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History current

Microorganisms have
been studied since

The microbiome is considered
an important part of the

human body, involved in both
health and disease conditions.

the late 1800s.
However, research

was focused mainly
on infectious diseases Microbiome research is

prospering with “omics”
technologies and the number

DEfinibiDn of clinical studies is growing
The assembly of Future
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their genome into diagnostics and

therapeutic strategies.



R decade ago, the mMicroblor4e was a novel curiosity
Society grew to appreciate how the microbiome was important to health
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YOuPr gut s ot Las vegas:
what happens in the gut does not stay in the gut

 The microbiome is increasingly
recognized as a source of
interindividual variability in the
course of disease and response to
treatment

« The microbiome will eventually
inform diagnosis, prognosis, and
risk stratification for therapies, and
will be a target of new therapeutic
approaches.




Translating microblonme research

« The microbiome is a drug factory - it's a bioactive compound acts on pathways
in the body, either as a primary or a secondary metabolite

 The microbiome also interferes with medical drugs. 80% of current medical

drugs are metabolized in the liver, but 20% of the drugs on the market are
metabolized by gut bacteria

« The race to translate microbiome research into commercial therapies is well
under way - There are drugs in development to treat different pathologies

including cancer, obesity, Crohn’s and ulcerative colitis, celiac, skin diseases
and more




The corplexity of mlcrobiomnme reseanrch

DNA-Based RNA-Based Protein-Based Metabolite-Based
Approaches Approaches Approaches Approaches
Whois there? How do they respond? How are they interacting What are the chemical
What can they do? What pathways are with the host? outcomes of their activity?
activated? What proteins are being
16STRNA, 185, ITS gene _ _ produced? metabolomics
sequencing metatranscriptomics

@ metaproteomics m
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metagenomics
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nMMlCcProbilome studies suffer fromm inherent bias

1t's the uwild

west out there
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Conducting a microbiome study includes multiple
experiments and analysis, each of which can
introduce bias which in turn can compromise the
biological conclusions and reproducibility of the
study

There is no unique recipe or method to apply for all
microbiome studies

Validated methods are essential to accurately
determine the composition and function of bacterial
communities in biological samples

The characterization of microbiomes in health and
diseases is necessary for future therapies and

applications
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Mcroblore Workflow is conplex and prone £o blas
Study design
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GRNOMILCS:
substantial bias can be introduced at each step of the

workflow
Study design
Kit II Kit | ‘ l

Sample b

collection

(Preservation method and DNA | PCR

extraction protocol and }

reagents influence DNA quality Sequencing
. J
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Taxonomy i
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Statistics & IIIH
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GRNOMICTS:

substantial blas can be introduced at each step of the

workflow

Study design

1

Sample
collection

poor amplification of the
16S rRNA gene

Degraded DNA will result in

]

Kit I Kit I Kit II Kit II

DNA
extraction

PCR

Sequencing

!

Taxonomy
identification

b

Statistics &
interpretation
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GRNOMICTS:

substantial blas can be Introduced at each step of the

workflow
i & Study design
Sample
collection
KitI Kit II
Sample # 1 2 3 4 5 6
DNA concentration
pre- pcr
(ng/microl) 6 4 4.5 13 15 11

Number of reads 103 o6 96 | 1447587 389849 480831

Sub-optimal NGS can be
detected by the low number
of reads
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GRNOMICS:
substantial blas can be Introduced at each step of the

workflow
‘ a Study design
100% — — — — Samp_le é
0% . collection
80%
70% DNA
60% extraction
50% l
40% PCR
30%
20% l
1% Sequencing
0%

Kit I Kit I Kit I Kit II Kit IT Kit IT
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GRNOMILCS:
substantial blas can be introduced at each step of the

workflow
s % Study design
1

Sample é

collection \

DNA
extraction

Sequencing

!

Taxonomy

identification 1
[No clustering even though ] i

the same sample was used Statistics & T g
p i

for the analysis




ANd... There is nature

16S copies
ratio

31.71% 28.50%
45.00%

28.56%

Differences in the 16S copy number and the GC
content between bacteria influence the accuracy
of detection and relative quantitation

GC content
(%)

39.00:66.00




Mcroblome reseanrch suffers from low reproducibility

across labs
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Lab I Lab II

Mock community of 10 different bacteria
(even ratios)
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Bias can occur due to:

o Different reagents and

protocols
o Database
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A ized 16s workflow

Standards High-quality

DNA extraction

ZY - Expected

16S-seq Bacterial Species Validation | B

Best Performing etic Robust taxonomy

= i -
Microbiome 16S 2 identification
Software g ol |

Bo|g1 al rep 1 Biclogical rep 2 Biological re p3 Bi Igcalrepl Biclogical rep 2 Biological re; p3 Bi Iog alrep 1 Biological rep 2 Biclogical re| p3

Round 1 Round 2 RDUFId 3 \-.

MilliporeSigma Competition



16s study rResults MYBI‘,’JTICS

« The customer: MyBiotics is a life science company developing probiotic and live bacteria
based products

« The goal: verifying resemblance between the original fecal sample and several live bacteria
formulation

 Results:

« The different formulations can be divided into 3 main clusters (Figure 1)
» Cluster A has shown the highest similarity to the fecal samples (Figure 2)

20
<0 0.4 0.8 12 16 2 >2.4 o
SO270 SD298 so271 sDaT2 SD273 sD2r4 SD275 S0291 S0278 SD280 s02a3 SD28ES SO2 90 SD2E8 so292 SDa53 SDE94

Figure 1: Heat map: 3 main clusters are generated Figure 2: OTU stack bar for relative microbial classification. Samples 270 represent fecal samples,
the rest of the samples represent unknown treatments samples.

g..[Ruminococcus. ], 368264
5__prausnitzii, 369995
$__prausnitzi, 209760
f__Clostridiaceae, 337048
g..Bifidobacterium, 825808
aerofaciens, 363794
5__longum, 72820
nerans, 1076587
iraceas, 369027
S__producta, 696563

e Rl
mi
mm
mm
W
m

s . I
0

N
D

. | |

B | ml
e W
BN
N
s B

B DS |
[ R
[ [ .
B |
- r'mm
. I B
N

s N

. )




metabolonics:

substantial blas can be Introduced at each step of the

workflow

& & Study design
6 Sample

Metabolites
extraction

collection
Targeted Metabolomics

b

Data
acquisition

analytes of interest

!

e Enables precise quantification

Analysis

 Many thousands of MS peaks are

i ANN)

detected and create a metabolic

Statistics &
. interpretation

signature

* May highlight specific metabolites

PR EAR NN

that are positively or negative
&associated with disease

“Untargeted” Metabolic Profiling

» Selectively targets limited number of  |jas

Common Name Labeled Name Chemica!
Formula
Chenodeoxycholicacid (CDCA) BA1 C24H4004 391.2848 9.4
Jursodeoxycholic acid(unca) BA6 C24H4004 391.2848 7.6
IGchochoIicacid(G{ZA] BA7 C26H43NO6 464.3012 5.7
|Glycochenodeoxycholicacid(GCDCAI BA8 C26H43N05 4483063 74
oty BAS CBHAENOTS | 5142838 | 47
\odeox\jcholicacid(TCDCA] BA10 C26H45N06S -I
BA11 C26H43N05 448.3063 1.7
Icholicacid[TDCA] BA13 C26H45N06S -E
Hrotcada ey BA14 C26HAENOSS |  482.2040 8.4
Ieoxycholicacid(GUDCA] BA15 C26H43N05 448.3063 5.8
Ieox\jcholicacid(TUDCAl BA16 C26H45N06S -T
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mMetabolorics:
substantial blas can be Introduced at each step of the
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mMetabolomics:
substantial blas can be Introduced at each step of the

workflow

Metabolites
extraction

Y

TR

Analysis

b

Statistics &
interpretation

Peak Area (1076)

Study design

l

Sample
collection

20 +

b

samples

\_

ata acquisition optimization by
analytical batch design:

Samples randomization, Column
conditioning, Blanks, Pooled QC

N

J

mmm Phenylalanine(F) - 166.0863[M+H)]
mmmm Phenylalaning(F) - 176.1135[M9C131N15+H] (heavy)

Peak Area Ratlo To Heavy

I— Methionine(M) - 150.0583[M+H] |

0.6 -
05 +
0.4 -
03 -

02 +

SETZ..

3 Replicate injections
from Donor A-1
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metabolonics:

substantial blas can be Introduced at each step of the

workflow

Metabolites
extraction

b

Data
acquisition

Zie Statistics &
AR interpretation

e

Study design

Sample
collection

............

KSophisticated bioinformatic tools are needed \
for:
o High-throughput data processing
o Remove systematic bias
o Explore biologically significant findings

* Both multivariate statistical analysis and data

visualization play a critical role in extracting
relevant information and interpreting the results

\of metabolomics experiments
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unlocking the real potential of the Hunman microbione

Getting the right data
* Sequencing:

o Classification down to the
strain level

o Resolution — down to the
less common species

* Metabolomics - using
adequate analytical tools
and pipelines, including

sample handling and o S
metabolite extraction * Avoiding bias in the data by

using standards and QC assays
» Validated and updated databases

e Integration of different “omics”
technologies
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Making sense of the data



The range of experinmental approaches avatlable for
Milchroblome reseanrch s overwhelnMing

Familiarity across the disciplines is required

Collection Basic research

Molecular biology

Metabolomics Analytical Chemistry

Culturing Microbiology

Data analysis Bioinformatics



HOMW Tan we help you?
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Microbial composition is Metabolites are the language Bioinformatics tools are Microbiome research requires
required to decipher their of bacteria necessary for data additional tools for: proteomics,
biological roles interpretation transcriptomics, culturomics
* 165 « Targeted metabolomics * Proprietary database * Please contact us
* Shotgun (shallow & deep)  Metabolic profiling  Top performing algorithms
* Long reads « Cross-omics analysis
- Standards for the NGS - LC-MS standards e Cloud-based bioinformatics - Antibodies
workflow - Metabolites libraries platform * FISH probes
- Bacterial DNA-free . Antibiotics
reagents

« DNA extraction kits M



MiliPORE
SiGMa

,i Sigma-Aldrich.

Lab & Production Ma

Stop by the MilliporeSigma booth:

Meet the experts
Access literature and talk presentation
Schedule a demo of the Sigma-Aldrich® software

npceler\abe
Mt_crobtome
plscoveny

Integrative solutions in bacterial
detection, identification &
analysis




- Thank you!

R&D, Rehovot, Israel
Shira Lezer
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Bioinformatics
Fei Zhong
Tami Dvash Yang Liu
Shani Marom Andrew Schriefer
Liel Ilenberg
Nofar Nadiv

James Graham
Brajendra Kumar
Rotem Shaulitch
R&D St. Louis, MO, USA
Lauren Marshal

Sales & Marketing
Michael Perez

Graziella Amarasinghe
Holly Johnston
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