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[ Abstract] In clinical practice, early diagnosis, accurate assessment and effective management of rare
skin diseases are difficult. The Big Data gives rise to the exponential growth of biomedical data, including medi-
cal images, multi-omics information and electronic health records. Artificial intelligence ( AI) , particularly ma-
chine learning, has its advantage in processing complex and abundant information. Researches have applied Al
in the field of rare skin diseases. In this paper, we briefly describe, discuss, and foresee the research on Al
based image data, multi-omics data & text data and Al in assisting rare skin disease drug development, in order
to improve the awareness of dermatologist understanding of this field and actively promote the development of Al

usage on rare skin diseases.
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P DL — PR AR DB N R AN HORE  4
DG, T A E R R E L ATk
PR AR BRSNS AFAE 22 5, L T v TE [ B
Go—iE L AR BE A S R AR A A Ay 4 R L
5 I 2 SO B RAR T 1/50 J7 808 A JL & 36
T L/ BB, H Ot R] T o 2 O AR
124570 1680 J7'12) B Ik 7 WL sl A7 16 B ik 3R LAY 2%
ES N R/ N el R I W S (SR e =3 S )
H, KRS R ARG R 32 RO B [ B
HA: PRI 3 BOP 25 2% 53 09 B R 742 F0 2 E 32
Hr, MIEEPRENE 428 (International Classification
of Disease, ICD)-10 %5 i, © HIW B K5 W9 A
450 AR, AL LAY B R AR AL SRR . AR
W ACBHEROR . B B R AR SRR
o , R R FE L EM R S8 (National Rare
Diseases Registry System, NRDRS) W55 [ AH &0
Bk 50 A, Ity A RN
PR WARIE  (epidermolysis bullosa, EB) | 2 & ik
76 AR JE R ( generalized pustular psoriasis, GPP) , %
P ZIE (malignant melanoma, MM) I 5K P Bz ik
WMERSE, JF HM7EAWTEE e, T2 e 8
HRMIAHEL, AOCEE ARz, Z2H80% Ik
FHBE I WA A U RE AT R, LRI PR A A2
FeZAp, RIMETE BT BRI AR A R BE 2 rps
7 ZAE B B I RV R T A AT 2 2 R G 2
LA RIS SKIRYT TR

ANTHEBE (artificial intelligence, Al) M EHLE
PR, I 2 RS RO I R AT 4R RO A
21, JFUAMZ MR35y AT PR, RERS AR AR Ak ke
[71) RO P 2 2 g RO 0 R B R B R AT L RN
orRAE . BEAE THRLECRE R B U, AL AU TERE
BETRELNE, SEITEENE SRR RS, H
L AR 27 21 AR HL & 7 2T W T 2E
B s BAT AT AP AU AR BOR 5 SR, BB
Z M 4% ( convolutional neutral network , CNN) LEVR
5 2D HORTE L B R ) B ot PR o 10 L 4328031
Lo VAL S5 07 T2 7 /K1 2] A 3108 28 i i ik
RRBI, 1A 3045 R J KBS0 i F 8 8 3

158  April, 2023

J Rare Dis, 2023,2(2) :157-163

iR, BIMGEdE . 248U B D] (electronic
health records, EHRs) A [R]R IR (9 504 (7 8 A B R
F, BT AECE IR 3 1Y AL 5 I PR O2 KRR I
PRAGWAFR MR e, Hop—2 T RETEF WK
BT AR BTSRRI ], W RS . Bk
B N ZH 25 A5 2% T 2 2 [RTR AT B 5k 28 DL 11 i 1)y
W, E AR RSOSSN, 38 A3 A A 4 A A
i, PR BIUNEUR A S SR R R Z R R,
HATEWIRGWIRE S K, LR EHRs 55 SCA L
Pt AT (5 BB A 55, o Y AT 7R B Bk
WHGILTT 7 T B R RE . A8 SCo3 1) %) 3k T 11 8 8
i SRR A SRS B AL 7 5 B KK 5 0L
BT K AL 7 B B 55 L 245 ) 4% 3% 55 D T ) BF 5
7 7R . RO EE, DU o B R B2 D) 322 9t
SRR TR A Bh B IR DL AT DFFE K R

1 ETEGEENRKFELRA LS 8EHE
IR

1.1 ETFRAFMEKEEGHATISREHTEESR
X4 2

ALTE B JRB I IF 5 v B 28 4 1) 50l oy T 3 BILAR
e, W BA B RS N Rz —, H
i, 7ER RGP 5 vy 19 28 JT 80
Yu4E R E bR 2 BRRG EE 414 (International Skin Im-
aging Collaboration, ISIC) Fr#Efitay ISIC % ¥E4E . H
2016 4R, ISIC 5 H Al G 9 THSEHLILSE 2 AL Il
LU T UG AR SR IUR 0% 732 1 AF BE Pk A
FE, SR R EUREF B HAS 1SIC il 4R 1 AL
AR T, e [ A R BAR A MM B2 5
HZ U B R E (@R R H R R
RN, 2017 4R, Esteva %1°V BT UL 13 J7 5k B kg
IR (LAIG IR ES S 32, #4005 3 ISIC 4l 46)
I CNN, HAES MM 5 ARG I ik E %
RPHE KA1 50 20K, 2K TARRHE (receiver
operating characteristics, ROC) e T A (area under
the curve, AUC) 4 0.96, ZWF95E kK # T Nature,
N B JRFHB AT BT R BRI, R T R IR B R CR
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EH Gl TSR R R 0 2 AR, Ho
JRARRT e A TR M e R 3R ROGAE T, B Bk B 4
A 7R A 22 0 22 AN 5 45 AE AT g CNN
PUIAE S, I, 78 CNN & Bhi2 W MM 45 B2 Jik b
i h, RO R R R S B . Haenssle 457
508 1 B2 R4 RN 2511 CNN 15 58 £ J Jik Bk I i
2 WIEE Xt H, 255 om BRI 4 1 MM I 281
B R S 43 ) 3K 86. 6% FI T1.3% , UMK
UG RAG B, BRI T 35 skt Re S 1 o i B T 22
88.9% 1 75. 7% , THTEAHE AIBURIE T, CNN fHR7 5+
Mk 82.5%, CNN ) AUC 18 (0.86) 75 T EE U
(0.79), SR AT S 1) 28 22 40 J 5 4 g ) 1R
HA MWW, Marchetti 5% 9 =432 (MM, £
FIEMIRw AL ) DR, B CNN Y43 2845
FHF e 40 B IR B B U2 W7 A 15 B 451K 1 e 2 43 2R 25
B, DB CNN H B BRI Wi i 3 5, e A0 4F
YRR M A2 W ERR R B 73, 4% 3R T & 75. 4%, 1E B
BEIANI R 69. 4% T+ % 72. 6%, WM NP # 0L
MM 26 By JI o 48 B AF S8 R R (acral lentiginous
melanoma, ALM) . Lee 29T JH 1072 5K ALM | i v
EFIERN T 05 Z 1] 1 58 SV g e ok 5 Pl 1 g 2
T—/RESHERR IR ALM ) CNN, Bl ALMnet, L
AUC fHik 0.976, VERG T 50 R 53¢ 20 ) Ry
92.5% . 90.0%#195.0% ., ZHEFEH, 60 1 Kz Bk Fl =
Ui SIS 3 T 1 Jok 5 I 15 % ) k225 s JACg B 06 1 44
PR BT PR, WG 74. 7% 79. 0%, i
5% ALMnet 532885 50 I HEnTRe RS, RGP
EARTEE 86.9% , I H AT H B Bz J A} B2 I % MM
HEFT 12 W R A DR 3R 1Y) 8 2 P 5%
1.2 ETHLAFRERGHAISRENELEERE
1220

Brinker %UOJ%T HE 4 {0 1 25 25 5 38 [R5+ 2t
TR R K4 B2 W MM CNN, Big e R &
LFEFRR MR X, % CNN IR B HERPE (94. 0%
188.0%) 45 18 44 iz b B = i 1) °F- 34112 W o 1
P (88.88%) HAh, W#H MR —BOR 13.45%,
Lodha %5 5 238 AN 5] B J5k s 2L B2 U 705 32 7 MM
AR RN A — R K 25%, R AL i] HEHA L
FR) J JHR 8 B 5 DA SEA T MM BT B2 IR, LAl B ik
L R AT SR R AN VR i 5 S B G R AL
ik, Comes %512 JETF 3 [ A FFHLd 45 19 MM 440
R ER EARA T AT T ~ MR 1 AR R A AE R
(disease-free survival, DFS) H VR B 22 ) ) 2% *ﬁﬂ’ﬂ,

IZ AR A3 R B MM A 20 B RS e s AR bR
AERYIR AT WS WO, AE B UE R B R AUC
0.667, HEMTER 72.7%
1.3 ETEGHENOAISEREMEKER RS
IR A

BRBIFSE e MR AR MM b, 56T FUR B G Al
107 FH A 5 DL 1 B2 TR e R iR B R 9 1 Bl
Bz Wi bt 52 v, A R ZF M ((mycosis fungoides,
MF) Ao O 1 J 2 B Jok otk B9, AR AF 9 FAT A
T 959 ik Bz Ik BT EIG R £ T ) %k R MEF B 3L
IRFI 5 Z ALY 50 Pk Bz 0 iE AT — 4y 28 1)
CNN, 513 ZA[E L5610 K KR B2 02 W 45 S ik
ATXFHG, 255 7 B 05 1) R MF 58 E M Bz ik
I8 0 OB | R SR M AN Kappa {8 43 518 70.19% |
94.74%F10. 677, 1M CNN 43714 87. 50% . 93. 85%
F10.920, B HIZ AL AL R MF B A 541500
REJT, BRE T BEITA B2 WK, B B K=
i 3 S L A 27 4 AT B T T T A 2 2 HE R
G . HERIRSIEL D I Paget 7 ((extramammary
Paget’s disease, EMPD) JJ& 41 ig i) CNN, 7£ 40 £%
TR 1 G v 1R 50 i P 38 95.52% , X T4 i A
J2 Bz I BB U 4 EMPD 1932 W o 0 1 O T B A
FEYE . 21 59 AVER S s 0 e 960 78R8 s s o S )8 s
5 T Adjaz 251 3T I IR G AG B T 0T 4
AR B AN )E 7Y Y CNN R R4 2 o o M ik
84.2%, i, CNN XFEL B 0 4 9 1) 43 20 Sk
PERIER SR A 859% , i X et 70 4R T 9 1) 73 28 B
SR RN S 43R 3% A 75% , 2022 4, i E R
RbE Bt s PR R B K2 RRBHE T A
B IR AL BB T B, %Ry ol TRl T
A EA AL R R IETT GPP 142 9505 A
B ATAG, R R Tk 85% L b, ek, i iR
B E R R F RS EmRS, SR HELE
14 Mk 30 % B 4% GPP #1297 8 1 i 5 B ik
2, W EE LRSI 1Y, Akay
AUV T 1888 K IE WO MK 1R 4 Mk B 1K iE
(systemic sclerosis, SSc) f8& 7 Kz Bk i 21 20U #L &
P T 5240 9 I 45 MobileNetV2, 1248 I 451 1F # i
Jik . F30] SSc TG ] SSe i AR B HE P 94. 8%,
)Ry SSe 1 4 2795 3L A Bh 0 4G T2 L, Shi 1) 3%
T 106 5K B2 G g 5 O FRUGRE 22T Al 4l B 7 A6 4K A5
P£ EB /9 CNN, HAT B shiR 510 u JE 85 % #E i iR DT AL
X, L WER Tk 89. 3%,
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2 ETSAFHERHERELFATERE
g frif R

ZH PR IEN Ay | gy EAmd
7 AL IR 2R RE R, B
K, BARaslE g, Wma1EN AL BRI,
2.1 ETERAFMATISRBHHERTRIAIN,
ERMERRBEAR

TR BT, 270 ALFEOR T B0 T3 5048
S ARRMIER R RS TS
fRIFF  (next-generation sequencing, NGS) H i 2
FPRR P AT REAFAEBORMER 22 FBIR A 2, PRI AR IR
T — L6 4 {5 B TH AT B AR B, 0 GATK
(genome analysis toolkit) Fl1 SAMtools 22 [20] o NT iR
BT X AL 8 T HLAY SRR, Poplin %' #2211 —
Fp3EF CNN 9748 5 U0 57 DeepVariant, HoH NGS
IR I 504 B 2 RS AT 55 5 1k A TR 93 2R 4T
%, AT SE 91 A Ul G e Y A T iR
Z &M (single nucleotide polymorphisms, SNPs) FIf#
et /B AR S PEREDL T A ROAR AR (5 BT
HI2 Luo % PR T AT T 5L 100 R R 0 A
ZEIL5 1Y CNN A R Clairvoyante , FCAT H 1A
SRR (SNPs s A/ ) | TR, R
o7 FE A R B 5 i A/ 2 B K BE, 55 DeepVariant Af
I, Clairvoyante AE 8 $2 {1t £ 45 728 5 28 51 465 iy 1551 28
SIS B, PEREE T DeepVariant, 7£ 5 5 FlvE
BARG, TELTHFEMRIEKAIL (gene ontology,
GO) HHafF . Orphanet K Hs 78 55 L b 1oy ik P9 5 45 22
X AT HE R A U8, Rl PR R SO R AL/ IN 72 S
Brom,  RIVRT 3 — 20 B 8 P 2 RE O e 2 Y
MIEOR S S, TREE S 2] IR X i R AT R R 1Y)
PRALFIE 3 . Boudellioua 554 #4 4 1 Rl & 11 )y #fi: 52
IR E 1 25 I 245 50 DeepP VP, LT LUK G0 07 ik
H PR XoF 4 A S B4 e DR A P Al R T e
P, MIEAERHE ML BOR S 5 . AN, BG4tk
2 5% BE BF 5% ( genome-wide association studies,
GWAS) HERKI A~ SNP 5 st e &, W
Tovk W 5 5 IRENLH AT R, M Arloth
LI HE Y CNN B DeepWAS K BN A8 S () 8 2
RN 5 270 GWAS Zp#rvh, il ad 45 & Z2 R 5 I
FNZH L 1) i PR F A 0 B AR B IR 6 A0 ( quanti-
tative-trait loci, QTL) %, 125 1 ol #4800 2] % 95 #H
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KPR S A 51 B X R 2L 2 v e o MR A S
22 ETERAZEMNAIESHHERREMARE
R

TERERI SR AN TT 0, R > O 4 7 57
o5 R Z A Y HE R G T B RPE P, Jaganathan
SFPOHR T A 32 A B B TR B A4 N %
SpliceAl, HAT i AT B AT K mRNA ( pre-mRNA) 1]
Fe AR T B 4, M1 2 AR S ik R 2 S5 T 0
WS 45 A7 . 1 WA BA [ 38 G RNA I 5 E T
SpliceAl T et BY Hie A2 S 285 SRR R 75% 4 Al
T, BT E AT RE R B0 T 29 10% 1 57 D 352 1% s B0
AE S, Agarwal 5TV R (Y R B R 28 I 46 R AL
Xpresso W A] LUK A 5 3l F DNA J37 471 Bl il mRNA (7
BEPRIFIRK-, TS DA I SRR S0 i R R4 AL
i, AL T B8 ) 5 B TR A Wb B P A
SRR, FERWLEE A7 e, PR 2 > o mf
HRTEAZ I DNA J7 51 B4 60 8 45 35k PR 3R 8 1 4%
FORELAIBELG:, WHON A DNA FSEAER A A
MBI %, FIRBFFE S B AT HOAR A o
B2 BIESE, BT B T LAB A PR o T 1Y Bk
FIRSIT KT
2.3 ETHMAFHENAISRHBRKERR
1204

BRIEIH 2200, HAh2H 2% Je 2 21 7 k5 o i
LR T B IR SR H B AE Rk 5 I
JFRET AL AR T MG ST, 5% 5g 21 =
Zhang %Y T —Rh A 55 25 > BB scVDMC
(single-cell variance-driven multitask clustering) & i
FrEagn il RNA 7 23 #r, 7E B 57 A R AL EB
(recessive dystrophic EB, RDEB) [ 41 }fd RNA ¥
i h, BR T B R CXCLI2/SDFI, HMGBI 4%
RDEB #Ric 5 4b, seVDMC & B T H0FI BT 1 40 i 2%
RIMFRICH N, 45 COLIIAI, GREMI 1 MFAPS,
IR S A TR AR AT TR, X SEEEDA T b
JC I 5L T 40 B 7T BB RDEB fE 38 L Bz 40 i Ak
2k 5 IR 20 B 98 9 HL ) 5 0. Borcherding 45 X
1 IV A 3] Sézary ZEA1E (Sézary syndrome, SS) H#H
(AN I A 20 M 2647 T RNA T, JF R AL &% 2
ARt i AR, U T e B B Y SS 4
(H FOXP3 B W75 N GATA3 8 IKZF2*) NMH'51F
H CDA™T AN Z AR SROKF- 22 5, T 4R T4 O
FOREAR A X b 22 S R AT SS R Mg 1T 0 ) o A 4 R
80%. Martinez 55" F Fl —Fh4E S 800 e B S h——
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FEHEZ ST M7 (gene set variation analysis, GSVA)
KB R LT BEARHE  (cutaneous lupus erythematosus ,
CLE) . HJBW . FFRIE Bz R Al SScd T 9 AE M B Y
B SURE N SR A 6 4% A RRE, X R 2201
wE 2 B 5 A (classification and regression
tree, CART) JRHrSRiE, H B3RP AE B4 il fir B
JRAEAS AL 52 L LU B 0 07 B W 35 10 ik P 3 5K 22 5
& 78 JAEME BRI ) B 453 B Al BEAR A B JIR 2 4 24 A
AR B S DR R k0

3 ETRFRASHEMNABENEKER
WA LERERMSITHR

EHRs JIfREITE 112 . 2092 I B & 45 BT
Yy Sl AL T B S U B T A BT I R,
— B RERRRE T (EAER) . IR, BUR
S BRAR . ARG AR IO AG A AL A RS Xt
EHRs $EAT & B O i AT . R, (R, R BRI
I3 45 b PR B T AR IO G B IR MU ) R 5 R, T
Ok, FZBERWCHET KEM EHRs FFBES7 AR
Pl 57 B I PR 0 & )% (clinical data warehouses,
CDW) ., CDW & 45 4% b 45 kg Ak A A 25 4 £k 1) SCAR %L
W5, Hod, S AL SCAR B BAT — E bR,
ICD 4%, fHFJ5 kR ML, mAEEs b SCAR 7
TE G TC— @ A% BRI, H A& % KA A AR
FAVARITAROCAR B, B e | 0 L M 25
85, JUHX AR BRI I B 1297 B
FANED  Jamian 55 43 0] FH ST R0 32 7% R AL
o)L, it U EHRs thE & Y SSe 1CD-9,
ICD-10-CM % . POz Pk ptE (THEE>1 < 80) AN
Jog i b B B R R OGO BRI, RE 5 N R R
EHRs "R BIEAE M) SSe B, A% W BN By B AL A%
ARG T BH 1 5000 R, RS EF FO(E 23 0 R 84%
92% , 88% . K VUK~ E s Bt 4 BF 5% 1A A1)
AT TR BT A2 B A R 3 221 (51 58P Bz k21 44 P 9
( dermatofibrosarcoma protuberans, DFSP) A B R
15 195 1412 $L#Y DFSP ( classic DFSP, C-DFSP) #ll
26 15 £ 4k [N 9 B DFSP ( fibrosarcomatous DFSP,
FS-DFSP), #54 /R #H# T C-DFSP, FS-DFSP # &
HETEAE, MR AN A FR R CD34 1A 5 R Y
Ki-67 $5%, I T ix e B F Bl 7 — A S mi e
# (back-propagation, BP) UEZY RS R B 7t
LM ZRREIIXT DFSP Y 73 S [ MR 0] 15 84. 1%

BEAh, AT AT IR R A B2 Be S EHRs SCA
B, g, 3T AU R BOR B IE R G Lk Y
B 3 A1/ 850408 52 45 . Cheraghlou 457 [l BT 26
[E| ¥ % J8& it 7P 0> ( National Cancer Database, NCDB)
BACH) Merkel 40 B3 ( Merkel cell carcinoma, MCC)
BAMEE, WM R CART BB T m MCC
BEBSE R HZM, w5 LI (RBRMESRRE) |
I (<3AMREEmM) , MY (=4 MikE 5N
) MV (AR ) , g, Bk
WIMCC 35 /Y 3 AFA7 I8 R J0 5 81.2%  59.6%
38.0%H120. 2%, 53EEEAEIK A Z 514 (American
Joint Committee on Cancer, AJCC) #&H 0048 R G AH
o, Jdid R CART SRk d S M B 70 A S aF iy 4
P—etE, BB A AT B MCC R A TS .

4 AT EHEEHBERERRGYRE

TEREBNZE WA T I, AL TE 255 25 KB4
PEATEGWI R ENL . ARIME | AN RSN TN B v 1
TRYT B R R B A AR Y N T A B A Ok R R
BE5 ) Lee LT HLEEIME T —MHTA
P RNA BEARTERE I S — 3157 2484 URSAHD  (Un-
veiling RNA Sample Annotation for Human Diseases ),
URSAHD 45 1 KAk B 2% B 1Y Mt PR DR 3k 336 A
SR FRAEAR R, DN E B 225 47 5 9 TR AR & 3098
FHOGHEDY 3 ol 5040 B 5l 1) AT 2R 44 RE f% A 48 5 [
FOR BRI 5 A B S iR T R A R
R 5 A DG I, DA TIT 4 2l 2 DL 1Y 25 ) T GE £
URSAHD i£ RE AR B0 AH 5C 73 115 5k S0 25 ¥ 3A
RN, 2 T BAAIFH URSAHD 43 51 F 4% KL 4 21 40 Ja
PEBLIML MR P BT I RF 6 40 ML 2 P S8 i T 25
R, I T B PESE W 5 MR JE s b kAT 124
Yie e N UM B0, A B K R R, ok A
2 B DR B — = I 1 P BAC SR SCAR A 4 4
GO & 573 B AR 11 5T B I 46 3 #r 45 7 16 0 8
DFSP W 7E B3R J7 $0 a5 JE RIRIge e 25 4, SR )5 o
TR 2% > B AU DeepPurpose 3K 1 17 24 W 4 A5 AH B AE
FHN , e 23 3 1 40 45 o /N R A G TR 32 4
B W EEHI 7] S 2L 10 RIS TERY DFSPIRIT 254, %
A1 A F] . DeepPurpose LA 28 L (1 7 32 7 & i T
11 FPErb-B25Z /A i Z B2 4 i 2 (erb-B2 receptor tyro-
sine kinase 2, ERBB2) #l[nj25%¥y, W HESE N MM AY
WETRYTHERE
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2021 45 A, oo [ B 2 2 e AL 5t R S e
BERBIE g7 3 BAL, H ] 5 D 15 /I T 5 L
LI PR 2 BRI Tl 2 B e T, R A
2 4 [ BRI 2T A R RIS,
Il PAY ) B2 SR 5P DL S8 i o TR A B, o P T B
JRZE DL AL BT R A SC I PR S B4R Bt T4 1 2R
V53R, MG TE B R G S Ak 225 A S ]
BT, Al Rl B B 2 B AR I A BT
B 3 20 A 0 245 0 R R 2 T 3 B R I
B BB BUAR AT AR I 2

IEETR, A% AR FRA, FRAEY TR
AT K . LFRE T,
FUSEMhZE, PIAMEEH FRRGEER SR,

s %

3wk

TR, KRB, ke T, & EINEIRIRT REIR R
XIE WA R (1] P EEXECHES, 2022, 35
(10) ; 1088-1093.

(1]

162 April, 2023

[12]

RUAE, kI8, T W2 ST M50 £ 2 B0IR
Al [J]. FEWRIET, 2022, 1 (2): 93-96.
S LB AL P B O B S O S B ()],
BeRRLFE R, 2020, 37 (1): 1-4.

Rundle CW, Hollingsworth P, Dellavalle RP. Artificial in-
telligence in dermatology [ J]. Clin Dermatol, 2021, 39
(4) : 657-666.

EE, BAEE, 25, S R IEIMR A 3ok 2K e i
G (1) HENL TSN, 2022, 58 (16) : 31-48.
Esteva A, Kuprel B, Novoa RA, et al. Dermatologist-level
classification of skin cancer with deep neural networks [J].
Nature, 2017, 542 (7639) . 115-118.

Haenssle HA, Fink C, Schneiderbauer R, et al. Man
against machine ; diagnostic performance of a deep learning
convolutional neural network for dermoscopic melanoma rec-
ognition in comparison to 58 dermatologists [ J]. Ann
Oncol, 2018, 29 (8): 1836-1842.

Marchetti MA, Liopyris K, Dusza SW, et al. Computer algo-
rithms show potential for improving dermatologists’ accuracy
to diagnose cutaneous melanoma: results of the international
skin imaging collaboration 2017 [J]. J Am Acad Dermatol,
2020, 82 (3): 622-627.

Lee S, Chu YS, Yoo SK, et al. Augmented decision-making
for acral lentiginous melanoma detection using deep convolu-
tional neural networks [J]. J Eur Acad Dermatol Venereol,
2020, 34 (8) . 1842-1850.

Brinker TJ, Schmitt M, Krieghoff-Henning EI, et al. Diag-
nostic performance of artificial intelligence for histologic mel-
anoma recognition compared to 18 international expert
pathologists [J]. J Am Acad Dermatol, 2022, 86 (3):
640-642.

Lodha S, Saggar S, Celebi JT, et al. Discordance in the his-
topathologic diagnosis of difficult melanocytic neoplasms in
the clinical setting [ J]. J Cutan Pathol, 2008, 35 (4):
349-352.

Comes MC, Fucci L, Mele F, et al. A deep learning model
based on whole slide images to predict disease-free survival
in cutaneous melanoma patients [ J]. Sci Rep, 2022, 12
(1) : 20366.

XPJRAF, SR, BRI, 5. T R R BT
Y FEERE P ZE 2 WAL (D). BRI e
2021, 12 (5): 689-697.

Wu H, Chen H, Wang X, et al. Development and validation
of an artificial intelligence-based image classification method
for pathological diagnosis in patients with extramammary
Paget’s disease [J]. Front Oncol, 2021, 11; 810909.
Aijaz SF, Khan SJ, Azim F, et al. Deep learning application
for effective classification of different types of psoriasis [J].
J Healthe Eng, 2022, 2022, 7541583.



N TARREBN ) B k= W 297

JERIANEERE. v AN I B TR N T RS B AU
THEZ [1). BHm SR, 2022, 29 (16): 8.
Akay M, Du Y, Sershen CL, et al. Deep learning classifica-
tion of systemic sclerosis skin using the MobileNetV2 model
[J]. TEEE Open J Eng Med Biol, 2021, 2, 104-110.

Shi C, Meijer JM, Azzopardi G, et al. Use of convolutional
neural networks for the detection of u-serrated patterns in di-
rect immunofluorescence images to facilitate the diagnosis of
epidermolysis bullosa acquisita [ J]. Am J Pathol, 2021,
191 (9): 1520-1525.

X, B, B—F, % ANTEGELEIRRIEP 4=
BEHHERE [J]. BB B e 4, 2021, 43 (6):
950-955.

Alharbi WS, Rashid M. A review of deep learning applica-
tions in human genomics using next-generation sequencing
data [J]. Hum Genomics, 2022, 16 (1) 26.

Poplin R, Chang PC, Alexander D, et al. A universal SNP
and small-indel variant caller using deep neural networks
[J]. Nat Biotechnol, 2018, 36 (10) . 983-987.

Kumaran M, Subramanian U, Devarajan B. Performance as-
sessment of variant calling pipelines using human whole
exome sequencing and simulated data [ J]. BMC Bioinfor-
matics, 2019, 20 (1) 342.

Luo R, Sedlazeck FJ, Lam TW, et al. A multi-task convolu-
tional deep neural network for variant calling in single mole-
cule sequencing [ J]. Nat Commun, 2019, 10 (1) 998.
Boudellioua I, Kulmanov M, Schofield PN, et al. Deep PVP.
phenotype-based prioritization of causative variants using deep
learning [J]. BMC Bioinformatics, 2019, 20 (1) 65.

Arloth J, Eraslan G, Andlauer TFM, et al. DeepWAS: mul-
tivariate genotype-phenotype associations by directly integra-
ting regulatory information using deep learning [ J]. PLoS
Comput Biol, 2020, 16 (2) . e1007616.

Jaganathan K, Kyriazopoulou PS, Mcrae JF, et al. Predict-
ing splicing from primary sequence with deep learning [ J].
Cell, 2019, 176 (3): 535-548.

Shendure J. Predicting mRNA abundance
directly from genomic sequence using deep convolutional
neural networks [ J]. Cell Rep, 2020, 31 (7): 107663.
Angermueller C, Lee HJ, Reik W, et al. DeepCpG:
accurate prediction of single-cell DNA methylation states
using deep learning [J]. Genome Biol, 2017, 18 (1) 67.
Yin Q, Wu M, Liu Q, et al. DeepHistone: a deep learning

Agarwal V,

approach to predicting histone modifications [ J]. BMC Ge-
nomics, 2019, 20 (Suppl 2) . 193.

He J, Jia Y. Application of omics technologies in dermato-
logical research and skin management [J]. J Cosmet Der-

matol, 2022, 21 (2) . 451-460.

[33]

[36]

Zhang H, Lee CAA, Li Z, et al. A multitask clustering ap-
proach for single-cell RNA-seq analysis in recessive
dystrophic epidermolysis bullosa [ J]. PLoS Comput Biol,
2018, 14 (4) . e1006053.

Borcherding N, Voigt AP, Liu V, et al. Single-cell profiling
of cutaneous T-cell lymphoma reveals underlying heteroge-
neity associated with disease progression [J]. Clin Cancer
Res, 2019, 25 (10): 2996-3005.

Martinez BA, Shrotri S, Kingsmore KM, et al. Machine
learning reveals distinct gene signature profiles in lesional
and nonlesional regions of inflammatory skin diseases [J].
Sci Adv, 2022, 8 (17): eabhnd776.

Escudié JB, Jannot AS, Zapletal E, et al. Reviewing 741
patients records in two hours with FASTVISU [J]. AMIA
Annu Symp Proc, 2015, 2015. 553-559.

Jamian L, Wheless L, Crofford LJ, et al. Rule-based and
machine learning algorithms identify patients with systemic
sclerosis accurately in the electronic health record [ J].
Arthritis Res Ther, 2019, 21 (1) 305.

Li Y, Liang J, Xu X, et al. Clinicopathological features of
fibrosarcomatous dermatofibrosarcoma protuberans and the
construction of a back-propagation neural network recognition
model [J]. Orphanet J Rare Dis, 2021, 16 (1) 48.
Cheraghlou S, Sadda P, Agogo GO, et al. A machine-learn-
ing modified CART algorithm informs Merkel cell carcinoma
prognosis [ J ]. Australas J Dermatol, 2021, 62 (3):
323-330.

Alvarez-Machancoses O, Fernandez-Martinez JL. Using arti-
ficial intelligence methods to speed up drug discovery [J].
Expert Opin Drug Discov, 2019, 14 (8). 769-777.

Challa AP, Zaleski NM, Jerome RN, et al. Human and ma-
chine intelligence together drive drug repurposing in rare dis-
eases [J]. Front Genet, 2021, 12; 707836.

Lee YS, Krishnan A, Oughtred R, et al. A computational
framework for genome-wide characterization of the human
disease landscape [ J]. Cell Syst, 2019, 8 (2): 152-
162. e6.

Liu M, Yang F, Xu Y. Identification of potential drug
therapy for dermatofibrosarcoma protuberans with bioinforma-
tics and deep learning technology [J]. Curr Comput Aided
Drug Des, 2022, 18 (5): 393-405.

Liu M, Xu Y. Gene Identification and potential drug ther-
apy for drug-resistant melanoma with bioinformatics and
deep learning technology [ J]. Dis Markers, 2022,
2022, 2461055.

(k. 2022-12-27 FH: 2023-02-22)
(AR 3CHm%E . MIEE)

Vol.2 No. 2 163



