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TE  BURRIGENE (Alzheimer disease, AD) E—FiZR T Mg, HAR 5B MIREE R R HE, 2970% Hist &
R, HHARYLE MANTERE . BEE S iy AR A, RV (machine learning, ML) $AR NS AE R
FIRIFFE IR T 2 AT . ASCERIR MLAE AD W R, FAIFSE , EZAHE . BEBdR S8 . IR A5 2B 8dRSS A1 AD
LW RIS ; WEARAFIR 2 A (single nucleotide polymorphism, SNP) 42 i & M85 AD XU AH 56 3 A it 35 15 725 5
Brs 5 AD KImHLTI VA FE R FRB 1S b . S, MR . 55 PE . KEEARE IR, #r 2 2 IR MLAEIESY AD

14 BB AR ST A FE AT

KR PURRIGEG, BEEUE, MLaES
FE4ZES R592, TP39

Bl /R BRI (Alzheimer disease, AD) &—
FREATVERS . AT A ph 2R TR, RS
TCIZIER AN H H VA . SRR AR Y AR A
B LB R AE SR, ADAG T i B A R R i e 161 1)
60%~80%, LA T HEH, REh LIty
A B EABRET R 2 VPR WL a R 2
BITHESOR, 2EKAD BE T K2 000 AL L, T
THE] 2050 4F, 4 A R RE B A Y 00 R A B
1315427, Pk, BFFEIRTT R /R KB O 2830
TEJEBE .

AD R W32, Al AR YR AR AR o B A
AD (early onset AD, EOAD) Fllf & AD (late
onset AD, LOAD), LRI 5% R ENERFETE,
RGN AD FIEUR PE AD. 38 AD SRR,
B BEINAIBERS (mild cognitive impairment, MCI)
EMIEF B AD R ) — D EZHY, BEEAIA
Mae R EAA, (BAReE T H® g s L ]
Hr, LEIZ 35 2RI MCI#2 U105 AD Y
AR S 2 3, DARRAE 24 10%~15% A9 B 3 0
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5y 3% K ZRNIMRIREE T4, HAS I 45 2R mT ki
K% ; CSFAWItRCY LI T EHEZER, RA
PERR, XE LI TG RS A e AR A I 5 ph 2t
AR A LLE T 2 ST W E A (positron
emission tomography, PET) #1 ff 3 & m 1%
(magnetic resonance imaging, MRI) 43 . [l PET
B 7 HH G P SE A R B BRI e 4R kg LG, &
BTN T AD 2, (BAFTERR SR PEARSR . St
FEAR ., RSB B PR RSN, MELLE
T ZEF MRI (structural MRI, sMRI) 15 51
AD i 45 #8522 4k, X L AD N U . T fig MRI
(functional MRI, fMRI) 3= 2240 ik B e DX 1L 3 £
s, (HXF RS EUR, Sy et @y g
PRI A A 32 22 LA 22 I 2 11 E- (apolipoprotein E,
ApoE) FEPRN T, HA XS FE P WA IIEG, HAN
FEEETE, MELIERE L AR R A R TR
v IS o VT s NI =5 M RO o e 4 251
(neurofilament light chain, NFL) 7K-FF T #2711
HIPSRR I A, A NFLAE N AD IR RZ W B9 A= Pb
Yt T ReME Y

BHE—H#i2 0 AD, I ICA SR IE T T
%, [ATERIU MCL I Ba A T 3G 7 29 11,
] A RE 2 HO i e . WA YT R 2R 3 RO
Pe: GZITIE . 4 H U H Il (transcranial
direct current stimulation, tDCS) F18 & £ fiii fi 4
#fy 1k (transcranial magnetic stimulation, TMS) .
TCEIT X AD BB 4 B AR FRE 157 R 4f, tDCS
FITMS A 238 AD 835 (N FI D RE B A%, P80
AR YT, TR ADF Y C Rk
MEET, 52 E A2y I BHE BRI T 4 e
(220K =2 At . FUUETAIET . 24N Skek
I REEIR 1. 2019 4R FR E Wi B3R YT AD #2h
JUB— D MR E 520 N LT VR T A A B el
B S BORA R B, HTREZTE AD
BT, BEERFENAIYIGE, HR TERNAY S A,
AR T IRIE AD BE R H 2 A E M.

HAp, B A 1B A ] 836 Y7 AD B fif e
%, FEEN A ADW RITZH R Z BN EZAHE
YERT, T AZR R 24 A AT 0l F AT AL A B 7
FHfH AD. ML#52%>) (machine learning, ML) & A
TR —FINH, B RGRENE A 35 > I
b b fr ek, miJCFER ST B e AR L AR,
ML HEA 1 PR A R Sy figk ke o B v et B340 N o

SEFVERER AL T RN . 7E AD AT, BESRAL
LRSS buaY i3 G AR I | g 34 61 | B i 34 €1 1)
et Gl . AR E ) R AR e L P
Bl B AT R 8 AL o BT BB TRA I
i, WNTE AD B2 WO IS J5 T, ML SR F I
SR BRI AT R C & AR B 1 i
83.3% . BARBAARIRIF , X AD i 1
WFFEAT AL T30 20 B BE . g 1 P3R4 0 R 2 8 AD
BAE W EEIIN, — B AD AR L A 5T B
P RSB R o 5. N : ) P2 A IR ) £ s
PR RIS A P SRR Bl 18 D)5 2 ML 4%
RGBT . I, AR SO AT 64T 1 421
ATl Jost, 32 2240 4 5 T 1AL Bs (9 ML 78 AD Y
B, f4% AD B2 W A TS | st AL 72 S o i
WRIBTE AT, FFHEAT EA IR,

1 MLZEADZ T SR RN B

H T A IRYT AD 77, HZE R 2l
AD I N VAT T RE A A3 1 27 H R e b/, SO
ZWr . T AD X R E AT B AR . ML E
ST E R A 3/ A SRR ORISR . H
FRBETUR IR AL AR T PPAl X — i FE . S
AT 55 s 2] IR e BRSOk X AD A T2 TN
s . TR BS AR, X ML AR 461
AEBRRI S AR SO B 5 HARES 2 A5
AR G HE T L EAE 19 ML 75 AD 12 W7 A1 i 5
BN (R1) .

TEAD RS, 38 AR s A% 5 B ok 1
I AD M2 W TS . A6 R SRS 10 it L B
TR ARG . B R IRTE ST, Oriol 55 17
XM BB R £ & Pk (single nucleotide
polymorphism, SNP) #ffi, HoAudm /M (E sk
FIE 5 1 (least absolute shrinkage and selection
operator, LASSO) . K# ¥4} (k-nearest neighbor,
KNN) . 3 #§ [ & #L (support vector machine,
SVM) 4 ML # % Hilill LOAD, M. SVM i
PEREIA B 742 CH B AR IE I & T 1 R (area
under curve, AUC) [ 72%. B T HA& G iYL 4L
P (EHAEVESE) R AD Sk, Xu &5 U A3 M
bR FH A~ 3% 22 B TR ) 3 R S R P 415 2.
JEEE T SVM B3 K 43 A JE R G B 1) 2 1 7 401
ZIT AR AD [ HERR 3 85.7%. SRTHT, X IRAFSY
AN B ZANTE T B3 AT X - 5k M55 AD FITH:
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flb 26 71 AD 2 [a] 9 5 1 i 91 5 &, . T Castillo-
Barnes % ' 25 JEHI R M UL £ 4R 1 R 5t AR M AD
f93 4~ %EH (PSENT, PSEN2 1 APP) 4ol #jh
YENSEBEE , JFLASVM ey, M S
B 2Z B ) L3S T K20 80% 43283, iR
PR TR S AR M AD LR — > S b S A B
P TR R R R B I, Voyle 4% ) R iEIH
FEAE T BR Bl AL AR MK (recursive feature elimination-
random forest, RFE-RF), X Ifil Jf& i K] 2 ik £ 2t
8, XA EE X IR (health control, HC) . MCI Hil
AD VERER K7 62.7%. Lee 55 2 LT If 30 3 [ 1A 55
5, F)FH G B #2445 (deep neural networks,
DNN) KX 73 HC f1 AD, AUC{EH 0.859. Moradi
20 R & ME B 4 Bt (linear discriminant
analysis, LDA) XILIEFEE FRIKIEHTT40Hr, HC
5 AD 432K AUC{H 4 0.84, HC 5 MCI 432K 1)
AUCTE 7 0.80. LI FE PR IRBHR AT 5T R, [H]
B HC, MCIL AD LU — 028 31 22 IR Xk 1
Z . A5 SNP B, iz st ek (genetic
algorithm, GA) . LASSO % vk ¥ 47 43 45 il il |
AUCfH{R = T2 5%, i5%)0.84 ! TfiifE AD 432
AT L, e R i >R FH 042 1 ML AR X # 22
BRI TS, HXT AD 3P e R
ik 85%, X} MCI [n] AD % fb i 11 I o o 3% ik
83.7% . Kt X AEAUAE s A B I L 2
RGBT .

R ZBEEEE b, St EdRas & MBS
Rz, LI BEEE . ImIREHE . He 8 s 2.
Liu 5 ) % 5% ¥ 5k & A 1% (diffusion tensor
imaging, DTI) F1 SNP %4k fiy A 21 8 B 5 B 28
2% (deep convolutional neural networks, DCNN)
HoR U AD,  AUC {H fi #55 #] 0.858 3. Varol 45 >
P2 5 5 M A B 53 1 (heterogeneity through
discriminative analysis, HYDRA) % 7, K H
sMRI Al SNP S Hilil] AD, AUC {551k 0.942 3. [+]
FERY, B SMRIAT SNP 45254, Ning 55 27 R H]
LM 2% (neural network, NN) Fijll AD, AUC
{EL 4 0.992, 11 {5 — 5t % K0l 1) AUC {ELAX
0.689. Bi %5 ! KT Ik wf L ¥k i (functional
magnetic resonance imaging, fMRI) F1SNP, %
2o RS2 B ATL AR R 0 AD HERA SRR 2 T 89%.
XEEHFTE R, AL TG 8ds, 4G Rsk

P Xt AD T VA A AP T AR A R
AR b, TS0 AR AR A 2 R AD BFFEA
AEAFHIFRIN . Gray 55 ' J-F sMRI. U5 & A 45
B -1E #L R 2 4 (fluorodeoxyglucose positron
emission tomography, FDG-PET) . CSF 4= ##5ic
Py FN ApoE BEDK AL, i FH Z2 B2 Bl AL AR AR B AD
HE T 2 N 83.3%. R FEAY, Kohannim %5 B9 45 &
sMRI, FDG-PET. CSF 4#)brii# . ApoE %
BARS . PERIARTE SRR, A SVMARRL, H]
FMCIARMBMAA (14) INHDIRE TR,
IR 90% F HERR R . R T IX 3 A R RN A etk
MCI, Dukart%§ °" AN D31 (naive Bayesian,
NB) #yk, T ApoE FEK Y | #2800 BLPEA |
sMRI, FDG-PET, #EMfi#2y87%, Jf HEM L&
A% . IR AL AR 20 BEPEAL T LA B R — A
432 4 T ] HE M X 4 AR e FIFE 35 1) MCLL Spasov
SR H B A4 M 4 (convolutional neural
networks, CNN), XJsMRI., ANH&il2z, g0
HEITAG I ApoE & A BB AL, X 3 4R N R JiE
AD HJ MCI ] — i ] BE N MCIRSE B J8 % 1A 770
25, AUCTHIE0.925. Zhou %5 ' FH = [y BERBEHREAE
% > LA TR S 00 HC . MCL AT AD, RN
0.65, (B4 E T HAl ML 4325075 . G5 BB T
AR IEIR G B TR G ], H5HFEER
K A o J2 AD BF 5% 19587 2% 4 0 J7 1] . Shigemizu
8 B A L AUECE FN M RNA (microRNA) 3
ST Y ¢ VI G~ S = A 171 N o 1 I s |
(proportional hazards model, X FRCOXAEIRL) [
Je WAL TR A I MCI ) AD #6381 s fa A, I
FEA ST AR B ARAS T 0.702 Y — 3 M5 5k . Park
S5 LN T A5 FE N FIAFI DNA H R B, 4R
T T 25 S IR L PRURN 2 S F AR AN A AR AR I
B, DNITTRE G GEAFIE e BN e S A= Py aoh 72
ANTCIE PRAE /D () R AE R P BR A= )2 2 SR )
R 2T eI 25 S AR SRR RN 22 R T R AL
B, PR R A TR, RIS A
F IS B IR EE AR 2R [ 4, X 53 HC Fil AD
ERRIRE] T 0.823. LU EIFgE R, SEFutfE 5
() ML J5 36 X5 FUil AD %) 7 AU, 53 )2 B — 8
PIE, I H R RS EE ings &2 50805 . I
PREHE VA S Al 2280, s Mol O3 sy B .
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Table 1 Application of machine learning based on genetic data in diagnosis and prognosis of AD

®1 ETEERENVSRFEIZEADSEHNBERRFARICE

e Kl 7 A FEARH =D X WA SCHk
LATRvSY
FREZS SNP LASSO.  HC: 371, AD: 267 Ccv BT M RESVMIAUC [17]
KNN. SVM {#50.72
R G i) 1) 4 1 7 41 SVM HC: 1463, AD: 279 — WU AD I HERf % 85.7% [18]
HE N AL o SVM HC: 173, AD: 171 10-fold CV A ADHER % H80% [19]
E YRS RFE-RF  HC: 225, AD: 218, MCI: 305 pIIA [ FMHC. MCIFIAD#E  [20]
WU MEN62.7%
FER ek DNN HC: 374, AD: 347 10-fold CV  IRHIAD, AUCTH }0.859 [21]
BER R IL LDA HC: 239, AD: 284, MCI: 190 ZLLavA 43J5AD. HCHIAUCIH N [22]
BESE  0.84, ZrZEMCI. HCIJAUC
{£50.80
SNP GA HC: 1017, AD: 813 10-fold CV  RHIAD, AUCTH }0.84 [23]
Z A SNP. DTI DCNN HC: 100, AD: 51 5-fold CV  TIIAD, AUC{H 40.858 3 [25]
SNP. sMRI HYDRA  HC: 139, AD: 103 — TMAD, AUCTEH70.942 3 [26]
SNP. sMRI NN HC: 225, AD: 138, MCI: 358 5-foldCV TilllAD, AUCH }0.992 [27]
SNP. fMRI MRF HC: 35, AD: 37 — i ADUER 2£89% [28]
ApoEFE[K AL, sMRI, MRF HC: 35, AD: 37, MCI: 75 4-fold CV T ADHERZ83.3% [29]
CSF. FDG-PET
ApoEJE[K . sMRI, SVM HC: 213, AD: 158, MCI: 264 LOOCV  4rZEMCUATFRIN AR (148> [30]
CSF. FDG-PET. 4%, WHITIRE T RE, IX3190%11)
EREIEIEEN: EE 3 TR
ApoEZE A%, sMRI. NB HC: 112, AD: 144, sMCI: BT B % 87%, KWL & [31]
FDG-PET. #fiZ 0B 265, ¢cMCI: 177 WA R BULE R RIS R
PEAl X 43 e R HMCT
ApoEZE[R L, sMRI. f# CNN HC: 184, AD: 192, sMCI: 10-fold CV  XI34EN K ANADIIMCIAT  [32]
ZLHEP . ANH St 228, c¢cMCI: 181 MCIFE M 5354328, AUC
{#50.925
SNP. sMRI. FDG-PET DFFF HC: 226, AD: 190, MCI: 389 20-fold CV TFilillHC. MCI. AD#ERfiZ  [33]
H0.65
microRNAZ &, SNP (e/6)'¢ HC: 91, AD: 271, MCI: 248 cv K IMCTI AD# e ) 75 f& [34]
AME, 3R130.702—F
Ei=R 4
F N L IXFDNA FF AL DNN HC: 257, AD: 439 5-fold CV i % 0.823, EHI 4 & [35]
[K R IA FIDNA H B A0 Al vT
i o TOUU HEA E
SNP. sMRI. FDG- SMML HC: 47, AD: 49, MCI: 93 10-fold CV  AD vs MCI vs HCH £ 11 [36]
PET. CSF ZN0.71
SNP. sMRI. FDG- GBM HC: 301, AD: 252, MCI: 471 10-foldCV TiIllAD, AUC{H }0.876 [37]

PET. #HECIEPFAl
D MRF: ZBSHEHLARM (multimodal random forest) ; DFFF: IRBERAIES: > Flfl & (deep feature learning and fusion framework) ; COX:
FEAG XU [T J-14558 s SMML: A 22454524 2] (sparse multi model learning) ; GBM: S 4Tl (gradient boosting machines) .2 HC: fi
FEXTH B (health control) 41; AD: F/RIHEERIN (Alzheimer’s disease) HFE4]; MCI: #2EINMFEEAT (mild cognitive impairment) 41 ;
sMCI: Fa@ B2 NG (stable mild cognitive impairment) £; ¢cMCI: MCI¥4{k JAD (MCI converting to AD) 1.3 CV: 38 XIKE
¥ (cross validation) ; 10-fold CV: 104738 XK 3iF (10-fold cross-validation) ; 5-fold CV: 53738 L& F (5-fold cross-validation) ; 4-fold
CV: 4473 XHAE (4-fold cross-validation) ; LOOCV: B —3¢ XEGHIE (leave-one-out-cross-validation) ; 20-fold CV: 204738 X ¥ (20-

fold cross-validation) .
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2 MLEADERET RSN A

AD L8 S8 HAT s i, JF Hax sist
A2 SR ZE05 ADTE G . BT, L CHBFY
C&En TS0 AD 8L A, (A5 2
B 0 A I AD AHOCHE RUFIYAR YT A5, DA B 4 i
T AD B ZOR AL, T I & A A AD R YT

ML 7E AD i 4% 728 52 o3 A h O WESEATI A T IR
WrEe, (HEA L8R (K2) o T ik
AD AHOC I SNP,  Abd % P Fi| J1] SNP %4, 4351
F W ¥ 9 & /) & G 4k (sequential minimal
optimization, SMO) %4k, NB, R HEsmFN R DIt
1 (tree augmented naive Bayes, TANB) FIK2 %
B, K 500 4~ SNP. FER T #1578 5 5 %
RURRAE 22 (8] 5 B [, Wang 55 0 5 W 45 (K 2 (5

TN 0 24 i P A5 R Ay T s A XSS PR 3R R
RS B b RVRRAE A2 Wxt 5F 2B 1A
(diagnosis-aligned multi-modality regression,
DAMM) J5¥k, GEM] T el PERAE n] LA 3R
FAFRIC AN FE15 . . Vounou 55 X} SNP 1% Il
HAZ 5 (copy number variation, CNV) %, fif
FH #i 55 B% % [l 5 (sparse reduced-rank regression,
SRRR) , E3E T ApoE il £k ki {4k &1 B 5% 4 i 40
(translocase of outer mitochondrial membrane 40,
TOMMA40) £& K ) SCHEME ] . Hao 55 M flE IR 5
S0 i B 2% 2] (tree-guided sparse learning, T-
GSL) KLU SNP FlI sMRI (51K, 25 501 i 10
ASSNP 570 A5 i 5 X 45 AA AR RS A AR DM e
SR, A ME AD KU i AE OGN BRI SR A
R, ML 5 H SNP £l vl L& AT g
55 AD XU A DG AR B )

Table 2 Application of machine learning based on genetic data in genetic variation analysis of AD

®2 ETEEHENNSRZIEADEEERSTHIARICE

Bl AL FEAK > A SRR Wgugs fe SCHR
SNP SMO.  HC: 214, AD: 177, MCI: 366 10-fold CV £l Hi5001~SNP [38]
TANB
ApoE DAMM HC: 38, AD: 26, 5-fold CV  FEA% K19k 5 APOE SNP 15429358 [39]
FERA SMC: 19, EMCI: 40, AR
LMCI: 34
SNP. CNV SRRR  HC: 153, AD: 101, sMCI: 114, cv {ESE T ApoEFITOMMA401) 481 [40]
cMCI: 107
SNP T-GSL  HC: 210, AD: 173, NCV ik H10NSNP 5 e o A flifs B X sy [41]
MCI: 360 AR AR ME R 5, S LOADR #EAH K
SNP SRRR  MCI: 189 BOTEGAESE  AHEEMULM, SRRREE S Uf Rl f5 il [42]
A
SNP T-SCCA HC: 211, AD: 160, MC: 82, EMCI: 5-fold CV  T-SCCATE R Hl % R J7 H i T SCCA [43]

273, LMCI: 187

" TANB: 3458 AME DU (tree augmented naive bays) .2 HC: {@HEXf#f (health control) 41; AD: BU/RIIHFERNG (Alzheimer’s dis-
ease) EHUL; MCL: BEEIAFIFER (mild cognitive impairment) ZH; SMC: FEWCIZ4HAE (significant memory concern) 4H; EMCI:
W2 B INRIERS (early mild cognitive impairment) ZH; LMCI: Bi42 5 A1/ 6% (late mild cognitive impairment) £ ; sMCI. £ Rl4%
JEINFNBERG (stable mild cognitive impairment) ZH; cMCI: MCI# 1L HAD (MCI converting to AD) #1.3 10-fold CV: 104738 XK IE (10-
fold cross-validation) ; 5-fold CV: 5428 X BHE (5-fold cross-validation) ; CV: 28 X iE#: (cross validation) ; NCV: k& 28 XK iE
(nested cross validation) . ¥ MULM: - AR i ZEPE #2455 (mass-univariate linear modelling) ; T-SCCA: = [m]H B LRI AH 540 HT (three-

way sparse canonical correlation analysis); SCCA: B8R AHE 4T (sparse canonical correlation analysis) .

3 MLZEADEREREIE 5 ag s A

T AL S B kg S PR DR BRI 5 vl A i 4
AL RILGE, SECLEEA R, RES
FUAD (i B . BIF S 0 0 i DR R AR Y A2

A BT R IS AD &5 AH 5 1) S B DR FIIR A%
A RERCAIRYT TR HE A

M TR SRR IESdR s ik, FEmRE 4
MALGE R GE T J7 v 5% 10) ML -1 7 8dis o0 #r, FFA 3K
T AD YRR (3) . Wang &5 34
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6 I DX () BE A AT, M s A RIA 4%, Jf
EF SVM 4325, 193] T 444 DL N5 X p e
BATETEAE DR S B ] . Kong 55 ) JE T DNA
T 51) 56 DR R SR B0 AR N g SR DR SR IS, i FH vy
5357 #1 (independent component analysis, ICA),
PR T R FRIBIKT- 7 50 22 F B L DN . 7 i 41 e 3
PRIk A AR [R]IRE 2R B Al RNA 7Kl
Bl 2 BCAS  EEXT X — AW, Gutiérrez 55 ¢ G
R (decision tree, DT) KT 69 4~ FEH i
F3K5 L)L K APP, ApoE. BACE1, NCSTN fy38ik/K
e, SEELT R tau B IR IR KOE % E . Zhou &
FHAE M % S FFm =ML (radial basis function-svm,
RBF-SVM) B35, XK AL H AD DU/ IR XA <
JE4i % RNA (IncRNA) FIKTE AT T A A
SR, IncRNA KB 7S5 T Ik & MACH
MR EY o2, 589 T IncRNA 7E AD &l
il o B AR BR R AD & A S iy I,
Zhang 55 S 48— Bl 22 RO ) 4% g B Ik

(multiscale network modeling approach, MNMA ) ,
g 5 DR 2R A RN PR AR -4 FH DL et 30 0 24 27 7 D) SR 4
MO T 5 AYEAD A R RIKRKTF M.
Martinez-Ballesteros 4 '/ il if DT, it S HHL )
(quantitative association rule, GAR) #1JZ K Bk
(hierarchical clustering, HC) Ao Hr 5K ik
i, RIL90NIEAE AD E T kR T B E A
Kong &5 ) ¥4 ICA 14 17 FE % 73 %  (nonnegative
matrix factorization, NMF) AH%% & %) & K 3 15 i
AT M, AT 1500 24> SRS . A LA
RV R 0 AD JE R, SRR X 73 2200 Rl R AR
AEH, IS BRI s iR B BR ] . O T Se ik
SE IS R, Park 55 OV R T — b DLt SEAE AR
(causal
linkage disequilibrium, CaMMEL), & SNP f13&
R HAE, RIT 206 0k EEH . UL
W, {8 F ML > 43 B 5 K 2 35 335 T LA Bl & SR A
AD KIi L & 4 E AR R SRR R A

multivariate mediation within extended

Table 3 Application of machine learning based on genetic data in gene expression profile analysis of AD

F3 ETFEEHEONSEZIEADERRLESTHMHARICE

ey Ay FEAK R 38 X BAETEY W e 4k R SCER
LR Rk SVM HC: 74, AD: 87 LOOCV 15 244 ETE bR S [44]
R FaA ICA HC: 8, AD: 5 FSTEGUESE  PRHLT RIS S0 2 AL [45]
PR Rk DT HC: 9, AD: 22 10-fold CV %7€ 1 tauf [ FRILIKP [46]
N FA RBF-SVM HC: 131, AD: 144 MOTIIEAE  IncRNAZFRIEAE R0 2 5 A5 [47]
R FA MNMA HC: 273, AD: 376 — fifi 2 ADIH SR 2 19T [48]
HE R B DT. GAR. HC HC: 13, AD: 20 5-fold CV R 2 MU #9045 A [49]
FE R B 1 ICARINMF HC: 8, AD: 5 MALIAESE 71 5002 AN KA EER [50]
SNP. J&[HFRik CaMMEL HC: 25580, MOTIGAESE R I206 D HUR A [51]
AD: 48466
HIERRINA DT. LR, SVM% ADZE[H: 458, 5-fold CV  RGII3ANHT I ki i K] [52]
11 HCHEMR: 55947
FFFIA SVM ADHEH: 335, MSLIOTESE IR 4 JSUER 2684.56%, AUCHH 40.94 [53]
HCHH: 22 646
DNA F AL £k RF HC: 34, AD: 151 5-fold CV  HEMYNNNEAEEYIbS &) [54]
BRI RIK TSCC HC: 9, AD: 22 5-fold CV A T 13N ADAH G A [55]

DLR: #4MIH (logistic regression); RF: FfiflLA& K (random forest); TSCC: WA IIK/T2e%% (two-stage cascaded classifier) .2 HC:
{#FEXTIE  (health control) ZH; AD: BT/RIUFEE (Alzheimer’s disease) HF 4. 3 LOOCV:
tion); 10-fold CV: 104722 X HHF (10-fold cross-validation) ; 5-fold CV: 54738 X B&iF (5-fold cross-validation) . 4 MYNN: JILfH&HE

(myoneurin) .

4 REERE

T EBAR BT RE I MBI Z S BE T B4R L 48
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Application of Machine Learning Based on Genetic Data in The Study of
Alzheimer’s Disease’
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Abstract Alzheimer’s disease (AD), a neurodegenerative disease, is closely related to the genetic and
environmental factors, about 70% of which are caused by the genetic factors, but its pathogenesis is still unclear.
Along with the advent of high-throughput gene sequencing, the processing of genetic data using machine learning
(ML) has become a hot spot. In this paper, the applications of ML in AD are mainly reviewed, including the
diagnosis and prognosis of AD based on genetic data, the analysis of genetic variation of AD, the analysis of gene
expression profile of AD, and the further development of ML for AD. Firstly, during the diagnosis and prognosis
of AD, the genetic data combining with other modalities, such as imaging data, clinical data and histological data,
would be greatly improved the accuracy of ML methods. It is valuable for the early diagnosis of AD, and
effectively delays the progression of AD. Secondly, the application of ML in the analysis of genetic variation of
AD, single nucleotide polymorphisms (SNPs) of new genes were dug out, and the pathogenic mechanism of AD
was further explored. Thirdly, the analysis of gene expression profile of AD mainly focuses on the discovery of
the pathways of genes which could provide the possibility of gene targets for AD therapy. In the future, the multi-
level model of ML might be developed for high-quality, diverse and large data, and provide scientific strategies
for exploring the pathogenesis of AD.
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