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A healthy gut is like a forest, made up of various
interacting species that compete for different o o
ecological niches.

 The human body contains twice as many
microbial cells as human cells.

* The genes in the human gut microbiota are
estimated to be 100 times more than the genes
in the human genome.

* The gut microbiota is made up of approximately

1000 different species.

Backhed, F., et.al. (2005); Shreiner, A. B., et.al. (2015)



Microbiome, Health & Disease

The human microbiome in health
* Digestive enzyme activity
e Synthesis of vitamins
* Interaction with immune system
* Protection from pathogens, etc.

Gut-brain hypothesis

1. Autism

IC. bolteae / clostridia spores
Mechanism unkown

2. Mood: depression, anxiety

MAYO
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Asthma / atopy
Hygiene hypothesis:

Exagerrated innate immune response

Upregulation of regulatory T cells
after capture of Ags by DCs
|Bifidobacteria, Gram +ve organisms
I Clostridia

Diet high in red meat and animal fat
Low SCFA / butyrate

High fecal fats

Low vitamin absorption

1 7a dehydroxylating bacteria:

Hypertension /
ischemic
heart
disease

cholic acid—deoxycholic acid (co-carcinogen)

ot il Low in H,S metabolizing bacteria

Biliary disease Altered enterohepatic circulation of bile

Altered xenobiotic / drug metabolism

Peripheral vascular disease

e.g. Paracetamol metabolism:

I predose urinary p-cresol sulfate leads to | postdose urinary
acetaminophen sulfate : acetaminophen glucuronide.
Bacterially mediated p-cresol generation and competitive
o-sulfonation of p-cresol reduces the effective systemic capacity
to sulfonate acetaminophen.

Obesity / metabolic syndrome

| Bacteroidetes and 1 Actinobacteria in obese
Altered energy / lipid metabolism

Result of metabolic syndrome
Altered lipid deposition /
metabolism

Higher relative abundance of glycoside hydrolases,
carbohydrate-binding modules,

glycosyliransferases, polysaccharide lyases, and carbohydrate
esterases in the Bacteroidetes

TLR mediated

Inflammatory bowel disease

Hygiene hypothesis

Altered immune response: TLR signaling

Less microbial diversity

Activation of specific species: for example, Escherichia

Kinross, J.M. Genome Medicine (2011)
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Metagenome
Sequencing

|

Quality Control

N

Who is there? What are they doing?

Taxonomic Diversity Marker Gene
Phylogenetic Diversity Analysis Gene Gene Diversity

Prediction Lol
Taxonomic Diversity

Phylogenetic Diversity <— Binning
Novel Taxa Functional Protein Family Diversity
Genome Diversity Annotation Functional Diversity

~—  Assembly

\ /

Comparative Metagenomics

Intercommunity Similarity
Metadata Correlations
Biomarker Detection

Novel Genomes

Sharpton, Thomas J. Frontiers in plant science (2014) 5



Sequencing Approaches
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16S: Targeting Archaea/Bacteria

its1 its3

SR o B s

- ITS1 ITS2

188S: Targeting Eukaryotes ITS: Targeting Fungi
V4 has the most complete

database info

Shotgun Approach




16S Amplicon Sequencing

Why 16S rRNA(Ribosomal RNA)?

DNA - RNA - protein

Ribosomal RNA (rRNA) is crucial for the survival of

all living organismes.

Genes that encode ribosomal RNA can serve as
excellent marker genes since they are present in all

living organismes.

The 16S rRNA gene is a DNA sequence
corresponding to the rRNA in bacteria, found in the

genomes of all bacterial species.

The 16S rRNA is highly conserved throughout
bacterial and other microbial evolution, earning it
the designation of "the molecular fossil" of bacteria.

620

AA,

g
1090 U U
G-C
B-B
g€ 1110
e f 1130
720 080 U © ‘””CCAAC 1120 -
§ S &
700 UA(:A( 710 e GAAAU ACGAGC ccuua uccuuue YuScc teeUc
AAUG . GG AGGAA ‘G éc .
& e s o] o Y% uuc uccuca r,cc.ccu AGGAAAG AxGG GCCGl
G A A
UGG Chayy cUCCACCUUAGA,, . CRCGT w706 & A 1150 1140
69 680 G-C 7o el v7
670-G — C 790 ¢ G
B g
&5 70 L 5 1030 10604 — AP
A G 2-¢ u €6 A
Gp -G g-¢ ve % G - Ug An
V] A A U [ 70
e ¢ G G-eU n
660 € € F Y 00 £.% |
¢ ('\-\ L J AuGAGAALCY A %8
C-G rsuG(. G Ce mm g-8
va H-R g oo 8
630 9\ ch 750 %c u AcAcuuuuc A% ’UG g
640 650 y6 & B-B 1010 \ €-1020
AAC U y | U
AACCUGGG uGcaucucAucecaact A 8 é v
S & =2 2 > Cyca 770-€ — G 810 €
Ucaeaeeg GUGUAGACUGAUUGUUUGG /| 760 b — G, Yy
UAA 600 s o6 Sy Co“ \ ¢
610 A A
i CifAc é G120
580
6 &%
G %‘sm C 1260 ACE A
A tbicc acuue® P A
A ey 6% € 110
a Au CAGCUGA g gwad B 87 ot
§-¢ CEET e LS “ K- 250 angh G
520 G — Cg,_ 530 570’ 8 880 O ccu G €123 c
480 & % SUC-Q AGUAS70 GG - oso—ff - & v A \'
Li?x - & ccé N CA €6 1280
¢ U-a u . 900 AU
& CC'"b % 2: 560~ A cAucA > AAU IJCC " GC' "
Ang éc 490 S10¢- g A A 010 o wo_ g
450 O, W-A G 20 @ . .
°°cG CGCA é'A 9 Q-5 c G anuue aceoc ccecCacaacs M 0
S GGC— G GUA 2
) Ny = ey o A ”ACAUGUUCCGGG% ug % % ’ O
430, cu % A-Uss0 g - R g 0o
440 MG — G U U oV e 1390 u g, G
“AG G- € .© o, ¢ U  ZIUE WO Y
GGGUU UAC | AG A 10 14008 g 1510 O u
c s 500 A 8 - € GIJ B u
chcc(,A UAUG ugc u u cc Y UAACCGUAGGG G c 1330 UACC 1310
420 Agahl-, 400 &7 u
e P Y A g %U Guuccccucc,thc G, 'y %U
A % % A g 0 Jso 1520 g3 A
Aheccuchuceac ¢ A€ ¢ QU . . J &
& A y R 560 @ &
occccu ACCUAU ey, o & A CA
38h A <o 1410~ — @540 1330
G -k R
%(‘C 4 i 7.9 B
Uu—A 0 Au C.G E
G-§ .
% gA . cU CAGOAAGAAGC g8 g
o
G 350, cAS — Gy NS cAcucl;uuucuucc €:-8 &
A GG W\ % - %-g i R6:1,301-1,542
ey, CGG 100 1420 8 é 1480 R5:1,051-1,300
w0 R g g4 R4: 751-1,050
o "€ A ua R3:501-750
£ %, o €8 R2: 251-500
A #~3205,,8 8 | R1:1-250
G A AU
i R Y 14308 — G- 1470
300 ACG G GA T
| & GGUCS u A
AguelU, A | @
0o 20 K- 8K
N - 6 AU v
Ge é-¢ g ¢
G A 1440 0 - @
4 € & & € 1460
& €-G
U < 8
270, UQA € -G u-
FOF G0 Q- B AV,
oY 23046 — G 130 A ¢
& A S 1450 8 g
[ g G ¢ e
AU 260 ‘é‘ 3
R0 o 150
220 é g )
€-G
20, 666 c::ucuuG "cGGcG AcuAcuccA 160
UCCgGGGAG CGCCp  (GAUGGCA®
) Up AU
200 & cc}' 180 O~
%
2 g V2
190~ A€

Nature Reviews | Microbiology

Yarza, P. et al. Nature Review Microbiology (2014)



MAYO
CLINIC

16S Amplicon Sequencing T

What?

I B conserved region [ variable region (V) — Hypervariable region ('I)

iy = G
Vi V2 V3 Va4 V5 V6 V7 V8 V9

e b 4 —_— - b | ) = ! i
H1 H2 H3 H4 H5 H6 H7 ] H8 H9
68 136 433 576 821 980 1117 1243 1435

V1-V2 (312 bp) MiSeq/Roche 454
V3-V4 (430 bp) MiSeq/Roche 454
V3-V5 (590 bp) MiSeq or Roche 454
V4 (292 bp) MiSeq
V6-V9 (562 bp) MiSeq/Roche 454
V1-V9 (14665p)'Phylioéhip 7Array

Shahi, S. K., et. al, Gut Microbes (2017)
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How: i B B B E E B E B mEE
Forward primer
overhang adapter V3 region specific primer
V3 va

V4 region specific primer .
PCR Reverse primer
overhang adapter
=550 bp

Adapter 1 16S amplicon Adapter 2

P7
Nextera® XT indexes @
Index 1

Adapter 1 16S amplicon Adapter 2

Index 2
PCR PS5
Adapter1 16S amplicon Adapter 2 m

Normalization and pooling

MiSeq sequencing

https://www.researchgate.net/profile/Emilio_Laserna-Mendieta/publication




16S Amplicon Sequencing

Unique sequences

Amplicon sequences

AW AMAY
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;
;
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Amplicon sequences you get

10
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@HWI- the unigue instrument name
Outpu t(FASTQ) EAS440_0386
1 flowcell lane
Sequences 23 tile number within the flowcell lane
@ EHWI-EAS440 ©386:1:23:17547:1423#0/1 ' ' 17547 'x'-coordinate of the cluster within the tile
TACGNAGGATCCGAGCGTTATCCGGATTTATTGGGTTTAAAGGGAGCGTAGATGGATGTTTAAG| 1423 'v'-coordinate of the cluster within the tile
@ TCAGTTGTGAAAGTTTGCGGCTCAACCGTAAAATTGCAGTTGATACTGGATATCTTGAGTGCAG - -
TTGAGGCAGGGGGGGATTGGTGTG #0O index number for a multiplexed sample (0
@ 5 for no indexing)
ITIIE)EEEEEEEEGFIIGIIIHIHHGIIIGIIHHHGIIHGHEGDGIFIGEHGIHHGHHGHHGGH| 1 the member of a pair, /1 or /2 (paired-end or
@ EEGHEGGEHEBBHBBEEDCEDDD>B?BE®®B>PECRECBRABARE?PE®=>7?08;3=;==8:5;0 mate-pair reads only)

O P HH e T
@HWI-EAS440_0386:1:23:14818:153340/1 BT 1 A— -
CCCCNCAGCGGCAAAAATTAAAATTTTTACCGCTTCGGCGTTATAGCCTCACACTCAATCTTTT -
ATCACGAAGTCATGATTGAATCGCGAGTGGTCGGCAGATTGCGATAAACGGGCACATTAAATTT -
AAACTGATGATTCCACTGCAACAA ;
+ .
64<2$24;1) / : %B<? BBDDBBD<> BDODH#####H#HHHHHHHHHHHHHHHHHHIHHHHIHHHHIIY :
HHH : : :
M | : : ;

11



16S Amplicon Sequencing

[ Raw sequences J

< Demultiplex >

Demultiplexed
sequences

Denoise Quallty
(DADA2/Deblur) control

< CIustermg >

[ ASVs ] [ OTUs ]

| |
v

Taxonomy
classification
!

[ Taxonomy ]

MAYO
CLINIC

# G i 4
Y e[dj’L nomics an d'y 1S S LYVef

UPARSE OTU clustering

CLC Main Workbench

Welcome to GTDB

GENOME TAXONOMY DATABASE

596,859 g

Release 09-RS220 (24th April 2024)

GREENGENES -




16S Amplicon Sequencing

[ Raw sequences J

< Demultiplex >

Demultiplexed
sequences

Den0|se Quality
(DADA2/Deblur) control

< CIustering >

[ ASVs ] [ OTUs ]

MAYO
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# G i 4
Y e[dj’L nomics an d'y 1S S LYVef

UPARSE OTU clustering

| |
v

Taxonomy
classification
!

[ Taxonomy ]

CLC Main Workbench

Welcome to GTDB

GENOME TAXONOMY DATABASE

596,859 g

Release 09-RS220 (24th April 2024)

GREENGENES 13




16S Amplicon Sequencing

Why picking OTU/ASV?

e Sequencing is far from error-free.
(i.e., base call errors)

* Tolerate/correct sequencing errors

* Reduce the dimensionality of the
data

MAYO
CLINIC

Y

Sequences to be grouped/clustered

- W

® o r
~GD o o -\Q«f
- VA Y
....

AW

. e —-»

(VA

Number of sequence variants = number of species

14



16S Amplicon Sequencing

De Novo OTU Picking
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Reads are clustered against each other
without using an external reference
sequence collection. This process must be
repeated when new sequences are added.
No reads are lost.

Suitable for situations where a reference
sequence collection is unavailable for
clustering.

Processing large datasets can be slow.

15
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Closed-reference OTU Picking

* Reads are clustered against a reference
sequence collection, and any reads that do
not match a sequence in the reference
collection are excluded from further
analysis.

* This method offers speed benefits,
especially for analyzing large datasets.

* |tis not suitable for detecting novel
diversity.

* Not applicable if a reference sequence
collection is unavailable for comparison.

16



16S Amplicon Sequencing

Open-reference OTU Picking
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* Reads are clustered against a reference
sequence collection, and any reads that do
not match the reference collection are
clustered de novo.

* All reads are included in the clustering
process.

* This method is faster if a large portion of
sequences match the reference database;
otherwise, it remains slow, similar to de
novo clustering.

17



16S Amplicon Sequencing
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Error model based ASV inference(DADA2/DEBLUR)

|
f

o
4

Iy
: %é%%'é

0.®
pay L

..0
AMW

AW
AMAY

WM

D =
v\,
\N\/\/

~—
~—a
~— &
~—

Statistically infer whether each sequence is
an artifact or a real (error-free) sequence.
Real amplicon sequence variants, not
representative consensus sequences.

Not reference-based.

Facilitate comparison across studies.

18
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Error model based ASV picking (DADA?2)

Partition: Parwise alignments - center vs unique reads Abundance Consensus Q score (at 25 bp)
Center: ATGCATGCTACGTGCAGCTAGCTCACATGCTAG... 10k reads Q30

Unique2: ATGCATGCTACGTGCAGCTAGCTCGCATGCTAG... 150reads Q3

Unigue3: ATGCATGCTACGTGCAGCTAGCTCTCATGCTAG... 50 reads Q2

Uniqued: ATGCATGCTACGTGCAGCTAGCTCCCATGCTAG... 25 reads Q1

Position: 1 5 10 15 20 25 30

~ transition transition probabilities
£ 13 ) e o 1]..|40]}Qscores
- v " A2A [0.99/0.99]0.99(0.99
a (<D CC) nbases = 1e+08
= 4 = A2T |0.00{0.00|0.00(0.00 ‘
far "g 8 < 1x108 bases

< > T E 250 bp long

transition = L C2C |0.99(0.99(0.99|0.99 — BATE reads

estimate error rates - learnErrors()

https://igcbioinformatics.github.io/biomeshinycourse/pages/dada2/Biodata.ptCrashCourses.html

19



16S Amplicon Sequencing

Error model based ASV picking (DADA?2)

abundance | poisson distribution
1% partition _.~‘l5-va|ue T
. . . S,
center —
' dereplication sample I .,_errorragg.-’
i 5 uniq_6 /—\ inference dﬂ : _% .:' ...... y
___’ _ — . "I 2" partition
e <p-va|ue PN
uniq_3 = . I ... <OMEGAA ‘=&
E— uniq_2 4 , A .
3" partition
. center
- uniq_4

: S : OMEGA A = 1e-40
ia 1 _— ——_ T TN 4 pool = FALSE
uniq_ ——  \N——— 4 i 4 selfConsist = FALSE

sequence label abundance
uniq_1 10,000
uniq_2 8,500
uniq_3 4,500

sequence label abundance
ATGACG...| 10,000
——— |CGCATG...| 8,500

S _— uniq_4 300 —— |ACTGGA...[ 4,500
= uniq_5 75 —— |ATGACC...[ 300
—— | unig6 | 1 N

consistent labels

denoise unique sequences (dereplicate and exclude singletons) -

https://igcbioinformatics.github.io/biomeshinycourse/pages/dada2/Biodata.ptCrashCourses.html

MAYO
CLINIC
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Acﬁnobacteria

Phylogenetics and taxonomy

ASV Counts
'.:
~ ATGACG... %0 8000

%
b
u

AMW
A CGCATG... w0, 5000 °
- ACTGGA... 2000
v\, ATGACC... 4000

OPhylum  QOcClass QOrder OFamily QGenus O Species
Donovan H Parks. Nucleic Acids Research (2022)

Welcome to GTDB

600 S i lv a% GENOME TAXONOMY DATABASE

high quality ribosomal RNA databases 596,8599
Release 09-RS220 (24th April 2024)

REEN
G GENES

~—a CTCACG...

i“i ?% 00.0 ‘.




16S Amplicon Sequencing

Phylogenetics and taxonomy

Import Reference Database Trim Reference

Sequences
N (O )
Reference Reference
Taxonomy Sequences
¥ J X ¥ 7
tools import ED T Feea;;;.ﬂzzsg:er

y y L]

Train scikit-learn
Classifier

feature-classifier
fit-classifier-*

FeatureData FeatureData FeatureData
[Taxonomy] [Sequence] [Sequence]
J J J
S

‘\

Query Sequences

L]

Classify Query Collapse Feature
Sequences Table on Taxonomy
taxa collapse
Original Feature
Table FeatureTable
[Frequency]

FeatureTable

[Frequency] Plot Taxonomic

Taxonomic
Classifier

/\

FeatureData

[Sequence]

Composition
feature-table
heatmap
[ visualization ]
feature-classifier taxa barplot
classify-sklearn
OR Sequence Filter Table / Segs on
feature-classifier Classification Results Taxonomy
v taxa filter-table
consensEs- FeatureData OR feature-table
vs(e)all;c [Taxonomy] filter-features
feature-classifier
classify- FeatureTable
consensus- [Frequency]
blast
taxa filter-seqs
OR feature-table FeatureData
filter-seqs [Sequence]

https://docs.qiime2.org/2024.5/tutorials/overview

MAYO
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Bioinformatic products and metadata

Taxonomy Table

-~ -~
h

Genus Species

OoTU.id * Kingdom Phylum * Class * Order * Family

368907 Bacteria Actinobacteria Actinobacteria Actinomycetales Propionibacteriaceae Propionibacterium  Propionibacteriumacnes
12724 Bacteria Actinobacteria Actinobacteria Actinomycetales Propionibacteriaceae Propionibacterium  Propionibacteriumgranulosum
93749 Bacteria Actinobacteria Actinobacteria Actinomycetales Propionibacteriaceae Propionibacterium  Propionibacteriumacidipropionici

378053 Bacteria Actinobacteria Actinobacteria Actinomycetales Propionibacteriaceae Tessaracoccus NA

OTU/ASV Table Sample Metadata

oTu.id ~ samplel sample2 - sample3 v sample4 v sample5 v SamplelD - SampIeType B Description

. S el 2 L 0 samplel Yoll! Calhoun South Carolina Pine soil, pH 4.9

47916 22598 2279 12 5 _
sample2 eIl Cedar Creek Minnesota, grassland, pH 6.1
279297 IVEYE 1540 7 7

573135 14062 14173 sample3 Soil Sevilleta new Mexico, desert scrub, pH 8.3

578268 13903 677 sample4 Feces M3, Day 1, fecal swab, whole body study

27669 12801 3702 sample5 Feces M1, Day 1, fecal swab, whole body study

557785 11082 627

23
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Bioinformatic products and metadata

Taxonomy Table

-~ -~
h

OoTU.id * Kingdom Phylum * Class * Order * Family

Genus Species

368907 Bacteria Actinobacteria Actinobacteria Actinomycetales Propionibacteriaceae Propionibacterium  Propionibacteriumacnes

12724 Bacteria Actinobacteria Actinobacteria Actinomycetales Propionibacteriaceae Propionibacterium  Propionibacteriumgranulosum
93749 Bacteria Actinobacteria Actinobacteria Actinomycetales Propionibacteriaceae Propionibacterium  Propionibacteriumacidipropionici

378053 Bacteria Actinobacteria Actinobacteria Actinomycetales Propionibacteriaceae Tessaracoccus NA

OTU/ASV Table Sample Metadata

OTU.id * Jsamplel sample2 * sample3 * sample4 * sampleS - SampleType - Description

36155 33783 Soil Calhoun South Carolina Pine soil, pH 4.9
47916 22598
eIl Cedar Creek Minnesota, grassland, pH 6.1
279297 IVEYE

Soil Sevilleta new Mexico, desert scrub, pH 8.3

573135 14062
578268 13903 Feces M3, Day 1, fecal swab, whole body study
27669 12801

Feces M1, Day 1, fecal swab, whole body study
557785 11082

24
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Cons of 16S

* Taxonomy resolution: does not really get to the species/strain level.

* No functional profiling (only prediction with PICRUSt, Tax4Fun).

 Amplicon bias and primer bias: if the primer does not match, sequencing
will fail.

* No cross-domain analysis, only bacteria.
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Why?
 Comprehensively samples all genes in all organisms present in given
complex samples.
* |dentifies rare or novel organisms.
* High taxonomy resolution.
e Cross-domain, including viruses and fungi.
* No amplification bias.
* Functional profiling.
e Can study antibiotic-resistant genes.
* More expensive.
* Computation-intensive.
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Shotgun Metagenomic Sequencing CLINIC
What?
chop up DNA sequence fragments
O —> A YN
\-—’\ / — — — —
O 1NN D — T = =
O OO (TSt N T — - = = —
\_,’ - \_" \ ] — —_—

o \I’ \-'
OO l\ N !
* Microbial DNA is fragmented and sequenced directly.
* Infer the taxonomic and functional content based on the sequence fragments.

27



Shotgun Metagenomic Sequencing
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Shotgun Metagenomic Sequencing

How?

Read-based Profiling

Raw sequences ] <
N
|| Trimmomatic
Qc Fastqc
1 BBmap
Clean ~_
sequences
/_\ /\
N N
Kraken v v Diamond
Kaiju Taxonomy > < Functional MEGAN
MetaPhlAn < prof'“ng prof"'ng > HUMANN
Centrifuge
X \_/
N~ F
=5C BT ===
it
[ ——— \

MAYO
CLINIC

Y
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Shotgun Metagenomic Sequencing
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Type Classifier Custom Databases Generates Abundance Profile Memory Required Time Required

DNA Bracken yes yes <1Gb <1 min
Centrifuge yes yes 20 Gb 7 min
CLARK yes yes 80 Gb 2 min
CLARK-S yes yes 170 Gb 40 min
Kraken yes yes 190 Gb 1 min
Kraken2 yes yes 36 Gb 1 min
KrakenUniq yes yes 200 Gb 1 min
k-SLAM yes yes 130 Gb 2h
MegaBLAST yes no 61 Gb 4h
metaOthello no no 30 Gb 1 min
PathSeq yes? no 140 Gb 5 min
prophyle yes no 40 Gb 40 min
taxMaps yes yes 65 Gb 25 min

Protein DIAMOND vyes no 110 Gb (varies) 10 min
Kaiju yes yes 25 Gb 1 min
MMsegs2____ves no 85 Gb (varies) 9h

I Markers MetaPhlAn2 no yes 2Gb 1 min I

mOTUs2 no yes 2Gb 1 min

Simon, H. Ye, et al. Cell (2019)
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Shotgun Metagenomic Sequencing W

MetaPhlAn4

O Input/output O Genomic database O MetaPhlAn 4

b .

Genome catalog Marker identification Taxonomic info MetaPhlAn 4 Metageromic

samples
1,008,148 genomes NGBl taxorom A
a SGB quality control ¥ quuence arccmeder mée
236,620 references alignment rrvcreue Mceshasoce
771,528 MAGs ©) cene calling and annotation
MetaPhlAn 4 DB Mabbin
l e Clustering unknown genes QCpp 9 TErORGHlE

21,978 kSGBs profiling

SGB organization o Identify core genes 4,992 uSGBs
70,927 SGBs Clade’s coverage %
e Mapping core genes robust average e
5.1 M markers 9 2
23,737 kSGBs ’ +
47,190 uSGBs > e Identify marker genes &
(5,692 uSGBs with 4.1 M for kSGBs Abundance 8
at least 5 MAGs i normalization Z

) a Marker quality control 1 M for uSGBs r—m

Blanco-Miguez, A., et al. Nature Biotechnology (2023)
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Shotgun Metagenomic Sequencing

How?

Assembly-based Analysis

MAYO
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Iﬁgs H(

AcylCoa
con :

Pathway
prediction

< Gene
prediction

)

gene

[] mirA

mtrB
[] mtrC
[] muD

[] muE
mtrF

Mapping
calculate coverages

—>< Binning >
}

< Refinement >

(

Comparative
genome analysis

T T TR~}
I T

L

- I A
< IR

Taxonomy
profiling

32



Shotgun Metagenomic Sequencing

Assembly-based Analysis
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How?

metaSPAdes
Meta-IBDA

[Clean sequences }—>< Assembly >—’[ Contlgs

nnnnnn
sy

Phosphoipid

o Pathway Gene
l prediction prediction
i |

xxxxx

T aw W ew
K | - E>E>E>D>ED>
MinPath T
; R gene
2000 0 4000 m
;
.

BooEEEES

MetaQUAST

MaxBin2
MetaBAT2

Mapplng
calculate coverages

CONCOCT

)~ o -l

prodigal
Prokka

Comparative
genome analysis

><_

[ ]
T T
A AT AT, |

T AT T §
LA T NS Ty |

A AT A TTOTATITIT
IW|WI\ﬂ\lll\HIﬂ]\llﬂH\IHHIIVI\III]\IINHIIIHIIHIII\HII\ 0 O

5
> Taxator-tk

Taxonomy
profiling

33
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Metaproteomics

* The study of the collective protein composition of multi-organism systems.
* G@Goals: Identify and quantify all proteins present in complex samples, such as the human gut.

* Insights: provides deep insights into the biodiversity of microbial communities and the complex
functional interplay between microbes and their hosts or environment.

From: A complete and flexible workflow for metaproteomics data analysis based on MetaProteomeAnalyzer and Prophane
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Other Approaches

Metabolomics
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* Large-scale study of small molecules, commonly known as metabolites, within cells, biofluids, tissues

or organisms.

* Goals: Identify and quantify the complete set of metabolites in a biological sample.

* Insights: Provides biochemical activity and physiological state insights, aiding in the understanding of
metabolic pathways, disease mechanisms, and the effects of drugs or environmental changes.
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Other Approaches

Metatranscriptomics

Survey microbial community gene
function and regulation at scale.

Goals: Understand the active metabolic
and regulatory processes by analyzing
expressed genes.

Insights: Provides information on the
functional dynamics and interactions of
the community under various conditions,
helping to link gene expression with
microbial functions and responses.
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Other Approaches

Single-Cell genomics
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From: Recovery of strain-resolved genomes from human microbiome through an

integration framework of single-cell genomics and metagenomics

Study of individual microbial genomes,
focuses on analyzing the genomes of

individual microbial cells within a microbiome.

Goals: Understand the genetic diversity,
cellular heterogeneity, and functional
capabilities of microbial communities at the
single-cell level.

Insights: Provides detailed information on the
genetic composition and functional potential
of individual microbes, allowing for the
identification of rare or novel species,
understanding of microbial interactions, and
elucidation of community structure and
dynamics.
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