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via genomic data analysis
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Abstract: Using genomic data and bioinformatics methods has become an important approach
to rapidly identify the genes and predict the phenotypes of bacterial antibiotic resistance.
Dozens of antibiotic resistance databases have been established, providing information and
auxiliary tools for the identification and prediction of bacterial antibiotic resistance. As the
bacterial genome data and antibiotic resistance phenotype data are increasing, the correlation
between them can be established via big data and machine learning. Therefore, establishing
efficient models predicting antibiotic resistance phenotypes has become a research hot topic.
Focusing on the gene identification and phenotype prediction of bacterial antibiotic resistance,
this review discusses the related databases, the theories and methods, the machine learning
algorithms, and the prediction models. In addition, we made an outlook on the future prospects
in this field, aiming to provide new ideas for the related studies.
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R VS E IR /E = e o NP B S EA R bl s e
PR TN 245 5L D], RT LAV Ry BUA R T 5 2l
BYFIRNSE, W N T 5 ] A AR B IR 6 2%
1.1 ATRARREGE S TN A L BEE

1 T AT S 40 T T 245 B DR R HOAH AR R
IR AR, kel A R A TR A
BRI DR 2L e 2 T S MK 0, St —
A5 BR) 2 T 24 5 DR i -5 0 3k S8 i K
Aoy 4 2 () REVEY 8RR, AdE
National Center for Biotechnology Information
(NCBD)P! |
Pathosystems  Resource Integration Center
(PATRIC)4 , S S Kt PEA 7 1 5 24 4
PURR OG5 B, 30 A0 35 Rt A A A DGR 5 6L
S, R M S A e o g e A T R 1Y
Jiie . BEBURIZEIUAY; (2) HIRL 252 %
I WE3 O N IR ELTE - S E VA€ N Y RN )
A TR 245 5L DRF 91 3 A AN AR R 1 T 24 B A
IR =Y RO RIS 5 (3) S BY it 25 5
JE, BRI TR —REE DT R | R 4 s B
BRRI 20 AR s (4) 2GR R
J% , BRSO T 25 5L 1A | 4 Jm B T B R
PR T STV RE N 2R G 8t 2, It S AR =
I8 B TR R BT BRI ) MEGARes %X
PR, X B gE 22 BT ] A B IE)  5E SUAE R
P RAEEE L TRAEYE B, 45
i P 3 SEHICHE 12 A Bl 4 i R 40 T 0 T 24 B
PRI 7T T B s A 24 3 FH B T 24 ke 2 AR e AL i
BRI TR S S R GR 1),
L1.1 AR AR

Oy W22 R e 5 e i Ao T
2009 4R AN T uA: Z it 245 5L K £ 4 2 (antibiotic
resistance genes database, ARDB)™, 1Z %4} %5 4>
TETRE T 2 BT 2 B R R, R et T
4 545 ZRTH 245 KL DK P4 A KA SR S P 16 P 471 4
WR{5E . 7E ARDB A2 |, McArthur 2510

universal protein (Uniprot)! Fl the
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XF R BT T BT, ST T — AT 24 4L
e S N1 N 7 A S S TV 2 7 B Sl G
(comprehensive antibiotic resistance database,
CARD). CARD LA 254444 (antibiotic resistance

ontology, ARO)'"h{fk#is, XKIHER . HFR.
M 25 AL A RE PR A A8 e 2 5 B AT LI R
H AR Pk b e Ry 245 36 08, ab ] DLd ok i p
FERR 1| 4% (resistance gene identifier, RGI)Fiil
TETE R 25 55 1A

Dantas 32505 T 2014 4458 T Resfams %%
B N B A% O R T R R
JRA] A (hidden Markov model, HMMs)i#4 7
Tt 245 5 DAL ES PN AL )3k A D RE MR A R 24
P 7% BE [ 2H JG 4 (functional antibiotic resistance
metagenomic element, FARME)$UE E"Y, J5&
8 24 530 NAESER HMMs, 5 ARDB,
CARD ##fg EAH ., Resfams 1 FARME BEf5 il
S 22 R A R 24 PR, BB A% B e 40 B AN ) 15
FRAHTRE T T 24 R O, DL 25 B R E PR
TR 5 16 DR B 75 ok ) £ G 3

A, A — e iE FH AR 25 850 12 2 0 HiAth
s B AT T RS 5 XU AR,
ARG-ANNOT #udf B!, 28500 e % i SCH2 2]
YR AL A W) R8s PE A TR RS A5 31 1 689 /Mt 24
HEPAL, T b ofe T 41 o L PR 2H b 2 R S TR
M 245 B DX, I R0 b A DR 2 28 7 AR Y T 2
DeepARG ##iE #4447 CARD. ARDB Al
Uniprot Zds P TN 25 5L M5 B, A& 17T
MLAs 7 ] S R 25 5L A 73 28 M T H., BEfE M
TIPS E M 2556 ; SARG Kl e
4T ARDB, CARD #il NCBI $#8 )%, £HHT
Y8 I AT S SRR 2 T 2 B G sk
30T RY T 245 H5CHAR T 2 Tt 245 e DR PR R 1
TR, gl BB AR S M A
S 2B AR A RO B R R Z —. CARD
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Table 1 Commonly used databases related to drug resistant bacteria
Name Features Applications Name Features Applications
ARDB (1) Contained 4 545 Used for identifying ARGO Only contained f3- Used for the
drug-resistant genes and drug resistance genes lactamases and prediction of
their descriptive vancomycins related resistance related
information resistance genes genes for specific
(2) The data are no types of antibiotics
longer updated
CARD (1) Contained all Used for predicting Lahey/BLDB  Only contained f3-
resistance genes in the  drug resistance genes; lactamases related
ARDB database and The most popular tool resistance genes
resistance gene for identifying and
prediction tools predicting drug
(2) Data updated every resistance genes
month
Resfams (1) Based on protein Used for identifying TBDReaMDB Contained 946 specific ~ Used for the
families and hidden resistance genes and mutation sites related to  prediction of drug
Markov models predicting unknown seven different resistance related
(HMMs) resistance genes; antibiotics of genes in
(2) Contained 166 Analyzing the situation Mycobacterium Mycobacterium
HMMs of drug-resistant genes tuberculosis tuberculosis
FARME (1) Based on HMMs in non-culturable MUBII-TB-DB Contained the mutation
(2) Contained 24 530  bacteria and unknown information of seven
non-overlapping environments genes with important
HMMs therapeutic value for
Mycobacterium
tuberculosis
ARG-ANNOT (1) Integrated and Used for predicting u-CARE Contained 107 drug Used for the
removed redundancy of known and potential resistance genes and prediction of
large-scale biological ~ drug resistance genes; corresponding 52 resistance related
databases Identifying drug antibiotics information ~ genes in Escherichia
(2) Contains 1 689 drug resistance caused by for Escherichia coli coli
resistance genes genetic mutations
DeepARG (1) Integrated CARD,  Used for identifying ResFinder (1) Contained mutation  Used for identifying
ARDB, and Uniprot drug resistance genes information of 11 acquired drug
databases from metagenomes strains/species resistance genes and
(2) Included a tool for (2) Suitable for various  their subtypes; Used
classifying and high-throughput for research on a
identifying drug sequencing raw data large number of
resistance genes based environmental
on machine learning samples, the most
algorithms citations database
SARG Integrated ARDB, Used to identifying and | PointFinder Contained mutation Used for identifying
CARD, and NCBI quantitatively analyzing information of inherent mutations in
databases drug resistance genes in resistance genes on inherent resistance

metagenomes

chromosomes

genes on
chromosomes
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1.1.2 B ARIEE

S B T 24 55000 P ELA X PR R ) R A, T
MR EBUAE R R 4l LA Rk 25 o
(BRI AR B R 28 1E 7 T R A EEAE .

B A= 2K i} 24 3[R 7E £ (antibiotic resistance
genes online, ARGO)%IH 75 1 B AR fity & Xof 4
TE R R RS e, 2 e R ST DG T
R BHRE, RS B-NBRREEE R
BRI R EE R . BXF - Bl
KYUAEZRMEARELA Lahey B-HNBEIEEGS %
(Lahey list of B-lactamases, Lahey) &3 %! "F1 B-
TN PR it 5035 2 (B-lactamase database, BLDB)!'™,

X TR AR AT A L 9 TS 24 508 2, angt
Xt 45 ¥ 4 K 7 9 TBDReaMDB!™ Fi
MUBII-TB-DB $(## FE, fipg et 7% 5
(B2 P R YPS R S SN Tk A O A & I N [
AR B 946 ARSI AR AL R A RR T X4
o B EZHRITER 7 DR R AR F R
EESt R 7 B A 25 5008 P2 u-CARER", {45
107 AN 25 3 PR S XTI ) 52 FhdiAE 2R o

i Zankari 252247 1% ResFinder 4 2 5%
TEARAS M i 227 3 DR R HE TG 78 2 ) 7 DX, St %
FERRT 25 T A B0 I o i B AT BN 5 238 ST
T PointFinder $¢#57E™, & Ty ik | EA
HEH AN A2 E R E . BT
ResFinder VR T 11 DNRBR/AIFIIIRAE(F B,
X IEARE BTN, A B T8 /R T 25 58 A8 1 k&
A SEAS IR, MPUAERF A M EA EEE
X . ResFinder Z#ia % /2 HAi 5| HIR B 2 05K
P | Toie e ik DR 20 e i 2 R 2 b B D e
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1A T 245 58728 A | A6 S 24 25 R A 5 e TR A 2
SR E A nEYE AmpC #9 AmpR 45), X
AP ] 7 e R () A 5 1 (R T A4 DT T 245 1 O
IR O E R ORI PR A R 1 i 3 ik 2
T 245 35 DR %) 8 42 2 1, 3K T 7 R e R TR 24 5
) —A Tl
1.2 TAERIRAIMIERSFE

T 243 35 DR TR 531 A B 32 43 Ry i 2 AR 4418
FIZ M 23R 2. (1) T2 A a7
AAKE (ontology)Fkfithh I A& SR ). AR
PRI AR AP 308, BV H TAYE R
2=PIE T IR A AR IS (sequence ontology), A
T i IkiE L LR TURBURYE, 77 25@ Ay
Gt — M INCFOR AT A X 4 . ARO H /23
b EE AR TR R R T 2505 2., an el 2
AR TTAP AR B AN 5 R 55 | it 24 AR AR Y 2 37
{4 T b DA DRI 28 175 2 RO 25 55 1R, 9t
RN BTAE R L T G WL AR B AT e 2L
9%, HEI#E AR 2 CARD i it & id i
X — PR R S B 24 B B PR O . (2) it
2l 3k [H 44 B+ (pan-resistome) J& 7E 12 JE K 4H
(pan-genome)&fit b SEAH R A . $6 Y2 SE N 4
BEEY H R IR I 58 A — - Fh T s S J
RAEA IR/ 43 i 0 3 [ 2 (core genome)
F R & L R 4H (accessory genome)” % [/]—4)
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PR , A% DR 20 v g B DK 2 SR IR AE A
IR 2 2544 (single nucleotide polymorphisms, SNPs)
b, R T R RO HR, SNPs — 3k
R RGO R B o e LR 20 b 5L D 1 3845
3R o A Ao A e S R PR Y SR A B 2R I
T BUAE BB A3 AR N RS E 1845 , 18 7T LA R v %
S LT RENEIE R Y, I, 12252
“H (pan-resistome) ¥ It A TR AR A i 24 &
R0 M A% Ui 25 3[R 2H (core resistome), HAYAY
W% 4y o B s w25 5L 4 (accessory
resistome)™, WE M 25 WLERAETE AR XA, 75
BB TRFSE . He PV RILTIZ it 25 56 A
HEIWEE, BT T B 2 5L K A o3 A
(pan-resistome analysis pipeline, PRAP), A] HF
Tk 245 35 DR 4y bR s i ARt 2 DR 4 R SR A 0
AN, H5 Bk FI RS MG oo S5 nl B8 shoo it
RS 2R 2 B SR B T 24 2 A
ZH ) ELBELH LR A0, UL 0BT IR 24 X 25 44 722 S )
K, Wang RO & T AN 258 s oot —
B B VRprofile2®™ | AT FH T 40 i 5
Prb SHTA: Z 25 AR G R AT A Shoo 1 AR
FERIRE ST RS 1 2 FE M 25 DX B BUHL], A
Fy 78 TR Y- SR - i 24 L DR g S M PR A L
H AT, i 24 55 PR R R 5 1 E 28 =
RIE: (1) FEFRPHIRIRIEE, ey B 53
#2 T. H. BLAST, 7£ BacMet, ResFinder #l
ARG-ANNOT S 2l e RS T2 T 1y
SUARARLEE X A R S RE TN T, SR, 47F
o i [R5 225 5 DA ) P A0 B s S i, T 1Y)
JPOIARMUEE FEAE ALK, BLAST ki es Ak,
(2) FETIRFIFHISIRFA 5L, 1 HMMs, 78
MEGARes, CARD. Resfams fll ARGs-OAP 2.0
SRR IE RN T HMMs BIWAAY i T3
18T AN FORST BE i 2 B FR AEAH LA B AL ER
SR TORE A B At R P SR S A ) R A

W, Pt HMMs A F5000 2R T 5 i 24 25 A
I EL N 24 FE R S 406 R B 3L R 1T ik
— R AT N FH oA R0 BRI A A v 24 25 D] A O
o (3) FHTFHARE>], DeepARG Z&—FhFEF
TREE 2 2] Wi 25 R DR Jm 5 k12, e AR T
Ty AR, A I e 20 (5 B PLAR
24 2) 3R, HH DeepARG-SS Fl DeepARG-LS
A3 AR X R B 4 i R RE B TR 2 S
Y SRR B 2 > AR AT W AR 22 A% 48 Iy AR 3R
PR 25 36 R, S SRR T A S R AR
AT DV TR B A R 40, a5 TAES R R
TRV A A T 2 5 DR A A A e 000 5 5 22 7 T
R

2 HEWHRENENGEREF
O

FER AR 24 H A P R A S mT AT
T BT 24 35 R A R R, (R TR R PR T 24 3R
Y55 C R TR 25 2 R R AN 2 58 R &R
ATy X 25 KT FEATIN 3 AL G FR oE H
HI I i 24 % AR B AR AR A B VR BE (minimum
inhibitory concentration, MIC) B H L. B
5 Fh A B P v 200 T PR 2 80 H 9 AR kg m
DA K it 2452 B i R EEAR R, A R AL
A HEAT I 25 R A s MIC (-5 5L N 4 i 24
FER BT IME B Z A C A T RE I
AR, T A DK A A S T 2 TR TR 2 2 A
5, MIC B, U&7E 48 43475k 7 (Saphyl ococcus
aureus)*>Y | k7% 75 Hi(Escherichia coli)?! 2%
ifi ¢ 5275 1117 (Kl ebsi el la pneumoniae)™ | ki 2
% I (Neisseria gonorrhoeae)* 1 v0 '] [C T
(Salmonella) ™ S Bop B A5 8 TUESE . T 30k
Xof C 4 T8 A8 UM ASE TR A7 2 A, AT 000 240
AT 245 29 FR S0 (%) W] 45 R 7 1
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2.1 FMHBIRERE

MR S0 H AR AR A 43 2 s (1) #Ear
F A Y L X 43 i} 24 (resistant) AU (susceptible)
PRI, B 42 ZR. A0 Her 25PYAEXT
Escherichia coli #4724 AU — Jr S T i
3R AN DLt Hi (naive Bayes model). BlHL
FrM(random forest). ZI5¢[] fE L (support vector
machine) % 557 v AR 25 G s AL A AR AR
A, R R4 32 5 AR FRAE i 4T T A (area
under the receiver operating characteristic curve,
AUROC) iy Fl MERR L, ILHFFTHY AUROC fig
IBFN 0.97 (RITIIERS BB E] 97%). (2) LK)
PRI REAG A 21 AR RS MIC 18, 85 &1 B )5
(regression) . yE & LA fF 5 MIC {H (8L
MIC {H X EE) 2 8] B9 HARAE RS . 40 Nguyen
BRI 1 668 & Klebsiella pneumoniae fit 3 [H
HIFH) I 20 FhpiA R IAE AL, H# T
A4 BE DR ZE 0 P 25t R MIC R A A
TE 2 AEFR R BE 1 Y EIEAL L, 15 FhbiA:
R T HERR R BRIN R 90%LA I, P UENfR %
REIAF 92%.

R4 0 53k AN () ] 43 35 15 40 A 40
FERBEETHLAR2E T PIZE . (1) TP IIARIEE B
FAUTON ,  BOFF ¥ 51 B (n BLAST)M
45 K A e 1) v i A 5 M 24 356 R () 905 A )
A1), FHAR I 35 P R 1149 2 R0 ) e 000 X3 1 P S 245
Y. 1 Gordon ZEPUKHT NCBI 25554 12 15 4
(8] 25 BR AT 24 RH DG A SCRAN 4, ST T i
2 IR B L5738 5 T 2 e U] 1Y) 06 3% H it 5 LA
501 Ak 4 B €0 ) 2 K T 1 4 DR AL 40 Ak
X4, FIF BLAST ML 4 b A4k ST 25 H 5%
ARSI, ENTTEOE ORI 24 P g PR
M, AN ST 2R B LR R IR, X ST 245 P
A7 6 12 AN [RI A 22 P00 1) R 4805 RS S
SIAEE] 97%H1 99%. (2) FETHLARF ] By F A
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W, RIARSH CAYIRESER , T gt b
N7 DN TR 40 91 i i 25 R A s MIC A A5
%I, 41 Moradigaravand Z:C2F] ] 1 936 Bk Kk
bE, BN TERRT 11 R AR 2R G 2 2 A
IR, ORI P2 7144 (gradient boosting
decision tree) BRI - ERf R IKF] 91%., [FIAE
Hi, Nguyen ZPTF 5 278 MRAEGFE VDT,
I s h BE PR TS, S TEEXT 15 FhbiA:
F MIC [ER TR, P UER 225 3 95%.
2.2 FUMMNRFISEE

WLER S > & —Fh A B E X, P8 1ETTHEL
BN—FEEATRLRIZE ST, ZE A 1 S (sl
TN EE) b2 2R 5 20, IFTE 58 U
1255 ERIH LT Wt REDS . 7 24 28 78 i)
Hh SE R T 2% 2 AT 55 T A R A R R 2H 4K
e 5t it 2 2 BN /B MIC {7, PR a0
PR3 DR A 02 FH T2 2T R D s 5, <TI0z A i
Y RATN/BL MIC {H 2 EHRPR 28, A< A
D] £ 2 Ak Ay B0 DR R B2 o) i s 540 (o
Bt ) i Ak P i dERRAE AR, B s RO B
12 5 R v 4 R AR 5 AR 2R K RO Sk gL
g R

Xof 5 PR 20 9] 45 r AR e R A TR AL B2 A8
WLER > 0 5 1 A T 2R TR PN i) = 0 B AR i
HEPR 20 R T 25 R AE B 4 BN AN ], ST Y i
QLB k-mer FIYZ FER AP, (1) k-mer J7
5, B A R — 457 SN A T B AR A BN 52
The HARBBRZELL 1 MR, RIHRERL
k MREEA B 78 R Bt A ZREEH, TEI R
ERGTT A WAE B k-mer F B, BT —
S [ AT T 25 e 5 PR ph e 4 A S A
Hrp A R B AR, BB S k-mer
i Be— B it e — 1 = rp, SXORE AL T
R LR AR FIVRAEE B . TS reads 5§
AT BT 5 EB AT LLAE S k-mer J77k
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5 A SO, I 53X 2 A AS X 43 JE R 4 v
() 2B DX R A X, K %of Ji s e 41) g i
AEFRTRR , 3X k-mer J5 T AR R AL FAY —
Pedho BEAh, k-mer Jy AT AR HT SR B bR AL
B Wy 25 B R AR AL, T DR AL RS bkt
DL Sk S 0 R TEA Al i i P AN o . SR
k-mer WA RKENESITH], XEITURELES
ORISR B3 K, S A R 22 TR 4 I 5 S R
WA, XERTE—MRERIA L.
N Nguyen S5 F] k-mer J5 743 B4 EEIE 15
FEVD I PR T 2 o B 11 AT A IR 28 RO A 1Y, 214
PR H ) 4 500 pREF, S HAMANARE &
MR T H RS AR 1.5 TB i ERR. iy, BEH 2
TG 22 A TRT AR 4 5 R 4 0 e 5 e S L 2545 L
R e S IR AN E . (2) AR A Ty
e, BRI B R4 5 a0t i, ok
VISR K A Y 81 43 A% O i 2 55 K 1) SNP Az
SR TR T 24 56 A AT T, P A S R A T 4
I ) A RN oS a1 N o g~ PSSR =S
A NS, XA AL O 1k B 2 AE 2 Fh A
AN, BAEEE BT . A I (D
RWEAH . RKIBRAFEAVTTIRE) . JE A B
AT 4 B €5 7] 7 3K AT L DA 25 58 TR RN I 4 ik 3K T
Ak, Her SEPVE PR CARD B B it
2 L ARk B RAE R o R AR . R
Moradigaravand 550U R RELE 4 | 438 it i) S5 3L
A B AL AT 12 5 R A 0 R R v (R
T 245 35 D] 2 2 ot e 28 1 93000 45 R O SRR Y
K=

MR AP S B AN ], T Loy o B 2
VA = =
(unsupervised learning). 5#1L2% > (reinforcement
learning) 3T # %% >J (transfer learning)%5, HH,
H A i T 7 2 2 B 2], BRI A FRic iy
DI GREE XA ) SR A TR fE A1

2J (supervised learning) .

g, MBS o B w I B PR AT 55 R < 4r 28
AE =, HDCORITE 00 2 bR 2 2 A R 1Y
B, QNTE O 25 SR, ARSI it 25>
U A 3 AN B L TR IR
RS R, T MIC {ER), PR es
PERH (S, 2.0, 2.1, 2.2 mg/L %, ARIER
OV JE PR AN E AR AN R AT 43 SRy T Sk
FERL . P ARl 2 Mg =25, (1) | Xt
i (generalized linear models), 42 WA Wi & 24>
Bk o DISCRem s LA E R ), e BEAT LA 3L
PERT 20 i 004325, I REAE B A2 0] 3 R i (radial
basis function)&5JE 4 M 1 4% pR Ei Ak R A 26 14 X
SRR, (2) PR (decision tree), i LFE
AT B I SR s A TR 4, ORI
TAY S AR BAE R, i AT S R 1 —
PRUCHAS , PR30 ) 22 DR 58 B SR I 8 1y
7, 35 Bagging®™ (40 Bl ML AR AR ) A
Boosting"™ (4nksEEFETHIX 2 Fd FAE RS
Pio DA MIBESE RN, B RS HM S JC IR TE I
ZYFTIIRSE MIC A 0 38 e B A A0

(3) MEEME, JE W24 i —Fh W B2 > O
B, BERRVETRBE 45310, B s A b 28t 45
1 K A S AR R 0 5 %, SRANWT R #E il 22 ) 2% )2
S50, Deep ARG il i 1+ YR 2% 21 5 1%
f2 iRV v SRR E S G L S I TRAEZY 35 R R p - S FS |
FEAFN LA 053 Hr , T BONAR 2248 58 J7 ok
AT R 25 3L R, AR IX AT il A 1E Ak AT
2 RAVATIOI , (R AT DA D0 3 SR B 2 > R
T AT 24 2 TR TR0 A AF 9 A AN R

3 B2

TAFR , BT D A~ B 14 25 it 25 K ah
JEFNT 25 RAAE 73 BT A IEAEB AP T &, (HAS )£
B o AE 2 DR 97 g i 8 D A B SR A 6 R
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