TRAESGA IR Sep. 20, 2024, 51(9): 36733689
Microbiology China DOI: 10.13344/j.microbiol.china.231078
http://journals.im.ac.cn/wswxtbcn Copyright ©2024 Microbiology China All Rights Reserved

AIAE 51T8
Mg S M E M E SRR N A XX it = 0

W, ZH, i, kB
R B TR AR BT REAE R DSBS . TR 400714

PRI, 237, W, EAETE. lanss > 7E A Y A IS U N R SCRR T BT[], B =Aad 41, 2024, 51(9): 3673-3689.
LIN Shanshan, LI Zhe, YANG Liu, LU Lunhui. Bibliometric analysis of machine learning in microbial ecology[J].
Microbiology China, 2024, 51(9): 3673-3689.

B OE: [HF)] MEHRESEANGH EOTRELE, MAENESFHIECEZZIEBIEX Y
K, HEMBBAENELRESZAATOARRET BRailianh, Am, X®EXOGHEFHLE
DTG Tr i R R — AP, AL 3 B AT R 7 @ 6 AR R A R X — ALY X
PR, (8] ATFTLRHTEF, ALLORENEFIEMANESFHRFHER, Lk
REAH . TRBAE, ARENEF I FBAENESHROGLE SN TE. [FiE] KRBT
Web of Science (WOS)AZ & £ 45 F& F 1991-2023 < 7] & & 4948 % X #k, i& A =T AALEK 4 CiteSpace
RREELZTEEFAE, BIREFAAFEHRILIKR, FIFA Carrot2 s X ARIIEHATIZRE, MET
MALF IR B . (RIS F 3 AN ESF AT A GEEA 2018 FHREZ 5 TR K
Fo B A IGKAAH, 48X ERSRA SRR GHE, HRARFEEK, MXFHZING
XA Ao ARALE, HAAMENASFENTE. VB T, HHENFZAIRGEME, AF
FHRAGHBERETHONA . NBEFI)EMREMNESFYHORR Z. 58, IREEZET A
B3R A At At ok B, B 2018 Sk, MUAIREF I it A E ARG L, AR E LA
B Z e TN . X AN BT B KA a9 P R T T LSS ) BRSSP 0 B R AR a3
PR B Fa g AT R4 8 EAn G 2. HAHTNER ., [4&] ATt ESHER, LoNEF
S EMAEMAES Y E R BIERZ | AR AR AT AR E IR, B EARE A EALE R
oM fe B T, MR FHA, ETHRBENSEFIHEE.

KHEIR: MEF ], X#Kit=E; CiteSpace; MAEMAEL; TN

WHITUH « [ 5K E AR 2R 62(U2340222);  /KAHE R0 H (SKS-2022081); A IV = e 5 [ A7 PR 22 =] BB I H
(202403005); = IR} 22 B 78 56 2 AP0l E A E T

This work was supported by the National Natural Science Foundation of China (U2340222), the Key Project of the Ministry of
Water Resources (SKS-2022081), the China Three Gorges Corporation Research Projects (202403005) and the “Light of
West” Program from the Chinese Academy of Sciences.

*Corresponding author. E-mail: lulunhui@cigit.ac.cn

Received: 2023-12-26; Accepted: 2024-02-04; Published online: 2024-03-21



3674 (YIS Gk Microbiol. China

Bibliometric analysis of machine learning in microbial
ecology

LIN Shanshan, LI Zhe, YANG Liu, LU Lunhui’

Chongqing Institute of Green and Intelligent Technology, Chinese Academy of Sciences, Chongqing 400714, China

Abstract: [Background] With the rapid development of new types of stations and sequencing
methods, the data in microbial ecology has experienced explosive growth, providing rich
resources for revealing the role of microorganisms in global ecosystems. However, the processing
and analysis of these large datasets pose challenges to conventional methods. Machine learning,
with unique advantages in handling big data, has become a key technology to address these
challenges. [Objective] This study comprehensively explored the developmental trends, current
status, and hotspots in the application of machine learning in microbial ecology through
bibliometric analysis, aiming to guide the future integration of machine learning with the research
of microbial ecology. [Methods] The relevant articles published between 1991 and 2023 in the
Web of Science (WOS) Core Collection were collected and analyzed. CiteSpace was used to
visualize the evolution of the number of publications, international collaboration, and
interdisciplinary status. Carrot2 was employed to mine textual data and build knowledge maps.
[Results] The application of machine learning in the research of microbial ecology has undergone
two distinct phases: stable growth followed by explosive growth, with 2018 marking a turning
point. This research field has gained increasing attention, which led to continuous growth in the
research output. The integration of machine learning with other disciplines, especially chemistry,
physics, environmental sciences, and computer science, has become increasingly tight-knit,
providing new perspectives for the advancement of scientific research. The application of
machine learning in microbial ecology is extensive. The early studies primarily focused on
sequence recognition and species identification. However, as deep learning and computer vision
technologies have kept advancing since 2018, the research focus shifted towards predicting
complex systems. The comparison of keywords between the two phases highlighted the evolution
of machine learning in microbial ecology from basic data processing and analysis to complex and
advanced prediction models. [Conclusion] According to the results of bibliometric analysis and
considering challenges like data scarcity, difficulties in model selection, and poor interpretability
in applying machine learning in microbial ecology, we suggest that international collaboration,
data sharing, and interdisciplinary exchange should be emphasized in the future to promote the
development of interpretable machine learning.

Keywords: machine learning; bibliometrics; CiteSpace; microbial ecology; prediction
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Figure 2 The international collaborative network in the application research of machine learning in microbial
ecology. The position of the center of the tree ring represents the year in which a country first published articles
in the field. The overall size of the tree rings reflects the volume of publications from each country. Different
colors and connecting lines of the tree rings represent different publication periods. The thickness of a tree ring
is proportional to the volume of publications within the corresponding time zone. Connections between tree
rings represent collaborative relationships between different countries. The outermost layer, marked in pink,

represents countries with higher centrality.
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Figure 3 A dual-map overlay of the knowledge trajectory. The left side illustrates citing journals, while the
right side shows cited journals. Colored curves represent citation paths of papers related to the application of

machine learning methods in the study of microbial ecology. The z-score indicates the significance of the
merging of connecting lines, with a larger z-value indicating a higher degree of merging.
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Table 1 Top 10 citations by burst intensity

Title References Year Strength Begin End
Scikit-learn: machine learning in python [31] 2011 50.74 2016 2019
Reproducible, interactive, scalable and extensible microbiome data [32] 2019 49.40 2020 2023
science using QIIME 2

Deep residual learning for image recognition [33] 2016 47.54 2021 2023
DADAZ2: high-resolution sample inference from illumina amplicon [34] 2016 45.65 2021 2023
data

Automated detection of COVID-19 cases using deep neural [35] 2020 45.43 2021 2023
networks with x-ray images

COVID-19: automatic detection from x-ray images utilizing [36] 2020 40.93 2021 2023
transfer learning with convolutional neural networks

Very deep convolutional networks for large-scale image [37] 2015 40.74 2021 2023
recognition

LIBSVM: a library for support vector machines [38] 2011 40.23 2011 2019
QIIME allows analysis of high-throughput community sequencing [39] 2010 32.50 2015 2018
data

XGBoost: a scalable tree boosting system [40] 2016 32.20 2021 2023
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S R R < G B UK U AL NG B 1 SR A SR =S
(1 anfe A= 53 S 0 = B0 ) e At el D SR A 2
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BUR PR, ARS8 53 Be 19 LS % 2285 7 i
A BEALARMIE —FELAL Y HEE 5 T AR EEAY |
PERER AR 325 4% , X SR . [ A e 7S IR
LRMERE (U 22 3L N 4D A S HES, 1R
ARFHZ T ER . Lammel 25 F] ]
RF M IR EEZRXT OTU By =F B UEA T A, T4k
ABE AH 1 2 AF DG 19 PR G S R 7 i AR J 2, A
M EXT OTU 1% = JBE (W) 1 7% F )5 M) B 58 19 A
Wi FE AR, Chen U] RF BEARIEAS T 9k
A )RR W REVEAE I B 2 o s e Y g
FALFN R AE A TIAE D R B R R B L I E
AALTI A AL Z rh AR L 2, S5 5R R,
AR A i A0 amoA Bk K]
Fl nosZ FE DK AF TR SE R 0 F R AE .

SRR ZE R G 1), 2018 4E L5
I FBILAR 27 > WF S A A 28 0y T 284k, 3R
G B i) AL A 2T O v ) Rk A e B S i
AW A A2 1) 2 05 L 45 G (“Learning Image”
1 021 %% ,“Model Development Approach” 725 ji ,
“Prediction Models Trained” 722 &) TR 2% >J N
26 v [ 28 PR FE TR R 1k g 2R DG B (HE Y
PR E8 R EEIGIN e, X4 v B 2 B A, e
TR, X—IRFR R M4 1R 1k (degradation), iX
— MR BAATE 2 3T IR G B 2 M 25 (deep
convolutional neural network, DCNN)J Il Zk A7
TEWXE, F— 28 T IFEVLEMR IR S & e
218U 2015 AEMURIFAE BE Y He 5 7F TmageNet
RIS 5 P P Fik B v 15 R 132 Bk 22 i 2
% (deep residual network, ResNet)Z2 43R 15 i
B R B R SRR R T
“Jig }% 3% % (shortcut connection)”, e KHLIEBE T
TR BE 28 KA 25 Do 285 )11 2 PR e )t 3 HLede s 17
B3 A9 5

BLAR 27 > HOR Y e AR et e 1 78 Tl A= P

A SRS TT I 22 A B AL 7 > BT
WAE R TR B A T T Tk B
WAL/ HT DNA 3 RNA 751 o YRR SR XA
[ BEE Y o SRTTBE S TR~ ] | TH AP 5 45
BRBY K, AL A1 3 2] LU i 35k A
oM BB RSB . Kosov S5 T — il
WE MY 3 K51 %, 258 KLY
(conditional random field, CRF)#1 DCNN H 514}
Mriv s, g Ik DONN 2 B0 i &
BINBRBFHE, FE2RFHER] CRF A
Xof Sl WD A T TR O 2T RE A7, P S MR A8k ]
91.4%. Tahir 551 G A% ERER KU [R5
) 40 800 SKELEE M T-IER, PR T —FiBET
ResNet 44 (17 CNN J5 75 L 94.8% 14 R 20K
A 43S L . 2018 4E 248 £ K% Chen %07
W URIE 2 > SOy T RRas & 1R T & ey
J # (neural
NODE), AJLI#AE ResNet 2L AFELEML IR, 7
T ARLHE B N A AR b S B AR R o3 2
AU SS o T HAT RN . mRUE N
BTN S SR A0, 1207 AR TRl B3k
PIE U PR BEY Michel-Mata 55
FIH] NODE Jrik gy 1 4G 0 & oy J #e
(compositional neural ordinary differential
equation, cNODE), AJ DATEAS T fiffa il i A= 4 50y
F1E AR AR AL A AR S R R RS O T i
TR AETE S & SO AR Dy I R TE R I TP i
AT FERE . Wang ZEU%E cNODE #4357
1 AR O 2 RS T Gl A A AR R e
AW 43 T7 FEAE Y (metabolomic  profile predictor
using neural ordinary differential equation,
mNODE) , iZMAYA] D)5 48 K &l & A QT4 4 1Y
g A, A EA AR R AR EE 1Y 16S rRNA
FE RN 169 7 i B0 AR S 4 4R AE . Wang 251
JET cNODE J5 % B 1 %40 5K 8l i) 5C 5 ) o

ordinary differential equation,
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Figure 4 Bubble diagram of the subject terms of machine learning research in microbial ecology, 1991-2023.
A: 31 clusters for 2 027 articles from 1991-2017. B: 23 clusters for 6 998 articles from 2018—2023. The size of

the bubble area represents the size of the clusters.
THIHEZE (data-driven keystone species identification,
DKI), ZHEZLA] LA IF IR B Ak W e & i
Y SCEEE

SR, 2 Ay SR L[] G i BB 1) I
J7 ik A, 2018 4 LT A 58 #4  h HL
(identified), 432 (classification)55 ;T4 W)2=
TS, 2018 4 DL S & Pl a7 > Jr ik iy it
A, U I PR ) 2R RGT TR , 4
o BEAL RGO | 2R AR P S |
TR i 2E 1 T 55 .

3 #p5RE
30 HLER S 7ER A WA 75 s b o P A

it

i Bl CiteSpace Fil Carrot2, ACfdiH WOS

WA SRR A AR IR E . 19912023 4R
9 025 f3CHk, FEFSCHkIT R 2F R TTHLER
2 2] W AE LA W A= S h N, 36 LR
AR PEASR K SE T 1], A W A SR 4
BEBRA . EERWT

(1) FETHERIPkE A &8, B 1991 4EL
K, TERAE Y AR BB N LSS 2 S ik R R
() SC R HE R IAAE T BB R i TR
2] TR R, HN T 2018 AESF
AR . WETEMNE kR, Plass I 7E
TR W A 25 1 oy FH e R U T RRGSE R R I 4K
FEAERR YN E KRR T % DI S VEM 2% . 3 J LA
e, Bk 2 1) K JR T E R R T LR T
PAENIIRTF-BL, B T A C AR &1E M
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OPERAR, Bz — & 1Y E bR AE R E PRz 77 o

(2) BFFEAE I E A, BTt g |
SCHR S 85 | SCERZ IR &R, #aoR T Hldesr > 7E
TAUEE 0 A 285 v g T ) S B 9 S A e e B8 AR
TEAR RISk 2 [] , 51 SCEEHE AR /R T 238 XL
RHEAE H 2R R p R, R A Rl 2
5k PR RS ERL Z A AR, N
BReEpFFE At 7R AL A o SE BN Y 45 SR R
THENEFRH RS, Scikit-learn 2244 . QIIME 2
SETHIE T UL B HLE8 2 > 1 7 R 2 5
HoAh 2= RS Ao N %52, ek T RUE A
DA E

(3) M Carrot2 RIGRIGHIFEKFE , 2018 4F
A e AEFRE AR B TR EOR A T R
HIZEA, o S TS AR T AL T X B 2 R 40
FOFIEI , ATV RIESY 32 2 FR S8 s AL R Tl | AR
W A S RGBT, FEMPRIER
P LA > T s D RS A, B G
AR P A 25 R ST X AR AT 55 A TR
JEE ) WM e, 2% X IR EEREIR B4 T
2, BERE T HARRHEREE T o BIREE AR
Iof 00 W A 2 2 n] DUAE e =2 S B0 AR 0 1
0T WERR b TN R Ge A4k, I C AR B {5 B T
DXESIE B, BRI 7RISR T4, ik
A A SR ) R AR AL T
32 HSBFIEMEDESTE P AR
FREE

JAE B 2 VE R TR W AR 25 2 5 i
K43 T EL, {H B[R] B 52 51 4% b s 5 1 Pk 5K
X LBk i BELAS T Tz R U H L B A
¥R = | BERIPE AR Rk £ e T i B A
oK, XTI R LA A > T v oG B Y 2 IR
(El 5),

B — PR S DY G — A AT SRR LR 2
SRR T B R B L R BT R O A A O Y 8K

P78 o WaB U 2 > i A Fee KBk A AE T 7%
BERFIYN GBI A A REARAT = A BE AL, Y1255
s S0 AL S BT 2E0E MRS, R
55 . BRI A B i AT R i PERE, HLEA
U ZRBR A, A2 Tl i 7
T P A 2 2 5 b AR BRI = K HL 24
b, ALHE PRI il A% L DR Bl . ARl A s
o R, PEEIRM R EIFA R, HTRAA
[ SEse s, AFWE Z R BER A B A
A HeE, FRBGX SR 5 K B S alent i A,
Jit DA ST 2 v SR SR A T EL A PGk S5 4
FLFEECIRARIL WV X 5% KM A — b A
B, Lo PO 3050 Ai v Xt Bl b A Pl
FTEBEFRAL , DA RABA TR I8 4R, 18
H. CNN #1322k e . Sayyari 25 [81]
i 3k 5| A KL TR OC 3K B s 3 5 (tree-based
associative data augmentation, TADA) /7, M
Wi RGe kK W AEBUETEY OTU FEAR, fifttle THE
ARG D AN AN JE A3 S BR Y

55 AP U W A A S X DL R 25
FEAT 55 BERE AR Y AL a2 IR CFEARZ
BRI Th AT IR B OT T3 — A A 1S n i S EO0 A
BEF TR E M E 22 RHE 5, (B A4 R8T
&% Python [, R FERINS) b T HAHELRAE
HE TS5 SE . B, Scikit-learn!*! |
FastAl (https://docs.fast.ai/), LightningAl (https://
lightning.ai/) il Keras (https://keras.io/), 5345, ik
A W B AR Ak AT LUA A IIREZR AR B, JF
TR NI R AL a2 TR, B AE SR 40 7 Ak
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metagenome interpretation, CAMI)TXI$2 4L A
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Figure 5 Overview of machine learning applications and challenges in microbial ecology. Symbols courtesy
of the Integration and Application Network, University of Maryland Center for Environmental Science

(ian.umces.edu/symbols/).
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