S A ki o B =

CAAI TRANSACTIONS ONJINTELUIGENT] S"ﬁSTEM.

4

Rl X8 5 S R 22 0 4% ) 2 R 2 W 5 v

PR, R, FUE, SIE, VR

FIHASLC:

SRS, S, AN, S5 Rl A RS T R 28 I 2 Y BRI 2 WA B RE R SR, 2020, 15(3): 452-459.

SHANG Xianzhen, HAN Meng, WANG Shaofeng, et al. A skin diseases diagnosis method combining transfer learning and neural
networks[J]. CAAI Transactions on Intelligent Systems, 2020, 15(3): 452-459.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.201811015

L] RERGBR A HAN SO
DR~ I RS EAT R 5 P RIS

Human interaction recognition and prediction algorithm based on deep learning

FIRE RS 2F4R. 2020, 15(3): 484-490  hitps://dx.doi.org/10.11992/tis.201812029
JERAC KU 770 28 0 48 R0 () 175 SR A AT T 9

Hierarchical double—attention neural networks for sentiment classification

BHER LR, 2020, 15(3): 460-467  hitps://dx.doi.org/10.11992/tis.201812017
FE TRk R 2 M 28 B 2 hRic oy IS

A multi-label classification algorithm based on an improved convolutional neural network

BHE ARG AR, 2019, 14(3): 566-574  https://dx.doi.org/10.11992/tis.201804056
R AE NG ER A 22 25 ) 22 7303 S AE I R 40

A polyphony music generation system based on latent features and a recurrent neural network

BIRER G4 2019, 14(1): 158-164  https://dx.doi.org/10.11992/is.201804009
He T ORI BPA 22 9 2% ) T 2 VU

Hand-motion recognition based on improved BP neural network

BIBE R G244 2018, 13(5): 848-854  https://dx.doi.org/10.11992/tis.201703018
BP I 28 N 2% -4t 2 2] T e o

Subbatch learning method for BP neural networks

FHRER G2~ 4. 2016, 11(2): 226-232  https://dx.doi.org/10.11992/tis.201509015



http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.201811015
https://dx.doi.org/10.11992/tis.201812029
https://dx.doi.org/10.11992/tis.201812017
https://dx.doi.org/10.11992/tis.201804056
https://dx.doi.org/10.11992/tis.201804009
https://dx.doi.org/10.11992/tis.201703018
https://dx.doi.org/10.11992/tis.201509015

5515 55 3 B o R & ¥ WM Vol.15 No.3
2020 4E 5 H CAAI Transactions on Intelligent Systems May 2020

DOI: 10.11992/tis.201811015

R AT 7% 5 S A 2 W R B R BRIR 12 B 7

MBE, &9, 0% W, FEE
(FEHEKRF TEIAFES TRER, TE 4 750021)

T B B R SRR IR R 1 i R ) R TR IR T 12 AT A 3R, IR AR R A A AR AR 98 KR N A, BA K
P TR 05 KA A A Bt 5/ A6 ), BT TS A RS 2 T 22 I 2 4 B TR Sl B2 W 7 ¥ o 107 1244 TextL-
STM(long short term memory neural network for text), TextCNN(convolutional neural network for text) 1 & RCNN(re-
current convolutional neural networks for text classification) 25 3 Fh 3 F~ 81 25 W £ [t SCAS 43 2845 580 17 T B JBR s 4l B
LW, IR EEA TR 2 BOR, BESTE — e R B B JHoms &l 138 vh iy SIS AT B B2 Wi i vh o e Bk
i 20 o RS TR, AR SCOT A W IEBR AR AL TR LU 5 1 A B R RS T, AR ST VA Y A 8] AR TR TS
o LR 2 X SR A5 R B B W R = T 75%.

KB : LIRS WT s MR W45 TR 2 2 5 SOAR IR RPN I 465 5 IR BR A 22 I 2 5 A ST 10 A2 I 455 5 %l B2 Ik
FESES . TP391.] XEFEEZRL: A  XEHS: 1673-4785(2020)03—-0452—08

RS AR BERE, B, 0%, £ BAIRFINBERNENERKFISH X (J]. BREZFIR, 2020, 153):
452-459.

#1325 183 SHANG Xianzhen, HAN Meng, WANG Shaofeng, et al. A skin diseases diagnosis method combining transfer learn-
ing and neural networks[J]. CAAI transactions on intelligent systems, 2020, 15(3): 452—459.

A skin diseases diagnosis method combining transfer
learning and neural networks

SHANG Xianzhen, HAN Meng, WANG Shaofeng, JIA Tao, XU Guanying

(School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China)

Abstract: To address the problems that medical features can not effectively express the chronological order of a patient’
s condition, feature construction incurs high labor costs, and the number of diagnosed cases of skin diseases is relatively
low, this study proposes binary classification and multi-classification diagnostic methods based on neural network and
transfer learning of multisource data for diagnosing skin diseases. The text classification model based on three neural
network models, namely, TextLSTM(long short term memory neural network for text), TextCNN(convolutional neural
network for text), and RCNN(recurrent convolutional neural networks for text classification), is applied to dermatologic-
al auxiliary diagnosis. At the same time, the method incorporates transfer learning, which can transfer theoretical know-
ledge of skin diseases obtained from books to the diagnostic models to a certain degree. Results show that the accuracy
rate of the multi-classification diagnostic method is higher than that of the binary classification diagnostic method. By
contrast, the recall rate of the binary classification diagnostic method is higher than that of the multi-classification dia-
gnostic method. Thus, transfer learning has a positive effect on more than 75% of the experimental results.

Keywords: skin disease diagnosis; neural network; transfer learning; text classification; convolutional neural network;

recurrent neural network; long short term memory neural network; auxiliary diagnosis
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Table 1 Binary classification data sets of skin diseases

IE# % (Accuracy) X EERITE Z2 7 R BR AR L3R
BAEAT VAT, T R PIEF /- A LR N %
AR SR, IERR R (10) AT

TP

Precision = (®)
TP+ FP
TP

Recall = ———— 9
T TP EN ©)

T
A = — 10
ccuracy N (10)

LRI o S0 TR B s Ay B A L A o
BARINE 3 s, B IR 4 fo, (T
2 e B HE MR AN G R AN 5.6 i . AT
B2 ] BRI, TextLSTM 1E 1 F {2 Jdis b v
e, FE 0 B B2 s 1A MR B 5 5 TextCNN 7E
5 Rz kv b MER R B, 7E 4 B RO A e
i e s RCNN 76 1 i i ks b o e e g, 7
3 Fh R KR b R RS 2R ST HE R
J& , TextCNN TE 4 F f¢ IR b 6 % i =, RCNN
FE 2 B2 RS B A R B

3 BERBE-OEBEELNARE

Table 3 Precision on the data sets of skin diseases for

g BEARE EREA R binary classification %
Tk Bz % 44 22 Bl TextLSTM  TextCNN RCNN  FMNN
GitIN] b2 78 39 F i e % 31.82 25.56 64.58  68.61

e 56 28 Gt IN/ob2 S 64.63 24.74 4920  80.11
LB 56 28 A 67.42 7020 5114 51.67

~ERZ 40 20 LTRERIE 54.00 8722 8603  96.00
L 42 21 LR 36.06 56.86 2332 2250
il 40 20 TS 63.44 74.89 33.75 6214
x2 HBFESHEBIESE LSib ] 56.14 83.33 82.92  70.00

Table 2 Multiple classification data set of skin diseases
PAGITE S FEA R PR
Bl 178 7

AR SR FHHERG 2R (Precision) A1 [B] 3K (Recall)
2 A HEAR R 40 AR R R BTV
B o AR SR HEFEAS 0 T A 25 (B R i 463 s 25 (B RS
FEAR AT R A . TP FRom TN 453 A 25 S IE AR AR,
FLEHR S IEFEAS B REAR A% FP 3RR F I 452 7Y
S5O IERFEA, FLSChR A A R AR I RE AR AN B
TN 7 T AR 50 28 Sl 1 FE A, BLSEAR 28 Ry 1
FEAR BRE AR A28 FN 267 1000 A5 78 248 51 5 A
A, BSARS A IEREAR AR, A SCR A
KR A R 5= (8). (9) T . AR

R4 ERBE-SERHBEELHBEE

Table 4 Recall rate on the data sets of skin diseases for

binary classification %
Hollate TextLSTM  TextCNN RCNN  FMNN
P Bz % 56.36 23.11 64.50  93.33
ARSI 76.26 35.19 88.00 87.77
UR T L S 65.84 81.43 68.57  80.00
LIBEARAE 60.06 81.67 96.00  96.00
SHE 45.15 90.00 37.50  60.00
e S 46.45 73.33 4125 70.00
BsRib 76.36 96.00 83.17  62.14
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Table 5 Precision rate on the data sets of skin diseases
for binary classification (add the using of

transfer learning) %
G TS TextLSTM TextCNN RCNN  TLNN
P Ak Bz % 41.47 90.28 81.57  44.44
RS2 83.43 63.80 59.99  93.14
PSR 60.82 87.55 81.95  86.00
LIRS 60.00 82.92 82.19  71.55
8N 9.94 47.57 87.00  58.67
BTS2 64.33 76.00 6333 81.95
b 69.95 89.33 96.67  63.84

ko6 EEB_SEPEBBELINBER (FEFRELES)
Table 6 Recall rate on the data sets of skin diseases for
binary classification (add the using of transfer

5% AH Bl BE 45 & 1Y J7 i (TICS) Lh K Fifi L % Ak
(RF) #EA7 5256 . 4 Fhoxd He o e — 284155 1K
WERA AN 1R 4 8. 9 FiR, 18 £ 5 84T
% FMIER R 10 fras, X s ME s
AL, FE A RS g, AR ST I B HER SR AE 6 Ff
R RRIR L T 4 Aot e vk R HEER 6 g 9 Tl
I, Ay RS T, AR SO R B TR AE T R
JR 9 b T 4 FP X H ks X R 7 Rk 10 1]
H, FE 25 RS, AR ST IR I IE #5054
AR 2 2 SCA S 2 T5 1k

RT ERBEESEXHEELHERE

Table 7 Accuracy on skin diseases data set for mul-

learning) %
Hilate TextLSTM  TextCNN  RCNN  TLNN
FEAmE He A& 76.33 83.33 77.83  96.00
HRIEZ 79.03 71.90 96.02  74.60
UL 78.48 91.11 87.78  93.14
LIRS 60.01 96.67 97.50  98.00
8N 23.33 70.00 85.00  60.00
LTSS 61.16 83.00 6233 77.67
e 73.50 96.00 82.66  93.75

tiple classification %
Ik NRES NRIESCIYNTREZ=22))
TextLSTM 41.67 52.50
TextCNN 79.04 81.13
RCNN 63.19 83.33
NN/TLNN 71.94 84.17

RS RBEBR_SEBEELNAEBRE (ERSEFE)

Table 8 Precision rate on the data sets of skin diseases
for binary classification (traditional classifica-
tion methods) %

HAnE NB DT KNN TICS

TEANEFHIE RS S 2T (R LT, Pl 28 ) 465 A5 A
A E Bl G 7 (fusion method of neural network,
FMNN) 7E 7 F {2 R H 19 3 Rz B b v R
B, IR T TextCNN; 7E 2 Fl iz R 1 73 [B] R 4
B, AR T TextCNN, 78l FHGE B2 2% > 115
T, TLNN J5 6 7E 2 B Bz ks b s e dm i, (IR
T TextCNN; 7€ 3 i Bz ks b4 1ol 6 f i, A et
RO A2 T B T 7 A B I — 0 28 %08
LR 4 FPz a3t 28 N UER R Y 22 4N
T RRRRE W, FRAR R K 78.57%; X 21 A>3 [a]
AT FRGE A, BRI %R 75.00%

AR SCT AR B R 2 0 JE B0 4 I IE B
R 7 PR, FEEPIEZ AL T, B
X4 F 7 i 1 IE A R 2 P A T B ), g i TT
PETF 20.14% . A SCHEH A9 TLNN J7 25 1E 6 36 5
=, N 84.17%, HAS 2 44777 RCNN 5 0.84%.

SR UE PR AR S B A AR B2 2 SCAR 432
D7 B P M, AR SO FH 233 TR) R Y X jg JBR o S AR
g i) B HE 1 AT 8 XAk, SR A A DL 8
(NB)., JL3R M (DT). K #c 4B (KNN), TF-IDF 5 4%

i iz 46 59.63 58.13 55.27 51.46
RIS 59.55 49.72 50.29 60.89
PUR Qe 62.36 57.32 47.43 49.78

BRI 60.33 61.58 50.62 4235
FIRE 54.05 57.55 42.92 44.67
% 55.49 59.33 49.31 51.25
ER 58.52 42.41 49.57 52.05

®9 BERB_SXYEBELNBEER EBEFEFE)

Table 9 Recall rate on the data sets of skin diseases for
binary classification (traditional classification
methods) A

HAnE NB DT KNN TICS

Hefb: fz 98 61.33 55.17 59.89 57.55
RIS 61.51 60.80 55.20 63.87
AT S 55.81 59.05 54.47 44.02

ZIBEARAE 63.43 60.36 53.25 59.02
SIHE 61.33 57.05 55.74 47.71
w5 64.50 62.75 49.00 51.44
BRI 61.78 63.16 54.17 58.14
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Table 10 Recall rate on the data sets of skin diseases
for binary classification (traditional classific-

ation methods) %
NRIT NB RF KNN TICS
IR B 61.84 64.06 55.19 54.42

TE B2 R oy JBR 4R L, ASCHE A iE
8 27 2] IR 28 ) 245 1 Bz JER o ol A2 W7 32 1 3 [l
ZA T TextLSTM ., TextCNN, RCNN 3 Fifi it 22 [%]
YA 2T, VU NB, DT, KNN. TICS 4 ff
J795 ; HER RALIR T TextCNN, 78 [ IR G £ 502
Bl 4 b, AR SC5 ¥ W IE B R AR TR e v . i
B2 > 10 ol K e kv ol F3 48 T 9 B8 MR
AR RS B T 2 WA R b XSG 2 AR A T R
WS . FE RS, A2 T 1Y B 52 e
BT 75%, fE 2455 h, B2 > U
RN A 100%

5 #¥RiE

ASCEE T RG22 R 25 X 4% 1 Bz JEk
Joa il B2 W 7 1, EEXHE GERL RS 2 2 R A
PRIEL Y SR INHE T AR, FEAEAS 2 TAEAE SR K A
T A, UL R HE T BR 2R Y WL 2 2T 12 Wy ik
S DL 38 R IR 99 16 DA 2 390 A s P I 4 45 [ R i
A7 T ek, AR R ks 15 8 e TR R 28 1Y) 1 400 4 i
LTI b 28 P 2 4500 (i AR R 2 S R A
FE v 1 R JER 5 0 P RS B B R 2 W R B v, A
B R B i 5 Ak Sl 2k B2 BRI IZ s A, AR S
il FH e Bk s B8 AR AT S 5, JE O 5 B T
28 SCAS 4325 75 ¥ TextLSTM . TextCNN, RCNN
DL SR B2 W 2% SCAS 43 2507 % NB. DT RF,
KNN. TICS #47XF L, A% SC 5 ik B 1 a1 52
R .
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