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SUMMARY

(4 ® 2 o B

I. Title

Development of microbial diversity and environmental genome analysis method

based on fungal LSU sequence DB

II. Purpose and Necessity of R&D

- Bioinformatics research on analysis of microbial diversity and environemntal
genomics is one of main goals of the KORPI biological project, focusing on
Antarctic regions.

- The main projectin from KORPI is trying to understand ecological change of
Antartic ecosystems at the biogeochemical level, by analyzing microbial community
and metabolic potential.

- For that purpose, field work including many different natural extreme habitates

was conducted and data at the molecular level has been accumulated.

- In this study, we aim to develop a series of bioinformatics tools to facilitate the

analysis of those high-throughput DNA(RNA) data for environmental samples.

- Specially, this includes tool development for analysis of microbial community,

shotgun metagenome and metatranscriptome.

- The automated pipeline consists of sequence preprocesses, sequence assembly,

structural & functional annotations, connect with metabolic pathways, and etc.

- Finally, we expect that this work contributes to more accurately evaluate

microbial diversity and their ecological role of the extreme polar regions.

III. Contents and Extent of R&D

<Topic-1: Clustering analysis of specific genes in metagenome and pipeline

implementation for comparison of gene relative abundance>



- Calculating relative abundance of individual genes that are calibrated by the

abundance of single-copy genes such as recA, rpoB, etc.
- development of efficient hash table to quickly cluster high-throughput shot reads

- developing programs that calculate relative gene abundance, at a standalone level

<Topic-2: Establishment of Pipeline for Comparative Analysis of Gene Relative

abundance Related to Metabolic Pathway>

- After sequence clustering using CLUSTOM followed by building connection with
the KEGG database, develop a method that calculates the relative gene

abundance that are linked to metabolic pathways.

- Developing a method that tabulates a series of information including gene

names, abundance and pathways involved.

- Developing a method that evaluates the statistical significance of gene

enrichment

- Establishment of a possible way to integrate sequence information and its
metadata

IV. R&D Results

1. Developing a pipeline for clustering genes from metagenomic sequences and for

comparing their gene relative abundance

@ Developing a normalization method of gene relative abundance by calibrating
their abundance with single-copy genes

@ Developing gene abundance in a similar way of FPKM value

@ Developing a automated pipeline for clustering high-throughput shotgun

metagenome sequences and for calculating gene relative abundance

@ Publication of the clustering program (PLoS ONE 11: e0151064)

2. Implementing a pipeline for comparing gene abundance regarding metabolic
pathways

@ A method development for relative gene abundance from major metabolic

pathways
@ Calculation of gene abundance per KEGG enzyme

@ Implementation of statistically comparing gene expression between different

environmental samples



@ Integrating other biotic or abiotic metadata with the sequence information

@ Completion of the pipeline development for evaluating metabolic potential of
given environmental samples

V. Application Plans of R&D Results

® In case of Fungi compared to prokaryotes, there is no standard sequence
database for taxonomy. Therefore, it is anticipated that LSU sequence database
we here develop will be established as an international standard for studying

fungal diversity.

® Analysis of metagenome sequences is difficult for biologists to access if there is
no high-performance computer resources due to the vast amount of data. Thus,
development of CLOUD-based metagenome analysis program is expected to be a

good academic resource to figure out the system memory shortage.

® Methodologies related to shotgun metagenome analyses do not yet consensus
because of lack of well-established protocols compared to analysis of microbial
diveristy. The metagenome analysis pipeline to be constructed, considering both

speed and accuracy, will provide data analysis standard to biologists.

® There is a lack of bioinformatics tools to compare different environmental
genomic samples in terms of metabolism. The bioinformatics system for
evaluating it to be constructed through this work is expected to compare the
metabolic potential of different samples by referring hierarchical metabolic
pathways (e.g., KEGG) and to determine specific or enriched genes in a given

environment.

® Recent developments in NGS technologies have produced a large amount of
sequence data in genomics and ecology. Due to the large size of the data,
analysis in a single laboratory is impossible. Therefore, well-designed,

user-friendly software should be provided and available.

® Establishment of a fungal rRNA reference DB will provide accurate fungal
identification and taxonomy that are useful to evaluate fungal diversity in a
given environment. That will be the basis for a number of studies related to
Fungi, including biomass-producing, plant pathology, human health, etc.

® Metagenome analysis programs as well as assessment of metabolic potential
could be well performed by a series of programs that are developing in this

study.
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GO (Gene Ontology Consortium. 2015),

=
()

22  InterProScan

(Mitchell et al. 2014) & &-&3to] F3 3},

4. MG-RAST®] 7% 264,0009971¢] metagenome datasets X-f3taL
Fraggenescan® 2 feature prediction, Uclust® protein clustering= &

2015),
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KEGG database®l mappingdt RMA(MEGAN Read Match Archive)
format®] binarystst 23 534S MEGAN serverol A AM&7bs3stA Hr.
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8. IMG/MER4, EBI Metagenomics portal, MG-RAST, MEGAN6 =%
metagenome datasete T3t ¥ Aol GUIRHAAA E4 & AlF3HA
T pipelines FEAHoE AREE F glo] 71E9 thddt WA Y] assembly,
binning, taxonomic profiling toolE<& AZAAZ F glob. Fg ZHF
database® &4 (53 KEGG® #2 metabolic pathway®4]) oA Ht}
&3t gene abundance normalization el FTL3FA|T raw count
values AH&SIAY ©edt WH S AbSSte] F e 235 HoEh

A 2-2 A BAFAA A} ZElIAF B4 =2 e d1

1. Assembly

%7] WEA & assemblydlE single genome assemblyel A% A tools
A3tk AW contig Zol7t WS- BA 2P T2 F7e Hong
B5-7F ol HAsIATE ol & FHES] Hsl ZA F A A e AHgsta e

dl o]+ reference-based assembly®} de novo assemblye]|t}. A3t}



= datasetol] wa} AEH3ledol SFA| W reference genome®] =] A e B
o ZFE5S EAS7] Yl E de novo assembly®A S A oldtAwt o]o] ulbg}

computational power7} © o] QT ¥},

7}. Reference-based assembly

reference genomess 7|1¥ E& AM&st] contigE AAste WAeolH =
% genuslY speciesoll &3 genomeE< targetS® assemblyE 3 7}&3sttt.
Newbler (Roche), MIRA4 (Chevreux et al. 2007), AMOS (Treangen et
al. 2011), MetaAMOS (Treangen et al. 2013) ¢ 22 toolE°| At&HH 2
ATk, o] WA E AL Ade AA Hu F WA HE genomedl A=

= =
o) A= el S = o & =z9o 2= e}
- = 7.—:13_34'?2 Oéa T }\/]\ . 5«?_].' ELCE o = O]%g’ T = /\/]\E]‘

Y. De novo assembly

reference-based assembly®} WHH=Z reference genome X7} §l9]
assemblyE F3t= Walol7] wFo APd FHIF flole "Avhe o] ATt
AR A4 LS wo]l Aok de-Brujin graphY overlap theory &<
graph-based theory algorithm= Al&34l @tk EULER (Chaisson et al.
2008), Velvet (Zerbiono et al. 2008), SOAP (Liu et al. 2012), Abyss
(Simpson et al. 2009) 7F &7] @A ®Wo] AL&E toolEelW, B4 &
memory@ 1 AMAZEE ST SEAIRE ol AFH  toolES  single
genome assemblyE 93 W2 o]7] W&o metagenome assemblyolAle &
AE WA XYk, 53] fFAFgE subspecies® variation® ©E F1H
genomic sequence?] AN}, sampledle FE Ztol abundancexle] T2 <l
gl graphel kinkY branch7} #AA =1 F &3 Aag FACt.

t}. 2AIH assembly tool

Meta-IDBA (Peng et al. 2011), MetaVelvet (Namiki et al. 2012),
IDBA-UD (Peng et al. 2012), Ray Meta (Boisvert et al. 2012) ¢ &2
toolE9 1Al  assembly tool®l EAAHE aMZAstrl  fs AL AG
MetaVelvet? Meta-IDBAE k-mer frequencyE ©]l€3ted de-Bruijin ¢
kinkE 32" k-mer thresholdE °l&3te] graph® subgraph® W3
tt. IDBA-UD ¢ A% E71# A< sequencing depths © #3ssloH
multiple depth-relative k-mer thresholdE Al&3t] low-depthu
high-deptholA¢] Z%¥ k-mers A AZATt wiA 22 Ray Meta® 725l



T k-mer®t depthE ©]&3A% de Bruijin subgraphs $33A €1

heuristics-guided graph 8222 assemblyS 3 3tc}.

2. Binning

Binning< read4 contige< 27t genomel @ FHEH = groupl @ EolA
oo | Fst= taxonomys HodtE AL ¥, Binning WHES UF At
= AH mEA A F 7/IAE YUr =8 Composition-based binning¥}

Similarity =+ Homology-based binning®|t}.

7}. Composition-based binning

ut

2y7} 9] genomeE°|l A9 k-mer sequence X5 7HAla UdthE HE ©
83te] Z47te] genome groupS® sequenceES wv WAootk TETRA
(Teeling et al. 2004), S-GSOM (Chan et al. 2008), Phylopythia
(McHardy et al. 2007), ESOM (Deng et al. 2000), ClaMS (Pati et al.
2011), CONCOCT (Alneberg et al. 2013) < Z2 toolE°] 3T W& A
L3tAtt. o] WA &2 Hol9 ready contigd AF FF=7) ul§ EoA=
GHS 7 7] W&ol assemblee] ® contiglh scaffold SollA Aol
x

olgul (LF 1kb) HAd] 4182 oA B}

40

1}, Similarity-based binning
BLASTY profile hidden Markov Model (pHMMs)#-<2 alignment
algorithm< ©]&3to public database® sequenceW %At mappingdlhed
FAIEE vl S 2 groupe Fe Wlolth. CARMA (Krause et al. 2008),
MetaPhyler (Liu et al. 2010), SOrt-ITEMS (Haque et al. 2009) ¢ #

< toolEe°] o] WS AF&dlH IMG/MER 4, MG-RAST, MEGAN pipeline
AA] o] WA S AREStaL QUTh. o] WA A @RS 7EA 1 = sampled ol
ZAFo] 1§ B AS FSErl BojA W mappingd database’t §lE &
A A ke FELS TELS BEXHA AU E4.

ot B4 algorithmdl W& &7/

AH&&F algorithmel wet oAl F 7EAI2 v 4 Sledl ab  initio
unsupervised classifier®}  supervised/training-based  classifiere]t}.
Unsupervisede] A% AF&AL] 7ol glo] algorithm®™ o2 groupings 3H|

X9k supervised® 7ZA-$ classifier training @A A A}&& datael EAl o]



U HFE AFste 59 AFEAe Jlde] Hastth. support vector machine
(PhylopythiaS), hidden Markov models (PhymmBL, TETRA),
self-organizing maps (ESOM), gaussian mixture models (CONCOCT)
7 22 algorithmEe| AME&-¥Eth Supervisede 2% &2 212%9 datag H}
BOo 2 trainings FdtH IWH OS2 unsupervised WA ET & JIEE
Holxlgt 2l#=rt #2& W2 49 input data® 471 FE A5

unsupervised W2lo] ¥ A sttt

fr

3. Annotation
7}. Gene calling

Annotation @A e FH HAL2 readyt assemble® contigollAl gene
< Zolfl= Aolw o]l& gene calling®lgtal 3tk GeneE2 coding DNA
sequence (CDS), noncoding RNA gene = A FEHH™ clustered
regularly interspaced short palindromic repeats (CRISPRs)$® 22
regulatory elementE& 5% & Utt. MetaGeneMark (Zhu et al.
2010), Metagene (Noguchi et al. 2006), Prodigal (Hyatt et al. 2010),
Orphelia (Hoff et al. 2009), FragGeneScan (Rho et al. 2010) # Z&
toolE°] ab initio gene prediction algorithm< ©]§3le] CDSE dS3sta 9l
t}. CRISPR element® 7% CRT (Bland et al. 2007) Y4 PILER-CR
(Edgar 2007) ¢ #<2 tool® A¥E + Atk tRNA® 22 noncoding RNA
+ tRNAscan (Lowe and Eddy 1997) = Al&3t. rRNAE HsA&
IMG/MER®] 2% W% rRNA model¥ AM&3t: MG-RASTE SILVA
(Quast et al. 2013), Greengenes, RDP (Cole et al. 2009) ¢ 22

databaseE o] &3},

1. Functional assignment

Gene callinge2 Ztoldll CDS<2 functions <Zoll7] €13l public
database®l#]l homology7l¥te 2 ZHAl Hry, d¥bH o2 metagenome raw
dataz} wj-¢- =71 wjZol o] @AM E A4tH]go] ul§- Wo] ottt BLAST
o} && sequence-similarity-based algorithmo] ol 2o
multi-threadinge]y parallel programming Wl £2E &Y 4+ 9
ol Al4-5E  public databaseZ2E  KEGG, SEED, eggNOG
(Huerta-Cepas et al. 2015), COG/KOG ¢ %<2 functional annotation

database’} 1 PFAM, TIGRFAM (Haft et al. 2013) & Z& protein



domain database’} $th. Interprol A% <38 7}A] database® THHO=E

gt vt

4. Taxonomic profiling

Z7]°+= shotgun metagenome dataol*% amplicon sequencingelA¢} 2
of ©d fFHA Z1¥H(el, 16s rRNA)S A Zeo| dig nAE tdd 4L
annotation® Fdstd rRNAE ZAY rRNAT Adgxo=m  Mddstd
MOTHUR (Schloss et al. 2009), QIIME (Kuczynski et al. 2012) ¢ #
< A FolzZelE B3l FHHAT. AR o] F metagenome dataclA
taxonomic profiling= 93¢ toole]l ®eol 7/BEEAUn AA F /He IFe=2
= 4 AUtk dataset®] REE sequence FEE Algste= W2 (d, CLARK
(Ounit et al. 2015), Genometa (Davenport et al. 2012), GOTTCHA
(Freitas et al. 2015), Kraken (Wood and Salzberg 2014), LMAT
(Ames et al. 2013), MEGAN, MG-RAST, the One Codex webserver,
taxator-tk (Droge et al. 2014)) ¥ marker gene setel] FZst= W2 (o,
MetaPhlAn, MetaPhyler, mOTU, QIIME, MOTHUR) oltt. ¢ ZFolA=
CLARKS®} Kraken< taxonomy profile®] &Aoo} AMtEE WHolA 2 4
e HEAY. sHARE MetaPhlAn2e F FFolA dol7bA strain FEo=
profiling= & 7k Ml =L prokaryote®% ofHzt eukaryoteZbA] Egst
+ marker sequence database® THItt. A8l EAW Archaea 46,649
7N, Bacteria 767,16770, Virus 38,8097, Eukaryote 22,371709] marker
sequences THoIAT. FFEE Krakens S31 AEE WHolXZ FAMS

FEOR FFEAH.

5. Abundance normalization

shotgun metagenome A& Fygo 3l community® functional
capacitye &ola Hlusdt= A2 vl F83 Fiolth. Sequencing® read
E< gene°lYt functional marker database®] mappingdte] OiEF9]
abundance® @7 ®t. AT raw read count® ZF sample?] sequencing
depthel weg} ©t231 sampleE 79 ¥l E 9314 = normalization WHe] 2
23l @3 compositional normalization WH<S sampletl el abundance
o] T2 7t gened abundanceEd Wit SFARF compositional WS 3
9] abundance#°] ©E EE genef abundanced dFS WA Hu 7+

gene®l Sl AelE wPstA RATE wiel ok ol AAs el



GAAS (Angly et al. 2009), Raes et al. (Raes et al. 2007), Average
genome size (Beszteri et al. 2010), MUSICC (Manor and Borenstein
2015) # #Z& methods°l WEHJTH. FA MUSICCS 76709
universal single-copy gene®d®.¢} machine learning method& A}-&-3}od
intra-sample® inter-sample %t¢] biasE® =% Th. Universal single-copy
geneE2 KEGG, GC contetnt, Consevation, Annotation §4E< ©| &3l
elastic-net regularizations %3l linear model< learningsl®] sampleW]<]
geneE9 abundance#< normalization@th. E3 samplezte] BlnE 3l
2 E abundance?d FFozZ Y= "ol olygt Universal single-copy
gene® median abundance® AF&3ste] WAA normalizations T3t o
2 WA= Hl3] =7 vl =3 Coefficient of variation FX % HolA &

ol Zakel mwshe] A& S BT



A3 E ey e o 2o

A 3-14: B A-FAHA metabolic potential FA A]AE

7N

1. AEstd MeAs A71M<E ol &2l (assembly) ol =2kl 5

7b. dRtA e

2 dFy 7Rk AlAA = AL v &g B HolH e 7hesH]
o] ¥  coverage’t HEEFOFSI=  whole genome shotgun
sequencing= %% metagenome A7l Wol A&ET. Iy dFuy
718k HelHe AA F12 995 AW Xdt= short read ©7] W&
o AgsiA HelHE EAs5t7] HeiAe ol4l &2 (assembly)#g o] 2
Ao w FRiEojof gt}
A short read 7|8k WEtAlE A ojAdlE2E 9dl Meta-IDBA
(Peng et al. 2011), MetaVelvet (Namiki et al. 2012),
Meta-velvetSL (Sato et al. 2015), IDBA-UD (Peng et al. 2012),
Ray Meta (Boisvert et al. 2012) 592 o2 7}x] =F5°] Wd=Sd
=
Ak 20159 FA| A= Meta-velvetSLE AFE-3te] chimeric contige
= =94 s Sgd e S AL&IAJT. ARE Meta-velvetSL
o

71 reference genome sequences curation ¥ database3}sto]

P
T

support vector machine® trainingZ el Al&Z 3ok dt+=8] human
microbiome project®} Z°o] 5% environmentolA AE=UA AFEH I
ofll = A FstAIRE 27| GA 9] ol A= 4AEE = database’t SIAY
AL 7 Fol= training ¥ model® AlF=7F @oAXT E=g G
strain® genomed EE FHUg A& sl = unknown strain®]
YEHo 2 grin AAA7] i 3] bias7t Ytk & F AUt

L3t Meta-velvetSL2 multithread Y parallel computing= *
Al 23 memoryE At&dte ol AT A7) wie AdSEY 2
memorys IHIAS @ FTHHoR AAEE= Illumina 71¥9 input

datas wAe] 7he @A o g oo ST

(o
ol
o

fo
ro

7
g
Cwed 2 dTHe oA X 2lE RE o Erse] Aude ¥

Aste], genome databasedt 22 AR ETZ} glol= ¥ multithread
1} parallel computings A3l ©E toolel Hldl assemblyZ 2ol A
16s TRNAE # ZH3d Ray Metas 7|Wto & & oAl Eg] o]z}



A.

S 3%
Meta-velvetSL2 o8] &% =47F ZQ3ta o8 71X @AE AH kst
= 534 75 BPoz A Abgo] ul§ oAHE EHo] ey & 5

¢

o]Zaele Ray Metad 7IWte d17] wj&dl fastq input® ¢J&atw
He de 758243 parallel computings A&t}

agla A FAde YA B3 EES binningg 8

CONCOCTE =93 AF taxonomy profilingg ¢l MetaPhlan2=

=%, Metabolic pathway vl 43 93] HUMAnN2¢ MUSICC=
=Y Aol

ol
ol
2
Loz
A

HE 4 o]

script, R script& ZFste] 7S] wEol FAIEF7F g1 44
F7P1Ee] gAY vhesttt. A% 44 #E2 A scriptE 7

2 7hssith. (2" 2)

WMS data

/ Functional capacity | |
A T, Y

\ Taxonomy profiling \Metabollc pathway

Ray Meta MetaPhlan2 $

k.
; 5 Wilcoxon
Prodigal meta StrainPhlan :
Rank-sum test

TAXAssign

19 1 HEA]Es G714 E oAdey mojmatel diseEs



2.

3.

[kdlsh@localhost ~]$ bash meta pipe.sh

dataPath=/home/kd1lsh/Database
minlength=70
contig min len=500

#inputl=/home/kdlsh/project/metagenome/test data/SRR2198976 1.fastq.gz]
inputl=/home/kdlsh/project/metagenome/test data/SRX343841 1.fastq.gz
input2=/home/kdlsh/project/metagenome/test data/SRX343841 2.fastq.gz

T3 2. 971MG ol mtojmatel 4 AIYE

Test data 3 AXAIZE
7F. 2 A metagenome shotgun HI°|HE 7[A] a1 ¥ slo]zgole] &5 H A
EE FIPol9tt. dataset2> NCBI SRAZHH tE w2 Illumina
HiSeq 2000 719t paired-end datacl™ % samplezte] BluE |3l
M sample?dt EF samples st EFS SRX343841°1% 10
&9 =4 fastq formateli, d %= ERR599025Z 8Gb &<
4549 fastq format ©]th.

o A3 $E2 AMD Opteron(TM) -Processor 6274 2.2 MHz 64 core
CPU¢ 512GB W= & &Ag 252 AueA Fgetlen, 40 core
S AR&ste] b AIZE el A o m dho] kgl Aljte] ThedE HS

oh Ze #AeA 40 Gbel ERR10513258 dho]Zehl AlXbe Fastl&

o, 40 cored AFE3to] 56 Alto] AR,

Input data ¥ Quality control
7b. 2 golzElRle grzip2® &% Paired-end fastq files 98 o=
ol ol F7FAQl fasta %Y Fe RO WS glo] vtz Aol 75
st== FaAsin.

. dgiF&9 shotgun metagenome librarye= throughputs 18]3}o]
Nlumina A€ sequencergs AF&%tth. Illumina 71¥He] short read
A dolEdE A8 7HA 2/ 7F dAY quality7F Ha, Aol7F &2 A
dol Hod A= F At olH g HolHe FF assembly oA #Zid
AHRE =T F 7] Wi AAlo g B go]zEloE 8F
7 de] ARgEW, FEsitta &8zl Trimmomatic (Bolger et al.



2014) & #@Astd Ad AAD HH S S F & assembly’t 75 st
= stelt.

A ERR5990259] w8l Trimmomatic A2l A2 FE fastqc tool
183l Hlws) Btk (2" 3)

(¢

16

123456789 1415 22-23 30-31 38-39 46-47 5455 62-63 70-71 7670 06-87 94-9% 102-103 O T23456788 1415 2223 3031 3039 4647 5455 62-63 70-71 78-75 06-87 94-95 102-103
Pastion

in rean (op) Pastian in read {op)

12 3. Trimmomatic A|AF F3.9] base quality.

. Functional capacity part

7},

U

o] FEL MY oY = F3 AAEE contig AEE THAL A
7k @& Bl annotationg ¢ 4 HolZEdlS T35

Ray Meta® assembly®c] CONCOCTZ binning, TAXAssignl =
operational taxonomic unit (OTU) taxonomy*<, Prodigal®
structural annotation, COG%} £ functional annotation &% °]F
oA 3l

Ray Metae de bruijn graph® At&3te k-merdEE HIHo=
assemblyE F33t}. Metavelvet-SLe Z©] trainings 93 AFA
genome database’} 29 9™ parallel computings A Y3l
memory AH&Fo]l © AHth T3 168 rRNAES © F &3t assemblyst
= RAog ZQlrol ALLSA HAow inputl® griplZ ¢=H fastqg

filee Y& 3t parallel computing= 93 option, k-mer option¥t F

ofFH ALtE FdstA ot

Ray Meta® ANt Fdste # oA HZA 9 k-mer options ZeE A
o] 83t o]= k-mer option (k) °| 21bpHH 41bp7tA] 2bpTH =
AAHE a4 N50 #7 assembly® contig total sizesd FAE Hx



Ao Ste WAE A9 ¢ vk oY EE Y sampledd
ERR599025€ Ray Meta® A4tgt d3olm default #o2 FoJA| =
314 N50°] 184= 71 HzAlo =23 As & + AUtk 24 input
sizeZb w2 A5oe defaulti#t= AF&stAY foldl= 5714 A=
optionS = testdl B £ Bolth. (& 1)

k-mer  count size GC min max mean median N50
23 D>pl0 2438886 450 100 23108 158 116 149
25 175242 2701516 445 100 24529 154 113 144
27 M4 2090820 440 107 37628 179 140 172
29 859603 170780 441 115 33572 198 158 181
31 744798 DM 439 123 37629 207 166 184
33 744764 083 439 123 37629 207 166 184
35 744803 1289 439 123 37620 208 166 184
37 744820 02439 123 37620 207 166 184
39 744816 UP8 439 123 37620 208 166 184

B 1. k-mer £X|o] T2 Ray Meta® AAFE contigl] 2% &£ .

CONCOCT+  unsupervised binning tool& nucleotide
composition, kmer frequency, coverage datag AF&3T}.
CONCOCT species level 74 binning< 3} binnings 337
of odel 7k F8] AlgEol Utk 4 Zolrt UF 2 contigES st
bine & Aol FJHEH] H= A Fo|7] fl&) 10 - 20 kbe] =27]
2 ZegsA = 1 Holl input readE bowtie2E ©] €3] mappingdt
3 PICARD®] MarkDuplicatesE& A}82l duplicated readE #| A3t
coverage data® ATt AFE bam file?} contigE &3l input
tablee ¥HE3l concoctE A3 3te] binning= FA . (27 4) o] F
oA F83 optione contig minimum length?ldl binninge 3 &
& Zol7t default® 1kbE A o] vt sFAIRE composition 7]¥+He]
binning WX contigel Zeo7l 2% ¢ A3 235 HAF7] W

of Algxle] HEA o we} ZolE ¥ EoJF= F X false positiveE: &Y



I e "WHoltE, binnings 3 3 Fo TAXAssigno|&h+ 9§ =
2 o] &3 taxonomyE Ho & &4 o™ single copy gene FEHE

2
o] €3l binninge] & HUEA H7IE & = Ut

s dd

O

PCA2

bdldldd

)
i
8

-15 =10 -5 0 5 10
PCA1

a2 4. CONCOCTSQ] binning Z3+ PCA plot (ERR599025).

vl concoct® binningg F3 3 Fo prodigal metaR structural
annotations 334 W COG database® °]€3 RPSBLASTZ

amino acid®] function® mapping 2t}. (28 5)
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variable
721 5. CONCOCTof 95 AA=E cluster(bin) 9] COG intensity plot

COG counts

(ERR599025).

5. MlEkAlw Wl 5ol fda 228" £4 % Wk Hlu £4 gpolzgel 75
]

7},

o] BE& HHE #FE AR fastq dataE HFZ marker sequence
database®l mappingst®d taxonomy profilesr 3t 2 o] Fd
QIIME®] function scriptE< ©l&3 A2 Z®lo]y alpha diversity$
2 Aite] 7hesttt. & MetaPhlan2 W4 tool¢! strainphlan< ©]
&3to] strain@Al €] profilings & 4 Uth.



Y. MetaPhlan2= metagenome shotgun sequencing dataclA]

Bacteria, Archaea, Eukaryotes, Viruses ¢ Z2 "% community
°] composition profilings ¥ tooleltlk. 2.0 versionFH 5%
speciese A3t strain level7bA] vHlmE &+ A A3 °F 17,000
o470l reference genome (~13,500 bacterial? archaeal, ~3,500

viral, ~110 eukaryotic) A HFE ¥Wut 7o Z3dt= clade-specific
marker genes TGt ol EYHEIY taxonomy A =g

ut

FiL  relative abundance® AHZ=E 2™ Dbacteria® dolA
archaea, eukaryotes, viruses°lX % species-level® taxonomyE ¢
F7F A sFAT. =3 straines variationS Fd FESIR 1WA
Hl&l A X7t A5t en strain-level population genomics”t 7F
St = At

MetaPhlan2& A 2]® fastqg file inputo@ W=dl forward$t
reverse T $1°] EE readE WA AE-Sh Multithread option
= AY3H bowtie2E WlFolA AFE3l clade-specific marker gene
database®l mapping ¥ ¥ bam fileZt Z¥ profile text files
outpute2 AA Hrt. (Z¥ 6) hierarchical W o=z AANE AA HH

kingdom levelol X 5E species levelZ}A] 38 o2 Y9 = 11 marker

T
N

gene®| mapping® readE normalizationdt abundance#t< 4=
Aok, B A taxonomy® FRHe Zb o] aFst= abundance 22
AHEal ZHAl script® F2¥E 2 hclust heatmap plotE & = 3l
(298 7) 29 7S BEH Uy EGo A& metagenome sequencing
datacl A ®H&sHA Bh & F7F2l speciesgo] U AL & & 5 3l
ATk AHEEF dataZF 10 Gb 7F QF H& A& Folodr] F 7Ex] &7 oA
BAl UElYE= species® & F IH.

il



ID profiled metagenome profiled metagenome

#SampleID  Metaphlan2 Analysis Metaphlan2 Analysis

k_Archasa 0.07655 0.0

k_Archaealp_ Thaumarchaectz  0.07635 0.0

k_Archaea|p_ Thaumarchaectz|c_ Thammarchaeota noname  1.07655 0.0

X_Archaea|p_ Thaumarchaectz|c_ Thaumarchaeota noname|o_ Nitroscpimilales —0.06568 0.0

X_hrchaea|p_ Thaumarchaectz|c_ Thaumarchaeota noname|o_ Nitroscpimilales|f_ Nitrosopumilaceae 0.06568 0.0

¥_Archaealp_Thaumarchaectz|c_ Thaumarchaeota noname|o_ Nitroscpumilales|f Nitrosopumilaceae|g Nitrosopumilaceae unclassified  0.06368 0.0
X_Archaea|p_Thaumarchaecta|c_ Thaumarchaeota noname|o_ Thammarchaeota noname 0.01087 0.0

k_Archaea|p_Thaumarchaectz|c_ Thaumarchaeota noname|o_ Thaumarckacota noname|f_Thaumarchaeoza noname 0.01087 0.0
k_Archaea|p_Thaumarchaectz|c_ Thaumarchaeota noname|o_ Thaumarckacota noname|f Thaumarchaeota noname|g_ Thaumarchasota noname  0.01087 0.0
k_Archaea|p_Thaumarchaectz|c_ Thaumarchaeota noname|o_ Thaumarckaeota noname|f Thaumarchaeota noname|g_ Thaumarchasota noname|s_ Thaumarchaectz nomeme unclassified 0.01087 .0
k_Bacteria 71.16075 100.0

k_Bacteria|p_Acidobacteria 0.0 47.89094

k_Bacteria|p_ Acidobacterialc_ Acidobacteriia 0.0 47.83094

k_Bacteria|p_ Acidobacteria|c_ Acidobacteriialo_ Acidobacteriales 0.0 47.89)94

k_Bacteria|p_ Acidobacteria|c_ Acidobacteriialo_ Acidobacteriales|f_Acidobactsriaceae 0.0 47.83094

k_Bacteria|p_ Acidobacteriazlc_ Acidobacteriialo_ Acidobacteriales|f Acidobactsriaceae|g Acidobacteriaceae unclassifisd 0.0 £3.11224
X_Bacterialp_Acidobacterialc_ Acidobacteriialo_Acidobacteriales|f Acidobactsriaceae|g Granulicella 0.0 4.7787

k_Bacteria|p_ Aridobacteriz|c_ Acidovacteriialo_ Acidobacteriales|f Acidobactsriaceac|q Granulicella|s_ Granulicella unclassified 0.0 4.7787
k_Bacteria|p_ Actinobacteria 0.0 10.57841

nobacteriz 0.0 10.57841

nobacteriz|o_ Actinomycetales 0.0 8.32917

“inobacteriz|o_ Actinomycetales|f_Brevibactzriaceae 0.0 2.04408

nobacterialo_Actinomycetales|f_ Brevibactsriaceae|q_ Brevidacteriim 0.0 2.04408

nobacterialo_ Actinomycetales|f Brevibactsriaceae|q  Brevibacterium|s_ Brevibacterium unclassified 0.0 2.0£408
nobacteria|o_Actinomycetales|f Dermatophilaceae 0.0 1.87391

nobacteria|o_ Actinomycetales|f Dermatophilaceae|g  Dermatophilaceae unclassified 0.0 1.€739L
“inobacterialo_ Actinomycetales|f_ Microbactzriaceae 0.0 0.86218
nobacteria|o_Actinomycetales|f_Microbactsriaceae|g_Leifsonia 0.0 0.86218
nobacteria|o_Actinomycetales|f_ Microbactsriaceae|q_ Leifsonials_ Leifsonia_unclassified 0.0 0.86218
“inobacteriz|o_ Actinomycetales|f Micromonosporaceze 0.0 1.75999

nobacteria|o_Actinomycetales|f Micromonosporaceze|g_ Salinispora 0.0 0.75999
nobacteria|o_Actinomycetales|f Micromonosporaceze|g_ Salinispora|s_ Salinispora_unclassified 0.0 0.75999
nobacterialo_ Actinomycetales|f Propionibacteriaceae 0.0 1.54475

nobacteriz|o_ Actinomycetales|f Propionibacteriaceae|g_ Propionibacteriaceae_unclassified 0.0 1.54475
“inobacteria|o_ Actinomycetales|f_ Pseudonocardiaceze 0.0 1.65972

nobacterizlo_ Actinomycetales|f Pseudonocardiaceze|g  Pseudonocardiz 0.0 0.65972

nobacteriz|o_ Actinomycetales|f Psendonocardiaceze|g  Pseudonocardiz|s_ Pseudonocardia unclassified 0.0 0.65972
k_Bacteria|p_ Actinobacteria|c_ Actinobacteriz|o_ Actinomycetales|f Strepomycetaceae 0.0 0.30709

X Bacterialp Actincbacterialc Actincbacterizlo Actinomycetales|f Strepzomycetaceaclg Streptomyces 0.0 0,30709

6. ERR599025, SRX343841 2 sample 9] taxonomic profiling Z21}.

5 Microcoleus_unclassified
s__Rhodopseudomonas_unclassified

s_ Ralstonia_unclassified

s_ Cupriavidus_unclassified

s_ Spiribacter_unclassified

s_ Afipia_unclassified

s_ Granulicella_unclassified
s_Variovorax_unclassified
s_Acinetobacter_unclassified

s_ Brevibacterium_unclassified

s_ Burkholderia_unclassified

s_ Rhodopseudomonas_palustris

s_ Prochlorococcus_phage_P_SSM4

s_ Alteromonas_macleodii

s_ Prochlorococcus_phage MED4 213

s_ Synechococcus_sp_CCY9605

s_ Synechococcus_sp_ WH_8109

s_ Candidatus_Pelagibacter_unclassified
s_ Candidatus_Pelagibacter_ ubique

s Bathycoccus sp RCC1105 virus BpV
s_Marinimicrobia_bacterium_SCGC_AAA298 D23
s_ Prochlorococcus_phage P HM2 ~

s_ Prochlorococcus_phage_P_GSP1

s_ Prochlorococcus_phage P_HM1

s_ alpha_proteobacterium_SCGC_AAA300_J04

21 7. ERR599025, SRX343841 2 sample 2] MetaPhlAn2 ZA1}9] hclust
heatmap plot.

2}. MetaPhlAn2 ¢ taxonomic profilingZ3#Z biom formatl® 94L& &



-~

o 2

T &Y olF ol&aA qgiimed scripty AZte]l Zlssith dE &
plot_taxa summary.py®} 22 scriptyt alpha diversity.pyet %=
function® 2 g Ao AlgEH = B2 AE 3 7Hesit).

. StrainPhlAn& 2] 719 sampleolA Z+z2+e] straine F2stn 43}

7l $1% MetaPhlan29 W% tool°]th. StrainPhlAn® input<
metanogme sampleE°]™ 7} speciesdl Wlal MUSCLE ¥ 22 tool®
multiple sequence alignment (MSA)< F3dgth. o] MSACZHEH
RAXMLE AF8-3l strain evolutions WERY = phylogenetic treeE T
dstAl doh.

6. Metabolic pathway #d 4% Hlx= vHlw A go]=xgel F+=

7F.

o] HE2 KEGG® 22 metabolic pathwaydl <dZAe¢] 7l&3d
database® ©]&3] ald samplecllx oJ® Lo dvph} leA] Lopd
Fo F&e vuE 93 normalization®t A test® &3 F4 vluw
= Xt sl
HUMANN2= microbial pathway®l ¢ relative abundanceE 7l
AF3 Zo] MUSICC 2% normalizations 3t 5 1859 samples
Wilcoxon Rank-sum test& ©|&3l pathway® abundance 2tol7}
o) &= AAtgnt
HUMANN2E metagenome ©|4 metatranscriptome sequencing
datal*l sample communityWo] microbial pathwayel ZEA#F<
abundanceE ¥°olfl7] 93 toolelth. Functional profilingelgt & 4
Ae o] FYL samples AMFAT FHE A microbial community®
metabolic potentiale ¥otll= Aolt}k. &dF 719 FHAE metabolite
b AAkEA <F A FAG %@Q 545 0 F g7l wEo
pathway©@9l e Hlae Bt} onj7t ¢
HUMANN2¢ 542 knownZ unclassified EF°l4 community
functional profilesx 9= F 3 MetaPhlAn29% ChocoPhlAn
pangenome database® AF&3] w23 & ZsH organims—specificﬁ
functional profiles & 4 Utk T3 o2 7}A] database® &-&3t=H
UniRef databasew gene family, MetaCyc= pathway, MinPath+
minimum pathway set ¢ FEE AFdt}. Input 2 A7t =
I interleaved@Eie] UFHEHA FE fastq filex P HH

nucleotide-level?] B &= Bowtie2, translated BAddAE



DiamondE A}&3] mapping AlIZFE SEAZHT. AW KEGG
databaseZ AF&3}7] Yl HUMANN B4 1.0 ¢ databaseE 34
M 9 database A5 GAE AHoF o

. HUMAnNN2¢9| interleaved fastq input®} KEGG database, pathway

database, protein databaseZ st AAS F3g3ict. (F 2) ALk
A= H2 9 #Zom Gene familyd 3dl@3stE KEGG W39
RPK(read per kilobase)#t¥} relative abundace?t, kegg pathwaye©l

dd3sl= abundance$} coverage#ts A F U

# Pathway Abundance  Coverage #:: acrisi?ye RPKs aI;z:rI:iit;‘:\i .
ko00010  450.606 0.225 K00001 11.622 169E-05
ko00020 413.225 0.208 K00003 3g9.111 000056706
ko00030  599.231 0.273 K00005 300880 000033848
ko00051  250.851 0.106 K00012 327026 000037658
ko00053 54.498 0.029 K00013 388036 0-000°6550
ko00061 633.377 0.269 K00014 197.226 ~ 000028742
ko00071 76.849 0.043 K00020 a49013 000065436
ko00100 1.826 0.000 K00024 45.543 6.64E-05
ko00130 191340 0.077 K00029 g7.521 000012754
ko00190 352.232 0.141 K00030 251722 000036684
ko00195  1567.050 0.508 K00031 880913  0.00128379
ko00196  479.643 0.341 K00033 ~ 1049.123 000152893
ko00230 312628 0.135 K00034 18.764 2.73E-05
ko00240 430131 0.140 K00036 896.184  0.00130605
ko00260  257.815 0.209 K00052 490081 000071421
ko00270 435117 0.197 K00053  1593.030 000232159
ko00280  140.686 0.070 K00057 14.212 2.07E-05
ko00281 56.680 0.000 K00058 623789 000090907
ko00290  1085.198 0.682 K00059 364841 000093169
ko00300  249.720 0.125 K00067 250458 000037811
ko00330 215.166 0.104 K00075 432719 000063061
ko00340 281.534 0.158 K00082 239481 000034900
k00362 14.841 0.000 K00088 524205  0.00076394
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MUSICC inputl.Z abundance count filee 2™ generic model
< 9% AESAY  (-¢ use generic) data@ZHFE linear models

learningAlZ 4% Ut} (-c learn_model). (& 3)

KO relative-abun  non-model generic learn-model
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K00128 0.00093 0.81284 0.84916 0.73444
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K00259 0.00057 0.49871 0.51570 0.51440

K00274 0.00021 0.18059 0.18866 0.21469
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> wilcox.test (x,Vv)

Wilcoxon rank sum test with continuity correction

data: = and y
W = 30, p-value = 0.00017c1
alternative hypothesis: true location shift i1s not egual to 0

21 9. RO wilcox.test functiong ©]83%t wilcoxon rank sum test 721},
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A 6-1&: Microbiome
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