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Who is Clarivate?

Metabase

[0)

Largest manually
curated database of
protein, RNA, drug and
metabolite interactions;

Available for human,
mouse and rat;

Comes with a versatile
toolkit of methods for
network analysis

Metacore

User interface to
Metabase with
integrated pathway
analysis workflows for
diverse OMICs
datasets;

More than 1600 richly
annotated pathway
maps for results
visualisation

Integrity

- Compound-target

database containing
over 450 000
compounds with
biological activity;
Supported by data on
pharmacology, PK,
experimental models,
patents, clinical studies,
etc.

Cortellis

Suite of intelligence
solution for late stages
of drug development;
Provides intelligence in
Drug Pipeline, Clinical
Trial and Regulatory
areas
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Why Microbiome

Falling fast

In the first few years after the end of the Human Genome Project, the cost of
genome sequencing roughly followed Moore's ]aw which pred.lm esrpomrmal

declines in computing costs. After 2007, seq pped precip
100,000

genome

10,000
sequencing.

E

Cost (thousands US$)
—
8

The price of

The Importance of the ¢

MICROBIOME
by the Numbers

2002 2003 2004 2005 2006 2007 2008 2009 2010

2011

2012 2013

90%

Up to 90% of all
disease can be raced
in some way back to
the gut and health of

the microbiome

>10,000‘

Number of different microbe
species researchers have identified

' living in the human body

[ 100]
100to1

The genes in our microbiome
outnumber the genes in our
genome by about 100 to 1

3.3 million

Nurmnber of non-redundant
genes in the human gut
microbiome

i

o,

99.9% Percentage individual humans

are identical to one another in
terms of host genome

https://draxe.com/microbiome/

w w 80%-90%

Percentage individual humans
are different from one another
in terms of the microbiome

10-100 trillion

Number of symbiotic microbial
cells harbored by each person,
primarily bacteria in the gut, that
make up the human microbiota

10X

There are 10 times
as many outside
organisms as there
are human cells in
the human body

22,000

Approxlmate number
genes in the human gene
catalog
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Clarivate Analytics’ Solutions in the Microbiome Space

1. Manual curation of microbial pathways and host-microbial interactions from publications
2. Curation and harmonization of public datasets for large-scale meta-analyses
3. Bioinformatics services and custom end-to-end software development



Clarivate Analytics’ Solutions in the Microbiome Space

1. Manual curation of microbial pathways and host-microbial interactions from publications
2. Curation and harmonization of public datasets for large-scale meta-analyses
3. Bioinformatics services and custom end-to-end software development



Pathway Curation — MetaMiner Partnerships

Completed Coming soon
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Microbiome-Host Modelling Challenges

Gut gene Gut Microbial Phenotype-
expression Community phenotype
Composition association
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Database of Microbial-Host Interactions (

Protein-protein interactions

Chenmistry &Biology

during Bacterial Infection

Colin Manol,’ and James E. Bruee'-=

Host-Microbe Protein Interactions

Douin K. Schuepps,! Chstopher Harding Juan D. Chaves, Xia W Blzsbotn Ramage, Pradeep K. Singh,*

Departrart G S, ey of ot GEdof ik, Saate, B 1R UGA

, Sesite, W 98195, USA

e S hvany o
ety ush

SUMMARY

Interspecies protein-protein interactions are essen.
tial mediators of infection. While bacterial proteins
required for host cell invasion and infection can be
identified through bacterial mutant lbrary screcns,
information about host target proteins and interspe-
cies complex structures has been more difficult
acquire. Using an unbiased chemical crosslinking/

Medicine, Foom 154,
(Okudaetal, 201 e,

o ocheral g n both bt e b, e o0

ba saquastarad by the vertabrats membrans protain tranefarrin

todefendagainstbacteral mhm(awmnd Elde, 2014; Zar
antonsil et al., 2007). n response, bacteria such as Neisseria
gonornase and Hasmophis influenzas hava svehad trans.
ferin-binding proteins (TopA) cepable of binding and scav-
enging iron diractly from transfarrin 1o overcome sequastration
Zarentonall ot &, 2007). Barber and Ekda (2014) showed that
singe ot mitatos in ransierin str Togh iy o e

cies protein-protein interactions in human lung
epithelial cells infected with Acinetobacter bauman-
nii, These efforts resuited in \d=n|\ﬁ|:d\un of 3,076
crosslinked peptide pairs and

interface of the two.

raniy. Thersfore, knowledge of notarly the protsins invalved in
host-pathogen protein interactions but aiso the manner of their

orotain-pratc ptorachons, Miost natabhy, T key
A baumennit virulence factor, OmpA, was identified
as crosslinked to host proteins involved in desmo-
somes, specialized structuros that mediate host
cell-to-cell adhesion. Go-mmunoprecipitation and
transposon mutant experiments were used to verify
these interactions and demonstrate relevance for
host cell invasion and acute murine lung infection.
These results shed new light on A. baumannii-host
protein interactions and their structural features,
and the presented approach is generally applicable
to oher systems.

INTRODUCTION

Interspacias protei interactions and the Lnderying structuralin.
torh The

‘amns race between hosts and pathogens i caried outon multi-
pla fronts, but pradominanty takes place through avclutionzry
adaptation of protsin structural landscapes (Eds st al., 2009;
Eide and Maiik, 2009; Damogines at al, 2013; Baber and
Eide, 2014; Patel ot al, 2012). Bacteria commandoar host ro.
‘sources through evolutionarily optimized bateriel protein siruc:
tures that bind with high spaciicty to host protein cognates.
Pathogan protains targat diversa host protans involved in

ile acquisition [Barber and Eide, 2074), molecular tat-
ficking 0 thecell membrans (Eide and Maik, 2009), cytoskeletal

tand Locut, 1998),

interacton, regions, can pro-
foundly advance understanding of bacierial infection and pro-
vide insight for the development of new antimicrobial therapes
(Barbar and Elda, 2014)

Technologies have evoived to alow large-scale protein intr
action identification, but relevant informaticn on host-pathogs
inerepacies intaractions and strctrss is stil lmitad. Tuo
hybrid Fields and Sang, 1969), affiniy purification mass spec-
tromatry (MS) (Sowa st &l 2009) and protsin complement
(Taraseou et al, 2008) methode hava mads the large-scals study
of protein-protein interactions (PPis) possibie. Although recent
afforts with thess techniques have damonstrated the abilty 1o
idantify PPls ralavant 1o host-pathogen interactions, including
the virus-human protein interactions of HIV (Jager et al, 2012)
and HINT (Shapia et al., 2009), host-pathogen PPis remain a

to identiy. Furthar
taining 1o host-pathogen protein interactions are exceedingly
‘sparse. Many aspects of host-pathogen interactions are medi-

pathoganasis, yat they oftan requira significant de dicatad sfferte
for interaction stucdies, are less suitable for many large-scale
thos,
eharacterization (Camsertar at al., 2008).
Atemative technologies have the patential to shed fight on

irking MS (XL-MS) approachas ara bagining 1o hava a graatar
impact on protein interaction studies (Tang el al, 2005; Herzog
etal, 2012; Gingras et al, 2007; Petrotchenka and Borchers,
2070; Yang ot al, 2012; Tosi ot al, 2013 Bacause of tha inite

@ Chaman  Blogy 2, 1621153, Nvemier 16, 20162201 e Alrgraressned 1621

DoMI) — Article Examples

Metabolite-protein interactions

Immunity

Activation of Gpr109a, Receptor for Niacin
and the Commensal Metabolite Butyrate,
Suppresses Colonic Inflammation and Carcinogenesis

Nagenda Skugh, 2 Ashish Gurav. Satnsh
Mutusamy
Oﬁmr-ns.’ami\ladwewmy'z’

" Evan Brady,' Ravi Pacia,’ Huidong Shi.'

Sivaprakasam,
Puttur D. Prasad, = Santhakumar Manicassamy, David H. Munn, " Jeffrey R. Lee,"

sy, Augusta, GA 30912, USA

iy, Augusta, GA 30912, USA

Augusta, GA 30912, USA

. Augusta, GA 30904, USA

. Max Planc

ung Research, 61731 Bad Naubesim, Germany

hitp:dfdx.dolorg/10. 1016/ immuni. 201312007

SUMMARY

Commensal gut microfiora and dietary fiber protect
against colonicinflammation and colon cancer
targets. Butyrate, i

Gertain qut microbial metaboites such as confugated nOic
acid: tumarigenesis in Apc™™* mice (Davis
anct Miner, 2008; Urbanska et . 2009), In contrast, depletion
of microbiota liorates intestinal inflammation and cancer
in mouse modols of spontancous. colitis (110 7, Thx21 *
Fag2 " mtaa"‘muammma 2009; Grivennikov et al.,
a012;Lictal

(BFT) ull‘l Bacteroides vuigatus increases inflammation and
colon car in Apc™~* and 110 * mice, respectively (Uronis
etal, ZDMWLA:NI 2003). Thus, commensal bacteria promote:

signaling promoted anti-inflammatory properties in

them to induce difforentiation of Trog colls and
-10-producing T cells. Moreover, Gpri0%a was
essential for butyrate-mediated induction of IL-18
in colonic epithelium. Consequently, Niacr? / mice
were susceptible to development of colonic inflam-
mation and colon cancer. Niacin, a pharmacological
Gprl09a agonist, suppressed colitis and colon can-
cer in a Gpri09a-dependent manner. Thus, Gprila
has an essential role in mediating the beneficial
effects of gut microbiota and diotary fiber in colon.

Commensal have.

‘context-dependent manner.
One of the mechanisms by which gut microbiota promote

it oerat colts and 60 cance (1o o o
2007: Wang et al. 2012). Colonic irigation with butyrale sup-
presses inflammation during uiceralive colits {Hamer of al.,

IL-10 deficiency leads fo spontancous coits (Huber of al.,
2011; lzcue ot al, 2000; Rubtsow et al, 2008). Polymorphisms
in the genes that encode IL-10 or IL-10 receptor are linked to

man health (Backhed et al., 2005; Honda and Littman, 2012).

iuced coloric. inflamemation
(tasiowsts ot 1. 2008, R Noboom of o 2004, Bctor

trinitrobenzenesulforic acid- or DSS-induced colitis (Marashi
etal. 2011; Mazmanian et al., 2006). Multipe intestinal neoplasia
(Min, Apc™"™) mice i ‘germline-truncating mutation in
of and spontancoulsy develop adenomas
throughout the inlestinal tract. Lactobacillus acidophilus and

128 Immunity 40, 128139, Jaruary 16, 2014 €2014 Elsavier Inc

dsoaseFranks et al. 2008; Glocke ot a. 2009, Human o

of butyrate, nmm—an-mnxmmummm
production of IL-6 (Villard ot sl 2002 Wang et al., 2008). IL-
18 piays an essential role in suppression of colonic inflamma-

ymation-associated cancers (Chen et al, 2011;
Dupauk-Chicoine et al., 2010; Elinav et al. 2011; Salcedo et al.,
2010; Zakd et al., 2010). Moreover, an IL- 18 gene

morphisim leacing 1o decreased expression
hmwylnpibsk with ulceralive cofiis (Takagawa e al,

Wi
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Database of Microbial-Host Interactions (DoMI) — Literature Annotation Data Elements

.| Fields for annotation (protein-protein interactions):

- PubMed ID

- Protein names & IDs

- Gene names & IDs

- QOrganisms, including species and strain

- Interaction detection method

- Host system (tissue/cell line)

- Type/mechanism of interaction (e.g. binding, transcription regulation, influence on expression)
- Effect of interaction (i.e. activation, inhibition, unknown)

- Confidence (interaction reliability based on interaction types and detection methods)

* Controlled vocabularies
* IDs
* Metadata

¢ 9 MERCK

b d INVENTING FOR LIFE
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Database of Microbial-Host Interactions (DoMl)

Curator
* Annotate articles
* Enrich data

. _ .
[

User

Summary statistics

Il
9
<
\q\a\
\ 4
o|

Literature

* Metabolite-host interactions

* Microbe-host protein-protein
interactions

* Microbe-microbe interactions

Interaction networks

* Interactive visualization
* Network information

* Downloadable images

* Table of interactions

* Sample information

* Access to related articles

Administrator

MERCK

INVENTING FOR LIFE
 Develop database
* Maintain database External data sources  Clarivate data resources
* eggnog MetaBase -
kEGs 2 Clarivate
¢ PubChem

. Analytics



Clarivate Analytics’ Solutions in the Microbiome Space

1. Manual curation of microbial pathways and host-microbial interactions from publications
2. Curation and harmonization of public datasets for large-scale meta-analyses
3. Bioinformatics services and custom end-to-end software development

1000000 -

750000 -

datasets

500000 -

250000 -

2010 2015 2020 2025
year



What’s the Problem with This?

1. Lack of consistent terminology

2. Scarce meta-data: critical information is often only contained in paper full texts

0000000

0000000
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Programmatic text mining

Manual literature curation

“:‘%M

~2,000 BioProjects and ~250,000 Samples: Comprehensive Human Gut Microbiome Study Set

Study level

-
* Disease -
* Healthy :

-
EMBI

Biomes diversity
* Human
* Stool

B
L-El

Number of

samples

Data size @
Publications f b
i
* Authors

* PubMed ID e

Experimental methods
* Collection @.S:g}]
* Extraction

* Transcriptomics
* Proteomics
* Metabolomics

‘ Host/microbiome additional data

Including large-scale
projects

Major public data
repositories

[ ]

* Center name

* Platform

* Number of runs
..
)

* Submission date
* Analysis status

Study design
* Cross-sectional
* Longitudinal

Bioinformatics
analysis workflows

Sample level

Sample identification
* Name

* Sample ID

* Subject ID

* Project name

Host

+ Age

* Gender
* Ethnicity
* Disease

Biome

* Organism
* Material

* Features

Sequence of focus:
* Amplicon variable region A b

Sample source

* Stool

* Intestinal biopsy
* Intestine region

Peiie
friit

Custom project for a pharmaceutical company client

Traceability

* Collection date

* Geographic location
* Body site

Sequencing

* Library source

* Platform

* Single/paired end
* Read length

* Number of reads

Genotype information
(ves/no)

Disease details
* Disease subtypes
* Active/inactive, etc
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Clarivate Analytics’ Solutions in the Microbiome Space

1. Manual curation of microbial pathways and host-microbial interactions from publications
2. Curation and harmonization of public datasets for large-scale meta-analyses
3. Bioinformatics services and custom end-to-end software development
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Entire set of collected proteins and microbial sequences of
Archaea, Bacteria, Viruses and Lower Eukaryotes from NCBI

Open reading frame prediction
followed by metapathway
assignment

Clustered sets of sequences from
the UniProt Knowledgebase
(including isoforms)

Non-redundant sequences
assigned to genes, coupled with
functional profiling assignment,
predicted secretion,
transmembrane, genus, strain,
gram staining status

Protein sequence analysis
and classification

Annotations of genes including

Taxonomy
species and functional profile

assignment

Clarivate proprietary
databases
Literature-validated
tides for functional
peptiges for functions Public databases

assignment

17



@ Assembly of
metagenomes
a) Quality control and filtering
b) Metagenome reconstruction

c) Gene count, prediction

d) Meta-pathway prediction
Iterative assembly
Miss-assembly detection
Filtering out chimeras, errors
Deduplicate contigs
Coverage analysis

Metagenomic binning

Post-assembly QC, perfarmance,

completeness analysis

Contig assignment

Reassembly of taxonomy and
identified contigs

Manual curation

Gene prediction: 3 algorithms +
annotation in@

Functional profiling by clade
and by pathway

@ Community @ Gene
summarization quantification

a) Gene marker analysis a) Gene gquantification

b) Kmer-based analysis b) Functional profiling

c) Strainidentification c) Gene count, prediction
d) Functional profiling d) Meta-pathway prediction

Quantification analysis
based on a comprehensive
gene database assembled

by Clarivate

Read classification and
assignment

Taxonomic assignment

Relative gene abundance
Summary of taxonamic profiles profiling

Strain identification )
Alignment of unknown genes to

multiple public databases

Estimate community composition
from single copy marker genes /

kmers Annotation of unknown genes

based on literature-validated

. . peptides
Estimate relative abundance of

detected taxonomic clades

Functional profiling by clade

Phylogeny and by pathway

Gene-family abundance, pathway

abundance, pathway coverage Meta-pathway analysis:

Pathway/Genome Database (PGDB),
Taxonomy, strain, pathway an integrative data structure of
summarization and graphical sequences, genes, pathways, and
output literature annotations for integrative
interpretation

@ De novo gene
identification
a) Gene de novo prediction

b) Protein signature recognition

C

Functional assignment

d) Meta-pathway prediction

Ab initio gene prediction
(3 algorithms)

InterPro annotation of predicted
genes with InterProScan: a sequence
analysis application combines
different protein signature
recognition methods

Annotation of predicted genes with
multiple public databases

Annotation of predicted genes
based on literature-validated
peptides

Functional analysis by clade
and by pathway

Meta-pathway analysis:

Pathway/Genome Database (PGDB),
an integrative data structure of
sequences, genes, pathways, and
literature annotations for integrative
interpretation



Cases of Bioinformatics Projects

- Target molecules identification
- Target disease prioritization

- Reconstruction of drug MoA

o Drug repositioning

o Patient stratificatioin

- Concomitant drug identification
o Cell type prediction

o Microbiome

19
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Your Objectives Define and Design

& by wmm O3 R

Java
S K O
ANSIBLE ‘

e puinon Wsco JA |

Database Development

Implementation

ORACLE’

“i-amazon
DATABASE

' webservices
PostgreSQL

T

and>0ID RDF

Google Cloud Platform
s
sy
s -
—
e
‘ — T
= —
===
T i
e
— e
[ —
S
e

Data Integration

20



[ Clarivate
Analytics

Alexander Ivliev, PhD, Director Bioinformatics | alexander.ivliev@clarivate.com | clarivate.com



