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Abstract

Liver disease is a highly contagious and deadly disease. Traditional diagnostic methods for liver
disease are usually time-consuming or invasive imaging techniques and biopsies, while deep learn-
ing provides an effective and non-invasive detection pathway. This study is based on the liver dis-
ease public dataset of UCI machine learning library, which includes 416 healthy samples, 167 liver
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disease samples, and 10 clinical features of blood tests. This study used Principal Component Anal-
ysis (PCA) to extract important features, and after data preprocessing, constructed and trained a
liver disease detection model based on Deep Belief Network Extreme Learning Machine (DBN-ELM),
which combines the unsupervised pre-training of DBN and the fast training ability of ELM. The DBN-
ELM model achieved an accuracy of 87.31%, sensitivity of 65.27%, specificity of 96.15%, F1-Score
of 72.73%, and Area under the Receiver Operating Characteristic Curve (AUC) of 0.9188 on the liver
disease dataset. These good performances indicate that DBN-ELM can effectively detect liver dis-
eases and help clinical doctors achieve early diagnosis of liver diseases.
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1. 5|8

JHF RV H AR R0 AR T G Rk I, AR i DL R 96 MR EREA A [ 1] AP
o faFmR, B ANEURZ[2]. WA DAHR NS EdE, 23RAF 4 L NEFERERRE, BE
FE 140 HASETZ[3]e X2y, — T RHIE B — A W S ARER, IR MR I, K
DB, AR S B TR ST, B IRA A h F e R bR R ek, AR
TR AT & 5 R A TR ERAR L, XA EAERZEAGIT TR T E KRR . S ZEM R EMEE,
R S DA R — SE PP R AR, (45 Lille [4]8%50, MELD [S]RUAURIAR DG S-SR, 4R
MM, IR AR 12 W A AR AR . PRI, FRATIFR 2250 R, SEHEm I s 12 W 7 2.

AR, ARV AR MRS R R, Hl#85% 2] (Machine Learning, ML)FIVR 5 %2 2] (Deep Learning,
DL)/E 97 4@ AT IS 7 B2 st . Fsz b, BH4E K24 ) Edward H. Shortliffe (3% T 1976 FEIF K T
BT MRS, NEAEKIGH NRMSHSCRR 6], B/E, B Z Mo i M RERIT K
ok, N AR AT R TR ER] . FHRAE—Fh W A TR0, A g e FEE v 00 I 2 e
RN R G — B TR SR

SRS A, R R RS DI AR S5 s RS D S8 12 W FFF o S Bt ol 1 A2 i, T A
FE 3 ) S R U S, AR BIRTT S L St I 1] . Derya Avei [7]58 A2t 7 —FhE T 8L 5
AN AR IRAZAR IR 7 S HU(GA-WK-ELM) H) R 2 Wi 8, 2084 B B8 5 IS M P A Ve v B 4.
Je, AFHBMEE T BLM SRS SMAEMREEL. A5, K/NEAH Az ELM M4, i
FHR 2 WA

TREEE 2] Je H 218 2 K5 Geoffrey Hinton (3% [8]7E 2006 “F1J {Science) Z<id& LIRHA, TR
TANTHEMZE, B AL A EAE 2% 3] . Anand [9)58 N JET 835 DOIG PR i 37 TIREN
TAPZE 2% (Deep Neural Network, DNN)R T FFAE I, 127715 8 Se b Fe bR IE B 3 T WAL 2E, AR5
i PRI B SEE N DNN AT 2 mlif, DAY DNN BBk sl. Yao [10]58 A4t 7 —FhdE T ke
K6 7 48 R BT 55 55 0 R S A 42 X 4% (Tightly Connected Deep Neural Network, DenseDNN), A5 8 7E 4%
%t DNN [FJEA E38hn 7 BaEER:, X EMoE 2 2R ERE ] igkad a2, BLs/b 2 2 (B AL 7 iR
PR FEWS SR R T R, 3 i Y 2 2 TR ARPE (S 2 A% 4%
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TEARBE T, AT @S UM PRSI, o Je o 0 B v 4 0 S0 DR AR SR R L, AR
Je RV T2 W (K MERR M o) . ASHIF 7248 B PCA SRARZEUTT (19 B Z4F4E, 164, #F DBN Sk L&
TRIZRA1 ELM SEyk s = S AR S 3 T 85 &, M T — N FR iRz .
2. MRS
2.1. ¥iEfEAR

AR T UCH MLEs2% S FE R AFF T R EE S,  HaZBE A A N BUBEHE FIRa AL,
FHATEI T A, R EBEEERIET UCI WLEs % 2] 2, FLEFEIR M
https:/doi.org/10.24432/C5D02C . iZHHAREM & 416 MEFFEAR 167 MRFEA, Tk [ BN Y ZE
B 0 TLVB RS B, B S — AN T 0 AR (IR A T2 B R AT )« XA LEEESEE T T4
WEFPPAS VR B 22 S BRI YERE, BRI S BRI RS IR W= 1.

Table 1. Feature description of liver disease dataset

1. FRBURE D AFHERA

RFOE & Pk WA 3 R A
Age 4~90
Gender 081 1: 54, 0 &tk
Total bilirubin 0.4~75 R SR BERERE, IEW 2% EH: 5.13~22.24 pmol/L
Direct bilirubin 0.1~19.7 SIWTEE 1 E bR, IEWZSE{E: 0~7.32 pmol/L

JFAR ™ EAR A P BOE N, MR IR 25 (H 8 50~135 U/L;

Alkaline phosphatase 63~2110 bk 45-125 U/L
Alanine kryptotransferase 10~2000 FHp v S8 =, IER S %E{E N 0~35 UL
Aspartate aminotransferase 10~4929 R 28w, B SHEN 0~40 U/L
Total protein 2.7~9.6 FF D RERRmS AT S Bk, 1IEH S35 {E N 60~80 g/L
Albumin 0.9~5.5 & PG 55 T S 80>, B S % E N 35~51 g/L
Albumin to globulin ratio 0.3~2.8 R RBOZLLE TR, IEWS%EN 1.5~2.5

2.2. WHETRALIE

MR R BRI P BB e im0 25 . 0 T RUE SR, N B s,
WU 2 ZAE PR AL (M A B B (B AT Al T o FEAWETE A, Al 7SR E DS R 2 i AL i PR R, SR
S W S 7 R

FEFRAEVE B AT VA — 4k, DUEBRRFE /N ZE SR IR, et Jm SRR TR 2 . i DU Rk
R B 8 1) v B 2 — e 4o 0, 1]:

Yoo = 55" M

max min

2.3. XSS

= 543 T (Principal Component Analysis, PCA )& —F# ME 38 4 B ZERFE 1) 5 R . 75t
e, BEE T R S FRRE 2 M A G R, IEAS AR Wk Wi B R E, 8 U7 22 Da ik
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HARIEFHAE SR, T SSIL T BRI B4k . PCA W] DRI AR &, B4R 5 3RS 1 BT RRME 18
BRARST, RIS AT R OR B R 0 e 15 S 1D ) I B Bk S A el P (R Mg A AN TU AR o 5 VA R T TR AL 2
AN, JE BT B SR T SR USSR AL, R E BRI . R AR ENE . IR AHT T
HHFFIR 2 T R A SRR -

24. REESRE

RIEZAG &M% (Deep Belief Network, DBN) & —fiif 28 A2 pdi R, G048 2 NEGE, IR ISR 2% 55T
PR TTZ AN AR, 24 ] DA DL S R AR 3R A B 2R ) N 2548 - DBN 1] DLKE 5 % (1) B RRAE H2 B 2 fi
RARFERZ RN, RGEA B IRGHMREE. Fik, STEAREARIERRIEE 7, 7T AR s
REAESE I 2 W 2 ELAT B — 2 IR S R A )

DBN {7 24 HE S 1152 BR 37 /K 2% 2 Ml (Restricted Boltzmann Machines, RBM), RBM 1E M 4% ()4 — )2
RS 4. RBM DA R AR i N B (R AR R AL R BIBROEUZ . RBM (19 F — M2 a2
FEHU AR R - 18 Id 24 RBM, 56T 2028 50508 2 S U, S 4515 50 = 200 (R B4 R+ 1E{E . DBN
Z bR—A BP 3 2R8%, bRAERE R & E . it 24> RBM SE U m SR EE A 0 T B 2% 21 1Y) BP
FERN . G, DBN ) 4% S 80K B T Sl e kgt 47 Ak, DBN AR 20K 4 2 58 i, DBN 1)

gEftnE 1 fios.

Back propagation

RBM;

Fine tuning

QWIQ (X X X

Fine tuning

w [XX XXX

LRSS SEVIERLE ITENL R, F—A RBM [ N\ &I ZR 0T 148 RBM [ . 7EIXF B0 R, B
RBM A L2 v FIREGEE b PR TG R —Jehable, HEL0 58 1. B, AW, k), RQ)ATUERAEE

Figure 1. Structure of DBN
[ 1. DBN EYZEHIHAEL
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E(v,h10)==2" 2 viosh; =27 av, =2 bih, @)
Hrp, EENERN o, , ATHHTT i AR TT j KW ZESEO 58 a, Mb; ; RBM BMTSH 0 N{a,,
@;, b }e DU, T RER BT AT ILATREE T R A AR A1 BR AL

P(v,h|6)= Zie*””v"‘g) 3)

4

ZH = Zv ZheiE(V’h‘g) (4)
KOFHA—H TR Z,
RBM HI NGRS AT ILE v FIEEHZ h. E Hinton T 2002 4E32 Hx ELEUE/E N RBM (1)
Pos 3] HELR, RBM BRI JC B 2% ST Re 0 512 TR A N L0 . RBM ISR an ] 2 Fios .

Figure 2. Composition of RBM
[ 2. RBM RIHIRK

it DU 23 SUHE T 26 PR

p(l’l/»=1|v)=o-(bj+ziwfjvi) 5)
r(v :1|h)za(ai+2jwfihf) ©
Hrboo(x) RIZHE R HL
1
o(x)= l+e™" v

Hinton #& 1} 7 LU R RIS, T iH RN SRR &5, T MmASERIa T LE .
SRJE, TR sONTAT DA T SRR 22 T AR PR o de i, S 7 A bR T S Aok 32
BUREAS . fEATREAR BT W, 80 5 A2 e e SR A SR S U R

80, =E (1) ~(7) ) ®
8, =€ (), ~ () .., ) ©
AW, = (Vb )y, =01} 0
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BN E R MRS HECE A A (), F1() o IR, BT
FHE SR BB 7 T, ELEI T 5 RBM (06 B .

2.5. tRERZFE I

FFRIRAH LML, IR 2% S Hl(Extreme Learning Machine, ELM)IS .15 % 2 M4k 4544 . {EREHLII UG
I NARFEFIRLE J5, SRIFAHN 4 A . ELM B 22 P 2 AbRE J1om i A, AT DASE
R P RE

ik (Xj,tj)%:zﬂ? MAFEAR, WAL L AN T P2 2% mT DU BL R R IE KR

Zf:]lig(W,-'OX,- +b,-)=yj,j=1,~~,M (11)

FEAXADT, RBZERERECN g (x), WMAERW,, SHBERN B, 5 i MEEUZ Mk &
N b, o BASFRTEZE L P2 1 H AR TS M R

Y Be(W,-0X,+b)=t, j=1M (12)

B 2T S s o O, midiiA o H
Op=H (13)

M H ELM I ZR AN R Z A 2 25 1), S8, F0 g EBEALI . B i e A5, 1l Ao oilsk
B tHAERE 7. Bhit, GBI YIZREE N 2SRRI R4, 35 HBCGE B
B=0"H (14)

2.6. REFSMLE - TRERFE IH

Hinton #&1 DBN J&, ‘E#H T 4L, IR 2855 N A4 . DBN A1 JG b B I 2R ok 1 BT
SR N6 AT B N 5330 B /ML R UST SS9 1 i R, DA BB I 2R AR PR U e e > G M
FNGRFEART , Y GRATZ Ak ()5 22 7T LA 5 B AR 1] 38 3 I 20046 A0 2 500 BP S35 % 4 HEAT IR0
PEE o R FNEE. SAT S, DBN-ELM A4 H THRESEELY) DBN FH T 2251 ELM, &
4547 DBN G W B B BT 25 AR SR ELM 2 A RIS 22 ST R 17, AT B2 5 7 0l g

1% DBN & n ANRIZE, @ REFIGYILE n— 1 2. ELM itFHM n— 1 2] n DMERGEZE LK
Mon B S — BN E. n—1 0 BT R e EE& 0508 15 M.

P Be(W, -0, +b) =y, j=1,1 (15)
TE I A FH (1 6)dRe /M il H 3 2 SR v B A TN 5 2R
>y -4]=0 (16)
=AW B A7)
B0, =t =1 (17
AT LU LU 7 R
0,p=H (18)

Hep, 0, RWE n— 1 ZEE n ZHHH, BX019FR
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_g(VVl 'Onfl,l +bl) g(VVm .0)171,1 +bm)
O, (W, ., b5, 0, 11..0, ) = : - : (19)
_g(VVI .On—l,l +bi) g(Wm -On—l,l +bm)
'BITW H]T
B=| | H=| : (20)
B, | H,
B, RATAT AR AR W, , b, B
OM(VIA/,,I;,)/}—HH:ﬁp&g“On(VIZ,E,)/?—H“ @1

HATBEH U E M TG — RIS EOw, M g, o EHERNA RIS HS, ARG HT H. DBN [

i B R LT TS
p=0lH (22)

m

DBN-ELM M40 B0 3 Fios.

 wm )

v
/ LN &1 /
v
WA L DBNHI 2 31
v
A8 FH X GBS I ZRRBM
v
A EE I i
v
ELM0f fn 4328

WAL AR

DBN-ELM#Z Il 45 5¢ i,
v

O

Figure 3. The training process of DBN-ELM model
3. DBN-ELM #&&)I1Zk3 12

A 4

56, DBN ST EME I ZRoR B BURFIE . 2 )5, {£H] ELM 5 DBN A f5e 2 0= A = 22 1]
OB, AR 1y R R 5 i 2% RBM 3RS OBCEEAEFE AR ] o ), SRIGIRZE, 5S8R DBN-ELM #i%Y
k.
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FEABTTES, W T —DNEA 4 )2 RBM REE SR TRALEE. T RBM X2 2] R HUK,
AMEPRAERSETE, RBM JCH B UM ZRI 7 2 Z BB Y 0.05; W HUEE A BSEIA T 7o 0 Rk, R E
500 o SRIFAERRIT B2 2 308 0.25, IKREBDVRTHIGME, hda g veil; ad sl s
TEAE MR ) BRI A, aRARIKECH 2005 HEK/INA 64~128. ELM BRJZT1 250 500, 38 I m 4E 4% 5 1 i 2k
PERT 3 WOE RN ReLU L, W) DS I M g 0 2 TH RIS £
3. LRV
3.1. HEIR

B2 2 AR R VPR 7 AR MIVERE . BUIS, ARG R AL 70 268%, %0 RAE R T IEFAIA
W RINSEHIREE o IRIBHELE WL 2. PP AR BRI TR LR 3.

Table 2. Confusion Matrix of classification model

2. DREBHNR BN

TRIEFERE T A B Tt o fi
KPR AR FFAYE(TP,  FHRRE A3 LA Tt EBATEEN, R AR IE 6 T0)
SEhR A R RBATEFP, A IER TH {2 FRAE A FEATE(TN, i R A4 LA T

Table 3. Evaluation indicators

= 3. THEIER

ARGEELD A P
Sensitivity/Recall Sensitivity = TP/(TP + FN) IR 0 1 SR R 9 1 LA
Specificity Specificity = TN/(TN + FP) SN B 1) S o 2 R L 51
Accuracy Accuracy = (TP + TN)/(TP + TN + FP + FN) I R A v TE AR I B R A A L 43
Precision precision = TP/(TP + FP) BT TR A S B R bR 95 1) EL 431
F1-Score F1 = (2recall-precision)/(recall + precision) AL A [ R I ER G VPN e R

BRBAPEAR B 1-R5 57 ML/ ROC HZR ARSI PR R o R U FE A ROC i 2 A AR B il B L )
AR AUC. 8%, AUCEMEGT 1, 70k TERE Ry .

3.2. SEHHER

A8 F 428 SCIRAIE R 43 993 B4 £ - DBN-ELM 12 WS 84 (1) R A4 42 23 I 4h T 65.27% FRBURRE
96.15%HRF 71 87.31%HIHERAE . 74.66%MK] F1 ¥4 H1 0.9188 1) AUC. fEYIZAMMNIAEH, DBN-ELM
Iy F] 87.71%F1 86.36%MIMERIR . 65.81%F1 64%MKIHURNE. 96.55%F1 95.24%[HHE 1% 75.49%F1
72.73%H) F1 ¥4 AUC 0.9301 1 0.8905. DBN-ELM [P f6FR W7 4, H: ROC Bh&R & 4 Fis.
DBN-ELM #8445 FH T4 AEHE HUE) DBN A T43 2800 ELM, ‘Bi454 7 DBN H G M B AE S BT 25
PIPL A ELM iz A FIBGE 22 S e 0, 2408 o I B TN GRFE AR, I ZRANZ A0 I 1 22 ] DL 2 A,
[ B 285 B A PR 27 ST LI mit AT A Rk AR v 1 T e

3.3. jERASCIS
AT #7Z DBN-ELM 5 8 (REAN 2H B350 40 5 HE A9 12 W P RE ) Dk, A ST T VH A58 . DBN-
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ELM % iy DBN 5L ELM SRR, 520 58 i AT Al HOG B MR RE R UM . A SCERHY T DA

K TT %

(1) 5E*¥ 1 DBN-ELM B8, 3 DBN HiEMZH ELM K

(2) %4 ELM ${ A/ DBN £i:: M DBN-ELM FER Rl ELM $iA, HA{%8 DBN &%,

(3) ELM #iA: M DBN-ELM ## iRl DBN 59, fRE ELM $iR. JHEkSZI0r 45 R 0% 4.

H7 4 AT DAHEWT, £ DBN BEk % T ELM WPl Iz AkBe 715, RS W v Re sz IF R 4T
[FFE, 76252 DBN LB HIZAE71)G, ELM FIFFRR 2 I se T . @K DBN BB B4 S
ELM i Puis 22 S fiZ (L BE M 45 4, DBN-ELM #2751 FFw 2 Witk g .

True positive rate(TPR)

Area Under the ROC Curve

training dataset(AUC=0.9301)
testing dataset(AUC=0.8905)

0 : \ \ !
0 0.2 0.4 0.6 0.8 1
False positive rate(FPR)
Figure 4. ROC curve of DBN-ELM diagnostic model
[l 4. DBN-ELM 12 Hfi#& B i) ROC #hZk
Table 4. Comparison of ablation experiment results
4. HRASLIRLERELE
TR B B Sensitivity Specificity Accuracy Precision  FI score AUC
Training 65.81% 96.55% 87.71% 88.51% 75.49% 0.9301
DBN-ELM
Testing 64% 95.24% 86.36% 84.21% 72.73% 0.8905
Training 58.97% 76.29% 71.15% 50% 54.12% -
DBN
Testing 52% 77.6% 70.29% 48.15% 50% -
Training 62.39% 94.86% 85.57% 82.95% 71.21% -
ELM
Testing 54% 78.23% 71.26% 50% 51.92% -

3.4. ¥Hg

JE (SRR B B SRR R, OV E R — MR A R A S Ve o . [k, A2
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HHRER K2R 1, I ML AT DL BRGNS — A FEAERA A2 IS W, 5 B R A s o i
AT EFE BTG, R IR S WANa 7 BRI . SR, H BT 2 W R A as i, U5
VFZ T B B, HWEBEEER, 4EREm . A AR Y AN b SR IR AN B LS B2 —
ANTEEZEM . FX, FER2 W R e e AN i, A b 25 FR AT 5 i A (2 B O v 2k

4. &g

AW TS F R A PR T ERAE, R, PR EOE S P BRI R G . R AR IR A A4
W R FATI T RS W 1) B AR AE . R A SR E IR 1 W SR A AP IR S, A I
57 —ANET DBN-ELM [P IR, %4547 DBN M B HIZA ELM [Pk il 2568
77, DBN-ELM A& AI7E AR Bda e F oy A BAE T 87.31%MIUERIR . 65.27%MIBURIE . 96.15% A 71«
72.73%H] F1-Score 1 0.9188 () AUC . XELHAFHITEREFR ], DBN-ELM #5284 AT B A I 5 1 »
T IS PR E5 0 mh AR R 0 s, AT 5 B 2 A B 4 i 2 s

TERFKI TAEH, W AEA AL o 5] NTRE S A A o P4 S50 v, IF 51 NI BEG S550 idis LASK
BHEFEFOEE LS, M sE S Bkt Gt . Bfa, BATEE— DIRRIRE 5 I 7E S Bhiz W
(4 FH

E&UH

WHFE R 2 E TR E - — 830 H (24C0477); AT HE SHEREHRITUE - — A0 H (2024YZ018);
R R 2 B R AR I H (23XKYZZ10).
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