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AN AR, TR BRI By 2. ML
S ) SEA I TS URAE 20 T4l 60 ARUEE
PR, EBE R R T OB R R Y R R, X
7 R %2 2] (deep learning, DL)5E A T.% B
AR o WEE2E > RS AR I b b B2 2 5 51 55006 . F
S 5 O B AFAIE (features ) FH T #4 ALY, DA 17T X
PRI MR A T U B B IO A2 W L B AT AL
E )N T A E S SRR, Fln
DeepMind Health [ AS ) T H & A TR EE %
A BT By 2 AR 5 AT S 5 XU ) A
(https://github.com/LiLabZSU/microbioML). Kk
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Bk . 2l Bl ik SF PR A . AR
FEARFY 16S rRNA JE DRIP40 75 2208 I e
AR (W QUIME B mothur 28 )Ab B, 4% 5 5]
AL B2 A AN TH) % (cluster) , BV AT $4E 43 25 A6
(OTU), HHTIREMEDZ M. OTU &
F—A 3RO () @ mE S S E R
JESEAT A X R A 2 OTU (closed-reference);
() WMRBASHFFINERE, 7K IR RISk
A5 OTU, XFiE kIR 290:(de novo clustering);
(3) TS EFIIRFN OTU R, FTA
RE 5 ZZ AL P8, 88 AT AL 3R
2 (open-reference). — HAfixE T OTU 7%, LAl
LAl i RDP Classifier 5 J5 2: ) 54> OTU (R
RIFIIHEE YT 73 2K15 B . 16S IRNA Hfi & &
BUE S HAT 8RR MERME . O T NS AR
Hh RS ICAE W0 A e B0 R s B B 2 A ] 2 L
SCHR[7To

OTU = Ji i fs 2 d5c W FH B9 Gl A= Wy v 55 1
F PR ST A3 1Y S A\ RFAIE (features). UN3% 1 By
/N, OTU RN B AETTHECEHE Y nxm 254 X[n, m],
Horpn Jy OTU FAEEL, m WFEAS Y(m)h K
B m B9 7E ER (traits) ) i, MR AT BERE—
SRR, A A O BER, SE R
HELRE, B RE R E(BMD. OTU F AR
FEAAPE SR B F1R B OTU fEgm RoRFia
PRI L, SR T HO AR R P 5 i AT o0 41
BN BER B o R T R W ST R A B
— ML/ T OTU SR, i e 4 i 4k B
Bwm, BE—MEAAIRZHE, OTU K1Y & 4E
FEPEA M UG SE et ik AT 8 Al 3
ML 2 Ry o e e 4e Bl v — Mo s T B, mf
DL T ) B Gl A P A (Al 2% R DR 2 R A1) 5
6 RS Rt Z A R
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#£ 1. OTU REBH)*

Table 1. OTU table (partial)

#OTU_ID Samplel Sample2 Sample3 Sample4 Sample5
OTU3 18 10 166 16 66
OTU7 29 15 350 35 50
OTU35 29 24 112 17 92
OTU78 76 57 0 62 0
OTU115 22 36 182 0 0

Trait P N P P N

* Each row represents an OTU, and each column represents a
sample. The last row represents a host trait (P stands for
positive and N stands for negative).

2 MBEIHE

RGBT A AR %S (tag), Pl
BL ATy RS : Wi B ) SO0 e
(B 1)o Wi o > SEL A I A BR 2 RO R ok
P B AT (model ), LA A 4040 388 58 47 AaE (4N
RN R IR H G5 Hbp AL i (AR ot A

SO ) A 7 ORI, SRS OB Y Rl P 8 B 1Y
T BRAE AT LUE BT RLEY, FEAE AR R, &

TorRE Y WAL SR, WAfAE %, &
MRS, GBI, g7
AT SR i BB IRV E IR o X — KR
ST LIRS B R U BR R B 450, HAEAEY)
2prp Tz N R PR SR 2 (clustering), AR
s WSS 5 1) S PR WL A B E AT A0, e
AN [R) i E R AS rp AR B R DR R ik ik LA Rk
(co-expressed) ) & A .

SR TE R EE I AR B TR RS 5
1B FR TR BB s 2 B0 ) LA S e RO, Rt
RIBEEAE PR TR A RS, TR Z 4L
FEAJE TOhRZE BRI an KA A HE BA S ARG DU A 4
LA /NER 3 R 22 W R eI FR B REAS o LGP 5
BLIE 1) — AR A R A B AR B AE A T -
Wi Bt (semi-supervised) 2% > 5l S AT W FH 72 A AR 5K
5 TohR B BARR A BI85 8 Hh y pL s > 5
o LB B 2 2 A T8 5 F Y Zh(self-training) |
BB AL AN B TR R 22 T 45

( Machine learning (ML) )

( Supervised learning )
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Figure 1.

Classification of machine learning algorithms'’.
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WA A OIS IS4 4 Tl DL B 5 ]
Pk (A 2).
2.0 MR fENE Tk, kRN
S AT R B SR AT A, R — R
DR B E A o #E 5 [8] 5 (penalized regression)
i T 5 AR A EE A LA S R AR 1Y v 4R AL
PERO A ¥, HE LASSO (least absolute
shrinkage and selection operator), %[l (ridge
regression) FISHPE X 4% . Sk 1k O 76 4% 5 22 (A £
TEARSCHEMS i ATl R 5, 5300 ] U 23]
PREIC FH [0 5 22 85 LASSO [ ) b £k 4 [l )

(A)

Liner regression

©

\:\Otmg /

Random forest

(
Tree, r% j&%
2 ass

f) L1 RN, %07 B s th a9 D0 3 AE T a8 5 0
JIT A 7 R ECGHAT AR, A AR AN
My AR RECE N 0, TR HERR fE @RI S .
It , ETERLG ALY [F N AT RIE e . 08 [a]
A Y 2Pk [T g L2 1E AR 7 fR R 5, B
FEUEA /DR RIEE, EAMBRAEfT AR5, W
VART DASR e TR HERE , (HAERHY 0 i R b ol
Iy 2l . Zeller FEPHGE T FIH LASSO #%Y
5 NK B MAEDAAE A CRC (colorectal cancer)
e THEA AT REME, & CRC B3 5 IEH 4
k.

2.1.2 ZFReMEWL: ZFFAE L (support vector
SVM)J&—Fl 0B, B H 2
TR PR XA AT 3 E 4 L
S MBI 5300 Y- T Y e /NI S 2 AR R Ak, B
LIEAR Ry — 1 R0 )RR i o — RO L

machine,

(B)

D)

Hidden  Output

Neural network

B 2. MmFEZERIEE R

Figure 2.
forest; D: neural network.
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Schematic diagram of four algorithms. A: linear regression; B: support vector machine; C: random
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AP b €7 e oo 28 Y12 G D N B S
JE T[] B (BT ) R S e B LA S B a)
(18 2-B), IMiAE =4k ) X 28 f SR I ) 3, 18
ok 3ok S ] e SRR TET A AR N, R R T A
AT R 3 RSP Ry SR I o X T B N4 A R B
W, TR AZRE, W A S 5
Wiz sRB, AR A BRI DA B A6 245 8] Bl S 38— A 5
I 4ERE R 2 18], AR AR 7125 (B 2 2
PER] 70 . SVM #3252 24> 4t
s, @40 Tie Fl Robert 455 | AN [ £ R 40
SVM 732, X 2702 7l O EREASER T 2028, IR
G A A T B 02K

2.1.3 BEVLERAK: BEWLAE#K(random forest, RF)
AT HZ 3 A (bootstrap aggregating, bagging)
FEEALRRAE 2L £ P FR AR . Bagging (3£4%) 2 —F)
S E Ok, H T A BRAE R ZR 21 Sk ik
rRde, FRENGRAr R R AR Gld ok, 3R
i g R . FEHLARMOE: Bagging i IAZ —,
W LR R — TR, T
SR RYLRM, SR DLAREE I U R 2 e S vt
19 8 e A PR A5 (B 2-C) o BEHLARAR AT LA A
2. BIAEER S, o] F T P T RRAE e 1R B
A, BRI IR 53 B A Ath 5 2 45 e i
I R 1432548 2 — ¢ Yatsunenko 2! LT
W IETERE 16S W Ecah , 1 FH Bl L AR ARG 0 X
KT, B T ANRIRE 5 e R 2= sk
YIREVE B 2H L5 P RE R 2

214 ANTHMEMESHREST: N THERM
(artificial neural network, ANN)&#]ATHITIEAE
SEBLOT A CAEDLS], B — A R R,
B AR R A 22 T (neuron) BT BT E 43 2 . A
A AL 245 B 2-D). A JZ Y Fir

A P2 TR I B A — A BEOEUZ B BT A el e,
T ERENPUERR . A HEHREFH OTU
FERERAE AR o B2 A S AL #E LAk
NS WAUE, PR T GE /) . X~ A
— HARFEL B G — 1 Ba )2 14 4 B 0 2 0k
iy 2 TR A A )2 R R )2 ) B Y
I R 22 I 28 Bl PR IR J 27 ~J (deep learning)
FHA Z)Z N2 Mg @R, s usmz
BTz B2 N YT SRR, 2R AT LR B R A AR
MITRE . TR S B 88 AR 55 1 6 22 1)1 bR 25
PIREAS, BRI T I RE AR UL S e RE . H A
UL IR BE 22 S HEBR A TensorFlow (https://www.
tensorflow.org)-5 PyTorch (https://pytorch.org), fih
TR R LS A I 28 S A AR T H . BRI 2
Bz 0 A W SO (a0 A Bh g ) Y
HLES 22T AL, 40 Lo 5 Marculescu %I Fi 45
TR 22 I 28 (CNIN) 5 1k A 0 20 540 Tl 1 3= 1
IR o

22 EMBEIEWL

HWEEMR, SERSAE B AT s

B AR NI T B O T R o 2= ), ol
B2 R AT LAHE T H 50 i — S8 N eSS b, &
T HR 2 (clustering) 5 [ 4 (dimension  reduction)
PS5 T

2.2.1  BESHr: BIEA DT INCE HAEHE R
RARFPIEL, UHEATARE(G B, 3T 4R
(] AR AR BL SR AEAS 70 2H (32 ), J 734440 2H PN s e
NI 2H T B e RA KR D0 ) ol A= 1 2H 8
Y H i 16S tDNA J751>97% 0L EE 8 72 S AR [R] )
Fhi(species). R ITEA K HE(K-means)
REHEREER, BEEHERENLRZGH 1
TR PR B AR R, 1 3 40 HE LR AN ] 285 2 ] BE
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(A) (B) ©) (D) o
Q o) 0 ( @@
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Single linkage Complete linkage

Average linkage Ward linkage

3. ERREESITEAES
Figure 3. Types of linkage as a method of defining inter-cluster distance!®’. A: single linkage; B: complete linkage;

C: average linkage; D: ward linkage.

BT o R A RIS iz i R A BE
154 Bray-Curtis Fll UniFrac 2 54§45, Bray-Curtis
2% S48 b e AL SRR A 22 8] T RE AR R
25, T UniFrac J23E T REK T X R
AR Xt A AR R 1 A RO R 2R A
R, — Bl DUF LA 8 bR R PR SR R AOR -
(1) REPOMER: EELR, Holmid;
(2) RBBANHEAL: BAED HE PO S,
FROAMEE (3) BEANHAT 2. AR
ZREGETIZE,

222 BIERELE . SUEYIA IR R E AR K
i OTU “Zfnym4eids, 4RI =
YERHEARAE T — Rl G . W R R LE By ik
FEIE T WA BT (PCA) . T AB bG5> T (PCoA)
G & 2 48 RE P (NMDS), PCA 3T 224)
fiff 4 BT 22 AR BCHE A TR AL B, DT AR B
Bt vh i) FEER FFEEH , B ERUT(PCs), I
DA BB 2 S P e ORI K 9 F2 143 PCL Al
PC2 1 T = 4 27 w5l 1 ] ML Ak . PCoA 5 PCA

AR4L), {HF] A Bray-Curtis 2%, UniFrac #2154
ASTA] By WA 22 5 B8, JF e B TR A8 R AR bR
HEATEAR AT OAL, QAR SR e e, R
7N W Rl 2H R ARR DL . Tiang 45 UPIIE T B K S A
OTU 7K Xf #E W) AR B TTC AR A A 1) 4 581 o 7 i
1T PCoA 43#r, RIAGREVE S8 0 FEE 2R
BRALNE Y50

3 NBEFIRE

TEA W FUI, E ALA 2 >) JE AT A
P BT e R E 8 4 AT 4): (1) #K
P 1fE 7% (data preparation), fLF5 AR 5L A )7 51 5L
W RRBUE B AL, N e BoE 2 S
M i S K ke ok AR FE A5, DT A S 58 1 A AL A%
FEY ., (2) FRE TR (feature engineering),
X RS I TR SR IR, R AR VR IR S 23 B
PIZRAE SIRAE S, WA I H5die L A SR,
(3) FEAIH S (model generation), K FH il Zhi4E
HEATREARLYIN SR, I 2R TN 32t 48 5 A58 AU R A7 B i

Raw data Clean data Features Model Visualization
. g x
ACGTC .
N Data GCGT Feature | @ 4% @ &| Model |4 o= Model
\R\\\:)“' preparation A engineering| 4 @@« | @ | generation * . ¥ evaluation
& | —— | GTCCG | — . 0ee * -
« TTAGT eohees . N
! CGTAG
4. HBJ[FI AR
Figure 4. Workflow of machine learning analysis.
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(4) A PEAL (model evaluation), 1E£E K #7138 X

I I 25 (K-fold cross validation) . H B R & &

(bagging)sy, 4 — A& X 5 iIE 1 (leave-one-out cross

validation, LOOCV)Z5 X #5550 it 4 BE UE 47 6 31F o
T T 48 0 T AR ) A R B LA A T

PR A — BB SC R B

3.1 FyEmsabE

ot P P ARG . DR (AL, RIX %L
i B Y B 0% S Bl 2R B EA T B I SRR 5 AR R
B, BV IR 0 vh S B A A AL A= OB
FRAE; EolFEdE, M TREACER A 4ERE , dEmiRE
BRI AR FRIEAS e, =LA H6 % s
FEAEAY IH— A SR 5 .

TEAE I 5E b, AR RAE B AE &, 2R
UM DG B OTU 2R B4 2 T A Wy 2H i 93 ) B 2220
BRUSTS R T 0o W RO 1 R A e — i B
OTU FHiEw %, SFEBIGYEE R, MELIH
BEAT A, BT LA 23l ] — S gl /b R AR A 1Y
2:, W LASSO. FE 5343 B85 5 B A A BT
RUVFHIE, T4 M A R MERRJE . AR Oudah
5 Henschel #&H £ 29 FF1E 1.2 (hierarchical
feature engineering, HFE)J7i%, FlA OTU Rk
O3 RS RIAHOGIE 5 0 2845 BT R AE SR I, X
AR IR . A, TEREERE A,
AR @R i AR A — B, B R A% 22 5004 L
BOR, TEpLas 5 ik i vp 2 S Be R Bz NV S
[, PR, e S0 B e T I A b B, (2
H— b7 7 B EE X |, DU s #L 4 2 > 1
€. OTU ek &t — s 41> OTU MI{ERR L%
ANFEAS B BB IR B R T LA
3.2 BB

WEFEEN IR T & & R RO LA 2% ) S

BRI R PE AR 4 A G H A
o Planss J BRI PR TR 2 A | A
H B R Y 555 . B0 bn 4 1 cHa 46 T I i
B2 BP0 K-means, PCA), 1A &5 HE
S| B 2 ) Bk (0 SVM, RF)., W05 4R% 2
AR g, WA Ay AL IR RS A
WPa] g7 AR, H ET 22 2 il 4 1 1 T H
W, TR ) TR T IR, B RO
RUAE AL 000 Pk BE AL 4F , (HBE B Y AT R
(interpretability)# 221", FESCFRN HH, #F5EA
B3 Ay B B — A W] i R B p AR T
PRI AH O B S PDRE L T Ik R 15 A U A 245 3
— PR R B R A AR FRATTE R SR K
i AR )& 15575, I SVM, RF, ANN 4%,
A, #EM T  (ensemble methods) i 2> ML
BEARY R il — DAY, 5 A~ ML AAUAR [
AIDARAG A . AR R T . R 2 T Rg T —
S UL B AL A 2 > B VA TE TN 15 32 3R A v i
. EZNHZ W hitps:/github.com/LiLabZSU/
microbioML H N %o
3.3 FdEmke S 2 BT

Plassz T b, ol 2 Bs A i b
1 (re-sampling) ¥ 53 A Y 254K (training set) FII I
£E (test set)m{ I UESE (validation set), FH T I
YR B AR AN ZRAR TG A5E Y R4 70 3K %) 5 i
PR IS o S6E 4 I ] T B e A A 1) 2 Ak P g
(generalizability) , B A] 31 AH AL £k 40 1) G
T o BV 2 8008 B RR R AT AR AN ST 1 1Y 1)
A, A TALAR T, MR R A e e S
WA AAE 2SR, BERT TN 25 R ™ A B K%
2. WG, ShIBREAZE R NZ KBS, 15
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Fz2 HBFIEFEMNEEREPHIA
Table 2. Applications of Machine learning algorithms in predicting host phenotype
Algorithm Trait” Samples (P/N) Performance” References
SVM Liver cirrhosis 118/114 AUC (0.980) Pasolli et al., 20167
RF PSC 24/24 AUC (0.743) Iwasawa et al., 20188
ANN Colorectal polyps 316/236 AUC (0.870) Dadkhah et al., 2019!""]
Linear regression IBD 56/56 Accuracy (0.780) Eck et al., 20172%
Naive bayes Colorectal polyps 316/236 AUC (0.860) Dadkhah et al., 2019
Boosting IBD 500/500 F1-macro (0.650) Lo et al., 2019!'%
K-nearest neighbor T2D 423/383 F1-score (0.860) Wu et al., 20187!
Deep learning Oral malodour 45/45 Accuracy (0.967) Nakano et al., 201872

% PSC: primary sclerosing cholangitis; IBD: inflammatory bowel disease; T2D: diabetes mellitus, type 2. °: The performance

metrics were described in the model evaluation section below.

B IREABHR BB T T o & T AT 500 ik 3
D3] 225 M G SCHR (5]

R T 3843 R B B R4 v AL 9 72 Ak BE
71, MR BT K738 LB . K- 358
SCRIE(E] 5)iE s B 4 D Ay K AN TAE, G
5 Dy Dy Dy, HARUCK A 1A AR I
%, FIT 0 K-1 ANFEMERIIGE, 13—
R ARAT 255 0 LR b U R S AR 4R
T ZREEAT BB ZE R Bro 5o BB R 25 A
TS P25 SR BOE- Y, HE s A Y 77 Ak B
3.4 EERIEAE

[l U= 455 70 1) P BE P Ak 48 AR A R R AR 26 &R
B(R). R 2 J7 FI(SSE) F ) J5 M % 22 (RMSE)
5o Ay ISR — 3 e TR AR O (i N S

D, | D, | D, D,

D, | D, | D,| | D |— |E

D, D, D,| [D,| — [E <&

D, D, D,| [D,] — | E 2
=1

D, D, Dk—l‘ ‘ D, | — | E

& 5. K-#r3x XIEIiE

Figure 5. K-fold cross validation.
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Z BRI AR IV 56 ZR R VPA AL A B, PPN TR AR
FE TR 72 A5 (sensitivity) . f5 #f2% (precision) . 4F
S (specificity) FTHERf K (accuracy) . 7B AR
FLPH R B A 1 (recall), Fon7E A BHPESS H)
AIREA R, BOEGR TR A BRIl (A=K 1) T
K AN AR T o B R AS vp - ELIE 2 FH
PERIEL . R AR BB, RORTE A B
PERREA R, e A T R B A H A (A 2K 2)
YA 28 3R 705 TIUI Sy B PR 55 B PR A 1 S S
Fe Bl (A 3),

Sensitivity(Sn)= nivg!
y(Sm TP+FN M
TN .
Specificity(Sp)= N2
p y(Sp) TNCFP X(2)
Accurac fﬂ
Y IPFP+FN+TN 2 (3)

HAr, TP. true positive; FN: false negative;
TN: true negative; FP: false negative, F1 {H
(F1-score) &4 1 2 A1 4 [0] 24 (1) Jin A 98 Fn~F- 34 4E
(oRfERE 1, Jm/MER 0). BEA MFTHE I
754 Fl-micro 5 Fl-macro, 7E 432 [n] i s
PRI —8, BAEZ RN P
%St
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ROC ] £k (receiver operating characteristic
curve), MFR“ZIAE TAEFRPERZ”, REMAY
07 FH 500 2 R oz R ASE TR0 7 e IBCAN (] 28 {1 ) ) G
BRI AL R (8] 6). ROC 1Tk B AL
Pl (1-specificity) 28 i FHE A (FPR), BRI ECRA 1%
AT, T O B s 9k A bR R R SO
(sensitivity)sl E FH % (TPR), #i#E ROC M7
B, MZT rER s i T AR #EFR A AUC (area under
curve), FHRF/RTMMEMPE, AUC EMGE, Ui
AR TRIR R TRy o= B H I N2 e 7 Tt o £ O 101
WERR R . — & AUC 76 0.5 3] 1.0 Z ], 4
AUC<0.5 B, BEHIBIARIE A R L. Al @
AUC R AN [FBER B F0ICR | 153 Bayes K8
PLAR MR B A Ay (4 T e

4 FEH A

AR ZMIK A Yoshio Z5225E 1L ML pe2: > BT
IR T A P R R AT 0 SR T g,
90 il Z AR H ME R FEAS Y 16S rRNA KE[R 414 T4
oM A I OTU R, XoF I s S Wi i gkt B
WA TAIL G > 43 S TN o A 511K 38 2o U f
PRERAF R R BEHLARAR | S5 ) B LS~

1.00 |
0.482 (0.244, 0.844)

0.75

AUC of randomforest=0.856
025+

True positive rate (TPR)
S
(91
S

0.00 ¢, ! : L :
0.00 0.25 0.50 0.75 1.00
False positive rate (FPR)

6. ORFERTWS LR ROC Lk
Figure 6. ROC curve for classification of malodourous
and healthy breath.

LR AR, Rzl ROC LI
W& S5 B TR RE -

4.1 EHFSHRME

4.1.1 W 217 Windows . Linux 2§ macOS #
TERGH 64 (iitiabl; THEHLR L EE: S5 N A
T KA 53 BT B 1 /N5 o A

4.1.2 Bl RIS 2 4 R (https:/www.r-
roject.org), AL H T i B 2L F R SLH MR >
FE, FILLZ% CRAN HAL#s 2% > AT 55 L

(https://cran.r-project.org/web/views/MachineLearn
ing.html),

I DT Ay A RO E A R AL
install.packages (c(“randomForest” , “pROC” ,
“ggplot2”)).

4.2 BIELE (dataset)

Yoshio 25 F A28 X AL HE 90 & (I
P37 %, Ltk 53 4, FHFER 50.0+14.7 %),
MAITF 2011 4E 8 A 2016 4 10 F Wia7EHE X 2F
FHEEBEAUF BHE Be A i R 2 ki, A
R 3MANKRIABUER, JoH S A
5. TEIX 90 i A, 45 7 BA B0 (05 1Y 1 5
SR, 45 AT B T SR . Nakano Y Z6%20f
SeEE TS 12903 2018 591 MOSESM1_ESM.csv
(A FE AR 44 S1_table.csv)JE—4~ 90x109 f) OTU
%ﬁﬁ;’%(https:// github.com/LiLabZSU/microbioML),
55 %1 “Malodour” 2 /s FF I A A7 FT 5P, FHAE)ER
IEHN, B,

4.3 FSLER (model)

TFIE A A Al AE R AR T U W A B
A 1T S A T A L 1 o BT 2 AR L DG TR ALY
A PSS 2% https://github.com/LiLabZSU/
microbioML H PN 25
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4.3.1 fNEEEE: 4 R PEREBAVTEH A
“D:\microbioML”, Jf & A BT 5 2 19 B 45 £
S1_table.csv(FEAH OTU FEEEHE4E).

setwd(“D:\microbioML”) # ¥Z¥(¥g 3R g%
&k

data <- read.csv(“S1_table.csv”’, header=TRUE,
row.names=1, sep=",")
data$Malodour<-as.factor(data§Malodour)

head(data) # % 7~ 70 K
4.3.2 BB RIAEXBIE: P78 R E BB
XFEE >, s o HE AT E BEAL P B 5
N, K-$7 38 LI UE(K-fold cross-validation) &3¢ X
WUk s ¥k B, 2 33 (k-fold) AU T
CVgroup <- function(k, datasize, seed){
cvlist <- data.frame()
set.seed(seed)
n <- rep(l 'k, ceiling(datasize/k))[1:datasize]

RS S Bk Oy, IF AR R S8 BB 4R n
temp <- sample(n, datasize) #BEHLIL
x <- 1:k
dataseq <- 1:datasize
cvlist <- lapply(x, function(x) dataseq[temp

== x]) #BEALAE B k A FEALA 7 £dE 5]
return(cvlist)
} #E SO R R
k<-10  #k-fold BEH 10
datasize <- 90 #EAECH 90

cvlist <- CVgroup(k = k, datasize = datasize,
seed = 123) #fCAZSEL

4.3.3  BEVUARARBEEL . BEHLARAR UL RG] R
£, randomForest ¥4 22 , 25 & pred B/~ SZ PR -5 T
W) 25 45 AR R YRR HE , Jr 23 ROC MhiZk.

library(randomForest)  ##5 A5 72

pred <- data.frame() #£7fifi F0 2% SR

for (iin 1:10) {

actamicro@im.ac.cn

] #I 4E
#‘{JU'J e
#4387 randomforest £ 5!, ntree 15 E W 4L

rf.model <- randomForest(Malodour ~ .,
data = train, ntree=100)

summary(rf.model)

rf.pred <- predict(rf.model, test,

"prob")[,2] #Hi il

kcross <- rep(i, length(rf.pred)) #i 5% JLIX
PERAEX, KK

temp <- cbind(Malodour = test$Malodour,

rfPredict = as.data.frame(rf.pred), kcross)
pred <- rbind(pred, temp)

PP K R

train <- data[-cvlist[[

test <- data[cvlist[[i]],

type =

head(pred)
43.4 % ROC #1%: il pROC L HAY roc
PRECA ggplot2 LAY ggroc ué&é’é‘ﬁ%ﬂ ROC £k,

library(pROC)

library(ggplot2)

rfroc  <- roc(pred$Malodour, as.numeric
(pred$rf.pred))

rf.roc$auc

ggroc(rf.roc, alpha=0.5, colour="“red”,
linetype=1, size=2, legacy.axes = TRUE) +

annotate(“text”, x = .75, y = .15, label =
paste(“AUC of Random Forest =", round

(rf.roc$auc,3)))
4.4 FERIVEREIEHY
53CHER[22]1 HGE Y SVM HLas a4 ) 45 Rk
I, AWFFEXMERAEAT) 16S rRNA LK 43+
WP T A5 B4 A= ) 2 S A R A 7 B ATL AR AR o 26
8 T A4 1E 4 2% (accuracy ) W 80% 4545 ( 6).
ROC 14k 7R Bl 45 T4 P % 28 (sensitivity) 1Y
T, B FHM: R (1-specificity AR N 34 i, Fedzin
ROC & Ze AR — mi  fe il 5t £0(0.244,
0.844), XTI /rJSHI{E & 0.482, A% 7 R A
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R 5 B IR B APl . ROC IR T I (AUC) Ik
BT eI, BEPLARARBL TG AUC {E 0.856,
W WA R O A R vy, R g A — BT REA
S0 T Bt ) S T i T R AR T 2 K
A SR

5 RZE

Bl A= 4 o HL A o 8 R (%) 52 ) AR A R 3 3
B — PR AN R D, T 2o AR A ) 3 [
YERRYUE . Bk, —BIRMHE T ristiE £
AT DAL RRAE AT DA FBLAR 7 > 7 i R IR &R
WAEYIH 515 FRAZ BN EAERCR . ME
P AL g7 T WF 9 —ME SELL 16S rRNA B 7
SIREFH OTU RAENMA VMO EE, #H1T
B AL SRR IE s SRR G E R P a8
> BE A A AL, I I AR A AR A AR
RIVERE . BRPLAR 7~ 55 N TR RE 5 2 & L
M T Y R, H B AT G2 R, n
B PR A RRER S . IZARRE TR R SE, It
HAWE M H BRI A R D | R IE 2
FEGTEIE ARG, T R Xk, Pl
2 KNI T EEAERRAE TR Bk 55 ) 1 A BT
. HETKRZHMAEYAFRIET 16S rRNA H[H
I H5cHs , i 2% 2 R 4 )Y (shotgun metagenomic)
b BE 42 I T Fh (species) B Pk (strains) 7K ~F- 14 3
RAF AP, IR A K-mers 108 OTUs 1E N %F
fiE, BT K-mers ZrHr AT LEHN X, #HIRK
IR T30, BEE KA BAS A Y20
WS RIIG I, TR 2 2] S R 1 T 2
BERY, MR T RAEAS B 8GR (An>1 T3 i), IREE
XS EAEHR I EE R e )E, MfrE ML
FILBRIR T RN, AT A i kRt X AL ]

R I A L RUE PR B 2 , W Microbiome
Learning Repo (ML-repo)®, 22, P& RHH
Wy 5 N TR BEROR PR & JiE , HILas 2%~ 4
Shy 5T A ) 2 A TN i T IR B R 12
REE T H,

Z % Mk
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Applications of machine learning in predicting host phenotype
based on microbiome

Gaolei Li, Wet Huang, Hao Sun, Yudong Li
School of Food Science and Biotechnology, Zhejiang Gongshang University, Hangzhou 310018, Zhejiang Province, China

Abstract: With the advent of the era of big data, how to transform the omics data into easy-to-understand and
visualized knowledge is one of the important challenges in bioinformatics. Recently, machine learning techniques had
been utilized to analyze the complicated, high-dimensional microbiome data to address the complex mechanisms of
human diseases. Here, we firstly summarized microbiome data procession approaches and the most commonly used
machine learning algorithms, such as support vector machine (SVM), random forest (RF), and artificial neural
networks (ANN). Then, the workflow of machine learning studies was described, and the application of ML
algorithms in predicting host phenotypes based on microbiome data was evaluated. Finally, the model construction
and validation of machine learning algorithms were demonstrated by using saliva microbiome data to predict oral
malodour as an example, and R/Python code for practical data analysis was provided (https://github.com/
LiLabZSU/microbioML).

Keywords: machine learning, microbiome, big data, host phenotype, prediction
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