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Detection of .Bad Smell in Code Based on BP Neural-Network
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[ Abstract] Bad smells in code seriously affect the quality of software and _its\fnaintenance. To address the low accuracy
of machine learning salgorithms in bad smell detection and the single type of bad smell dataset, this paper proposes a
detection method for bad smells in code based on BP Neural Network( BPNN.)'. Considering that there are different types
of bad smells in the lactual development of software, four types of bad smells, Data class, God class, Long method, and
Feature envy, are studied and merged into method-level and class:level code smell datasets. Based on the label information
in the dataset, supervised deep learning is implemented to build a true and false positive prediction model for bad smells.
The experimental results show that compared with the bad smell detection methods based on machine learning and metric,
the proposed method improves the average accuracy<by 15.19% and the average F1 value by 58.39% .
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in code based on BP neural network
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TE Xt B 4 HEAT AL B0 B B 4R S A 2 d
25 ) 25 AR rp RS IR RS I 1 HL A R AR

BN A AR A AR IR R AR O RE A M

W AR IR R

- W =RV U EZY T 30 a8 1 PRIV I = iU R R
Mg MR AEEBEEE 12— AR,
52 2 RBRRZE , M4 R E— )2 22 ik 2
K H Softmax pR 54 th LA IR IR 9 25 51 .

H 2 B RE A AL B 2 AR S IR R
REAE A 00 PR B0 MOAE i A2 R B RR 205 B
Y by D0 248 B 1 R, RO Y, 2 Y o SR
IRN Y g TR Y 5 Y Z TRV IR 22/ T 2 FiT B8
) 151 8 3 11 2 2 AR 40 508 21 B, 0 52 A i 28 1)

B B - LTk
Dense)Z —»{ Dense)z —» Dense)z —» R 25))




220 it &

LT O

2020 4£ 10 A 15 H

26X AR DR A 000 I A UL T A T 4%
B N 2= AT RETIIN 2

W3 4 FONTANA %5 A48 iy fCH IRk 24
FEECHE R AR g S5 AR A5 IR R 3 4R |, I L 4 BE S
A5 0 4b B3 A o BT R O O I B AT A 0 S )
B U o A 20 0 DU A i A DI e ) 28
25 AR b IR Sy RO A IR R S
3.3 ipfhER

2550 B B 77 22 W 3 e AR b 8 481 2 RN RS
FE, JFLIHERS B (Accuracy ) (F1 {H L) f2 AUC {H T4 45
PR iTA i 28 I 28 B Y 73 Sk Rl . MEAR B (F1 (1 HLiR
HEAL A (8) ~X(11) Pror:

TP + TN

A = 1009 8
COUTaCY = P TN +FP+EN (8)
TP
P 1Q1 = 1 0,
recision =~ x 100% (9)
TP
Recall =——— x 100Y 1
eca TP+FNX 00% (10)

_ 2 x Precision x Recall .
Fl= Precision + Recall x 1004 (11)

Horpr TP AUSRFEAR IE 28, TN fRERFEASIAEL  FP O
DR Y BEAS 73 26 BE i R A B0 N U Y IE
FEAR 73 28 U DR AR AR 1) 2 i 4

F1 (B Al DL AR 455 RS BCR FIN [ % ) — 7l
P, BB E R 0 ~ 1, {24 KT 55, W Bk
B R A A [0 AR RN AR 7, (H S B b A AT RESE B
DI, 75 223K P A 20E) 197 5 5, T FLE n] LUR
AR Pl 0, FU L 7 15 O 5 3 R 9 (] 5% ] i ik
B HIBS 17745

AUC {H#E 4 ROC i £ iy i A1, A 32
B R o AN BB ZE R, AUC fRBCR 19 70 26 8%
ROR ML

4 SRIRIIE

NUCCI 48 A\ %} FONTANA $2 H i Rag ik 22
PR €/ =R e N W L R S 1 R L7 N
AT Z B 7R AR B 25 T A AT Weka T H
PR R ML 27 =) B RN AR SC O 4 i AT AR A 3R ik
I, 56 I A SCAC A R ARSI 7 B4 Pk RE .
4.1 LI8TE

A 5L B 7 Ubuntuld. 04 LTS 35 F b 47,
TR EE T Keras ¥ 5 2% > HEZRSZIR, {# ] Tensorflow
YERTHS R 5 2, Mg 4 R R 4 e X, LU
batch size = 10 T =02 B /N HE B X ) 2% 335 47 46 B T
B, 2 I Zhatk AR EE K epoch 1 E R 500,

AR YR S0 38 A AR A PR R A T X 7 4 Java FF
PRIGTH HE AT AR W, DA AR BCPR A IR S 4, I B B
BRI RRIEAR AR DL K VR Y 4 R BCEE SR AT

B A RGN AT B G 1 2 b 2 B ROHE AR L
P IR RSt 4R P65 A [R) IR R 28 7R LA b 2 4 4 ik
{ti. T FONTANA % A2 th i1 28 F AR A5 35 ok
B A S L v A I 2 G A AR R 0 A7 3
AR BNT .

1) X80 dh 45 v B 2 S R AR | AR IR R S 4] LA B
PRASIEAT WAL BE . A SCH FACRS IR IR A S Gl TR
AR AR IR R S 0] O 5 A7 FR 30 A2 JlbR 4%, 25 5
AR SR 5 B B IR RN R 4L . 5 B3] Ak
LR ARy Arff A% 30, N T A BP #2245, K
SCH Y Python S EL CSV %dls 4% 3 5 Arff %4 48
A6 2 AL % e, Ry 1 30 IR AR A W o A AR 7% S5
PRAET R LA 28 0 BUH 2 B0 2008 4R 5 0 v 28 9
F1%0 2804 B, o AR O AR A R Ty vk 1 BUHR 4R B O ey
EYUNMEHESE . G IFZ 5 0 2 T 4R 4 a6l
840 Fift A% IR A S i

2) M W 2R B 25 o s AL B SRR R
Hhn AR 00 28 g A B A B ZEAE AR O R 2% B
40 i Y S 2% o AT R A 3 S R I 5, A
1M 5 ) BP i 22 [ 26 73 2R AT

3)KIRIALAL o fEAR BUAR AL BB, F T 3 52 X
6 TIE 125 6 E A TR e AT R 8 00 NG R, DA sl A A
N ZRad R b s B S 5 BB L) 73 2 58 UM A
A BRI, IR I B il 2 19 4 6 AR DA A £ 500 i
DA, T H N 5 A R Adam JE A7 B 2 8
%5
4.2 HERFH

BN LLR 3 AN T7 o B A SCEE T BP 22 W)
2% FO AR IR R A 5 vk 55 NUCCT 28 Al A #L 4%
F TR A AR R S b A A IR R A I 25

1) B0l 4 vh A0 3 A [a] 26 B A AR SRR X T il 22
EE e S AP E S A PN/ 1 6/ L L E (7
[7i) 21 0 f8) A IR IR o e 22 o 2% 3 2J 85 A6 0 2380 2R 1) 52
I RS IS & EOR A TR/NY S €/1E S K (B
R 2 P2 B o A o 25 R 5 vk A A T B4k 4R
) ET EE FL {E A AUC [HZ5 R Mg 2 ~ %5
I

x2 HFERHEENNKER
Table 2 Test results of Data class dataset

‘ S AR 95 b
SRlllrRrS
WER /% F1 {5/% AUC 1§

J48 82.13 58.21 0.87
Random Forest 71.64 10.54 0.82
Naive Bayes 65.47 47.61 0.85
JDeodorant 73.80 11.52 0.75
A SCTr 94.51 93.62 0.94




F46 10 Y

T HETE , ok — AL, PN FPE SE T BP B2 I 2 114 A8 45 SR R AG 221

3 LHFEHEENNRER
Table 3 Test results of God class dataset

x6 WMAETHERE

Table 6 Number setting of neurons

) P 35 A LIS AR e 72 i th 2
) 2
HE B/ % Fl1 {8/% AUC {H S B 8 16 3
148 83.17 46.36 0.88 J7 5 GO B 4R 10 25
Random Forest 70.55 8.98 0.81 e _ s w
_ TE W 25 b Bk )22 >k Re LU 80T oK 2, i i )2
Naive Bayes 83.37 56.42 0.88 - s Zé&
JDeodorant 71.69 11.67 0.79 R Ji] Softmax 2’%{%%[ ° )
P 02, 33 o1 34 001 3) IRES IR BRSSO ME W FE . R T REASTE R4l A

R4 FERTHEENIKER

Table 4 Test results of Feature envy dataset

A SCRERIAE Y 25 B B 5 00 4 By B ) AR RS Rk Ay 2
WET L il S B AR 7 43 28 5k 28 b i o i B, 25 SR
K 3 LEVOT s o ] DL Y 28 R 4% 43 25 2
TEARAE 5 B R 400 ~ 500 B g ik 3 % 4E 5 4k 4y 2%
PERE 5

o VAo
A6 W I ¥ -
HER /% F1 /% AUC {fi
J48 80.27 49.57 0.84
Random Forest 71.11 9.75 0.81
Naive Bayes 79.65 44.15 0.83
JDeodorant 75.67 15.21 0.71
AR5 84.35 75.21 0.81

x5 KARYREENUNXER

Table 5 Test results of Long method dataset

I R
A6 0 J v
W /% F1 {§/% AUC 4

J48 83.92 29.37 0.83
Random Forest 69.51 4.97 0.54
Naive Bayes 79.88 48.75 0.79
JDeodorant 81.27 14.79 0.70
AR5 95.33 90.35 0.82

100
90
§
g 80€
&
70 F - I k5 %
A AN

60
50 100<150 200 250 300 350 400 450 500
IBRHE

I BELRMIEERERE
Fig.3 _Accuracy of Data class dataset
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Fig.5 Accuracy of Feature envy dataset
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