I DU R 2 B, 1T 1008 1R A 0 U0 2 Y e 8 110 76 25 50 B SR VP A BB P P e L fkdt, £ 4b
fladheh, FATR Kl 5 Dy BEHLZ S 10 7, IR0 O HribAr gk, R4 1 ook INATERE. B fEEE 10
K, IFH 10 iR PE RV b IR I PERE. AENIRIAT, RATEH] 8 FralbAT N gk, A 1 9rilt AT, AT/
HATR] R SE B B8 R 1247 Arab DL AN JEAERRL (ML 2R 4.3.1 747) ACRAIE % B8 ) 1 e AN 52 2 &) 23 1) S

AT RAEAE Arab TG INBIPIASPEIR R PEAE R TE POV RESR T LTk, AT T 3 4> Arab i fi iR
OB A2 4, Bl Arab-cs. Arab-s A1 Arab-c, 735 n AME I PFIE & PR AR (R SCAHIE) . AEH]
UV 0 38 17 SR PR A 20 (B 5 SO A AT App SR FAIANE T App 55 AR Y (BRI 35 SCA i R M PF 8 i ib 1
TR, S KR R RE N R B e 5 Dy, SEI6 VP Al R ()RR R 122 A8 SCS

T VPAL Arab SR ERAE R B AT N ROTERE, TRATAEEIEEE Dy Las AT JRATEE (10 2R K75 T R ig A
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HERERY (L 2F 4.3.2 717) R H bR v LLIRAG AR 7 TR W SR IS 45 IR, 3ok L5 S B R F0I0 117) 2R 218 45 SR A 5 3R
Fe ks LR PERE.

A TR P EAER R EAT A Z M REOCR, BATAEAVSFESIELE Dy LN Arab ik, FREH#)
Kol T 3 A0 App If45

A7 1R I S BRI & — A i 4% NVIDIA GeForce RTX 2060 GPU. intel core i7 CPU #1 16 GB RAM, iz4T
7t Windows 10 Ef & SN, BERYIZRIN 37 ik 4228 G IE K L4898 2.5 h,
45 KWHEREHN

H T VPG ) App PEIS SIS I TR Arab AT ROME, BRATWFST T LA 3 ANl L

o RQL: Arab fEFEHUH F # 1E F0 5 5 47l I () ¥ g o 4T 2

e RQ2: Arab S I B AN VE IS T8 M 2 45 %o 1 B X 1) Mk RE S T AT T k2

e RQ3: Arab 5 ZR IS P B AE R0 57 16 47 Dby b (¥ 1 B4 ]2

o RQ4: Arab 7E KB R Rt Bidi 4 Ds X App PPIE BB 12 3 (10280 58 4] 2

RQ1: Arab 7542 HUR P #R AR R0 5 5647 4 BsF (9 12 e e 2

h T AR A AR 45 R, AT Arab MRS EE 4.3.1 b (L HERERYBEAT T 6 EL ST, SZER 45 R L
#* 3. K IERT Arab il 3 N HEHER RS A P VR R AT O I 18 IR P e DL 2 AR BGX Y 28 H bR A T 1)
SVARPERE. Arab 7RG fE bR ERASOL T IEHERCAY, XA T TR SR UERL 84 (R KEFE A1 Caspar) 7542 8¢ H #7
FAVE T A A R, 103 T RE 2 S B SEHERBCEL () BILSTM-CRF) H1 115 S 3k AE /1 AN BERT, H. 2% T 1F
B, Dbk AELL Arab B 2.

3 Arab 5L VERO A TE R HCME AE LA (%)

i L7 P BAE AT A SRR
Ik P R F1 P R F1 p R F1
KEFE 38.91 58.34 46.68 20.04 37.17 26.04 33.53 52.15 40.82
Caspar 24.76 9.97 14.19 32.64 11.07 16.45 26.82 10.28 14.84
BiLSTM-CRF 81.82 72.47 76.78 75.76 52.56 61.92 80.27 66.66 72.79
Arab 83.21 86.14 84.63 78.14 75.44 76.74 81.78 82.99 82.37

H kM, KEFE FIMERIZR. A MM FL 4504 33.53%. 52.15%F1 40.82%, ifi Caspar MIUERIR . HHIF
1 FL 73504 26.82%. 10.28%F1 14.84%. KEFE [ f& Lt Caspar %47, &[4 KEFE 1 564 SAFE & L
18 ANEPERLRR, T LUK R K S AL H AR s, 25T BERT 32888 fefd 1 sk bi K 2= 1R T BE. AH
tb 2 F, Caspar JLHEM A& I A 3% 18] 38 5C 8 50 V8 (] 40 “when”“every time”) (VT8 FR HEER i1, R 4R B 3%
fE HAR R E B A, 12 J5 A 1) SVM 43288 P B iz i R & BERT, [k Caspar (¥ 1 B8 2 B Ak 20 rp g5 22 1.
BRIk, KEFE FII Caspar H 1 J 15 43 F 15 A8 2 A6 35 T 0 D VA SR I A0 3 o 08 (9 2t Bk AT I, IX A —
TR FRRIT HRE. BILSTM-CRF HUAR T 28 I i TERE, Wiffide. A RIZF F1 7300 80 27%. 66.66%F!
72.79%. {H 1 -T-6k/> BERT MASMOITERJE M, 08 AR ee R, Bt ge A an g AT 142 H 11 5 1% Arab.

BRI 7 Arab BARTERERIVEM R . FEIEF FL 2504 81.78%. 82.99%#1 82.37%, T ArH K
FEHERRRY, TTUER] T Arab ZE42 I H bR FLEE IS 1A vk, RIS FATT AT LA S5 Arab $2UH] 2 #RAE IR RE LL
PRI HAT NP R LT, X2 KA HE T P B E R B L e AT D B 2 (WK 1), TS Boa H -
BRI RTE Jy e . RIVE Qi ik, Arab 76 73 B $E BOX PR 2R M08 M A 2 & riEh s i i, R 4R T Arab
7E% App LftERe. Horh, Arab 7E Gmail F ¥ kA % 5 ik 2] T 88.43%, 7E Yahoo Mail [t 4 [A] %6 5z 1 £
7 86.16%. 7t Yahoo Mail [JHETI i AK4 77.66%, {E Chase Mobile ()4 [ Z ik 4 79.68%. 5K, Arab
TE%& App L3RBT — AN ] 42 52 W HE 250 4 [m] 6.

Fah, BATVEAAS A T WS H AR B W3R I AG R, I B se g 3] — L8 5 H AR aBE A O e, s, M
J ST AR AR BT D A 2 R AT ] — 2815 5 18] (i “can’t™“hardly”) B I /) 3% 48] (1 “as soon as”“when”). X4
A DURERE AT 25 TR BOR (I KEFE F1 Caspar) 17 I il AT AR, SRk T8 X it HoR e BE AR T €
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ke, I BAARNFE BTSRRI 25 Ak, B TR AR A5 R 8 AR, S TR O vk A
VEZ %00 T ARME TAE, 0 an4R M4 %) $F 8 41 “this update take away my ability to view transactions” i 45 i #¢
I8 A, XL LA ] T AT R SR RS BRATEMI T L Arab R TAERRIKE
i, oA LR SRR A RSB LR, Arab ) DLARER H AR 8 1 1A% O 2 T AN Bl ], (g B AR AR I T — 2
ANTE L) AR, R R AT O B S () L m R sORIE. i, Arab o] BEEE R MBI have not receive emails
for 10 days” " $2Hl “receive emails for 10 days”, 1My s B A0 7 4E 2 “receive emails”, IXFER) 45 R T Arab
11 R
* 4  Arab % App R IESRIUME fE L (%)

&b

APp Precision Recall F1
Instagram 81.06 81.74 81.34
Snapchat 79.28 84.61 81.65
Gmail 88.43 82.56 85.35
Yahoo Mail 77.66 86.16 81.60
BPI Mobile 84.75 83.99 84.23
Chase Mobile 78.66 79.68 79.02
SAEPERE 81.78 82.99 82.37

RQ2: Arab T I B PY U8 S 1 2 10 0 45 15 312 UAR) P e 4R T AT sk ?

H T RAUEIEA B S5 R, AT Arab 5 3 FiESR IR AL (AR A EAT T HESERS. R 5 AUl EAR T
Arab R 30 3 R AR TERE, b, Arab KR FRTERE & T TG 3 A ik, 5 3EAL T Arab-cs BBUAH LL (R Arab vs.
Arab-cs), W0 App ZETNAVTIS R IR G RO M B R S T F1(+8.51%), 1X R WA R A B TR H FR A E
[F] I AT OB S B H] 2 2 4E 1) FL 3271 (5.10%) 1 Ik T~ 53 % AT 0 I F1 $271(20.36%), X i3 X P~ @ PR U Hfig
BRARTY AT D FREU P BE.

5 T ST Y -VE R R I BE 9 5 00 (%)

fabr 84 AT SATERE
J7 1% P R F1 P R F1 P R F1
Arab-cs 83.49 77.80 80.52 73.47 56.64 63.76 80.90 71.60 75.91
Arab-s 83.06 84.31 83.64 73.24 72.61 72.85 80.23 80.87 80.51
Arab-c 84.01 84.20 84.06 73.31 71.51 72.31 80.94 80.47 80.67
Arab 83.21 86.14 84.63 78.14 75.44 76.74 81.78 82.99 82.37

GNPV B, PPe AT RS X FL R4 T & T App KB E . @B Hh, TATE
MELBXVIAN B PE W TTRRAE — @ R ER R, RIAEAN 1 1Y 1R 2 i AN 2 ] o o 38 2 AN R (1) 7k g
b X IRGOR TR, DR — SR AR IR (R 1 AE SO A AT 1 SO AT A, R LRI B BERT #5528
k. Si4h, AT DU S B AR R T 00 P B A SR Bk RE (R 48 T, 388 S — Jagd P R A 5 S i AT O S Bk
Ae B TR, SR UG, ] VR I WY A e Pk I 3R A5 1) R R Tk e dee s 1), Xt — B U T AT AR ik
s EEHE,

RQ3: Arab 7E 3R S B4R R0 7 5 47 g e 2k B T2

%6 JBIRT Arab DL PSSR RS H AR FLUE SR O I PERE, FRATAT DAMSE R Arab 1SR MEREDL T
WA LR AY, Hop ARL AT NMI 23 51534 3 0.64 F110.91, 7T K-Means (0.38 £l 0.80) il DBSCAN (0.45 £l 0.83).

# 6 Arab L5 SEAERI R RE LL R

T br I 8AE AT N SR TERE
J7 ARI NMI ARI NMI ARI NMI
K-Means 0.51 0.92 0.67 0.90 0.38 0.80
DBSCAN 0.53 0.93 0.74 0.92 0.45 0.83
Arab 0.66 0.94 0.83 0.94 0.64 0.91

Ak, FoAi 1 5= 3 Arab 5 AR ECHEZ T NMI R e, X 2 R ARL 2 —Fhoeh s i B B8 kR, 24
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AR N J T[] 2R IR P A o T A A 3 T 8 S () SRR, B 2 A S AN [ R 288 01 9 A e T ol 5%
BB BRI, R R U AR (R4S W] Arab T LT R I A 2B T 1 B8 S R R AT I SR 3K,
M NMI TR R R B be, 265 BURELS, TECEMANBEDMMZER. NMI 45 REY,
Arab 1331 (1) 52K 50 A7 (151 a4 A~ S 2K b B b R T 10 B0 ) S BRI S B (R 2R AT, B TR ZE IR ARI HB 4
K. Ao, BATIER RN 5L HAT 00 AR 3L B 1E R, T NMI ZE AR, &Rk 5 5 AT 4
WA, BB, RFEEEE L X 5. HEEIXRE, Arab 78 P78 BB i Tk BE.

FEYREAR A Ty v 32 BRI F AR B T BRI 06 R OR SR 2 B AR TV, Arab TR S IR SRR BE AR I ERAT IS HH 1
Fo T P 0 58 205 10 AT DA S g b LA V2 D) A0 SCSR R, TR T i 0% T A 20 b R S 1 el 2R 20 ) i

RQ4: Arab 7E K HUBL R FRvE S 4 D3 Bt App 318 Bl B2 4 1 2% 9L fan ] 2

AEAE AR 3.3.1 1 R ETVEAE SR & D3 Loy B SO P R E R R AT A AT R, ALK

RV B /> F 500 fROEREE, B BATRE T 33 M RAEIRICLL R 19 NRFAT N RE. R T R T
PERN 84T B 52K b Top 3 B AR, AE SR AEIZ R P R i (0 25 L B TR MR 7, JAiTmT A
RLEE B N A7 AE BRI R D RE (R P 8 4F) B PR T SR (A« B RIE(A) . ASIIE 1 (As) M1 App A 31
(Au)- £, 10 App (115354708 T EERBLUG T REA TAE(By) I IAEHT K (Bo)« oMM (Bys)+ App I Hi(Bas) A1 App
I (Brr). 145 REMM TR T FA TR H 2R I TE A RE.

KT B HAT 9 BRI Top 3

# I HAE A # M EBAE A # SEWATA B

Aq account, log, login Axg live, option, stream B, not, work, stop

A, send, email, mail Ar download, file, save B, take, time, forever

Az story, post, share Az update, download, version Bs delete, cancel, remove
Ay picture, photo, upload Ars call, make, incoming B, fail, mess, get

As video, call, watch Az payment, pay, bill Bs disappear, vanish, reappear
Ag verification, code, get Ao code, receive, activation Bs block, action, account
A7 message, receive, see A fingerprint, login, finger B stick, get, stop

Ag notification, get, receive Ar7 sync, email, contact Bsg lock, account, close

Aq see, view, comment Asg tweet, retrieve, like Bo go, back, come

Ao load, message, page Asg messenger, open, use B1o freeze, freezing, frozen
A open, app, (appname) Az otp, receive, send Bi1 error, say, message
A datum, count, data Azr money, transfer, wallet B1, available, not, unavailable
Az dark, mode, night Az transaction, do, history Bz no, longer, happen
Aws click, button, skip Asz deposit, check, mobile B option, no, button

Ass number, phone, change Bis break, shut, pause

A delete, email, spam Bis say, invalid, exist

A7 chat, group, friend Bi7 crash, crashing, freeze
Aus password, reset, change Bis close, down, not

Ao press, back, next Big slow, down, fast

Kl 5 121 App F0 (3 F) 2R T 4558 App I ERAE RIS B AT B o0 A, DL Z TR R OR 2R 1)
G BATET] A 2R 2 1 A (e, 33N AR, B R 3 | (el 19N FAT A RI, K5
i ATH J PIEOIRBUE R RTS AR By (KR X RO, Hrmlit, 28 0 JI37s I B AE 33 MR R
oA, S O ATROR AT AL 19 AN LI BCE A, IR R B %

AR App [P 3R AEAE R RO IRER AT RSNk, IAE S Ah SRR EAPAE 257, A0 SR A OG R R (A) 7
X 358 App A AEAE, T AIARUE 1 (As) B 5% O [ AR TR AEAL AT IS App, BB R IE () FH R A ik I AR
TR AR 2 App, H4K (Agy) HH % R SR B 3 ZEAR TR A2 R App. 55— 7 I, FRATT 5 AN [FI 261 App BT il K )
FEHEAT NI ZE AR, P R b S DI REA TAE(By) s IS IMAEHT K (By)+ # HH A A5 L (Byy) AL
BB 5%, BIORUL, XEEMGRAT A H RN S T BRI, —ERefE EUEW] T Arab $HXH ARAE T IR AERR 1.
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EENENNEEEEEN  EEEEE-- EENEENE EEE EIEIEEE-- EE E UEN EECEEEEENE- =
i =. E H EEEE B .l= _: = = = = == . =.= .:-m: = HE § EEE BN bt | B :'E
i ome EEE NN l:-j- i = nw -:: 5
E R = | o || e : o
2  J | : - " =
l == m in -2 - B - --.-:_’% I Em =E W ;
i g e oy moE e
i f e P R E
5§ mil - wy
k8 G B 3 fE &
3 -3 i mm g
0 . £ = £
. = i ;-
% i " 3
(a) =z (b) MfF (c) 4l
KI5 ANIEZR5H0 App H P BRAERILR AT 28 R AT ALAL
FLR, BRATTR P 3 A R0 S AT D R ORI OC R UEAT 20 AT, AR AT 1 (Ar~Ags,B1~Buo) T B HI 43 AT, FRATT

T LI BAN R S5 9 App HH ORIEOG 28 1 i 2 50 ) 9 (Aq,Ba), BV X555 (Aq) TAEANIE T (Bo) £ 5K App h %
WAEAE. 57T, 2K App T BRAE R AT N RIS R B A AEZE . B, T AEAS App ok, SRk

K, SR R I ERE(ALBL) (A7,B1)s (Ag,Br) LA I(A0,By), BV IZEMELE(Ay) A5 B (A7) FZH 511(Ag)
SETNREZH AR TAE(BY), AR N AE B (Aw) W K (B,); %t T-4x it App, JCIBE ¢ B B0 58 1 A4 (Asa, B1)  (Asg,
By)F1(As1,By), B SCAH IR (Agy)~ 5 4075 3 (Age) FIEE K (Agy) S5 B BEASRE IE 5 T/E(By). Arab [ T AEHR (It Fik W 52
b, EAFAEHABIEAE N, 1T A v DAAT G 5 App FELeRs 2 5 A7 4 ] 3 AR AT iR e, AT 45 By I
K WATERIEEAL. B BAT AT USR], 1R App ji 5t (Boo) ] 48 4F 2 BEALFRIK ) SR (Ay)~ R IE B
(Az)~ PSR (As) I App Jo Bl(An) 5. Bz, IX SRR A5 G AT LA B JF & 4 T Lp s B2 ) P 6 VP8 rh IR 57
(I3l fie T SR B b, A7 B T 2 HEOT R AR Je 4, M BT i i
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