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WE HBREVFHENNRIEEY NEZRRESERETOAAE TAEENER. X THASEHWE S
FERERFUEAREEREREFIZEURREFIEE. & THHEIES S CAEIE &1 2 5 8948 1
M, AR SCR AR B ¥ ST WLDARE R 1E B B T W B A AR E R R ST R, B 5 R G R £ K- Means
KT ATk BEAT B3R, K A LDAME A 3T & Gibbs Ji 4% By 5 4F & 50 % %4 # A 2088 JR AL F TUIE (Macaca leonina)
PR 8 & 2F (MVB)F1 42 fif AL IT M4 % (MHE) &1 2% B B 8] 5 7 M OTUs 20 48 & #8417 7 447, FILDA A 4 5| 4 MVB
FIMHE %% 48 JR o 927/ 4% AR fn 774 4% R 1 OTUs %k 48 & 4 /7 61 Topic #7144~ Topic. X 5 % 4t 5 K f1K-Means & %
R o R #E B (a7 45,354, 3)8 Br T Bl MAh, LI & B 4 & MVBH A 6] & 2 H 4 -pHAAMHE F # Ko %
M, pHAf oM o KA L EE SLDAB R M A p Rt RFE— 2. H, LDAEFRANRERE FE R
HHMAAOTUSHE R HAT K. EAEENZ, LDAEA LT LLLE E B & MTopic £ H R EHHOTUs. § %
Gt K fnK-Means B 2% 77 i A0 80, LDAME AL X RE B 4 8 2t B (W AF 5 A0 B0 3 e, TR RE 26 2 HH AR X I &2
w5 1 B9 OTUs.
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. DRCEWD TR R BRI 7 A2 30 47 R [ B At 7 (0 98, o5t
RV ANEBESEE . BRI A

25 7 TG 0 2 380 A% L 5 0 1 A
FERBEEAR T T, BREEERE R £ BRI P
I &K, " &, OTU (operational taxonomic
unit, BI4EAE 7> 20, @it — 8 I PE B B & vt
PR A 5] 7 41 2 16 ) e B AL, 408 T 6 R
SE (15> R BRE, SRAF 1R — BAE T 00 70 B b, 3k AT 5%
FHRAE, T AN [E] 1 43 2 54 70) B0 R 22 R0 40 A W i 55
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A, E Tl P 81 R 445 ) 1 LG BT 5 v i FH IR
EFE B AP, BRI B % 5] 52 (unsupervised
learning) F1 15 B 2% >] 523% (supervised learning)®”. %J -+
B 2 2T, R B bR il U R iR AT A
DL W] B 1B 1T I 2R 4R 2 M 7 R & b e 1R AT
To . T AR MR 2 2, R XA B A i I 2R A
BEAT 22 20, LR BN S5 v 35 £ Bt 1) 45 44 12 R
HH T A% SCR I B8 B2 TE AR A8, I B 42 98 75 72 1 2
A5 5, DR H AR B o) Sk R g 2 T 5
T H b o8 $ 5 25 07 7 a0 K-Means B 285, HAT R
LA R AT A R A R, E R B SRR AR A
B 73 A6 € 4 KB H, o A BUK. 6 Ra R
2% % (hierarchical clustering methods)!"" 5% F 77 28 503%,
RIERERZ MIPFER I ES R LR, BT K
FEARTHE R R, EAEw, HR W W ee = AR K
Wi, d 2 25 R R R s A, A — € 2 4 R i AR
G, R T IX PR, PRGOS A AL BRRE AR DN, B
RMAT IR, H U H AR B ) Bl 5. I — sy
TR T RRE, WA EE R AT
S5 5 FE S Oy vEN U] DLV DRy R R AR 1) SR S VA
Horr, % B SR EVEAE TAZHEAFEE H A5 R 3
FRYRR i, BE 8% A 250 R IR AL 4t 3R S8 T vk i B B A 1 1T T
AR, v DLR SR Ak BEAT 2 R AR B0 4%, 0] DLA Sk i g
<<l 75 o [ PICSE g 1 7 A 1 SR 2R B9 3 e o
2 () H AT AL B, BRAE U7 v 3 RN A R B L
Ak, LA b T R e, Ak S ) ST T e ek 2 8, B
AT Ak 2 o) o (A — 4 fg B e BT AR Sl
FH B 04 I8 T A6 P Tk (Macaca leonina) I 18 B #F
(MVB) A G55 I 10 9 (MHE) 1 4 I (18] 7 51 54
FA — 8 Mg T35 0 o 4% 1 SRR B (R 515
B KT BRSE S SR AT W R iR
P R I 18] P A s S R, A S SR FILDA (latent
Dirichlet allocation) fiff & 15 fAB 4 205tk 5 FE R AR HEAT
1M, LDAMEZ 15 U A 2 T 3 RV i — FloB 1)
A B 2 S B B RN TR AR AR B 15 B AT AL
HYFRE, W T Ab BRI 8] 7 20 i, 4 ) A e 1 AR Y, i
F SRS ELA W (0 O, L I O R X
B, HATEELREE K.

LDA A T 3% A 78 A2 W) 5 2 ) 50 i rh 453 3l 12
. Holmes®5 N\ V| I LD A L N7 FH T 7 35 R 20 24 1)

9T, LDAMEZE AR Y BB 0% A5 25 4 1an 2 ik IR 4 132
B & I RERY, LR I 2 18 RS AL 5]\ 22 135X
VR A A% (Dirichlet multinominal mixture, DMM)X it fi¥:
1Y 555 X006 L 2k 1) g T TR AR AT 40 AT, DU IE B E
JoE T A8 5 0 A P B v A R DR S A, i RT LE i
LDARAL X miRNAs HImRN A3 AT I B 564, A 4%
SCHR A ) H AL % A A2 B8 F LDARE 26 1 A 1Y
X T A R R AT 23 M 1R SRR

HH T TR 25000 11 AR 1 5 SO A 11 A8 A A8 A
AL, AR SO F LD AR 2 3= AR 2R 56t b 18] 2 78 22 A 1
PRl AE ) B VA MVB RIMHE H#E AT 450 20 #r, I 5 &
G5 N K-Means K ZIX B Fh 7 13047 H 2077, 25 51
I, LD ARSI ANV 6 50 A A 850k 5 A T A 45 1 1) S
J A, 34 R %5 58 R IR B 45 R S 5T 14 IO T Us.

1 MRS Tk

1.1 LDA——BE 3% i i 7

LDA A — Bk g <1 7E 2K R v T 43 A B A
J2 2003 4F 452 H 119 56 - ME 20 A Y 1Y 3= A A Ay
C & R E S . Dirichlets) A« 2 W44 B4
R A HEWT . EMEEL. GibbsHliFEZE AR, & —Fh
BE TR AR SRR L

W froR, FESMFEA A TANOTUs. FEpLALS &
ms RE —NOTULE s MEAR TR 5], K27 1)
KA~ fi(topic), Hs € {1,...,8),t € {1,..,T}. TARE
OTUSTE s /MEA = A2 IR S B BEALAR Bz, AR R B
AMFEAR PGB K OTUS, 2, Mm,, 5 XS0 My, 57
B A 2 o) Aig, Fg, .

¢, ~ Dirichlet (a),k=1..K
4, ~ Dirichlet,(),s = 1..5. M

TS HUH B 8 2 5o B — 1 Dirichlet 6 5
. 5860 = {0, TR HAKE, @ = {p, |4
BLOTUZEMEHRZ = {z, } ik . PIILOTU R L
Il TS Ee Mo kIR ARSI 5 LDA
R A O, — AN OTUR —ANFEA 43 I X6 N LD AR
T e 1) — A B 4] (words) A1 — A4 3084 (documents). 7E =F
B ) 3 B (topic) Ron — M — AN TH, KL
N R B IR I B R], 2 X e B 1 2 AR 0, AN
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K A8

B1 BRMERPHERESFHRRCAMEBELE

o, G Hs 1 <s <S)PHEAMEL (1 <k<K)D
OTUs & Z W40 1 8 R, oM EATTI S 4L
MNOTUAZ Em Wk B = A Jf thz it T
FOTUSTE 55/ FEAS Hh B AL 08 1 VB

HH T LDASE A fi 55 2 0 H S H Al v, Bk
AR F JE AU T SR R 1Y SO AT . R
I8 (expectation-maximization, EM)& =P it 562
SRR ARG T R SR BN S, e — Ml
TESEUIPRHETT V5. AR, 25 S B0 E 2156 RS (1 If
i, X TP TTVELR by 5 3] oy 8 e KA SRR AR ) 5
BRI, A SR — 3 B Gibbs iR VLR ke il i s6
B, ZITVER H SR RI& FIE N SN 5 M gk AT
flFE. 37 & GibbsHil AE R X fE & A8 Bz Mm B
FhEE, R REASIRSFEAR T IO Mg, BG4, X T —A
OTUZZ B S s A, 2, Mm HIHRE ] BLR IRy —
A SFAT MR

Pz, =k | m,

CY+p
ZT: C, +1B ZS: Coy +Sa

= n,Zﬁ(A_J),s) o

Cita @)

Horp,z | RER T B ARSI OTUS H Tl ) 20
BRAS. CFRHEBR AR RS AN, FEARs L 45 S kA
OTUsIIIREL. CX /& HEBR AR 4, RIEKAn i
RN OTUS IR EL. kEOTUsHIBR &2 B KL, st
Z AR B AL

FR4E DL A K, 15 Ha B I G 365 A p(wlae, B):
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p(via. ) =
jp(é,Aa)[H Y p(z,

n=127,

A : A
Qe I[f{ 9] 3)

0, )pw,|Z,.p)|do,

n=1i=1j

203 AL R RIS AR B A Wi SO, 2 T b
A AR B FE AR R T 2 500, g, -

, Ci+a C+p

N e @
Y. C itSa Y. C oI
s =1 n'=1

HrpC S e (TR BB T BHEIRZ ST Bt 2y B 45
REHCRE, €5 R A .

1.2 3M 7k i f2

TP 2988, A ORI IR FR AR 2R FHLD A 2 i
B R G0 R R K-Means 56 23 5 72565 7 Foh 44
PR OTUsE i #0417 1 70 M ELAsL. EAT Hdls i v %
B B, R B R EHE AR AT O R HE AL AL B LDAREAY
R F R T0, B YLDABL AL AT DL 3 32k AT FlAL 22,
1M 2 4t 5% 25 Al K-Means 58 28 U 75 B EAT O bR #EAL T
A, 2R A FIHLDA L R 4R R AK-Means L3R A
777 143 BRI MVBRIMHE 7 2 3005 U5 (O TUs ¥ 42
BEAT M. FEARD TR (1) A RECPER H  Cell-
tree”” #4) Z LDA#E 7Y . i i Compute.Backbone.tree [f]
mst.tree £ il % /N A2 B (minimum spanning tree, MST).
| F Compute. Backbone.tree ] b.tree f1b.tree2 #) & & +
¥ (Backbone.tree-b.tree) 1 (Backbone.tree-b.tree2), PALL
Ji& SILLD AL B o] A A (] A AL 14 7R A 26 X 49 DA S B AS
Topic M FEA I SRAERE TEAE L. f J5 X LDAR AL 45 I ik
1750 M. (i) B FHREAT A 1 ) Cluster HE AT R 48 5K K
I3, FEREAT BRI TS, 5 a6 138 45 2R L3 1) e 5
FEFIERE IS T V5. BA B W BE 43 e 4% 1 BR =R 2 0 i
ST BT P O R AR A B W T SRS T A ik
7 2 2 18] 1) B % (between-groups linkage) 2H P 1
% $% (within-groups linkage) {37 %0 % 2K Al Ward 25 A~
7] 5 v 3 S o3 A 45 R0 b R I, OTU s S 78
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OTU%IESE OTUIEE
— = EES
; &
D =
IS X
= +2°0 M) OTUEEPO  IREHAOTY DR
I IES
i
2
! I
7} g
: x
< | LoamkiEmEL K-Moans ik Raps y
®
He
OTUBS IS OTUZ BB 1 OTUB B IR
L L OTUZ B HTBR£2 OTUmR B2
= OTUBBHBIR K OTURBIIR K

L|A
L

A 2

T 5 R B FE B 00 B R Ward 5 ¥ R, 43 2R 45 SR i
(iil) A FH R B A0, ) K-Means 2R £33 17 K-Means 58 2K
30T, B e KA AT i, EECR R R R AL, @
R MR R N2 B — A [ E B a0 103547 Bk E R 18
17 K-Means (i % J&y 3 fe AR ), IF v S 4wk~ 3%
J ZRHL, B Jm e HUR B0 A U K BB e & (R 4R
FEECH . B, N 3F TV 5 d 45 S AT B

1.3 SO H e I

AR FH B B U5 B9 O TUs B 46 #E47 20 b7 it
B EMVBEREOTUsEUE 4, 615 A AR METE
J6F TH AN 1 (PMA 5 PMB) (4 B 38 B B DA & pH )
6] 7 3 Bl , 3E27 N REAS . Hit, PMA 5PMB 2 il &
A 1301416 6] 5 50ED. 55 — EMHE B BEOTUs 3

¥ AR R B E (P4 RR )

WA, KIET = E 58— NRER R T REMNTT
AREAS, J3E4r J934H.C, MHEAIN. C (cirrhotics without
MHE) % MHE [ iF 1L, & A 25 M A MELMHE
(minimal hepatic encephalopathy) 32 i 4 B4 fsi s, & F
26/ MEA; N (normal family members matched to MHE
patients) 5 MHE & 2 VT It (1 1E 8 KGR, & A 261
FEARP LR ot e 2 FEE

2 piER

AR B2 s B3 F0 7 A MVB A MHE P Ff
AR IR IOTUsEL I 2 HEAT /0 #r. SR 36 45 AL FR 2450
g3: (1) LDAE RS 1 Fh 398 Y MVB FIMHE ] OTUs
HAREM a1, (1) RAKIK S5 K-Means KTy
X MVBHIMHE [ OTUs 35 48 11 20 b7 45 5.
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TR I T R AT RIS AR ) B 2 ) TR R 5 R T T

2.1 LDAE R F a5 MVBFIMHE i) 43 Ay
4R

(1) LDARE AT MVB#) 43 #7. LDARRE AL MVBH)
OTUsH# &t 27 M FEA 43 i 1 61 Topic (#13), &
S BOTUSTE A [F] TopicH o AY F A, AUE R, Bith
MR ]2, il ; BN Topic AN R B RN, 52
FERE IS (1] 2 45> Topic HH 1A A LA KA AR B %o 7 1) 2

ZOTUs.

B3 J& B 1) /2 A [7] Topic X B2 FE AR R 40, AT 2
FHOGT I B0 B A B Wi B K R OT Uss, 0 €00 8K, 5 Wi ek
K, 2, 88/ Hd, OTU 295 (Selenomonas sp.), OTU
246 (Prevotella sp.), OTU 637 (Mobiluncus sp.), OTU 77
(Peptoniphilus sp.)%} Topic 191 )£ AAPMAOS HIPMB11
oM B K; OTU 1424 (Atopobium vaginae sp.), OTU 609

-3.0 0 3.0
BT O Rov Zscore:

B3 A Topic
J WLOTUSs7E A [ Topic

1224

OTU 223 (Porphyromonas sp.)
OTU 2964 (Bacteroides sp.)

Sample ID

gy
SER
> >
=3¢
R

5 KB OTUs
HAE, BUE R, PO, [z, BRmg
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(Sneathia sp.), OTU 134 (Clostridiales sp.) % % Topic
2 [ B A PMAO1, PMA02, PMA0O4, PMA13, PMBOI,
PMBO03, PMBO8 fl PMBO9 5 Il £z K; OTU 223 (Por-
phyromonas sp.), OTU 2964 (Bacteroides sp.) & X} Topic
31 £ A PMAO3, PMA14 flIPMA16 5 1 £z K ; OTU
214 (Porphyromonas sp.), OTU 346 (Fusobacterium sp.),
OTU 383 (Flavobacteriaceae sp.)Z5 B %7 Topic 4 ) ¥
A PMB04, PMBO05 Al PMB12 45 5% Wi )z K ; OTU 606
(Fusobacterium sp.), OTU 16 (Peptoniphilus sp.), OTU
230 (Porphyromonas sp.)=% B % Topic 5 4 PMAOS,
PMBO06 1 PMB16 5% i £z K ; OTU 2 (Lactobacillus
Jjohnsonii sp.), OTU 118 (Streptococcus sp.), OTU 156
(Finegoldia sp.) # %} Topic 6 [f] £ A& PMA09, PMAI0,
PMA11, PMA12F1PMBO2 § i 2 K.

H A AR PMA = Z4E 1 7E Topic 1, Topic 2, Topic
3 Ml Topic 6, 4™ A& PMB | 7£ Topic 1, Topic 2, Topic 4 Fl
Topic 5, PMAFIPMB#S 3 4 Topic 1, Topic 2, HLDA
ALEEMVB 27N FEA 5y 1% 7 6/ Topic. Kk, iR 25
RAEW], PMANIPMB Z [A] f7 (£ #H B8, HLDARE R
RE0% [X 43 RE A 8] R AR LMtk . 6 R B B 2, M R I
LDARR AL REH B B 52 A 5 K O TUs B (1345
AEFRY). XL AR PEOTUS 1] A A2 b P T % 0 11
OTUs.

SHBILDABAL 5, #)H# LDA T fi A A MST FlBack-
bone.tree. 4114, X BRLDABE R X MVB OTUs %4 5
()53 G5 R DL S oy R AR R L.

K4AT] LI H, MSTEHMVBEE 57 N6 Topic,
H &> Topic F 6 F A~ [F] 1) B .38 7, LAULIE FILDARE
% X 7 B A 1] {1 AH L1 . 8 i Compute.Backbone. tree
FFH Hb.tree 2 BB 0, [ BLIX 61> Topic ) 42
B, IWHRATLLE i, LT AR LR (E4B). 9l R 4R
SRR G, E G A T AN N 8 % 2 25 M TR R R S R
4 R IRl F(width.scale.factor). T2 &I, E4CH & T
B EH o B IR T LRSS, AR B TR R AR
b, = FEE TR IR0, El4CK B, B2 B {E R
JEE DR A — 5 0 BBl N BB, B TR SRR R 2
I, a2 Ui, Bl4CH) SRR L 4B IR SRR FR T 2%
S

(2) LDARE AL X MHE ) 43§t LDASE YK 48 U5t
MHEH (138 OTUs R 4£C, MHERIN1) 77/ BEFE A
S L3 4/ Topic (&5). MHE R A 3 245 Fh 7 Topic

1, NIFFE A 2 BAE i 7E Topic 2, CHIFEAR JLF-3 51 70 A
£ Topic 1 M Topic 2. M\HT R I, AP FKEAEMHEH,
OTU 151 (Eubacteriaceae sp.)F1OTU 301 (Sutterellaceae
sp.) HL A 12k, 1 24(P=0.003) i MHE 41 /] 14 Clostridi-
ales I 2 = TN AMICAL. {H 24(P<0.001)Ff, MHEZH
B2 BN A 3R & Odoribacter, Flavonifractor, Co-
probacillus M43 2% () 47 4 M 1 J& H AT B, Lachnospira,
Parasutterella M Erysipelotrichaceae #8 bt T N4, T
K I, MHERICZH 5 MHEFINZ 2 8] 47 75 W 2 1 1 2%
St LABC U B, LDARE B A6 % A R4 X 73 9 A ) O AH
Lh. T E ) &, LDARE AL IL g %5 500 H 52 A A
i KIKJOTUs, Bt IR, LMK, fZ, B/, B5H
OTUSsTH st & S MM FEAS T B K IOTUs. L1, OTU
6 (Vulgatus sp.), OTU 8 (Fragi sp.), OTU 16 (Aerofaciens
sp.), OTU 20 (Hydrogenotrophica sp.)% i Xt Topic 1]
B AC001, C005, M002, M003, M004, N002 % £ i fit
K. OTU 9 (Dispar sp.), OTU 17 (Breve.), OTU 31 (Angi-
nosus sp.), OTU 33 (Prausnitzii sp.)%5 i % Topic 2 FEA
N001, N007, N0O8, M001, M009 %5 5 i £z K. OTU 23
(Fragilis sp.), OTU 50 (Nellenica sp.), OTU 74 (Pulmo-
nis sp.), OTU 95 (Bicirculans sp.), OTU 144 (Gnavus sp.)
%5 T8 X Topic 3 FEAXC012, CO13, CO16, N020, NO21,
MO005, MOOSEZ iz k. OTU 26 (Comes ATCC sp.), OTU
45 (Parainfluenzae sp.), OTU 110 (Piriformis sp.)=5 b X}
Topic 41 AN003, NO11, N025, C028, MO14 5 i
K. XEAREKMOTUs I B /2 51 L N A AR i i1k
106 995 LA K A 4K (1) 2% 0> OTUs, H LDABE R G845 [X 43
TR A ) R AH ALA A

[Fl B 45 SEMVB 2 Hr — ¥, 15 FILDARE RS, #)
LDA 3 it B4 I MST A& T84 (1 6). 7] LUE th, MST
# MHE B4 4 73 44> Topic, H. 4> Topic FH 4 F1 A~ [F]
MBI R 7R, LAGUE BALDA BB [X 34 A (] i AR AL,
H A RE 2 7 AL I 8] Group (1 28 4k i 72 (K 6A). 38 it
Compute.Backbone.tree 3= - #f [ b.tree 4 B & T H, %
WX 4D TopicHI RAERE L, bl LLE H, I 1 W AH
IR (E6B). Al R A ROR B 47, 78 B LAl b S n g
% 25 25 1t ] R e B R 1) RUBE [T 1 (width.scale factor).
B 2RI, BloCH B 44 7 SCES AR 1 T B RS 1,
EH T RE R TR, &S B0E TR &AL,
KloC2 B, R % B A RURE IR 1~ 75 — 7 Y 1] P {88 s,
BT REMIR S TELF. WU, FeCH AR
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£ Group: 24
*: lopicit . szg: 48
A TOP!CZ ® Group: 72
: . ¥op!ci @ < Group: 96
opic ® Group: 120
: ©000000000000000000
.o.:o.oo :: ° Top!cs .0030000 :2 ® Group: 144
cve ‘e © Topic 6 o0 o0 ® Group: 168
22 b4 bt b4 Group: 192
o oo s o0 Group: 216
E ::: : ° N :“ ® Group: 240
. o oo . : . @ Group: 264
o LXK J L4 ° ® °
[ 1] 23920 & o 2000 ° o
L] [ -3 ®
a0e o8 & e L4 b Aadd
o0 as0e ° o
L3 ® 3 L ) Ld
o LE L LN s 20 9000
L33 e ® ® -3 L3 ® o
L4 e o a0s o L3 e o0
2 2 02003 008 O L3 o
00 o %00 & O o e o
®0 309600 & @ e o
200 308 90 © L4 L3
200 ® o o e o
& 1o ¥
°
g : .. © * ° o 000
LLLLLY 3 o0 ° [ .1
[ *® : g 0000
® 00000 L
e 00
°
B . Group: 24
2 L] Top!c1 p4 Group: 48
> Topic 2 ° Group: 72
£, ® Topic 3 ,'0. o 225” ?go
'.‘.. Topic 4 f .0. ° Grouz; 144
% ® Topic 5 o %, o Group: 168
..’ '.. ® Topic 6 & % ® Group: 192
& - o % ® Group: 216
4 e, f. ° ® Group: 240
.' \ K * Group: 264
-
L)
° LY LY
™, ™,
0.. ...
e L)
., 0
L) o
.. 00
.. 000
, )
L1 o
2, %
% %
(]
% 3 Group: 24
> @ Topic 1 (L. Group: 48
B, Topic 2 2 Y Group: 72
() e Topic 3 () Group: 96
.0, p, LS @ Group: 120
X Topic 4 %, © Group: 144
.o. ® Topic5 .oo ® Group: 168
() ® Topic 6 % ® Group: 192
%, P o ® Group: 216
® Group: 240
® Group: 264
sBk”o %
) ()
® ()
e, %
® %%
00 (o)
® e
o 0y
L) Lo
() (o)
OO Q
? k)

Bl 4

OTUs K Topic#l Group MST#lBackbone.tree

A: MIST, 7210 BEIAR A 56 70715 mUR 5 8000 A0 45 1, A 30 B DURAE I [R] (LR R B4 ) & . B4 AR OTU B JG, TopicH s B4 K 7R 6
AN ) 288, Group H R 7= A A [ K FE I 8], B: Backbone. tree-b.tree, 43 i) i 7= Topic Ml Group & T # (1) P AHELIE, H E A OTUH T/~ 3
3, VR I B HE R R 3 B8 B IS E] R #7). C: Backbone.tree-b.tree2, K B & R B T OTU, /NI T S 2R 5 A S

TFWE A BIOTU. OTU T UM HE C o3 A 3 B3R R AL I [ 35 1

J5£ LU P SB 1) SR AR 2 B AR 0T
Has, MFELRTLLE Y, MVBFIMHEH EOTUs %

P MR 24 P-value{ #5z iz /N 1001, T B FEA
(15 KN 3, 73 IR ah RA . M H HH ¥ (degrees of
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-15 0

15

OO Row Zscore:

900N
+ 00N
€00
OO
6C0D
610D
810D
010D
600D
6CON
LTON
+CON
6TON
8TON
LTON
600N
800N
£LOON
800N
SOOI
£TON
TCON
€10D
10D
+ TON
8CO0D
STONL

Sample ID

TTION
£00NL

Bl'5 7R [ TopicH BRI WAL 24 £t K B OTUs # /&
SR WEOTUs #£ A~ A Topic 1 i B EE {H, BUE MK, BUEUBRAL; 2, BRI

freedom, df) ] LLE H, Topic 1~Topic 6 2k, H
B R OK 7 Z2 8RR, T 5 22 3R () U0 1 B R
LA 5 B, Topic 6 AL AS B £ v HERBEHOCR LLELLF. T
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Dendrogram using Ward Linkage

15 2

Dendrogram using Ward Linkage
Rescaled Distance Cluster Combine
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Microbial flora structure based on probability topic model
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and Technology, The First People’s Hospital of Yunnan Province, Kunming 650532, China;
3 Emergency Department, Yan'an Hospital of Kunming City and Yan'an Hospital Affiliated to Kunming Medical University, Kunming 650051, China;

The heterogeneity of microbial flora structures plays an important role in the health and disease of the host. With respect
to the temporal and spatial heterogeneity of the flora structure, both unsupervised and supervised learning algorithms
have been developed. Because of the similarity of the characteristics of the flora data and the text data, in this paper, we
investigate the temporal heterogeneity of the flora structure by applying the latent Dirichlet allocation (LDA) probability
topic model for unsupervised learning. We then use system and K-Means clustering to compare these two methods.
Two kinds of data sources of Beipingding monkey vaginal flora (MVB) and minimal hepatic encephalopathy (MHE)
bacteria heterogeneity operational taxonomic unit (OTUs) data sets are analyzed by the Monte Carlo LDA model with
the folding Gibbs sampling. We used the LDA model to divide the 27 samples and 77 sample OTUs in the MVB and
MHE data sources, respectively, into six topics and four topics, which differ from the number of clusters (5, 3, and 4,
3) divided by system and K-Means clustering. In addition, experimental results show that the classification similarity of
sample diversity, pH value with the physiological data-pH in MVB samples and the similarity of a value in MHE, the
classification similarity of the pH and the a is consistent with the classification characteristics of LDA model. As such, the
LDA model classifies the OTUs data sets more accurately with respect to the degree of aggregation of the samples. More
importantly, the LDA model can also identify representative OTUs in each topic. Compared with the system clustering
and K-Means clustering methods, the LDA model can not only quantify the heterogeneity of the flora structure more
effectively, but also identify the corresponding heterogeneity of the OTUs.

LDA model, Gibbs sampling, Monte Carlo algorithm, system clustering, K-Means clustering
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