1 7/10/25
2 14/10/25
3 2110125
4 411725
5 11/11/25
6 18/11/25
7 25/11/25
8 2/12125
9 9/12/25
10 16/12/25
11 13/1/26
12 20/1/26
13 27/1/26

Syllabus and grading

introduction MR Overview of Bioinformatics, sequence alignment

Linux/shell/ssh AD Introduction to Linux and the command line, bash scripting and ssh

QC+RNASeq MR Next generation sequencing: introduction, quality control and gene expression analysis for RNAseq

R(1) AD Introduction to the R programming language and Rstudio usage

R(2) AD Advances R subjects, introduction to Bioconductor

bedtools/vcftools/samtools fli AD Command line tool usage: bedtools, vcftools, samtools etc.

Denovo MR NGS for denovo genome and transciptome assembly

Exome/SNP calling AD Pipelines for SNP calling, especially for exome sequencing using the GATK pipeline

ChipSeq/chirp MR NGS analysis for molecular interactions (ChipSeq, (Par-)Clip, structural sequencing, chromosome conformation capture (3C))
metabolomics @ MR Pipelines for SNP calling, especially for exome sequencing using the GATK pipeline

presentations MR+AD  Paper presentations by students

presentations MR+AD  Genome-scale models of metabolism and macromolecular expression, Biological applications of Transformers

final projects support MR+AD  Support for the final project

Grade 100%
Presentation 30%
Exercises 20%

Final Project 50%



Metabolomics

: what are metabolites” |I|||I||. MetaboLights

H H O

| | [
H-N-C-C-OH
|
R

Amino acids

CH,OH

H H

H —é—CIZ—OH
HOH
Alcohols

HaC

CH3
CHs

CH
CHs

HO
Lipids

- small molecule

MW <1500 Da

eg. sugars, amino acids, phenolics,
lipids, small peptides

- physically and chemically complex

vast range of chemical structures & properties;
polarity, solubility, volatility, stability

- wide concentration range

mM to sub pM
dynamic with constant synthesis, absorption,

degradation, modification
metabolite levels change with half life of mins or secs




Metabolomics: what are metabolites? |IH|I||. MetaboLights

H H O

R
H-N-C-C-0OH
|
R

Amino acids

Primary Metabolites

directly involved in normal growth, development, and
reproduction.

CH,OH

* QGlucose, lactic acid, vitamin B2

Secondary Metabolites

Al not required for primary metabolic processes but have an important
R=ii= b=l ecological role or other function.

H H

Alcohols « defense against predators and other interspecies defenses

(plants), toxins, antibiotics, flavorings

HaC

CHs
CH3

CH
CHs

HO
Lipids
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77~

An Introduction to Metabolomics

Use over time for: metabolite

metabolite

/mi'tabalait/ €

noun BIOCHEMISTRY
noun: metabolite; plural noun: metabolites

Mentions

a substance formed in or necessary for metabolism.

1800 1850 1900 1950 2010

Use over time for: metabolome

metabolome

/mi'tabaleuvm/ 4)

Mentions

noun BIOCHEMISTRY
noun: metabolome; plural noun: metabolomes

the total number of metabolites present within an organism, cell, or tissue. S—
2UT0

1800 1850 1900 1950

Use over time for: metabolomics

metabolomics

/mi'tabalomiks/ <)

Mentions

noun BIOCHEMISTRY
noun: metabolomics

the scientific study of the set of metabolites present within an organism, cell, or tissue. 800 1850 1900 1950 2010



Metabolomics: the metabolome ,;jﬂljl,u,. MetabolLights

The Pyramid of Life

s> Metabolomics

Proteomics

Environmental Inﬂue,;_"

Physiological In

Genomics

D Wishart



Metabolomics: across the omics... dmlh. MetaboLights

Gene mRNA Protein Metabolite

Genomics Transcriptomics Proteomics Metabolomics

Metabolomics is complementary to genomic and proteomic stuaies



Metabolomics: across the omics... ,Lll,lll',',- MetaboL.ights

Protein Metabolite
%
—> ’;S).i -5
Genomics Transcriptomics Proteomics Metabolomics
| Genomics | _Proteomics | _Metabolomics
4 bases 20 amino acids 10%+ chemicals
Single instrument 1 - 2 instruments multiple
instruments
22,000 genes 5000 - 10,000 200 is good!

proteins

Relative abundance of metabolites requires sensitive instrumentation



Metabolomics: technology ,;jllﬂl,u,. MetaboLights

Mass spectrometry (MS) and Nuclear Magnetic Resonance (NMR) spectroscopy are
the techniques most often used for metabolome profiling.

400 MHz 6

OH
| G F fs
HDO
f
fy % I
9 f4 o | %5
I
s5 50 45 40 85
4+—— Downfield, deshielded Upfield, shielded ——p
0 Note: O-H may come
g CHCl, at a variety of places 0 |
<70 I \f \f/,
—w— () @l
X Gl
Ar
NS 0 | .7 H
H c® = _C. C~ CR, CR,CH,
o) —= o m ™
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Metabolomics: technology
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Metabolomics: technology |I||‘|In MetaboLights
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Metabolomics: technology
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Metabolomics: technology
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Metabolomics: study design |I||||||. MetaboLights

Metabolomics strategies

high A
(yiopic

Hydrophilicity

Lo | CMS \\
4

(ooblo =16 Woeodarvet  gna0)

s, MetaboLights

() PhenoMeNal

Analytical Analysis Data Interpretation

i

Gt \ . o \ [ ‘ | .
Sample Collection Sample Preparation

Intra-cellular metabolites Solvent extraction Available equipment Analysis methods
Extracellular metabolites Identification Publication
Biofluids (urine, plasma) Precipitation

Metabolic footprint (secreted intracellular) Quantification Intellectual Property

Tissues No / minimal prep Data Sharing



Metabolomics Resources

JJJ,IJJ,IJ,. MetaboLights

Spectral Libraries

Analysis Tools

X

Metabolite
Knowledgebases
0O /CH3

HSC \N | N>
o)\qj N/

CH,

Repositories

({{

il MetaboL ights

() PhenoMeNal
Large-Scale Computing for Medical I




Metabolomics: applied

il MetaboLights

Agriculture
R&D Industry

Research in agriculture Product and stress testing

including crop protection in food industries, e.qg.

and engineering water quality, control of

e.g. salt and drought pesticides and

tolerance; plant defence  identification of potentially
harmful bacterial strains

Health
care

Medical diagnostics in
healthcare, and future
applications in
personalised medicine
e.g. newborn screening




Metabolomics: research & applications

,|,I,|,|,|,I/|,|,. MetaboLights

Metabolomics in oncology

Cell, Tumor, and Stem Cell Biology

Mass Spectrometry-Based Metabolic Profiing Reveals Different Metabolte Pattemns in
Invasive Ovarian Carcinomas and Ovarian Borderiine Tumors

Carsten Denkert, Jan Budczies, Tobias Kind, Wilko Weichert, Peter Tablack, Jalid Sehouti, Silvia Niesparek, Dominique Konsgen, Manfred Digtel, and Oliver Fiehn
DOI 10.1158/0008-5472.CAN-06-0755 Published November 2006

Letter

Metabolomic profiles delineate potential
role for sarcosine in prostate cancer
progression

Arun Sreekumar, Laila M. Poisson [...] Arul M. Chinnaiyan

Nature 457,910-914 (12 February 2009) Received: 09 October 2008
doi:10.1038/nature07762 Accepted: 06 January 2009
Download Citation Published: 12 February 2009

Corrigendum: 05 June 2013

Oncometabolite®
2-hydroxyglutarate

Fumarate

Succinate

Sarcosine

Glucose

Glutamine

Asparagine

Choline

Lactate

o®

Mechanism or role

* Inhibits ATP synthase and mTOR signalling

¢ Inhibits 2-oxoglutarate-dependent oxygenases,
which activate oncogenic hypoxia-induced factor
pathways and alter DNA methylation patterns

* Produced by gain-of-function mutations in the gene
encoding isocitrate dehydrogenase

¢ Elevated in gliomas and acute myeloid leukemia

* Inhibits 2-oxoglutarate-dependent oxygenases,
which activate oncogenic hypoxia induced factor
pathways and alter DNA methylation patterns

* Leads to protein succination and disrupted
metabolism

* Produced by loss-of-function mutations in the
gene encoding fumarate hydratase

¢ Elevated in renal carcinoma

* Inhibits 2-oxoglutarate-dependent oxygenases
which activate oncogenic hypoxia induced fac
pathways and alter DNA methylatiory,

* Produced by loss-of-function mut&§
genes encoding succinate deh

* Elevated in paraganglio
tumours

e
land thyroid

* Activates mTO| pathway
* Elevated glycine N-methyl transferase
astatic prostate cancer

*Ele
6l source of carbon to support cancer cell
bolism, TCA anaplerosis and aerobic glycolysis
Activates hexokinase Il
* Activates glucose-regulated proteins that alter
signalling, proliferation, invasion and apoptosis
* Elevated in most cancers

* Essential source of nitrogen to support cancer cell
anabolism and aerobic glycolysis

* Essential source of carbon for TCA anaplerosis

* Elevated in MYC-dependent cancers

* Essential source of nitrogen to support cancer cell
anabolism and aerobic glycolysis

* Anti-apoptotic agent

* Elevated in acute lymphoblastic leukemia

* Serves as a methyl donor for DNA methylation
which disrupts DNA repair and gene expression

* Modifies lipid signalling

* Essential source of carbon and nitrogen to support
phospholipid synthesis in rapidly dividing cells

¢ Elevated in breast, brain and prostate cancer

* Lowers extracellular pH and induces metastasis

* Induces local immunosuppression
* Elevated in most cancers

Refs
63,144

144,145

144,146

147,148

149,150

151,152

153

154

155,156

David S Wishart

NATURE REVIEWS | DRUG DISCOVERY
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Lecture notes by Eran Eden, nhttps:isystemsbiology.usu.edu/documents/Flux%20Balance%20Analysis %200verview%20-%202016.pdf

additional slides by B. Palsson from http://systemsbiology.ucsd.eduisites/default/files/Attachments/images/classes/taiwan_notes/6 sl
ides _fba.pdf
and Jordan Nikkel https://www.youtube.com/watch?v=87OKtTpSRB8 Edit+supp. Mat. by Martin Reczko



http://systemsbiology.ucsd.edu/sites/default/files/Attachments/Images/classes/taiwan_notes/6_slides
http://systemsbiology.ucsd.edu/sites/default/files/Attachments/Images/classes/taiwan_notes/6_slides
https://www.youtube.com/channel/UCY7jmsTk6-s0xHwpZ2Itljg
https://www.youtube.com/channel/UCY7jmsTk6-s0xHwpZ2Itljg
https://www.youtube.com/watch?v=87OKtTpSRB8

Understand:

evolution
environment <==> genome

By:

systems biology
knowledge of cells <==> computer model

In order to:

alter our own human environment




Flux balance analysis in metabolic networks.

1. Metabolic networks 2. Flux Balance Analysis

“Metabolism is the process involved in the maintenance of life. It
is comprised of a vast repertoire of enzymatic reactions and
transport processes used to convert thousands of organic
compounds into the various molecules necessary to support
cellular life” Kenneth et al. 2003

TP Succinyl
ATE CoA

pipes.jpgai P
&h=1095&w=1156&sz=307&tbnid=1C(
images%3Fq%3D%2Bpipes%2B%26hI%3Den%26Ir%3D

http://bill.srnr.arizona.edu/classes/182/CitricAcid Y18 T WREE jp&g



Plan

I) Creating an /n sifico model in order to describe an
organisms metabolism in steady state

—

to in-vivo /
eX perl ments I n e CO ﬁ‘g re’ et al. (2002) Schilling et al. (2000)




Motivation for studying metabolic
= pathways

= Better understanding of cellular physiology.

* Understanding vulnerabilities of unicellular
metabolism.

= Manipulation, Bio-Engeneering



Constructing the model...
!l Step (I) - Definitions

We begin with a very simple imaginary metabolic network represented as a directed graph:

1 -

V3
m vy How do we
define a
— System biologically

boundary significant

Vertex - substrate/metabolite ¥
concentration.

Edge - flux (conversion mediated by — Internal flux edge

enzymes of one substrate into the \ ©

other) External flux edge



- (IT) - Dynamic mass balance

Concentration Stoichiometry Flux vector
vector Matrix da _

d dt
‘x dB _

_ — S Y, g Vit vaTh
dl- d':: 1"2_""'3_1"4_"]3

~n]

dB

I
-

& =
—
I
1
I
—_
_".GL
ID_\.
I_\.G
o0 =
ol o
oo
I |
[
S T N
<

1
at 0 1~ by 4
dc 3 b, \
dt b,
- [ System

boundary




- (IT) - Dynamic mass balance

Concentration Stoichiometry Flux vector

vector Matrix PrOble_m _
V=V(k1, k2,k3...) is actually a function of

d x concentration as well as several kinetic
parameters.

- S * V it is very difficult determine kinetic parameters
,’ z_ q“ ~_  experimentally. N\

Consequently there is not enough kinetic
iinformation in the literature to c/onstruct the

Solution ! podel.

In order to identify invariant_characteristics of b1 /

the network we assume the network-is at
teady state.
< /
\




(III) - Dynamic mass balance at steady state

! R
b, @ by

1. What does “steady state” mean?

2. Is it biologically justifiable to

assume it? “The steady state approximation is
generally valid because of fast
3. Does it limit the predictive power of equilibration of metabolite
our model? concentrations (seconds) with
respect to the time scale of
- - genetic regulation (minutes)” -
4. Most important question... Segre 2002

Yes...



4. Why does the steady state assumption help us solve our
problem?

Steady state
assumption

(dA | U Vi)
3 V2 0

-1-11 0 1 0 0 V3 1-11 0 1 0 0O V3
d21=l 100 1 010 |[V4V O0l=| 7+ 001010 ||

0 1 -1-10 0 -1 ||by 0 1 -1-10 0 —1 ||by
dc_ by O S b2
| dt | S by 1]




!I (VI) adding constraints

Constraints on internal fluxes: v, >0,"
Constraints on external fluxes: by m b,
Source H. <()

;S .

Sink/source BS unconstrained

In other words fldix going into the system is Y
negative while flux leaving the system is considered
positive.

System
boundary

Remark: later on we will impose further constraints
both on the internal flux as well as the external flux...

L



- (V) Flux cone and metabolic capabilities

Observation: the number of reactions considerably

O p— S -V exceeds the number of metabolites
0 v L *
0 { To L0190 }Ej . The S matrix will have more columns than rows
0 8] 1 —1 ;I a o — gé *
. The null space of viable solutions to our linear set of
a2 equations contains an infinite number of solutions.
£ | Py
What about the constraints?
C .t “The solution space for any system of linear
o homogeneous equations and inequalities is a convex
> polyhedral cone.” - Schilling 2000
flus, v
4t Our flux cone contains all the points of the null space
¥ with non negative coordinates (besides exchange fluxes

that are constrained to be negative or unconstrained)



(V) Flux cone and metabolic capabilities

What is the significance of the
flux cone?

e It defines what the network can
do and cannot do!
e Each point in this cone represents a flux

distribution in which the system can
operate at steady state.

e The answers to the following questions
(and many more) are found within this
cone:

e what are the building blocks that the network can manufacture?
e how efficient is energy conversion?
e Where is the critical links in the system?



(VI) Navigating through the flux cone
using "Extreme pathways” &7

Next thing to do is develop a way to describe and interpret any location
within this space.

o We will not use the traditional reaction/enzyme based perspective
o Instead we use a pathway perspective:

&

Extreme rays - “extreme rays correspond to :
edges of the cone. They are said to generate 5
the cone and cannot be decomposed into non-
trivial combinations of any other vector in the

cone.”- schilling 2000 °e @

We use the term Extreme Pathways when

Jhx, v

referring to Extreme rays of a convex
polyhedral cone that represents metabolic
fluxes

Differences
e Unlike a basis the set of, extreme
pathways is typically unique

e Any flux in the cone can be described
using a non negative combination of
extreme rays.



(VI) Navigating through the flux cone —
using “Extreme pathways”

o Extreme Pathways will be denoted by vector EP; (0< i < k) .

e Every point within the cone can be written as a non-negative linear .
combination of the extreme pathways. i,

I,

k
C={V|V=ZWZ.EPZ.’ w, 20 Vi}
i=1

In biological context this means that .

any steady state flux distribution can be represented by a
non-negative linear combination of extreme pathways.

’
o v,



.‘ s The entire process from a bird’s eyes

s Compute steady
} . state flux :
A o S comvex,
_‘®—.. @ > 0o 0 1 -1 0 o oohW ;‘ 0| Exchange flux constraints B
- ° “""% constraints
ystem boundary ®‘_T"

Identlfy Extreme
pathways (using
algorithm presented in

P Ps B P
L & & % B0 Uy Schilling 2000)
0 l | d 0 0 1 i
o 9 o0 1 0 0 1 ty +| )
0 6 1 0 0 1 @ g -
s ¥ & 0 1 1 3 O]y J l ; @ _‘__%
o X 8 3 I &% 0| & F L
i et d I i /
1 1 -1 1 O 0 0| & -tk ®__, ®—-®
6 0 1 4 -1 o o b - \
0 1 0 0 1 o0 b —i—
< : e @b Ftrme N -
\ pathways i




\
Mg Example
Lets look at a specific vector v':

Is v inside the flux cone?
Easy to check...

0
1

b= 1. Does v fulfill constraints?
1

—4 2. Is v in the null space of Sv=0 ?

2 4]
1 2
i -1 0 0 O O 0 -1 0 0 0

-1 1. 0 0 0 0 -1 0
R s
Ve | e Gt Ra |
0O 0o 0 0 1

= — B ]

s o
|
[ — T~ TR — R
- o =
i

= o o 2 =

I
LR = I —




(I) Narrowing the steady state flux cone

The steady state flux cone contains an infinite flux
distributions!

Only a small portion of them is physiologically feasible.

More constraints on the external fluxes.

These depend on factors as: %
= QOrganism
= Environment and accessibility substrates N
= maximum rates of diffusion mediated transport B -
= Etc..

"
ey, vy



" (II) Calculating optimal flux distribution

o 'ggglc)onstrained flux cone in E.coli contains ~1076 (Schilling

= How can we identify a “biologically meaningful” flux?

Assumption...

the metabolic network is optimized with respect to
a certain objective function Z.

Z will be a linear function. Later, we will deal with how exactly to choose Z



What we want to do is find the vector v in the flux cone which
maximizes Z.

...this can be can formulated as an optimization problem:

Minimize/Maximize ~Z = chjygch that S-v=0 + inequality constraints

This optimization problem is a classical linear programming (LP) problem that
can be solved USing the Simplex algorithm. W. Wiechert . Journal of biotechnology(2002)

rs
. 1
3| ¥
= 1
kP,

TP,
.8

EF;
Lr,

/ g, vy
8
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optimal” state

pressure directing evolution

allcm«-‘able

functions

University of California, San Diego Systems Biology Research Group
Department of Bioengineering http:// systemsbiology.ucsd edu




Subject to )

XZ < 9 ‘
"Xz 1
2x, + x2 <20

Linear Programs

Maximize z = x; + X,




Maximize z = X, + X,
Subject tc Neighbors: (2,5) and (8,1)

X; <9

‘xZ S ‘1
,2)(1"')(2525 s
‘le s xZ S -9 %

\ ‘2X1+X2S1 ‘%




Maximize z = x; + X,
Subject tc Current point: (x,, X,) = (8, 1)

et |
f 2%, +x, < 25 .
2%, =X, < -9
22X+ X, <1 ‘-
| 2)(1 - <15




Subject to
Xo 59
X, < -1
/ 28, + % S 25
2%, — X, < -9
\ 2%+ X%, <1

J

Maximize z = X, + X,
Neighbors: (4,1) and (10,5)




Subject tc
Xy 59
X, < -1
,2)(1 +X, <25
2%, — X, < -9
2% X <1

Maximize z = x; + X,
Current point: (x,, x,) = (10, 5)




Maximize z = x; + X,
Subject tc Neighbors: (8,1) and (8,9)

X; <9

X, < -1
2%, + X, < 25 s
2%, —X%; < -9
2%, <1 -
2)(1 - <15




Maximize z = X, + X,
SUbjECt C Current pOint: (X]_, xz) g (Bo 9)

28+ X< 25
2%, — X, < -9
L2 +x, <1 ‘-
(le—x2515 |




Maximize z = X; + X,
Subject to Neighbors: (10,5) and (4,9)

X <9

X, < -1 |
2X, + X, < 25 [
2%, — X, < -9
-2)(1 + X, - | 8 ‘
2X, — X, < 15




Maximize z = x; + X,
Subject tc Optimal solution: (x;, x,) = (8, 9)

Weyr——1t—7-




Linear Programming: What 1s 1t?

finding an optimal solution 1n a confined space

&Null Space

B

Particular solution
(optimal)

Solution space

University of California, San Diego Systems Biology Research Group
Department of Bioengineering http:// systemsbiology.ucsd.edu




IIT) How to choose the objective function Z

We want to choose a Z that is biologically meaningful.
Reasonable options could be:

1. Z: Cellular growth (maximization)

2. Z: Particular metabolite engineering (maximization)

5. 2t (minimization)

Example: b

cellular growth is correlated with the
production of B,D and 2E. (6=

We want a v that: 1
(A) Resides in side the cone. =@ ——E) ==
(B) maximizes Z=B+D+2E. ;

El
System boundary ¥

Us
s

e




= (III) How to choose the objective function Z

1. "It has been shown that under rich growth conditions (i.e. no lack of
phosphate and nitrogen), E. Coli grows in a stoichiometrically optimal
manner.” (Schilling 2001, Edwards 1994)

2. "It is reasonable to hypothesize that unicellular organisms have evolved
toward maximal growth performance.” (Segre, 2002.)

l

We shall use Z which reflects:

Cellular Growth




The growth
requirements

Metabolite Demand

(mmol)

, : 41.2570
Metabolic demands of precursors 3.5470

and cofactors required for 1 g of 18.2250

biomass of E. col.. 0.2050
0.0709

These precursors are removed from 0.8977

. . 0.3610
the metabolic network in the 0.1290

corresponding ratios. 1.4960

- e 0.5191
Thus, the objective function is: 2.8328

. 3.7478
Z= 41.2570 V,1p- 3.547Vupu + 1.7867

18.225vyppr Tt ---- 1.0789

University of California, San Diego Systems Biology Research Group
Department of Bioengineering http:// systemsbiology.ucsd.edu
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PTMs

Genome @ L.
N VYV YY)
A i PN
Sefilita ChIP-chip TR
Structures

transcriptome organization proteome organization

ME-Model (Metabolism and Gene Expression)

Prospective Uses: ﬁ

Transport and synthesis

Histidine transport Histidine biosynthesis
() (S55S)
“Isoenzyme Usage | Cost-minimizing
~ ; role in a community
€. %™
Fast, Slow, !
Ll - shortlived  longrived | (??J%
In silico designs for efficient Systems-level analysis of Systems-level understanding

metabolic re-engineering antibiotic-mediated cell death of regulatory economics



Workflow for context-specific genome-scale metabolic reconstructions using multi-omics data

. B

Human Metabolic Reconstructions

A
Host

N
ps)
w
pe)
=

Metabolites
M oahD
000N
o - 0 O
N A S -

1110 1

Reactions

Microbial
Genomes
0

0
0 oY

Microbial
Reconstructions

B c p Phenome
*HMR1,2 'y
*Recon1,2,3D ] i P2
*Human Machine learning p3
Heart P4
¥ reactome P5
@ Pn
. . Cell or tissue-specfic  Adipocytes ”
@ Multi-omics oo paLy Conditions
— - (Healthy Vs. Disease)
® oy Liver Personalized
e HPA U models
i, Metabolite y e X0 Kidne s
I"Ilal;‘l?l\db and pathway ,Ms/ S Condition y ~
‘ databases | ° — g -specific 7
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‘ — Ol < LN
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b —
‘r/« Microbe - Microbe
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B :
H 'BIGG community model —>
@) *KBase /
A *ModelSEED
GEMs

From: https://www.ncbi.nIm.nih.gov/pmc/articles/PMC10383060/pdf/metabolites-13-00855.pdf



OptFlux demo

= # 1 time installation

u mkdir ~/tools

u cd ~/tools

u cp /home/reczko/ecoli1633.xml .

= wget http://genomics-lab.fleming.gr/fleming/uoa/vm/OptFlux-3.3.0-linux-x64-installer.run

= chmod u+x OptFlux-3.3.0-linux-x64-installer.run

. ./OptFlux-3.3.0-linux-x64-installer.run
=  # accept the license, click ‘run after installation’, don't accept the update options

= # run again after installation

= cd ~/OptFlux-3.3.0
u .Joptflux.sh

n # Full tutorial at:

u Or at https://web.archive.org/web/20240619164025/http://www.optflux.org/wiki/tutorial/
TutorialOptFlux3.pdf


http://www.optflux.org/wiki/tutorial/TutorialOptFlux3.pdf

File — New Project — OptFlux model repository — Next

o] New Project - o x

tep 1 - Project name and reader

Please select the name of the Project and the correspondent Reader

Project Name: |ecolil | Q

SBML Level 2 and below

SBML Level 3 and FEC

Flat files

Metatool

Table Format (C5V, TSV)

OptFlux model repository | Q

CellDesigner Reader

‘ Back ‘ | Next ‘ ‘ 0 Cancel ‘
o] New Project - o x
- =
Reader Configuration
IPlease select the desired options for the reader
Models
[] Case sensitive
@ oo | |
[1whole word
Organism MName Year
Escherichia coli str. K12 substr. MG1655 i|R904 2003 -
Escherichia coli str. K12 substr. MG1655 iAF1260 |2007 =
Saccharomyces cerevisiae iMMS04 2007
Pseudomonas putida str. KT2440 i|IPE15 2008
Escherichia coli W iCAl273 |2011
Escherichia coli str, K12 substr, MG1555 01366 2011 O
Pseudomonas putida str. KT2440 iIN746 2008
Pseudomonas putida str. KT2440 i|P9&2 2011 =
‘ Back | ‘ Next ‘ ‘ 0 Cancel ‘

If repository server is unavailable, load sbml as on the next slide:



File — New Project — SBML Level 2 and below — Next

O, New Project New Project
tep 1 - Project name and reader

|Please select the nome of the Project ond the correspondent Reader

tep 2 - Selection of Files

LookIn: ‘|j reczko

v

0| -
00 o-

| Select your files

Project Name: [\yEcoli - bak [ of workspace [ Templatas
SEML Level 2 and below O SBMLFile ‘ ‘ @ [JDesktop (7 of workspace2[] tools
SBML Level 3 and FEC []Documents [ OptFlux-330 [] Videos

Flat files o CIDownloads  [Jpictures [} AIBENCHIog
Metatool gy ] Public [ ecolitez3.xml
Table Format (CSV, TSV) ] meme R

OptFlux model repository ] Music m] snap

CellDesigner Reader

File Name: ‘ewmﬁﬂxm\

Files of Type: ‘AII Files

o]

‘0" I T
O

‘ Back ‘ " Next

New Project -

tep 3 - Drains and External Metabolites

\Please select the drain construction method and the external metabolites

® Don't create dra... ' Remove the external Metabaoli...  Create the Dra...

¢ | Back 3 Nex(j o Cancel




New Project

4 - Biomass growth

Please validate the following information

Please select the biomass reaction :
@ search: |
D MName

R_EX_glcur LPAREN_e RPAREN D-Glucuronate exchange

R_MTHFC methenyltetrahydrofolate cyclohydrolase
R_CLPNS120pp cardiolipin synthase (periplasmic, n-C12:0)
R_KZL4Aabcpp KDO(2)Hipid W A transport via ABC system (p...

[] Ccase sensitive

[]whole word

me

R_MTHFD methylenetetrahydrofolate dehydrogenase ...
R_THRD_L L-threonine deaminase

R_EX_dgmp LPAREN_e RPAREN dGMP exchange

R_GLNTRS Glutaminyl-tRMA synthetase

R_Ec_biomass_ij01366_WT 53pa5M E. coli biomass objective function (j01366) -...| |

Q | Back ‘ ‘ [ :9 Finish ‘ ‘ 0 Cancel

Browse model

Clipboard || ] Metabolic Model | [X]Reactions | [X] Stoichiometric Matri...
¢ L ptflux ;|| Reactions
¢ 38 ecolil [] case sensitive
¢ 4 Metabolic Model @ @ search :
® Reactions [ ] wWhole word
® Metabolites
= W O Reaction Id Reaction Name Reactants Direction Products
= Pathways R_PANTS pantothenate synthase M_atp_c + M_ala_DASH B ¢ + M_p... |- = M_hc+Mamp.c+Mppic+M.. |~
= Genes R_PTRCabcpp putrescine transport via ABC syste... |M_atp_c + M_ptrc_ p + M_h2o. c |- = M_h_c+ M adp ¢+ M pi_c+ M ptr..|=|
= Gene Rules R_PGSALS1 Phosphatidylglycerol synthase (n-C...|M_glyc3p_c + M_cdpdhdecSeg ¢ |- = M_h_c+ M. cmp_c+ M_pgplél c
“ Simulation Results R_PGSALG0 Phosphatidylglycerol synthase (n-C...|M_glyc3p_c + M_cdpdhdecg ¢ |- = M_h_c+ M cmp_c+ M pgplé0_c
« Analysis Results R_GLUDy glutamate dehydrogenase (NADP) |M_h2o_c + M_nadp_c + M_glu_DAS... M_h_c + M nhd c + M_nadph_c + ...
« Optimization Results R_GEPtex glucose 6-phosphate transport via... |M_gép_e M_gép_p
=% Project Elements R_12DGR141tipp 1,2 diacylglyceral transport via flip... |M_12dgrl4l p M_12dgrldl c
R_3CMPtex 3CMP transport via diffusion (extra... |M_3cmp_e M_3cmp_p
R_PPND prephenate dehydrogenase M_nad_c + M_pphn_c M_co2_c + M_nadh_c + M_34hpp_c
R_ASCBptspp L-ascorbate transport via PEP:Pyr ... |M_pep_c + M_asch_DASH L p M_aschép_c + M_pyr_c
R_URItex uridine transport via diffusion (extr... |M_uri_e M_uri_p
R_DXPRIi 1-deoxy-D-¥ylulose reductoisomera... [M_h_c + M_nadph_c + M_dxyl5p_c M_nadp_c + M_2medp_c
-~ R_CAT catalase 2.0%M_h202 _c 2.0%M_hZo_c + M_o2 ¢
l/Log rMemory | R_PGPP120 phosphatidylglycerol phosphate p... [M_h2o_c + M_pgpl20_c M_pi_c+ M pgl20_c
R_GALCTNLt2pp L-galactonate transport via proton... [M_galctn_DASH L p + M_h p M_h_c + M_galctn_DASH L ¢
R_GAMEex D-glucosamine transport via diffusi... [M_gam_e M_gam_p
R_ALPATG160pp apolipoprotein N-acyltransferase (... |M_alpp_p + M_pgl&0_p M_2agpglel_p + M_lpp_p
R_PSERtex phospho-L-serine transport via diff... |[M_pser DASH L e M_pser DASH L p
R_MTHFC methenyltetrahydrofolate cyclohyd... [M_h2o_c + M_methf ¢ M_h_c + M_10fthf ¢
R_CLPNS120pp cardiolipin synthase (periplasmic, ... |2.0¥M_pgl20_p M_clpnl20_p + M_glyc_p
R_K2L4Aabcpp KDO(2)-lipid IV A transport via ABC ... |M_atp_c + M_h2o_c + M_kdoz2lipid4... M h c+Madp c+ Mpic+Mkd. ||
B MTHED methvlenetetrahvdrafalate dehvdr.. M nadn ¢ + M mlthf © M nadoh ¢ + M methf ¢ i
Reactions LDrains L Steady-State Equations |

AlRanch



[ Clipboard | : | (X] Metabolic Model | [X] Reactions | [X] Stoichiometric Matri... | ) Genes | [X] Gene Rules |
? ptﬂ ux ;|| Gene Rules
v 58 ecolil [] Case sensitive
¢ 0 Metabolic Model @ search : [
® Reactions [ ] whole word
¥ Metabolites
= Stoichiometric Matrix Reaction Id Reaction Name Gene Rule
= Pathways R_PANTS pantothenate synthase b0133 -
® Genes R_PTRCabcpp putrescine transport via ABC system (periplasm) ((( ((b0854 and b0855 ) and b0856 ) and b0857 ) or ({ (b1126 and bl... |=
= Gene Rules Q R_PGSALEL Phosphatidylglycerol synthase (n-C16:1) b1812
* Simulation Results R_PGSALG0 Phosphatidylglycerol synthase (n-C16:0) b1812
¢ Analysis Results R_GLUD glutamate dehydrogenase (NADP) b1761
« Optimization Results R_GG6Ptex glucose G-phosphate transport via diffusion (extracellular to periplasm) (((b0241 or b0929) or b1377) or b2215)
=% Project Elements R_3CMPtex 3CMP transport via diffusion (extracellular to periplasm) (((b0241 or b0929) or b1377) or b2215)
R_PPND prephenate dehydrogenase b2500
R_ASCEptspp L-ascorbate transport via PEP:Pyr PTS (periplasm) ((((b2415 and b2416 ) and b4195 ) and b4194 ) and b4193 )
R_URItex uridine transport via diffusion (extracellular to periplasm) bo411
R_DXPRIi 1-deoxy-D-ylulose reductoisomerase b0173
R_CAT catalase (b1732 or b3942)
R_PGPP120 phosphatidylglycerol phosphate phosphatase (n-C14:0) (b1278 or b0418)
R_GALCTMLt2pp L-galactonate transport via proton symport (periplasm) b4356
R_GAMtex D-glucosamine transport via diffusion (extracellular to periplasm) (((b0241 or b0929) or b1377) or b2215)
R_ALPATG160pp apolipoprotein N-acyltransferase (phosphatidylglycerol, periplasm) ( b0&57 and b1677 )
R_PSERtex phospho-L-serine transport via diffusion {(extracellular to periplasm) (((b0241 or b0929) or b1377) or b2215)
R_MTHFC methenyltetrahydrofelate cyclohydrolase b0529
R_CLPMS120pp cardiolipin synthase (periplasmic, n-C12:0) (b0789 or b1249)
R_KZL4Aabcpp KDO(2)-lipid IV A transport via ABC system (periplasm) b0g14
R_MTHFD methylenstetrahydrofolate dehydrogenase (MADP) b0529 |
B THRD | | thrennine deamina (h3117 arh3772) i

Gene Rules |

Simulation — Wild type

Perform WildType Simulation
File ion | Analysis  Optimi Help 1 B
: Wild type T B
E Knockout ¥ -
: Under-Over Expression » Select Project
jj  Flux Analysis 4 4 Metabolic Model Stoich P -
clij i & olic Model r (%] Stoicl Prn]ect: ecolil |v| p(
¢+ Optfluxs Gene Rules S
¢ M ecolin = = A
o @ wetabolic Model @ eeareh- Oble'd:'ve Function j—%
£ Reactions f . pl
et B R_Ec_biomass_iJ01366_WT_53p95M ~| |
® Stoichiometric Matrix (—
= Pathways R_PANTS @ Maximize ) Minimize S
® Genes _PTRCabc (
o Sl Max R_Ec_biomass_ij01366 WT_53p95M ¥
© Simulation Results  PGSAT160 = it = ==L J—E
Analysis Results L GLUD; . .
EOpt\rymzat\DnREsu\ts L GBPtex Simulation Method: |pFBA |v ¢
< Project Elements —;ga’”gm" -
i Select Environmental Conditions p(
_ASCETSpp
A [R_URItex b
| R oerr . .
DA [JUse EnvironmentalConditions: | | | t
£

S P PR Pt I

LISTA =T T=T=T



Results at Simulations — WT Simulation

" Clipboard | g [ X Metabolic Model | [X]Reactions | [X] Stoichiometric Matri... | [X] Genes | [X| Gene Rules | [X| WT Simulation |
? ptﬂ ux i| Simulation Information
¢ 3 ecolil Method Name: PFEA
i h__d_et:::cl'tcioﬂzdel Solution Type: OPTIMAL
# Metabolites Environmental Conditions: Not available.
- ﬁtact";ﬂ'a‘;r:et”c Matrix Objective Function min £ V| = 693.7213
¥ Genes Biomass value: 0.98650458
= Gene Rules .
¢ ™ Simulation Results LG EmoarETeE Consumption Production
9k Simulations Metabolite Id Metabaolite Name Value Metabolite Id Metabolite Name Value
Q Mcle Chioride 0.00483 | M Smtr e S-Methylthio-D-ribose 0.00665
¢ Analysis Results M glc DASH D e D-Glucose 10.0 M coZ e co2 10.65666
: Optimization Results M mgz e magnesium 0.00814 M h2o e Hz20 45.09604
% Project Elements M_cu? e CuZ+ 0.00066 M_amob_c S-Adenosyl-4-methyithi... 1.97301E-6
M_chll_e Caob(l)alamin 0.00022 M_h_e H+ 8.75326
M_pi_e Phosphate 091453 M_Sdrib_c 5'-deowyribose 0.00023
— M_mobd_e Molybdate 0.00014 _||M_meoh_e Methanal 1.97301E-6
— M_zn2_e Zinc 0.00032 M_dcrsol_c p-Cresol 0.00022
(Log [ Memory | M_ni2_e nickel 0.0003 M_mththf ¢ (2R.45)-2-methyl-2,3,3.... 0.00132
M mn2 e Mn2+ 0.00065 M ac e Acetate 0.00036
M ke potassium 018318
M _cobalt2 e Co2+ 0.00002
M sod e Sulfate 0.24858 |
M fe2 e Fe2+ 0.01532
M nhd e Ammonium 10.26449 |

Simulation Solution

Drain Reaction Values

B f L Internal/ Transport reaction values LGenetic Conditions LVariabIeS Extra Information L Restrictions Extra Information LSoIver Output |




File — Create — Environmental conditions...

e search : |

Select Project

Environmental conditions

Create Environmental Condition
i, Select at least one Environmental Condition

Project: |ecn|i1

Model Reactions

[] case sensitive

——

Reaction Id Reaction Name ~ Lower Bound Upper Bound
R_EX¥ ocdca_LPAREN_e RPAREN octadecanoate (n-C18:0) exchan...|0.0 1000.0 -
R_EX acser LFPAREM e RPAREN 0-Acetyl-L-serine exchange 0.0 1000.0
R_EX 02_LPAREN_e_RPAREM 02 exchange -1000.0 1000.0 [=|
R_EX_novbcn_LPAREN e RPAREN_  |novobiocin exchange 0.0 1000.0
R_EX_nmn_LPAREN_ e _RPAREM NMN exchange 0.0 1000.0
R_EX n2o LPAREM & RPAREN Nitrous oxide exchange 0.0 1000.0
R_EX no2 LPAREMN s RPAREN Nitrite exchange 0.0 1000.0
F_EX no LPAREMN e RPAREN Nitric oxide exchange 0.0 1000.0 ~|

Reaction Bounds

Reaction Name: 02_LPAREN_e RPAREM_  Lower Bound:-1000.0 Upper Bound:1000.0 | Add Reaction Constraint

Changed Reactions

Show Only Drains

Reaction Id

Reaction Name

Lower Bound

| Upper Bound

Select Environmental Conditions

Remove Reaction Constraint

[]Select an existing EC as reference:

| Add

Lower Bound — 0.0 — Add Reaction Constraint — Ok




Simulation — Wild type — Check ‘Use Environmental Conditions” — Ok

("clipboard | +|[ ¥ Metabolic Model | %] Reactions | [X] Stoichiometric Matri... | (X Genes | [X]Gene Rules | [X] WT Simulation [* %) WT Simulation(1) |
[ ptﬂ ux Simulation Information
¢ 38 ccolil Method Name: pFBA
¥ rfft:::c"tcloh:gde' Solution Type: OPTIMAL
¥ Metabolites Envirenmental Conditions: Env. Conditions
:__ g;‘:ﬁx;@?emc Matrix Objective Function min E[V| = 400.6735
= Genes Biomass value: 0.24218292
¥ Gene Rules B
# ™ Simulation Results RleHEn SRS sS I =S Consumption Production
# g Simulations Metabolite Id Metabolite Name = Value Metabolite Id Metabolite Name Value
WT Simulation M_nhd e Ammonium 2.54444 M_5Smtr_e 5-Methylthio-D-ribose 0.00163
Q M _caz e Calcium 0.0012 M_amob_c S-Adenosyl-4-methyithi,.. 4,84366E-7
£ Analysis Results M_cl_e Chloride 0.0012 M h_e H+ 27.77603
r Optimization Results M co2 e coz 0.08245 M 5drib_c 5'-deoxyribose 0.00027
¢ 7 Project Elements M_cobaltz_e Coz+ 0.00001 M_meoh _e Methanal 4.84366E-7
% & Environmental Conditions M chll_e Cab{l)alamin 0.00005 M_dcrsal_c p-Cresol 0.00005
Env. Conditions M_cuz2_e cuz+ 0.00016 M_glyclt_e Glycolate 0.00022
M glc DASH D e D-Glucose 10.0 M _etoh e Ethanal 8.08538
M fe2 e Fe2+ 0.00198 M_succ_e Succinate 0.07788
M fe3 e Fe3+ 0.0018 M_mththf ¢ (2R, 45)-2-methyl-2,3,3.... 0.00032
M_h2o_e H20 1.8456 M for e Formate 17.24422
M_mg2_e magnesium 0.002 M_ac e Acetate 8.22523
M_mnz_e Mn2+ 0.00018
M_mobd_e Molybdate 0.00003
M_niz_e nickel 0.00007
R T M pi Phosphate 095454
(Log [ Memory | M ke potassium 0.04497
M_sod e Sulfate 0.06103
M zn2 e Zinc 0.00008
Simulation Solution L Drain Reaction Values L Internal/ Transport reaction values
Genetic Conditions LVariabIes Extra Information L Restrictions Extra Information LSolver Output |

Compare Consumption,Production with aerobic simulation



Simulation — Kockout — Reaction/Gene

o; Reaction
JPerform Reaction Knockout Simulation

Select Project

Project: [ecolil

Reactions Knockout Definitions

Available Selected

R_ACSERtex
R_ACSERtpp
R_ACtdpp

D AcCtan

A n ]

Add all == R_ACGK
R_ACt2rpp
5
5

Select Simulation Method

|pFBA

Reference Flux Distribution Source

® PFBA O Reference Flux Distribution

Objective Selection

R_Ec_biomass_ij01366 WT_53p95M

® Maximize ' Minimize
Max R_Ec_biomass_il01366 WT_53p95M

Select Environmental Conditions

[]Use EnvironmentalConditions: |

Knockout acetylglutamate_kinase,...

o’

Available

Gene

Perform Gene Knockout Simulation

Select Project And Model

Project: |ec0|i1

A

| Genes Knockout Definitions

Selected

b3396
b3397
b3409
b3412

Loairc

| ¥

Add all ==

[T

Select Simulation Method

bo114
bo115
bolle
b3403

Inactive Re...

R_PPCK
R_GLYCL
R_AKGDH
R_PDH

MOMA

@ PFBA

Reference Flux Distribution Source

) Reference Flux Distribution

Objective Selection

R_Ec_biomass_ijj01366 WT_53p95M

@ Maximize

) Minimize

Max R_Ec_biomass_ij01366_WT_53p95M

Select Environmental Conditions

[]Use EnvironmentalConditions: |

Knockout genes that knockout R_PPCK,...




File Simulation Analysis

Optimization

Help

=

sl

l/ Clipboard |

? pPEflux:
¢ B ccoliz
¢ 9 Metabolic Model
= Reactions
Metabolites
Stoichiometric Matrix
Pathways
Genes
= Gene Rules
% "= Simulation Results
% 1 Simulations
WT Simulation
WT Simulation(1)
Reaction Simulation
Reaction Simulatio
(@
Analysis Results
Optimization Results
Project Elements

] WT Simulation

|| = Reaction Simulation(... | [X] Reactions | [x]| Stoichiometric Matri... | [x] Gene Simulation |
; ] WT Simulation(1)

[»] Reaction Simulation

b

Simulation Information
Method Name:

Solution Type:
Environmental Conditions:
Objective Function
Biomass value:

Met Conversions:

FEA
OPTIMAL

Mot available.

max: B_Ec_biomass_il01366_WT_53p95M — 0.957 78168

0.95778168

Consumption

Production

Metabolite Id | Metabolite Name| wWalue Metabolite Id | Metabolite Na... wWalue
M_cl_e Chloride 0.00474 M_Smtr_e S-Methylthio-... 0.00645
M _glc_DASH D e |D-Glucose 10.0 M co2 e ca2 20.832
M _mg2_ = magneasium 0.0078 M_hZo_e Hz20 45.53069
M cuz e CuUuZ+ 0.000585 M_amob_c S-Adenosyl-4-.. 1.91556E-6
M _chll_e Cob(Dalamin 0.00021 M h e H+ 5.49805
M _pi_e Phosphate 0.888 M _Sdrib_c S'-deoxyribose 0.00022
M_mobd_e Molvbdate 0.00013 M_meoh_e Methanol 1.91556E-5
M zn2 e Zinc 0.00031 M _dcrsol_c p-Cresol 0.00021
M _ni2_ e nickel 0.00029 M_mththf ¢ (2R, 45)-2-met... 0.00128
M _mn2Z e MN2+ 0.00063
M k e potassium 0.17785
M cobaltZ e CoZ+ 0.00002
M_so04 e Sulfate 0.24134
M fe2 = Fel2+ 0.01487
M _nha e Ammonium 10.068272
M _ o2 &= oz 18.88323
M_cazZ e Calcium 0.00474

L Simulation Solution L Drain Reaction Values L Internal/ Transport reaction values L Genetic Conditions

! |\ Variables Extra Information L Restrictions Extra Information L Solver Qutput

Compare Consumption,Production with WT Simulation:
no acetate production




Find optimized strain: Optimization — Evolutionary

Evolutionary (on max) *
Perform Strain Optimization

Select Project Select Method

Project: |acl ‘v‘ |EA Gene Knockout |v‘
Select Environmental Conditions Objective Functions Setup

‘BPCY: Biomass-Product Coupled Yield |v‘
|----L NONE ]--— ~] () [ add#® || 4 Remove |
Selected Objective Functions

Optimization Basic Setup Optimization Objective Function| Sirmulation Method| Reference| Simul:

Maximum Number Of Solutions Evaluations: 300 )

Maximum Number Of Modifications E S nctive Bt Con g e
¥| variable solution size Q Biomass: |R_Ec_biomass_i|01366_WT_S3p95M |~
Product: |R_E}{_a:_LPAREN_e_RPAREN_ |v|
Critical Genes
Substrate: |R_EX 02 LPAREN_e RPAREN | |~
[ NOWE I ]
Simulation Configuration
Select Simulation Method
ok |FBA |v|
Reference Flux Distribution Source -
@ PFBA () Refersnce Fiux Distribution | I
Objective Selection
[~

|R_E c_biomass_iJO1366_WT _S3p95M

- Maximize ' Minimize

Max R_Ec_biomass_i|O1366_WT_S3pe5M

| oK || Cancel

o0



Optimization progress (not deterministic)

0.6

0.5

0.4 8
o
o 0.3
m

0.2

0.1 &

0.0
0 20 40 60 B0 100 120 140 160 180 200 220 240 260 280 300

Function Evaluations

R axis X e
|BPCY | w |
progress
status Simplifying solutions_..

-% STOP



Optimization result

File Simulation Analysis Optimization Help

e

Clipboard | [¥] Reaction Simulation | [X] Gene Simulation | ] 1) | [ Gene ion(2) | [ i |l Gk opti | Genes | [¥] Gene iond) | ] GK ion(1) | (X i i
¢ ptﬂ ux [X] Metabolic Model ’/ [X] Stoichi ic Matri... ‘V (X] Gene Rules r [%) WT Simulation ’/ 3] W si on(1) |
¢ 38 ecolit -
Case sensitive Save
¢ @ Metabolic Model qurch: ‘ ‘ u \—1
¥ Reactions [] Whole word
Metabolites
Stoichiometric Matrix Solutions BPCY : (R Ec_hiomass_{j01366 WT_53p95M x R EX_ac LPAREN e RPAREN ) /R EX 02 LPAREN e RPAREN_(FBA 1)
¥ Pathways Solution,_ 0.81116
¥ Genes Solution_ 0.50229
# Gene Rules Soltion_ 0.
¢ Simulation Results Solution 0.
¢ Simultions Solution 5 0.59229
WT Simulation
WT Simulation(1)
Reaction Simulation
Gene Simulation
Gene Simulation(1)
Gene Simulation(2)
Gene Simulation(3)
Gene Simulation(4)
Gene Simulation(s)
& Analysis Results
¢ ¢ Optimization Results
¢ Evolutionary
# GK Optimization << Add to simulation results
 [aK optimization{1)
¥t Project Elements Decoded Solution {
(SN En\'\ronmen(a_\ Conditions b4015= 0.0 4
Env. Conditions 13738 = 0.0
08 + L]
06 + . .
o
8
104 +
1]
a
@
65 e
I | + Py I
t f * t
1 i 5
Solution
Define X Axis Define Y Axis
Solution M ‘chv,pau
Strain Opti Summary | Strain Optimization Results ‘

O



>38800 fold increased acetate production (M_ac_e):

Perform Gene Knockout Simulation

3
(%] Reaction Si [x) Gene (] Gene 1) | (X Gene 2) | & Genesi 3) | WEKo (X] Genes | [x] Gene (X GK_O 1) | [x] Gene Si 1
Select Project And Model (%] Metabolic Model [X] Stoichiometric Mat (] Gene Rules [X] WT simulation I (] WT simulation(1)
Project:[acalit [+]
Genes Knockout Definitions Method Name: FBA
Available add > Selected Inactive Reacti_. Solution Type: OPTIMAL
P
04015 RATESATPR Environmental Conditions: Not available.
Add all >> b3738 RICL
ba01s Objective Function max R Ec_biomass_{J01366 WT_53p95M = 0.40262905
<Remove
e il 26205
B B
= stC = Production
Eelect Ll Metabolite 1d Metabolite Name Value Metabolite Id Metabolite Name Value
|rBa M_ce (Chioride 0.00199 M_Smir_e 5-Methylthio-D-ribose 0.00272
Reference Flux Distribution Source M_co2 e CO2 0.00869 M_h2o_e 10.37406
® PFBA  ©) Reference Flux Distribution m-?r“[-zn‘:SH-D-E a’:'f‘;‘:;" : ;gznz . ;{':\dE"DS et 33 51215;;7
Dbjectiveselaction Lcize Cuzr 0.00027 -Geoxyribose 009
- B CobiDalamin 0.00009 Methanol 8.05256E-7
‘R,Ec,hmmns,un|355,wv,53p9m |'| Phosphate 037, p-Cresol 009
P C LZRAS)(—Z-mEthy\-Z.E‘3‘4—tetrah droxytetrahydro.. L ‘55%5:1
nc ormate 3
Max R_Ec_biomass_ij01366_WT_53p95M nickel [Acetate 13.00648
n2+
Select Environmental Conditions =g
s Coz+ 0
[] use EnvironmentalConditions: | \ \ - = 5
Fez+ 2
02 69473
Calcium 0.00199
Solution | Drain Reaction Values | Internalf Transport reaction values | Genetic Conditions | Variables Extra ion | Extra | solver output




(IV) Phenotype phase planes- PPP

- Predicting cellular growth

X axis — Succinate uptake rate
Y axis — Oxygene uptake rate

Z axis - Growth rate (maximal value of the

oxygen uptake)

Q
d
©
objective function as function of succinate and =
o
G]

Observations:

e Metabolic network is unable to utilize succinate
as sole carbon source in anaerobic conditinos.

e Region 1: oxygen excess — this region is wasteful —
(less carbon is available for biomass production
since it is oxidized to eliminate the excess oxygen.)

Schilling 2001

Grovedh Rt {1

o
[

)

COygen Uplake Ral
fmmaledg-DWih




(IV) Phenotype phase planes- PPP
‘ I PrediCting cellular grOWth Schilling 2001

X axis — Succinate uptake rate
Y axis — Oxygene uptake rate

Z axis - Growth rate (maximal value of the
objective function as function of succinate and

oxygen uptake)

Observations:

e Region 2 - limitation on both oxygen
and succinate

e Region 3- the uptake of additional succinate has
a negative effect. Cellular resources are required
to eliminate excessive succinate.

Ouygen Uplake Rale
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Does E. coli behave according to

- optimal behavior predictions?

= E. coli was grown with malate as sole carbon source.

= A range of substrate concentrations and temperatures were
used in order to vary the malate uptake rate (MUR).

= Oxygen uptake rate (OUR) and growth rate were measured



Does E. coli behave according to
optimal behavior predictions?

=

Malate/oxygen PPP

o
os

1- The experimentally
determined growth rate were
on the line of optimality of
the PPP !

o8t AN
"“ X "t“‘ B2
*.“"v‘ ““‘
" KRS
¢

o
~

Growth rate (h~)

OUR N MUR
Ibarra et al., Nature 2002



Does E. coli behave according to
optimal behavior predictions?

Malate/oxygen PPP

Is the optimal performance on malate
stable over prolonged periods of time?

Evolution of E. coli on malate was studied for
500 generations in a single condition...

3- Same adaptive evolution was
observed for succinate and Malate!

s‘&
Q.

~ 0.8
|

2- An adaptive evolution was observed =

with an increase of 19%in growth rate! ©
i TN _{ ,',‘,,‘2:3:3 R SN
% 04 : | | R = :“ t“ﬁt“‘ “‘
5]

0.8+

W Glucose
| Malate
| Succinate OU R

>

| S Ptat Ibarra et al., Nature 2002
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Growth rate (h-1)
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Does E. coli behave according to

!I optimal behavior predictions?

Same experiments were made using glycerol as sole

carbon source b 20

Day 0 — Sub optimal growth 15
Why? 2 "]

Day 1-40 — evolution toward
optimal growth

Day O

Day 40 —

Day 60 — (no 5 o

change)




Considering instances where FBA
predictions are inaccurate... MOMA

= What happens to the metabolism in the case of a
mutation/genetically engineered bacteria?

= What happens in terms of the flux cone?

&
g
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Considering instances where FBA
predictions are inaccurate...

: : =
= FBA — assumes optimality of growth 2% m )
. mou B
for wild type fr, 59 k.
. . . . = 1m0 y 1
= This assumption is not necessarily = i ol
correct some instances... REETE: 2
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Considering instances where FBA
= predictions are inaccurate... MOMA

= Ts there any other objective function Z that can
capture the biological essence of these mutations?

= Perhaps another model...

MOMA - minimization of metabolic adjustments
[Segre, Vituk and Church 2002]



- MOMA

= Uses the same steady state flux cone as FBA.
= Relaxes the assumption of maximal optimal growth.

= a mutant is likely to display a suboptimal flux
distribution between wild-type optimum and mutant

optimum.
® O O
Mutant optimal Mutant growth  Wild-type
growth actual growth

MOMA



- How does MOMA work?

= Assumption — “Initially , the mutant
remains as close as possible to the wild-
type optimum in terms of flux values.”

® O O
Mutant optimal Mutant growth  Wild-type
growth actual growth

MOMA



* How does MOMA work?

= Tn other words:

MOMA searches for the flux distribution in the
“mutant flux space” which is closest to the optimal
flux distribution in the “wild-type flux space”.

T
=,

~ Mutant growth

e |
actual ...




=

How does MOMA work?

Formally:
— the wild-type optimal growth vector.
Vm — a vector in mutant flux space.
Find V™ which minimizes the Euclidian distance to V¥t :

n

D", ™) = JZ v =y

i=1

This can be stated as a QP problem. That is,

minimize 1
f(x) :L-x+§xTQx

Under a set of linear constraints.



Comparing MOMA and FBA on
!h mutant strains
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Digital Twin Powering The New Healthcare

Real World Digital Twin

Interactions
Monitoring Clinical
Records
Testing
Sensors
Procedures =
A ® OMICs
(a]
Social Milieu 'A‘
é‘ﬁ Social
- s
Physical N
Activities Q. Environmental
Physical
Environment

© 2019 Persistent Systems Ltd. All rights reserved

Translational
Research

Therapeutics

Precise

J

Integrate
Derive
Actuate

Personalized
Experiences

Operations



https://www.persistent.com/wp-content/uploads/2019/02/digital-twins-whitepaper.pdf

Microbiome and diseases

External auditory canal Hair onthe head Mouth
0 Q @ Healthy control Patient
Mot o—— Inflammatory
bowel disease

Skin Gastrointestinal tract
@ Type 2 diabetes
Penis Vagina
Necrotizing
enterocolitis

Cwe

[ Firmicutes [] Bacteroidetes [ Fusobacteria
[ Actinobacteria [@ Verrucomicrobia [] Proteobacteria



http://www.fortunejournals.com/articles/the-human-microbiome-an-emerging-key-player-in-health-and-disease.pdf
http://www.fortunejournals.com/articles/the-human-microbiome-an-emerging-key-player-in-health-and-disease.pdf

Microbiome and diseases

intestinal bowel disease
diabetes

obesity

depression
cardiovascular disease
colorectal cancer



dynamic Flux balance analysis (dFBA):

maximize (1)
subjectto Sv=0 (2)
Umin <V < Umax (3)
b[(] = b[t — 6t]e"™ (4)
blt] 5
exClt + 6t] = exC[t] = vee—(1 — ") (5)
[
o exC B

min ~ _m



Our multispecies dFBA algorithm:

Tzamali et al. BMC Systems Biology 2011, 5:167

http://www.biomedcentral.com/1752-0509/5/167
P BMC

Systems Biology

RESEARCH ARTICLE Open Access

A computational exploration of bacterial metabolic
diversity identifying metabolic interactions and
growth-efficient strain communities

Fleftheria Tzamali**', Panayiota Poirazi®, loannis G Tollis " and Martin Reczko™"
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Our msdFBA algorithm:

b,’[t] _ bi[t _ &]eui'& (7) Biomass vector over time

bilt]

i

exClt + ot] = exClt] - Z

1 _ ol 3I) (8) substrate vector over time

. exC

Umin:_c?t-Zbi' Vi (9)




Our initial study: The benefit of cooperation



https://www.yannidakis.net/2010/11/yannidakis_509.html

The AGORA collection

nature
biotechnology

(eneration of genome-scale metabolic reconstructions
for /73 members of the human gut microbiota

Stefania Magnusdottir, Almut Heinken!2, Laura Kutt!, Dmitry A Ravcheev!, Eugen Bauer!, Alberto Noronha!,
Kacy Greenhalgh!, Christian Jager!, Joanna Baginska!, Paul Wilmes!, Ronan M T Fleming! & Ines Thiele!

ILuxembourg Centre for Systems Biomedicine, University of Luxembourg, Esch-sur-Alzette, Luxembourg. ZThese authors contributed equally to this work.
Correspondence should be addressed to L.T. (ines.thiele@uni.|u).

Received 15 April; accepted 20 September; published online 28 November 2016; doi:10.1038/nbt.3703



AGORA, diets, human models from:
https://www.vmbh.life

OrruaL @cmasoLic @uman




OirruaL @emasotic uman

A Home

Nutrition l

Q Browse

N Map navigator

& Download

0 e

Quick search
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Q Search

Ol |

Search diets

Diet name

Vegetarian
Vegan

EU average
Mediterranean
DACH

High protein
Gluten free
High fiber

Type 2 diabetes
High fat, low carb
Unhealthy

Page 1 of1

enter search term

Search

Total Energy (kcal)

1888.29
1991.21
2371.9

2647.45
2148.36
1791.84
2983.83
2435.67
2084.57
2215.48
3847.05

Lipids % Energy

33.9803
35.1134
40.4589
33.708

32.7024
30.1023
37.0946
29.6452
34.4098
69.8147
48.7122

' - Displaying 1- 11 of 11

Carbohydrates %..

51.3355
47.6352
41.1814
37.2041
41.3385
37.3962
42.1941
45.544

41.4647
1.67909
30.1623

Change page size

Proteins % Ener...

Alcohol % Energy

10,7402 0.464363
11.1888 0
11,9428 323286
17.4473 439819
18,5617 0
28.7401 0
15,6876 0
16.4689 0.306077
17.3514 0
24,7916 0
16,2132 250259
OK & Download

Feedback



Patient gut microbiomes from NIH Human Microbiome Project

The Human
Microbiome Project
expands the toolbox

for studying host and
microbiome
Interactions

via: The Microbiome Modeling Toolbox: from microbial

interactions to personalized microbial communities

ATV 3
A

/0 UU Federico Baldini, Almut Heinken, Laurent Heirendt, Stefania Magnusdottir,
Ronan M T Fleming, Ines Thiele

Bioinformatics

o @
Volume 35, Issue 13 Bioinformatics, Volume 35, Issue 13, 1 July 2019, Pages 2332-2334,
1July 2019 https://doi.org/10.1093/bicinformatics/bty941


https://commonfund.nih.gov/hmp

DietScore definition

bm1 ’ healthy patients before diet

’t * * diseased patients before diet
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DietScore definition

bm1

X %

A

; dclosest

N\

X

bm?2

healthy patients before diet

diseased patients before diet

patient before diet

patient after diet



DietScore definition

bm1 healthy patients before diet

’t * * diseased patients before diet

/ dclosest

patient before diet

’ patient after diet

bm?2



DietScore definition

bm1 healthy patients before diet

1 { * diseased patients before diet

dclosest

patient before diet

* patient after diet

bm?2



DietScore definition

bm1 healthy patients before diet

’t * * diseased patients before diet

dclosest \
v patient before diet

* patient after diet

bm?2



DietScore definition

bm1 , healthy patients before diet

’t * * diseased patients before diet

’ dclosest *
‘ patient after diet

bm?2



DietScore definition X %

dclosest ? *
\4

, 1 closest,,,
Diet,_ = Z ey (1)

score

n patients patient 1+ dc!osest

where d is the closest biomass distance to any of the n_.. =149 patients at the final time

closest

step of a msdFBA simulation and

patients

_|+1,if closest patientis healthy,
closesty gy, = [ B 1p s y

Diet = +1.0 , if all patients under diet end at a healthy patient

score

Diet =-1.0 , if all patients under diet end at a diseased patient

score



Time course of biomasses distances
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DietScore profiles for each patient (IBD study)

AverageEuropean  DACH GlutenFree  HighFatLowCarb  HighFiber HighProtein  Mediterranean TypeZDiabetes  Unhealthy

Vegan

Vegetarian
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DietScore
0.0 0.5
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DietScore distributions for IBD

3}

—_—

R S— _ —_— L R S— —_—

| \ I \ | | \ I [
HighFiber GlutenFree  Mediterranean DACH Type2Diabetes  HighProtein Vegan Vegetarian AverageEuropean Unhealthy HighFatLowCarb



DietScore distribution distances for IBD

Dietl Diet?2 g-value

Mediterranean GlutenFree 1.000000e+00
Type2Diabetes GlutenFree 1.000000e+00
Type2Diabetes Mediterranean 1.000000e+00
Vegetarian AverageEuropean 9.999999%e-01
Mediterranean DACH 9.999906e-01
GlutenFree DACH 9.999823e-01
Vegan HighProtein 9.999762e-01
HighFiber DACH 9.999452e-01
Type2Diabetes DACH 9.994632e-01
Mediterranean HighFiber 9.898656e-01
HighFiber GlutenFree 9.871803e-01
Unhealthy AverageEuropean 9.801268e-01
Type2Diabetes HighProtein 9.756104e-01
Type2Diabetes HighFiber 9.494194e-01
HighProtein GlutenFree 9.197859%e-01
Vegetarian Unhealthy 9.075000e-01
Mediterranean HighProtein 9.075000e-01
Vegan Type2Diabetes 7.706096e-01
HighProtein DACH 6.181543e-01
Vegan GlutenFree 6.053679%e-01
Vegan Mediterranean 5.797649%9e-01
Vegan DACH 2.476459%9e-01
HighProtein HighFiber 2.214467e-01
Vegetarian Vegan 8.463075e-02
Vegan HighFiber 5.097940e-02

similar diet pairs

Dietl Diet2 g-value

Vegan AverageEuropean 3.311465e-02
Vegetarian HighProtein 1.400984e-02
HighProtein AverageEuropean 4.169973e-03
Vegan Unhealthy 2.347788e-04
Vegetarian Typez2Diabetes 7.943436e-05
Vegetarian GlutenFree 2.016660e-05
Unhealthy HighProtein 1.973406e-05
Vegetarian Mediterranean 1.973406e-05
Type2Diabetes AverageEuropean 1.090171e-05
GlutenFree AverageEuropean 2.461366e-06
Mediterranean AverageEuropean 2.435656e-06
Vegetarian DACH 6.631672e-07
DACH AverageEuropean 6.433142e-08
Vegetarian HighFiber 6.081344e-09
Unhealthy Mediterranean 2.153218e-09
Unhealthy Type2Diabetes 1.705444e-09
HighFiber AverageEuropean 8.125022e-10
Unhealthy GlutenFree 4.419831e-10
Unhealthy DACH 1.242662e-11
Unhealthy HighFiber 5.817569e-14
Unhealthy HighFatLowCarb 1.887379e-15
HighFatLowCarb AverageEuropean 2.220446e-16
HighFatLowCarb DACH 2.220446e-16
HighFatLowCarb GlutenFree 2.220446e-16
HighFiber HighFatLowCarb 2.220446e-16
HighProtein HighFatLowCarb 2.220446e-16
Mediterranean HighFatLowCarb 2.220446e-16
Type2Diabetes HighFatLowCarb 2.220446e-16
Vegan HighFatLowCarb 2.220446e-16
Vegetarian HighFatLowCarb 2.220446e-16

different
diet pairs



Diets projected using DietScore distances for IBD
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Patient microbiotas for colorectal cancer

Article | 28 November 2014 OPEN ACCESS @ SOURCE DATA S?S%Eﬁglz;y IT Volume 10

. . . . Issue 11
Potential of fecal microbiota for early-stage detection oo S—
of colorectal cancer IN THIS ISSUE

Georg Zeller, Julien Tap, Anita Y Voigt, Shinichi Sunagawa, Jens Roat Kultima, Paul | Costea,

Aurélien Amiot, Jurgen Bohm, Francesco Brunetti, Nina Habermann, Rajna Hercog, Moritz Koch,
Alain Luciani, Daniel R Mende, Martin A Schneider, Petra Schrotz-King, Christophe Tournigand,

Jeanne Tran Van Nhieu, Takuji Yamada, Jirgen Zimmermann, Vladimir Benes, Matthias Kloor, GUT MICROBIOME PROFILING FOR CANCER DETECTION

Colorectal carcinoma Tumor-free

Cornelia M Ulrich, Magnus von Knebel Doeberitz, Iradj Sobhanil, Peer Bork &4

Author Information

Mol Syst Biol (2014) 10: 766 = https://doi.org/10.15252/msb.20145645 /.JJ :J
¢ N “: ) | |
MM FosT |}
LR Y Metagenomics h
ETTETEE Metagenomics ‘g
ittt o
0 02 04 06 08 10 0 02 04 Of r

Detection rate (sensitivity) False positive rate

=> 141 patient samples mapped to 167 AGORA
species
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DietScore distribution distances for CRC

Dietl Diet?2 g-value

Vegan AverageEuropean 1.000000e+00
Vegetarian Type2Diabetes 9.999999%e-01
Mediterranean HighFiber 9.999970e-01
Vegetarian GlutenFree 9.999692e-01
Type2Diabetes GlutenFree 9.985670e-01
HighProtein DACH 9.985670e-01
Vegan Unhealthy 5.377574e-01
Type2Diabetes HighProtein 4.110011e-01
Unhealthy AverageEuropean 3.391787e-01
Mediterranean DACH 2.865635e-01
Vegetarian HighProtein 2.285077e-01
HighFiber DACH 9.856680e-02
Type2Diabetes DACH 5.104035e-02
HighProtein GlutenFree 5.104035e-02

similar diet pairs

Dietl Diet2 g-value

Mediterranean HighProtein 2.683671e-02
Vegetarian DACH 1.901759e-02
HighProtein HighFiber 5.319388e-03
GlutenFree AverageEuropean 4.302050e-03
GlutenFree DACH 2.111175e-03
Vegan GlutenFree 1.411617e-03
Vegetarian AverageEuropean 4.003242e-04
Vegetarian Vegan 1.155049e-04
Type2Diabetes AverageEuropean 7.296435e-05
Vegan Type2Diabetes 2.224698e-05
Type2Diabetes Mediterranean 1.652751e-06
Type2Diabetes HighFiber 3.429058e-08
Unhealthy GlutenFree 2.055316e-08
Vegetarian Mediterranean 4.437701e-08
Vegetarian HighFiber 9.484192e-09
Unhealthy HighFatLowCarb 5.485842e-09
Mediterranean GlutenFree 5.207108e-10
Vegetarian Unhealthy 1.150431e-10
HighProtein AverageEuropean 4.622391e-11
HighFiber GlutenFree 2.349831e-11
Unhealthy Type2Diabetes 3.979927e-12
Vegan HighProtein 1.246003e-12
DACH AverageEuropean 1.276756e-14
Vegan DACH 1.332268e-15
HighFatLowCarb AverageEuropean 2.220446e-16
HighFiber AverageEuropean 2.220446e-16
Mediterranean AverageEuropean 2.220446e-16
HighFatLowCarb DACH 2.220446e-16
Unhealthy DACH 2.220446e-16
HighFatLowCarb GlutenFree 2.220446e-16
HighFiber HighFatLowCarb 2.220446e-16
HighProtein HighFatLowCarb 2.220446e-16
Mediterranean HighFatLowCarb 2.220446e-16
Type2Diabetes HighFatLowCarb 2.220446e-16
Vegan HighFatLowCarb 4.440892e-16
Vegetarian HighFatLowCarb 2.220446e-16
Unhealthy HighFiber 2.220446e-16
Vegan HighFiber 2.220446e-16
Unhealthy HighProtein 2.220446e-16
Unhealthy Mediterranean 2.220446e-16
Vegan Mediterranean 2.220446e-16

different
diet pairs



Diets projected using DietScore distances for CRC

Mediterranean HighFiber
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Microbiome simulation extensions

add other microbiome related diseases (obesity, depression, liver cancer,...)

online tool to generate patient msDFBA profiles

extend to whole body metabolic models: Harvey & Harvetta

)| HepatoNet1 }—

RGCOI’I? Recon2 Recon2.04 Recon3D
_. FUUN Recon2.1 Recon2.2
EHUN . ey O
} l HMR database I HarvettaQ
vi V2
I
2007 2009 2011 2013 2015 2017

Figure from:

Recon4imd

“infant”
Harvey&
Harvetta


https://www.degruyter.com/view/j/jib.2019.16.issue-1/jib-2018-0068/jib-2018-0068.xml
https://www.degruyter.com/view/j/jib.2019.16.issue-1/jib-2018-0068/jib-2018-0068.xml

When metabolism meets physiology: Harvey and

Harvetta
O | ORGANS SEX BLOOD CELLS

Adipose SPECIFIC B-cells
tissue Pancreas Q d CD4+ T-cells
Adrenal  Parathyroid BreastTestis  \on ocytes
gland gland Prostat  \otural killer
Brain Retina Cervix e BRI
Colon Skin Ovary platelet
Gallbladder Small intestine  Uterus
Heart Spinal cord Red blood cel
Kidney Spleen
Liver Stomach
Lung Thyroid gland

Urinary

Muscle bladder

Ines Thiele, Swagatika Sahoo, Aimut Heinken, Laurent Heirendt, Maike K. Aurich, Alberto
Noronha, Ronan M. T. Fleming, doi: https://doi.org/10.1101/255885




Der MenschalsIndustriepalast | =~ _ _
, Visualizations by Fritz Kahn from 1922 coming to

life
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https://www.fritz-kahn.com/about/

selection pressure results in optimal
performance through evolutionary process.

This optimal performance can be predicted
using /n-silico modeling.

e =
S ———
nicellular ' an iterative -

re whose objective function maximizes the
organisms ability to survive and proliferate. If given enough time
(iterations) a local maxima is struck....
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Unidirectional vs. Bidirectional Models

Unidirectional context Bidirectional context
Build representation incrementally Words can “see themselves”
open a bank open a bank
f I ! ! f f
Layer 2 > Layer 2 > Layer 2 Layer 2 ) .| Layer2 b . Layer 2
Layer 2 > Layer 2 > Layer 2 Layer 2 A .| Layer2 B .| Layer2
T ! I I f f

<s> open a <s> open a



Model Architecture

Transformer encoder

Multi-headed self attention

O

Models context

Feed-forward layers

O

Computes non-linear hierarchical features

Layer norm and residuals

O

Makes training deep networks healthy

Positional embeddings

@)

Allows model to learn relative positioning

Feed
Forward
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Nx | —(7Add & Norm )
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Multi-Head
Attention
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Multi-Head Attention
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Encoding
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Input
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Use the output of the _01% | Aardvark

masked word’s position
to predict the masked word

Possible classes:
All English words | 10% | Improvisation

0% Zyzzyva

t
FFNN + Softmax
1] 21 3] 4 5T 6 7. 8 ¢ 595}
r P
® o
BERT
Randomly mask 7 ceo )
15% of tokens T ool sl ol st el o e st2]

[CLS] Let's stick to [MASK] in this skit

Input rtr 1ttt 11

[CLS] lLets  stick to improvisation in this skit



2 - Supervised training on a specific task with a

1 - Semi-supervised training on large amounts
labeled dataset.

of text (books, wikipedia..etc).

The model is trained on a certain task that enables it to grasp Supervised Learning Step

patterns in language. By the end of the training process, ”~ — N — —
BERT has language-processing abilities capable of empowering _ \
many models we later need to build and train in a supervised way. [ cisesitian } 75% Spam
' — |
25% | Not Spam

Semi-supervised Learning Step

I

"

I - & e s
| Model: '

Model: (pre-trained

C— bl Zoo g
I Class
I Dataset: g Buy these pills Spam
W}.‘ﬂfﬁﬂ'ﬁ} I Dataset: Win cash prizes Spam
. ) Predict the masked word Dear Mr. Atreides, please find attached... Not Spam
Objective: , , \
(langauge modeling) l

BERT was trained on Wikipedia (~2.5B words) and Google’s BooksCorpus (~800M words).
These large informational datasets contributed to BERT’s deep knowledge not only of the English language but also of our world



Motivation

Publications per Year

2000000
1500000

1000000

Publications

500000

1980 1990 2000 2010 2020

Year

More than 2 articles published in biomedical journals every minute!

e Make sure this knowledge is used to the benefit of patients
o Need to make it accessible to biomedical experts
Automated answering of questions based on semantics

= (=) . . . : L
Eﬁi encharking these systems can achieve a multiplying effect 126



Big

BioASQ: Biomedical Semantic Indexing and Question Answering

- BioASQ initiated 2012 an annual challenge on biomedical semantic
indexing and question answering (QA).

e Participants are required to compose informative answers to biomedical
natural language questions.

e Includes tasks on question answering, summarization, entity detection,
and more

e Funded by the EU and co-organized by several research institutions and
companies

® Provides benchmark datasets, evaluation metrics, and prizes

e Attracts participants from various domains, such as NLP, ML, IR, and
bioinformatics

® The best indexing system is now used by NIH to assign MeSHterms
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&
BIoACO
BioASQ Dataset

The development dataset consists of biomedical questions in English, along
with their gold concepts, articles, snippets, RDF triples, "exact" answers,
and "ideal" answers in JSON format

Questions per Year

6000

5046

4719
4234
4000 Sz
3243
2747
2251
1799

2000
1307

310

2014 2005 26 2017 2018 2019 2020 2020 2022 2023 2024
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Question-Answer pairs example

Question Answering models can retrieve the answer to a question from a given
text, which is useful for searching for an answer in a document.

Question

Can losartan reduce
brain atrophy in
Alzheimer’s disease?

Context
12 months of treatment with losartan
was well tolerated but was not
effective in reducing the rate of brain
atrophy in individuals with clinically
diagnosed mild-to-moderate
Alzheimer’s disease. [PMID:
34687634]

'ALEXANDER FLEMING"

Answer

No
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General Question Answering System

Question

Can losartan reduce
brain atrophy in
Alzheimer’s disease?

Document
Retriever

7
/
/

/
// Question Answering

Document
Reader

Answer

No. 12 months of
treatment with
losartan was well
tolerated but was not
effective in reducing
the rate of brain
atrophy in
individuals with
clinically diagnosed
mild-to-moderate

__Alzheimer’s disease

Reader returns
the highest rated

content

3 Q 4
;/—oystem
/
/
/
/
/
/
P N Retriever returns _
G o 3 the top N Each candlldate
L 4 documents most || documentis fed
WIKIPEDIA relevant to the to the reader
s question
Publffed
Corpus of
documents
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Using Transformers

e groundbreaking algorithm pushing the state of the art in many areas
e used in many applications like machine language translation, conversational chatbots, better
search engines, image annotation and is the key algorithm for Alphafold2

£ B
Who H Who H
discovered Encoder El discovered El Decoder
penicillin? El penicillin? El
< 4
[z=s] CTT]
GO g|€ Alexander Fleming

& OpenAT

Bidirectional Encoder Representations from Transformers (BERT)

Generative Pre-trained Transformer (GPT)

"ALEXANDER FLEMING" 131
Biomedical Sciences Research Center



Attention in Transformers

Attention Is All You Need

Ashish Vaswani®
Google Brain
avaswanitgeegle.con

Llion Jones*
Google Research
1licnfigoogle . con

Noam Shazeer® Niki Parmar® Jakob Uszkoreit”

Google Brain Google Research ~ Google Rescarch
neamégoogle.com  mikipdgoogle.com uszdgeegle.com

Aidan N. Gomez® |
University of Toronto
aidanfcs. toronto.edu

Lukasz Kaiser®
Goagle Brain
lukaszkaizerfigoogle. con

1llia Polosukhin® *
111ia. polosukhinfigmail . com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer.
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being mose parallelizable and requiring significantly
less time to train. Our model achicves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41 8 after
training for 3.5 days on eight GPUs. a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

Equal & andoen. Jakob proposed replacing RNNs with self-aneation and stanted
the effort 1o evaluate this .um Ashish, with lllia, designed and implemented the first Transformer maodels and
has been mn.m\ nm.md. every aspect of this work. Noam proposed scaled dot-product attention, multi-head
attention and the ~free position representation and hecame the other peeson involved in nearly every
detail. Niki dnlg\hd nted, wned and evaluated countless model var
tensortensor. Lion also experimented with novel model variants, was respos
efficient inference and visualizati
implementing tensoriensor. replacing our earier codebase.
our research.

" Wark performed while at Google Brain.
"Work performed while at Google Research.

really improving results and massively occelerating

315t Conference o Neural Information Processing Systems (NIPS 2007), Loag Beach, CA, USA

Cross_
the_
street_
because_
it_

was

too

tire

The_
animal_
didn_

Cross_
the_
street_
because_
it_

was_
too_

tire

Attention mechanism can detect all relations in input sequences
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Transformer models

1. BERT
Bidirectional Encoder Representations from Transformers, 2018

BERT was trained on Wikipedia (~2.5B words) and Google’s BooksCorpus
(~800M words).

These large informational datasets contributed to BERT’s deep knowledge
not only of the English language but also of our world

Ksp Mask LM Mask LM \
e as *

e Masked Language Model ). . o
e Next Sentence Prediction 2

e Transfer learning =], [&leal=]. [&]
— L L LI o e
Masked Sentence A Masked Sentence B

N Menmcars

Unlabeled Sentence A and B Pair

Pre-training

=> Finetune to final task
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1. ELECTRA

Efficiently Learning an Encoder that Classifies Token Replacements Accurately

(K. Clark et al. 2020)

sample
the —> [MASK] —> -->» the —> —> original
chef — chef —> chef —> —> original
cooked —> [MASK] —> c(;tsgii;ﬁ;zr L->» ate —> DZTEtl:_rérgl_li_rll;;\t)or —> reflaced
the —» the —»| Small MLM) the —> —> original
meal — meal —> meal —> —> original
2. ALBERT
(Z. Lan et al. 2020)
* Factorized embedding parameterization | speed
* Cross-layer parameter sharing |
* Inter-sentence coherence loss / Sentence order prediction (SOP): performance

1.+ 2. = ELECTR-A-LBERT = ELECTROLBERT

134
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Question-Answer pairs in real abstracts

Coherence detected by sentence order prediction (SOP)
facilitates answer identification. The topic-shift detection obtained with next sentence prediction (NSP)
is less specific.

PMID '
Question Answer

34884907
Neurogenic Inflammation in the Context of Endometriosis-What Do We Know? Endometrio-
sis (EM) is an estrogen-dependent disease characterized by the presence of epithelial, stro-
mal, and smooth muscle cells outside the uterine cavity.

34894155
The question to ask is, is this prescribed load regimen congruent with Wolff’s law, and does
it provide an adequate mechanical stimulus to maintain the functional health of periodontal
complex? This question was answered by studying the effects of mice chewing on soft food
(SF) and hard food (HF) while undergoing experimental tooth movement (ETM).

34893939

Will Artificial Intelligence (Al) re-humanize or de-humanize medicine? As Al becomes per-
vasive in clinical medicine, we argue that the ethical framework that sustains a responsible
implementation of such technologies should be reconsidered.

Coherent scientific text has a semantic flow, each sentence builds upon the previous

135



ELECTROLBERT Architecture

Generator

candidate
abstracts

infrequent

words +
docs

Phase 1: Retrieval
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Biomedical Sciences Research Center

L J

Discriminator

: g — | consecutive

\ P || swapped
o\

d

g —*| relevant

u

g = | irrelevant

n

t

v =] “Yes"

e

.,'5 —_ "NDI

N

o
Phase 2: Ranking

pretraininig

finetuning /
classification
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Evaluation: Mean Average Precision (MAP)
Mean Average Precision(mAP) is the current benchmark metric used by

the computer vision research community to evaluate the robustness of
Confusion Matrix

Actual

Positive Negative

. True False
Positive . e
o Positive Positive
@
ks
o
g
o . False True
Negative i b
Negative Negative

e (Calculate the confusion matrix—TP, FP, TN, FN.
e (Calculate the precision and recall metrics.

|| G 0 P) P+FN)
AP = Lr=! Eé’ )~ relir) MAP = = . " AP;
il
. “’IUU\JUIU (9 | I|\I {i|vulu3\.l pr( !-' ]'
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ELECTROLBERT performance in BioASQ10, 2022

"ALEXANDER FLEMING"

Biomedical Sciences Research Center

Document relevance and “yes/no” task. For documents, the mean
average precision (MAP) is used for evaluation.

documents “yes/no” type questions
BioASQ submission final system
batch | MAP per team rank | MAP per team rank | accuracy per team rank
1 0.1121 7 0.3649 5 - =
2 0.1632 9 0.3090 5 = =
3 0.3209 8 0.3666 6 0.76 10
4 0.3101 6 0.3140 6 0.75 11
5 0.3242 4 0.3242 4 0.6429 10
6 0.0977 3 0.0977 3 1.0 1

“Batch 6 consisted of questions posed by new biomedical experts interested in material and answers that can be
automatically provided by state-of-the-art IR and QA systems. It is not part of the official evaluation.

More details at http://ceur-ws.org/Vol-3180/paper-24.pdf
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Generative Adversarial Networks (GANSs)

Real Face

Generator

Deconvolutional Network (DN)

Generated Face

Random noise
\

"ALEXANDER FLEMING"
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Sampling ﬁ
> —

by

TIXIXIX]

_.._

Discriminator

Deep Convolutional Network (DCN)

— Real or Fake ?
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GANBERT

Why to use GANBERT?

* In the era of information overload, answering questions accurately is
crucial.

* Obtaining high-quality annotated data is expensive

* Fine-tuning of pretrained Large Language Models (LLM) helps, but risks
overfitting

* Semi-supervised technique enhances generalization capabilities using
extensive unlabeled text data, expanding LLM scope to handle alternative
semantic formulations

"ALEXANDER FLEMING" 146
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GANs

How does it work?

* GANBERT extends BERT by incorporating unlabeled data within a
Generative Adversial Network (GAN) framework

* Works by pitting two neural networks against each other

* generator (G) is trained to produce internal BERT representations
resembling the distribution of unlabeled data

 discriminator (D) learns to distinguish between generator samples and
real instar

"ALEXANDER FLEMING" 147
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Image based on https://www.freepik.com/premium-vector/ & https://www.clipartmax
.com/
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GANBERT Architecture

noise —
yo—_— = = — — relevant
real data
| ] non-relevant
Q N
| 'R is real ~
| | U
| Q
— NR
\ _ _ _ _ _ _

|:| R = relevant 4‘ F =fake

D NR = non-relevant D U = unlabeled
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GANBERT hyperparameter optimization

Model LR SLEN LABEL_MASK Unlabeled set Noise generation M APp1203 MAPy,
BERT 2e — 6 200 - - - 0.316p 0.2231
GANBERT 2e — 6 200 0.02 BioASQ10 uniform[0,1] 0.3468 0.2279
? SLENprcqict = 200 ” ” ” » » 0.3458 0.2223
» SLENpredict = 150 ” ” ” » » 0.3456b 0.2262
» » 175 » " ” 0.345P 0.2166
” ” 225 ” ” " 0.33683 0.2152
” ” 200 0.01 ” ” 0.3396 0.2301
” ” ” 0.05 ” ” 0.3380 0.2181
” le — 6 ” 0.02 ” ” O.SQSE 0.2066
” 5e — 6 » ” ” » 0.333 0.2200
” 2¢ — 6 ” ? BioASQ10+4+BoolQ uniform[0,1] 0.331p 0.2166
” ” ” ” BioASQ10 uniform|[-1,1] 0.3333 0.2214
” ? ? ? » normal[0,1] 0.3289 0.2220
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ELECTROLBERT & GANBERT performance in BioASQ11, 2023

batch ‘ MAP system per team rank model details
1 0.4590 bioinfo-0 1
0.3875 ELECTROLBERT-2,3 4 base model, SLEN . ogicq = 200, ndocs = 11500
0.3732 ELECTROLBERT-0,1 4 base model, SLEN,,.cgict = 250, ndocs = 11500
2 0.3852 bioinfo-4 1
0.3252 ELECTROLBERT-2 4 base model, SLENp,qgier = 175, ndocs = 6750
0.2942 ELECTROLBERT-0 4 base model, SLEN,,,.ogict = 250, ndocs = 6750
0.2781 ELECTROLBERT-3 4 base model, SLENp.cgict = 275, ndocs = 6750
0.2513 ELECTROLBERT-1 4 Query expansion using Roccio’s methond
base model, SLENpT'Edu:t = 400, ndocs = 300
3 0.3185 dmiip2 1
0.2502 ELECTROLBERT-0 4 base model, SLEN o gie; = 175, ndocs = 60
0.2336 ELECTROLBERT-4 4 base model, SLEN,,, ogict = 175, ndocs = 16
0.2326 ELECTROLBERT-2 4 large model, SLEN,, cgict = 200, ndocs = 13
0.2296 ELECTROLBERT-1 4 base model, SLEN o gie; = 150, ndocs = 300
0.2261 ELECTROLBERT-3 4 large model, SLEN,, cqict = 150, ndocs = 11
4 0.3224 dmiip3 1
0.2279 ELECTROLBERT-1 3 GANBERT4, SLEN,, ogic; = 175, ndocs = 10
0.2271 ELECTROLBERT—4 3 GANBERT3, SLEN,,..qict = 175, ndocs = 10
0.2242 ELECTROLBERT-3 3 GANBERT2, SLENp,.cgict = 175, ndocs = 11
0.2147  ELECTROLBERT-2 3 GANBERT1, SLEN,, gict = 175, ndocs = 16
0.1849 ELECTROLBERT-0 3 base model, SLEN,,,..gict = 175, ndocs = 60

"ALEXANDER FLEMING"

Biomedical Sciences Research Center

Base model: embedding size 768

Large model: embedding size 1024

pretrained for 30 million steps

GANBERT: finetuning for ~50K steps
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Computational resources

GPU computations were offered by HYPATIA, the Cloud infrastructure
that supports the computational needs of the Greek ELIXIR community

NP

eli xir

\ GREECE

==——— W
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https://www.ebi.ac.uk/training/on-demand?query=single%20cell&domain=ebiw... @ < ¢ ¢

ilomics @@ bio

BB dev B med BB etc BB cs @@ phys @B tools

EMBL-EBI Training > On-demand training Login Register

may be.

Refine

Type

[] Course materials (18)
[] Recorded webinar (7)
[] Online tutorial (33)
Duration

[] Less than 1 hour (10)
[] 1 to 3 hours (27)

[ More than 3 hours (3)

On-demand training

Discover our online tutorials and webinar library, designed and
delivered by EMBL-EBI experts and our wider training faculty.
Openly accessible and available whenever you need them -
enabling you to learn flexibly at your own pace, wherever you

We also offer live training

s e | m

Showing 1 - 10 out of 58 results for single cell in on-demand training

COURSE MATERIALS
Single-cell RNA-seq and network analysis using Galaxy and Cytoscape

These materials include those from the course Single-cell RNA-seq & network analysis using Galaxy and Cytoscape,
which ran in April 2021. The materials utilise Galaxy pipelines, an...

RECORDED WEBINAR
Life cell by cell: Introduction to Single Cell Expression Atlas

Explore gene expression profiles across various species and conditions at single cell resolution. Single Cell Expression
Atlas (SCEA) is an open resource committed to making the information from...

COURSE MATERIALS
Single-cell RNA-seq analysis using Galaxy

The 'Single-cell RNA-seq analysis using Galaxy' course, which focused on the droplet-based scRNA-seq analysis pipelines
from raw reads to trajectories, for mammalian and plant genomes, ran in March...

RECORDED WEBINAR
Single cell RNA-seq analysis using a Galaxy interface

In this webinar, we will look at a Galaxy interface for single cell analysis. Specifically, we will run Scanpy (which would
otherwise require Python programming skills) to analyse a Drop-seq dataset...

COURSE MATERIALS
Single-cell RNA-seq analysis using R

This set of materials includes those from the 2022 course Single-Cell RNA-seq Analysis using R; it covers the analysis of
scRNA-seq data using R and command line tools. Lectures and practical...

RECORDED WEBINAR
Identifying tumor cells at the single cell level through machine learning

Tumours are highly complex tissues composed of cancerous cells, surrounded by a heterogeneous cellular
microenvironment. A tumor’s response to treatments is governed by an interaction of the cancer...
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@ https://www.biostars.org/?limit=year&order=views

BB metabolomics B bio @@ dev B med MM etc @@ cs M@ phys B tools

= Latest @ Open = Jobs ©® Tutorials ® Tags © About & FAQ
ﬁ(‘" ‘ \ 5 Py >
@ Biostars ¢ @
ki X
44235 '
N2 BIOINFORMATICS EXPLAINED ~ COmmunity P Mlevelas
Q
ﬁ Limit:this year ~ « 22,271 rESUIIS . Page 1 Of 446 » @ Sort: Views -
226 BEIM 279k Gene ld Conversion Tool
votes replies views mapping' conversion
33 follow
updated 4 months ago by Ram * 37k = written 13.2 years ago by Renee a 620
266 BPLM 242k How To Filter Mapped Reads With Samtools

votes replies views
25 follow

samtools

updated 27 days ago by Ram * 37k = written 10.1 years ago by sohadb1357 a 610

317 BCHI 208k Tools To Calculate Average Coverage For A Bam File?
votes replies views
57 follow

coverage | bam| sequencing

updated 12 weeks ago by Ram " 37k = written 11.9 years ago by Biomed ’ 4.8k
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expression

A Answer: Merging
columns from multiple files
and adding headers- Linux

ol Answer: Is a "transcript
annotation” different from a
"genome annotation?"
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A A: Sequence length from
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s A: Sequence length from
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@ https://www.biostarhandbook.com

G < * ¢ R

Bm it BB metabolomics @ bio BB dev BB med BB etc B cs BB phys BB tools

Book Home: The Biostar Handb...

Welcome to the Biostar Handbook
About the author

Why bioinformatics?

What is bioinformatics?

Biology for bioinformaticians

How is bioinformatics practiced?
How to solve it

How not to waste your time

1. How to set up your computer
2. How to initialize the terminal

3. How to install software

4. How to manage environments
5. How to choose a text editor

6. How to fix problems

7. Step-by-step installation

8. Installing on a computer cluster
9. Install R and RStudio
Introduction to Unix

The Unix bootcamp

-

The Biostar Handbook: 2nd Edition

Welcome to the Biostar Handbook

Last updated on December 13, 2022, ISBN: 978-0-578-80435-4

The Biostar Handbook introduces readers to bioinformatics, the scientific
discipline at the intersection of biology, computer science, and statistical data
analytics dedicated to the digital processing of genomic information.

The Biostar Handbook has been developed, improved and refined over more
than a half decade in a research university setting while used in an accredited
Ph.D. level training program. The contents of this book have provided the
analytical foundation to thousands of students, many of whom have become full- |
time bioinformaticians and work at the most innovative companies in the world.

The Biostar Handbook Collection ' -

The Biostar Handbook is being reworked into separate, more manageable volumes of study.

» The Biostar Handbook - An introduction to Bioinformatics as a scientific field.

« The Art of Bioinformatics Scripting - Learn advanced Unix and Bash scripting skills.
RNA-Seq by Example - Master RNA-Seq data analysis.

e Corona Virus Genome Analysis - Advanced topics devoted to the study of the Corona Virus.
Biostar Workflows - Create automated bioinformatics workflows

Access to new books and new content is included with your subscription!

a— T ;.- \t T I!‘ 1 o ﬂ=_ » v &
¥ ok > 8
%SSTAH‘ Blnlnfurmstics DNH-SEU > WV':‘US ‘ ; ' b
# HANDBOOK BY EXAMPLE BIOSTAR
" 5 ity o~ Analysis HORKFLOWS
@“ © BAfke se=s seswe
The Biostar Bioinformatics RNA-Seq by Corona Virus Biostar
Handbook Serinting Fyvamnbple Cenome Analveic Woaorkflowe



Pick a paper to present on 13+20 January

Paper

sourcelyear

Presented by (pls enter your
name in a free field)

O 0 N O U W N

NN NDNNMNNMDNNNPRPRPE R RP BRP =P =R
0 N UL B WNEP O O NDJ s WN PP O

The nature of the last universal common ancestor and its impact on the early Earth system (with overview of method paper IQ-TREE 2)
RiNALMo: general-purpose RNA language models can generalize well on structure prediction tasks

Learning the natural history of human disease with generative transformers

Metabolic modeling elucidates phenformin and atpenin A5 as broad-spectrum antiviral drugs against RNA viruses

Systematic benchmark of state-of-the-art variant calling pipelines identifies major factors affecting accuracy of coding sequence variant discovery
A universal snp and small-indel variant caller using deep neural networks

Protocol for unbiased, consolidated variant calling from whole exome sequencing data

Quality assessment of RNA 3D structure models using deep learning and intermediate 2D maps

Scaling Large Language Models for Next-Generation Single-Cell Analysis

Continuous Thought Machines

Lyra: An Efficient and Expressive Subquadratic Architecture for Modeling Biological Sequences

Titans: Learning to Memorize at Test Time

Biomolecular dynamics with machine-learned quantum-mechanical force fields trained on diverse chemical fragments
Discriminating physiological from non-physiological interfaces in structures of protein complexes: a community-wide study

A Survey of Large Language Models for Healthcare: from Data, Technology, and Applications to Accountability and Ethics
SCBERT as a large-scale pretrained deep language model for cell type annotation of single-cell RNA-seq data

Accelerating science with human-aware artificial intelligence

Integrating end-to-end learning with deep geometrical potentials for ab initio RNA structure prediction

Pairing a high-resolution statistical potential with a nucleobase-centric sampling algorithm for improving RNA model refinement
Accurate structure prediction of biomolecular interactions with AlphaFold 3

A Survey on Transformers in Reinforcement Learning

Antibody-Antigen Docking and Design via Hierarchical Equivariant Refinement

A self-supervised deep learning method for data-efficient training in genomics

Data-driven discovery of innate immunomodulators via machine learning-guided high throughput screening

Simulating 500 million years of evolution with a language model

Broadly applicable and accurate protein design by integrating structure prediction networks and diffusion generative models

Predicting structures of large protein assemblies using combinatorial assembly algorithm and AlphaFold2

Unifying Large Language Models and Knowledge Graphs: A Roadmap

https://tinyurl.com/35ka9bmz

Nature Ecology & Evolution 2024
Nature Communications 2025
Nature 2025

Communications Biology 2025
BMC Genomics. 2022

Nat Biotechnol. 2018

STAR Protocols 2022

bioRxiv 2025

bioRxiv 2025

arXiv 2025

arXiv 2025

arXiv 2025

Science Advances 2024
Proteomics 2023

Proc of IEEE 2023

Nature Machine Intelligence 2022
Nature Human Behaviour 2023
Nature Communications 2023
Nature Comm. 2021

Nature 2024

Machine Learning Research 2023
ICML 2022

Communications Biology 2023
Chemical Science 2023

bioRxiv 2024

bioRxiv 2023

bioRxiv 2023

arXiv 2023
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Seasons greetings with some deep bioinformatics...

MACHINE
LEARNING

https://kingteeshops.com/product/artificial-intelligence-machine-learning-christmas-tree-t-shirt/
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