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Pathway Analysis Workflow »
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= Galaxy-SynBioCAD

Reaction USPTO
database MetaNetX
a target w
molecule ’
styrene
Available
molecules
Available

molecules in
a host strain

* Carbonell et al. BMC Sys. Biol, 2011

* Carbonell et al Nucleic Acids Res, 2014
* Delepine et al. Metabolic Eng., 2018

* Duigou et al., Nucleic Acids Res., 2019
* Koch et al. ACS Synth Biol, 2020

Retrosynthesis Workflow »

Multi-Step Retrosynthesis
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= Galaxy-SynBioCAD

SMARTS

MetaNetX
RRules Parser(retro, d=
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’ " O v
& Target to » 14','16']) (csv, tar)
Styfene produce

output (text)

/ Pick SBML
Model

Retrosynthesis Workflow »
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/# Complete
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[ RP2paths (Compounds)
) RP2paths compounds

) RetroPath2.0 metabolic
network

&3

Pick SBML Model -
iML1515 (xml)

Available
molecules in
a host strain

Nucleic Acids Research

RetroRules: a database of reaction rules for
engineering biology 3
Thomas Duigou, Melchior du Lac, Pablo Carbonell, Jean-Loup Faulon

Nucleic Acids Research, Volume 47, Issue D1, 08 January 2019, Pages D1229-D1235,
https://doi.org/10.1093/nar/gky940

) Sink from SBML

Complete Reactions
(input)

Metabolic Engineering
Volume 45, January 2018, Pages 158-170

RetroPath2.0: A retrosynthesis workflow for
metabolic engineers

Baudoin Delépine b & 1 Thomas Duigou & !, Pablo Carbonell ¢, Jean-Loup Faulon > > ¢4 2 &

Breadth First — Template Based
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= Galaxy-SynBioCAD Pathway Analysis Workflow »

eoe M @ ¢ © h + ©

4
\ ="1.6644333828047877"
T ="mmol/gDW/hour"

[ Heterologous O

pathways
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BMC Systems Biology

S .
PLOS COMPUTATIONAL BIOLOGY

Consistent Estimation of Gibbs Energy Using Component
COBRApy: COnstraints-Based Reconstruction and Contributions
Analysis for Python m s e @ e reeE

Ali Ebrahim, Joshua A Lerman, Bernhard O Palsson & Daniel R Hyduke &

Software | Open Access | Published: 08 August 2013

BMC Systems Biology 7, Article number: 74 (2013) | Cite this article
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= Galaxy-SynBioCAD

Pathway Analysis Workflow »

[ Heterologous O

pathways

1.1.1237)

output (input)

[ Chassiswhere © X
to produce target from

output (input)

& Cell
compartment ID

output (text)

# Biomass 0 x
reaction ID

output (text)

BMC Systems Biology
I

Software

Open Access | Published: 08 August 2013

COBRApy: COnstraints-Based Reconstruction and

Analysis for Python

Al Ebrahim, Joshua A Lerman, Bernhard O Palsson & Daniel R Hyduke &

BMC Systems Biology 7, Article number: 74 (2013) | Cite this article
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S

Nucleic Acids Research

XTMS: pathway design in an eXTended metabolic
space 3

Pablo Carbonell &, Pierre Parutto, Joan Herisson, Shashi Bhushan Pandit,
Jean-Loup Faulon &=

Nucleic Acids Research, Volume 42, Issue W1, 1 July 2014, Pages W389-W3%4,  phenylpyruvic acid
https://doi.org/10.1093/nar/gku362
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= Galaxy-SynBioCAD

Genetic Design Workflow »
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OptBioDes: optimal design for the SynBio toolchain
P. Carbonell, R. Breitling, J.-L. Faulon, and the SYNBIOCHEM team
IWBDA, Cambridge (UK), 2019

Selenzyme: enzyme selection tool for pathway
design 3

Pablo Carbonell &, Jerry Wong, Neil Swainston, Eriko Takano, Nicholas J Turner,
Nigel S Scrutton, Douglas B Kell, Rainer Breitling, Jean-Loup Faulon

Bioinformatics, Volume 34, Issue 12, 15 June 2018, Pages 2153-2154,
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PartsGenie: an integrated tool for optimizing and

sharing synthetic biology parts @

Neil Swainston &, Mark Dunstan, Adrian J Jervis, Christopher J Robinson,
Pablo Carbonell, Alan R Williams, Jean-Loup Faulon, Nigel S Scrutton, Douglas B Kell

Bioinformatics, Volume 34, Issue 13, 01 July 2018, Pages 2327-2329,
DNA-Weaver: optimal DNA assembly
strategies via supply networks and
shortest-path algorithms

V. Zulkower and S. Rosser
IWBDA, Cambridge (UK), 2019
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= Galaxy-SynBioCAD [ Genetic Design (BASIC) Workflow »

a ai
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Synthetic Biology, Volume 5, Issue 1, 2020, ysaa010,
and Geoff S. Baldwin*"' ynthetic Biology, Volu u y
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v Retrosynthesis

Benchmarking with lycopene production in E. coli

|CMPO I
MNXM11
MNXM
MNXM

Capap-ap]
Capap-ap]
Capai-ap]
Capap-ap]
Capgaj-ap]
Capap-ap]
Cajpap-ap]
Capap-ap]
Caipap-ap]

Varying promoter, RBS, gene order

v Pathway Analysis

v Genetic Design
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Benchmarking with literature and expert users

Compiled a list of 80 literature
pathways for various compounds and
strains

Run workflow of the same compounds
and strains, generated ~8000 pathways
Rank each pathway using the ML scored
trained on expert validation trial

83% (94%) success rate in retrieving the
literature pathways among the top 10
(50) workflow generated pathways
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ﬁ Galaxy Training! :&: Contributors D@ Languages ¥ ®Help ¥ ¥y Extras ¥ Q Search Tutorials

Synthetic B|o|ogy https://www.youtube.com/watch?v=B1gJKWOQOe1PU

Synthetic Biology is the engineering of biology : the deliberate (re)design and construction of novel biological and biologically based parts, devices and systems
to perform new functions for useful purposes, that draws on principles elucidated from biology and engineering. By applying these principles to living systems,
Synthetic Biology overcomes mimicry and optimisation-led research and introduces a rationale and systematic approach to the construction and (re)design.
Synthetic Biology is at the intersection of engineering, bioscience, chemistry, and information technology. The goal of synthetic biology is to extend or modify the
behavior of organisms and engineer them to perform new tasks. In this section, the tutorials shows how to design metabolic pathways for producing the desired
chemical targets.

You can view the tutorial materials in different languages by clicking the dropdown icon next to the slides (§&) and tutorial (&) buttons below.

Requirements

Before diving into this topic, we recommend you to have a look at:

¢ Introduction to Galaxy Analyses

Material Q X

Input
Lesson Slides Hands-on Recordings dataset Workflows
Introduction to Synthetic Biology & -
Designing plasmids encoding predicted pathways by using the BASIC assembly method v R W~ &} <
Generating theoretical possible pathways for the production of Lycopene in E.Coli using = B~ <

Retrosynthesis tools

Jean-Loup Faulon, October 2023 14


https://www.youtube.com/watch?v=B1qJKWOe1PU

SynBioCAD tools can be connected to many others in the ToolShed
ge A
3

GitHub - G a Iaxy

SynBioPython
DESIGN TOOLS SsTRAIN DESIGN
DATA AND ol oo = Tool Shed Nbr Tools
alaxy .
PROCESS MANAGMENT SynBiaCAD fg\ Systems Biology 41
ACTIVE LEARNING T —
4['DDD':]DDL
= Tool Shed Nbr Tools ——
Machine Learning 62 = Tool Shed Nbr Tools
Synthetic Biology 59
nature communications ROBOT DRIVERS
Explore content v  About the journal v  Publish with us v TEST DATA ACQUISITION

nature > pature communications > articles > article

Article | Open Access | Published: 29 August 2022 - ? Tool Shed Nbr TOOIS

The automated Galaxy-SynBioCAD pipeline for FJ Flow cytometry 45
synthetic biology design and engineering = (3 Proteomics 431
Joan Hérisson, Thomas Duigou, Melchior du Lac, Kenza Bazi-Kabbaj, Mahnaz Sabeti Azad, Gizem \l Meta bO|OmICS 171
Buldum, Qlivier Telle, Yorgo El Moubayed, Pablo Carbonell, Neil Swainston, Valentin Zulkower, 9 R

Manish Kushwaha, Geoff S, Baldwin & Jean-Loup Faulon &

Jean-Loup Faulon, October 2023 15



Active learning to optimize productivity in cell-free systems

Lysate-based cell-free systems (TXTL)

Cell extract

- Grow and lyse cells

- Prepare crude extract
- Add substrates and salts
- Add template

- Incubate

PP PPP

o &

gfactoa Salts

®0 4

Amino acids

0 DNA
@k to be expressed

Reference composition
SunZ.Z. etal. J. Vis. Exp. 2013

Component

Mg-glutamate (mM)

K-glutamate (mM)

Amino Acid (mM)
tRNA (mg/ml)
CoA (mM)

NAD (mM)

cAMP (mM)
Folinic Acid (mM)
Spermidine (mM)
3-PGA (mM)

NTP (mM)

Concentration

I - : e
.«
]
035 o045 075 s
002 = i wg.z
L_.,_-’:‘r-i‘::féf:?:;: : = |
0026 0078 013 (1026
0033- Il ties ?.33
—
0075 0225 0375 | 075
| == |
OGN 00204 o0+ N
0.1 03 o '
3 9 15 |30
045 o045 075 | 18

Combinatorial space = 41
=4 194 304 compositions

Can we improve protein
production without increasing the
price of cell-free reaction?

Can we provide efficient
predictions of protein production
in vitro?

Can we highlight the critical

parameters involve in protein
production in vitro?
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Active learning to optimize productivity in cell-free systems

* Set up an initial batch sampling the space of possible compositions

Intial training set
102 Compositions

Mg-glutamate
K-glutamate
Amino Acid
tRNA

CoA

NAD

cCAMP
Folinic Acid
Spermidine
3-PGA

NTP

Jean-Loup Faulon, October 2023 17



Active learning to optimize productivity in cell-free systems

* Set up an initial batch sampling the space of possible compositions
* Measure yield level though fluorescence

Intial training set
102 Compositions

Mg-glutamate
K-glutamate
Amino Acid
tRNA

CoA

NAD

cCAMP

Folinic Acid O/N
Spermidine ' GFP produced ~
3-PGA in 384 wells-plate

NTp aad e
\ // - G
=N/

Jean-Loup Faulon, October 2023 18



Active learning to optimize productivity in cell-free systems

* Set up an initial batch sampling the space of possible compositions
* Measure yield level though fluorescence
* Develop a Neural Network model predicting yield from composition

Cell-free components
dispensed in 384 wells-plate

Intial training set
102 Compositions

Mg-glutamate
K-glutamate
Amino Acid
tRNA

CoA

NAD

cCAMP

0

golinic :}cid GFP produced - O
permidine 25 models in 384 wel
3-PGA in wells-plate

-
NTP Q
DATA

: // - G
=/ 0
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Active learning to optimize productivity in cell-free systems

* Set up an initial batch sampling the space of possible compositions

* Measure yield level though fluorescence

* Develop a Neural Network model predicting yield from composition

* Use the model to predict the yield for each composition not yet tested

* Select next batch of compositions to be measured based on exploitation vs. exploration (UCB formula)
* Repeat

o ol
Intial training set —
102 Compositions r— INSTRUCTIONS =3

Mg-glutamate
K-glutamate
Amino Acid
tRNA

CoA

NAD

cCAMP

Folinic Acid

0
Spermidine /25 models
3-PGA

NTP Q
DATA ———

<
Active learning loop ' @
GFP produced ]/ oN

in 384 wells-plate

* UCB: Take the compositions having the top values u + V2 o, where /7is the mean predicted yield and o the standard dev
Picking high //values favor exploitation picking high o/ values favor exploration
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Active learning to optimize productivity in cell-free systems

354 ~3000 measurements 4 .
30 - Yield x 34 -~ e »
25 ] after 7 iterations I X o o A
.- . ® - :.o". AT a““.. "'
D 204 _-""“’ ‘5:‘?:{’:' a::'b ':0.::.!: e ey
2 cesmTT . S 3.5 T
>- 1 - —"——_‘ ° o’ 0. e ’.m q..‘o
° N e :e“q.“"z Bl Ve
10+ s aay 55 W P '
ST e i Se T
S5 -@- e Sl - ..
0 o S - S TN
1 2 3 4 5 6 7 8 9 10
Iteration
5-Fold cross validation Dependence between the yield
and the components concentration
< 1.0 ® 0.8
> 8 o) @)
& S 3 o |® .
s 5 0.8 5 0.6
3 2 5
© &5 0.6 £ 0.4 o®
= (@]
S B = o
33 0.4 § 0.2+ ®
T 5 2
(<))
== PO FOL L& xl
0.0 ST E IR XSS
12345678910 gi_,gv@\“ Qgﬁoqo*
Iteration ®

* Borkowski O, et al. Nature Communications, 11: 1872, 2020. Jean-Loup Faulon, October 2023 21



Active learning to optimize metabolic pathways in cell-free systems

co

1.0 « Crotonyl-CoA -—L» ethylmalonyl-CoA

methylsuccmyl CoA

D

4-hydroxybutyryl-CoA T fdh N
¥ ADP+P. b
@ o\ D
4-hydroxybutyrate - H.0 mesaconyl-CoA

NADP*
' 4
~

succinic

semialdehyde INADP. methylmalyl-CoA
'\m h ’ g y - . ml
SRR kat
succinyl- COA NaoP QLN ~—" propionyl-CoA glyoxylate
D L pco ]
\ o lm
hylmal I-CoA lyl-CoA -
methyimalonyito ‘_T— SEEES # ' glycolate
NADP*

co

Efficiency
([Glycolate]/[Enzis)

Day (round)

Pandi A., et al. Nature Communications, 13: 3876, 2022.

17 cycle’s
energy
regeneration
enzymes

10 cofactors,
including the
substrate
(propionyl-
CoA)

Initial training set
125 combinations

Cell-free components
dispensed in 384 wells-plate

(444844551
>
0
(=4
<
0
=
o
=
=
=)
(o]
5
o
°

- Glycolate Yield

Top 3 best
producers

6x more efficient than the best in
vitro CO,-fixing system described to
date (CETCH 5.4, Schwander et al.
Science 2016)

Control (CETCH5.4)

Randomly selected
producers
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Engineering metabolic and genetic networks in vitro (cell-free) and in vivo (E. coli)

s

Metabolic engineering Biosensor engineering Information processing
biocomputing
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Designing biosensing circuits

= Galaxy L
nature communications

Explore content v  About the journal v  Publish with us v

Detectable

nature > nature communications > articles > article
i > : o ’
Metabolites DB #inchiosnk 0 x
output (text) & © Source InChl
(Koch et al. DIB 2018)

/ rp2biosensor 0 x
© RetroPath2 output Article | Open Access | Published: 29 August 2022
etroPath2 outpu

© Source name

Inchi to sink - Biosensor

. (csv) — © Sink file used for 5 . e .
Transformations rules 5 sy The automated Galaxy-SynBioCAD pipeline for

v o synthetic biology design and engineering
RetrORU/GS Org > RRules Parser(retro, # RetroPath20 © x
. d=['2, ‘4", '6', '8!, "0, 12, .
. 14" 16 (csv. tar) Rules File Joan Hérisson, Thomas Duigou, Melchior du Lac, Kenza Bazi-Kabbaj, Mahnaz Sabeti Azad, Gizem

(Duigou et al. NAR, 2018) Lt Aok b
Sink File Buldum, Olivier Telle, Yorgo El Moubayed, Pablo Carbonell, Neil Swainston, Valentin Zulkower,
Source InChi Manish Kushwaha, Geoff S. Baldwin & Jean-Loup Faulon

Molecule to detect > Maximal Pathway length

output (text) ©

Source name

RetroPath2.0 (csv)

SensiPath

DrugBank 59 55 1 4 D
~ y
o
7.9 % detectable Shortest pathway: methyl qenzoate :D

eyl Qenzoa
direct sensing ecgononkgm /S T

HMDB 135 137 23 14 1-step ' /

be ~~ 4 2-steps benzoylagm / / y S adencsy

44.8 % detectable 3-steps \ / /
Tox21 169 216 68 24
o /bgnzople 2 6-diox
~ = ) ‘
= ' ‘ \
6.4% detectable 4 /

* Delepine B, et al. NAR 2016
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Engineering biosensing circuits

Metabolic module Sensing module
Non x
molecule. ¢ ° \ @% Transcription r\/
molecule
% Enzyme(s) \ Factor
N 1 = Yo,
’I Effector 2 Signal
enz / ™~
/
/
L

[PerB PopA | [ R ][:][prﬁﬁn"fter]
T7 PBAD [ DmpR [:][promoter

Promoter Promoter
[ PTE ]

BEN
ﬁﬁ CocE ] [Jj BenR ﬁ[pr%moter

rrrrrrrr
BB BOO15

Enzymes Sensors

lacl

Metabolic module Sensing module

o LIbIS V, et al. ACS Synth Bio 2016 Jean-Loup Faulon, October 2023 25



Characterizing biosensing circuits

30004 81 4 [reporter DNA]
Malonyl-coA © ™ - o 10nM
25001 bijosensor e ERES I $ 4
g Pinocembrin 8
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* Feher T et al. Frontier in Bioeng. & Biotech, 2015 e S
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* Koch M. et al., Frontiers in Bioeng & Biotech., 2018 : .
* Koch M. et al. Curr Opin Biotech, 2019 Concentration (uM) Concentration (uM)

* Armetta J. et al. Synthetic Biology 2019 & Pandi A. et al. ACS Synth Biol, 2019
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Cell-free biosensors with clinical samples

| 385 oo
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* Soudier P., et al. ACS Synth Bio 2022
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Cell-free biosensors with clinical samples

=0
Hippurate E
[=7]
E
(V]
whd
[
S
>
Human o
urine o
samples
E. coli
cell-free
. [J]
mix x
©
N -
A 5
©
S ) S
[V

Cocaine

* Voyvodic, P. et al. Nature Comm. 2019
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Engineering metabolic and genetic networks and in vivo (E. coli)

o -

Metabolic engineering Biosensor engineering Information processing
biocomputing



Engineering a metabolic perceptron: why?

L] L]

TRAINING THE NETWORK USING THE TRAINED NETWORK

Perceptron weights (w;) are learned to increase

classifier accuracy
To perform a diagnostic:

Input layer hied Activation
X1 Weighte . . .
Funct d . : . -
fgfi,;i';}fc'ggoo,;)  Quantify a panel of biomarkers (metabolites) on clinical
samples (using metabolomics)
* Feed measured biomarkers concentrations (x;) to

Xn
Prostate cancer PCa metabolic score = b + z WX, f (b*ZWiXi )
=1
Ureido isobutyric acid Combined biomarker
ROC Curve S ROC Curve
_ | \ * Isit possible to avoid biomarker concentration
£ H Sensitivity = 83.3%
: Sensitivity = 70% £ Specificity = 83.3% measurements?

Specificity = 76.7%

» Engineer the trained network in vitro or in vivo and
directly use it on clinical samples

" : s y
1- Speciicay 1- Specificity

* Zang, et al. PLoS One 2013 and J Proteome Res. 2014
* Shen B, et al. Cell. 2020
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Engineering a metabolic perceptron: the concept

TRAINING THE NETWORK ENGINEERING THE TRAINED NETWORK

Perceptron weights (w)) are learned to increase Need to actuate weighted sum and activation function

classifier accuracy
X1

Activation
Function (sigmoid
for classification)

Input layer

X1 Weighted

f(b+2 Wixi)

Enzymatic transformation Reporter gene

Prostate cancer PCa metabolic score = b + Z WX, S, =

Ureido isobutyric acid Combined biomarker
ROC Curve =E ROC Curve
. . 300
In theory (Michaelis-Menten)
\ when x, << [E]: .o
3 \ g Sensitivity = 83.3% g 30
5 Sensitivity = 70% 3 Specificity = 83.3% d [p] =Y kl, [ Ei] X; dt s
Specificity = 76.7% z 104 ) ) )
4 Sigmoid behavior
3
w; = k; [E|] \

K] 10 100 1000

where k; is a kinetics
constant EEXEEEXKTELT]

[Benzoic Acid] (uM)

- . e .
1- Specificity 1 - Specificity

* Zang, et al. PLoS One 2013 and J Proteome Res. 2014
* Shen B, et al. Cell. 2020
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Engineering a metabolic perceptron: the concept

ENGINEERING THE TRAINED NETWORK

Undet:‘c;::ler b e u ez #

. R =2 Need to actuate weighted sum and activation function
dbenzoate ., keat * inducer
dt SR inducer + Ky
dinducer Keat * inducer X1
—— = —enzx —————————
dt inducer + Ky

benzoate
T Factivated = TF * +0.0005

benzoate + K} ducer

ll‘llllllu[ d

= TForeatea + Kgemaed % DR
e = 1 for constitutive expression
dmRNA T Koz RimrNA : £ n
=YY% * = = ) * \ Ve i iNi
dt = 41. + X I\'lu.r + tox Iflu[t\'J o I\'mlt\',\ ; M : f(b+“‘ WIXI)
Iprot Kior
ll);,“ =m7x*mRNA* '—/1 * l\; — A * prot i .
¢ y+k  Kiop +tox Enzymatic transformation  Reporter gene
S =
measurement model  X;
[T ] W . . 300
In theory (Michaelis-Menten)
3 when x, << [E] : 1004
z >
o > < 30
2 : d[p] = = k,[E,]x, d 5
i [p] - i[ i]xi t g 101
T 2 Sigmoid behavior
3
w;=k; [E] \
0 where k; is a kinetics . s S 000
001031 3 10 30100 00103 1 n 10 30100 constant m
[HipO DNA] (nM) [HipO DNA] (nM) [Benzoic Acid] (uM)
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Engineering a metabolic perceptron

Q TARGETED BEHAVIOUR

: = (+) I
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Cocaine.......coueeue ° ° ° e 0 o PR
Benzamide.............. ° ® o o ® o 0 0
Biphenyl-2,3-diol... L L] o0 o 00 o
‘\_\/_/\ v )
f(b+Yw;x;)<0.5 f(b+Yw;x;)=0.5
*  Kinetics model is used to compute the enzyme fb+Yw:x) Hippurate :
concentration for each weight b= -0.50 Activated-TF
o § Logistic Wiz 0.25 Cocaine
regression W2~ 0.25
3 3 W3 = 0.50 )
wy= 0.50 Benzamide Benzoate  BENR

1

[Enzyme DNA] nM

03

)
2 &
1 Biphenyl-2,3-diol

0.1

Retrosynthesis Workflow » = Gal axy
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z \ TARGETED BEHAVIOUR x
: 3
o

: CIN (+) e
5 ? <
w 1 41 [o) (o] I
+ L
] 3 (+)| @
o 10 100 1000 O 10 100 1000 o Py A
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: ()|
0- T
; [72]
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Benzamide.............. ° ° o o ™Y o 0o o
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e Pandi A.. et al. Nature Comm. 2019
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Engineering a metabolic perceptron

Q TARGETED BEHAVIOUR

. ) (+)
Hlppl.Jrate ............... o ATOIC 5I0I0 e
Cocaine.......cceevunees ° ° ° o o o o o
Benzamide.............. . . ° o . o o o
Biphenyl-2,3-diol... L] o LA/ e o o o
‘ : e
f(b+Yw;x;)<05 f(b+XYw;x;)205
+  Kinetics model is used to compute the enzyme Fb+Twx) Hippurate '
concentration for each weight b= -0.50 Activated-TF
i Logistic Wli 925 0.50 Cocaine
regression W2~ ©-250.50
y w3 = 956 0.50 .
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e Pandi A.. et al. Nature Comm. 2019
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Toward engineering a multimodal perceptron

P17 3 o 104 } }
H H o
Ss c 3
...
y : 3 ] ’
O —%’ @ =P . oxidation I 2.
Sarcosine v °
S-S o
7 1 .
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Engineering a multimodal perceptron

Protein We
enzyme
(enzyme) MODEL BASED ACTIVE LEARNING
APPROACH APPROACH
WM X1
w
| f }—ocr
w -
x2 —
v xX3
X3
RNA Wi

Logistic W — Wi
regression

We e
‘ x2 0.34
o
benzamid .

. Mechanistic W eyieus
model
‘ X1 o
enzyme '

IeRERRRRERRRRRRRRRRRRRRRRRRRREE) amidase
input "

A ﬁ OOO o « Pandi A. et al. Nature Comm. 2019 * Borkowski O. et al. Nature Comm. 2020

» O & Pandi A. et al. Nature Comm. 2022
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Engineering a multimodal perceptron

Protein W,

E
(enzyme) ACTIVE LEARNING
APPROACH
WM X1 v
> | f GFP
X2
X3 ’
RNA Wi

We

}

benzamid

enzyme

T LN LTI 2 amidase en x,w.w
input
o) BenR
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Engineering a multimodal perceptron

Protein We
(enzyme) ACTIVE LEARNING
APPROACH
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Engineering metabolic and genetic networks in vitro (cell-free)
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Metabolic engineering Biosensor engineering Information processing
biocomputing
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Engineering complex metabolic devices in vivo?

« Can we divert native metabolism to handle problems that are usually solved in silico?

Neural Network Strain Neural Network

Problem features
Readout




Engineering complex metabolic devices in vivo?

FBA (Cobrapy) growth rates vs.
measured growth rate in E. coli DH5-

alpha for 1 to 4 nutrients added to M9

Classical mechanistic model (FBA):

Max (vbiomass)

Subjected to:
SV =0 o
osr<v, ©
£
where %
—
— V = set of all reaction fluxes 2
— S = stochiometric matrix &

—V ., = uptake medium fluxes upper bounds

Concentration to flux scaler

Prior-ANN Reservoir Post-ANN

Metabotes fluxes
Growth rate

0
£
(]
X
=}
(=
E
(V]
=
-
=}
<

Nutrients concentrations




Hybrid models:

gradient backpropagation compatible solutions surrogating classical mechanistic models

Knowledge primed neural network

Vi Nilsson A. et al.
Nat. commun 2022

VO« W; Vi

Neural layer

%
M <P,V

Mechanistic layer
7<= (Pm-»ve WM + Ve
W, are l
flux split ratios Pyom and Py,
at branch metabolites Vou, are adjacency matrices
computed from S

Trained on FBA simulated growth rates with E. coli core model for 1000 different media (media = minimal medium + 1 to 6 metabolites chosen at random among 13)

1
1 10 100

R s

0.6

0.1

Loss

0.01

PoutV - Vout
ReLU(P;,V - Vi)
SV

ReLU(-V)

0.001

* Faure L. et al. Nat Communications, 2023 JeamLots Fation. October 2023 42
ean-Loup raulon, October



Hybrid models:

gradient backpropagation compatible solutions surrogating classical mechanistic models

Physics informed neural network Hopfield’s network Knowledge primed neural network
Cmed Cneq : Medium metabolite concentrations Cmea Cmea
v v |
Ve« Wi Cea VO« Wi Crea VO« Wi Cmed
V
~ CHSER oy, UeUTa M Byt
l vt V e (Prow® WM + VO
|
Vout ¢ l

Vout V

out

Prediction after being trained on an experimental data set where growth rates were measured for 110 different media compositions for E. coli DH5-alpha strain
(media = M9 + 4 nutrients chosen at random among 10)

Q? = 0.78 (10-fold-CV) . Q? =0.77 (10-fold CV)

2

1
o
»
*
1
o
»

Q2 = 0.78 (10-fold CV)

-1

Predicted growth rate (.hr )
&
B
*

0.4

o
w
o
w
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o
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©
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]
2

0.2 'S

L
Predicted growth rate (.hr
o
A Y
L 4 .‘ 1
E:
Predicted growth rate (.hr
(3
.

©
-
*

0.1 0.2 0.3 0.4 0.1 0.2 0.3 0.4

0.1 0.2 0.3 0.4 -1 ~1
Measured growth rate (.hr ) Measured growth rate (.hr ')

Measured growth rate (.hr )

* Faure L. et al. Nat Communications, 2023 Jean Lot Fation. October 2023 43
ean-Loup raulon, October



Hybrid models:

can be used to parameterize mechanistic models

..... (‘

med

"’I’Il
—————————— w—
I I
S
| l2°s
| R
| 0 c 9
....... ‘ [ I ‘S 3
| | %
| 168
I | €<
L e e J
....... rnul
/ Regression
Growth Rate
Classification
v
AMN-Reservoir Scaled uptake fluxes
uptake fluxes bounds r bounds
Vi O@- ® e
\ /
1 Regression

Growth Rate
Classification

* Faure L. et al. Nat Communications, 2023

Hybrid model results

Mechanistic model results

)

o o o
N w B

Predicted growth rate (.hr
o

1

Predicted growth rate (.hr- )

o o o
N w B

o©
2%

Data set 110 different media compositions for E. coli DH5-alpha for which growth rates have been measured

R?=0.97
s
.l'.
"2.
—
.1‘*"
=y
e
0.1 0.2 0.3 0.4
Measured growth rate (.hr_1)

R?=0.51

0.1 0.2 0.3 0.4
-1
Measured growth rate (.hr )
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Hybrid models:

can integrate gene regulation

Coed Rxo Dataset from ASAP database (Glasner D. et al. NAR 2003)

Knockout strains
A B C PS M

T
AA -E_ . -

T
—

120 metabolic genes

% targeted (KOs),
targeting 127
reactions

: * 145 conditions (1 or 2
substrates, some with
: added succinate to
0 1

Carbon sources
7]
c

é oT
&
........... 0, g
8 . enable growth)
L I ] - DT R L Each KO screened in
_3‘_’“““ p all conditions
P V-V 2 or (145*120=17400)
ReLUP,V - V,) —
Loss SV st
ReLU(-V)
VRko

* Faure L. et al. Nat Communications, 2023 Jean-Loup Faulon, October 2023 45



Hybrid models:

can integrate gene regulation

Dataset from ASAP database (Glasner D. et al. NAR 2003)

1.0
3.0 g d
Cm.ed Rio P
-—A ¥ q8
£
e 5
© % o6
= 2
Hybrid model results %” S04
L ~
. g : AUC=0.90
........... . 0 g o
T 05 10 15 20 25 30 0.0 0.2 04 06 0.8 1.0
Measured growth rate (.hr ') False Positive Rate
3.0 Se——— e 10
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25
o 0.8
L
20 e e——— 2
B i € o6
Mechanistic model results € .5k 4t 2
2 =
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©
ReLU(P,.V - V,) g B g04
Loss SV g . AUC=0.71
ReLU(-V) 02
VRko 0.0 Bl & e p
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* Faure L. et al. Nat Communications, 2023 Joan-Loup Faulon. October 2023 46



Hybrid models:

can learn more than the growth rate

Cm.ed GKO

* Faure L. et al. Nat Communications, 2023

. V:)u,t

Variance Weighted Average Q?
—— Uniform Average Q?

0.8 E. coli dataset from

Rijsewijk et al. Mol. Syst.
Biol. 7,477, 2011

09 « 128 experiments, each
containing 31 measured
fluxes.

* 2 media compositions

0.4 (glucose or galactose as

carbon source)
* 64 regulator gene KOs
mutants (GKO)

Q2 between measured and predicted flux

0.2
0.0
¢SS HFRFRRE, 00 e 1SS G S MMP SRS @ @S GO
8o TEO LB E NP0 RN LR NG
¥ % ] 4 2
EC)C;QOO&O <(/+ Q-t ;é() ) O Q
<
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Hybrid models:

Application to P. putida

""" C,.s Experimental data from Nogales J. et al. Applied Microbiology 2019

,____._“__’/;_' ._V'."__.,
I |
I | 23
| I g e Hybrid model results
| O ....... ‘ yo | £
I | % &
I | §
=
I | €<
W e ——) 4
. ....... . Vum
/ Regression
Growth Rate
Classification
v

AMN-Reservoir Scaled uptake fluxes

uptake fluxes bounds bounds
Vie O@- o000 Mechanistic model results
x> ity —

Growth Rate
Classification

l { Regression

* Faure L. et al. Nat Communications, 2023

1.00

Accuracy
o
O
(o)}

0.92

0.9

Accuracy
o
(00}

0.7

All Carbon Nitrogen
All Carbon Nitrogen
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Hybrid model: a new modelling paradigm

Training set : reaction flux for different media compositions (strain E coli MG1655, model = iML1515, media = M9 + 4 nutrients chosen at
random among 10, measured reaction flux is chosen at random among all reactions).

Mechanistic model (FBA Cobrapy) Black —box neural model (dense-ANN) Hybrid-model
Training set not needed > 500k entries needed in training Less than 1000 entries in training are enough

Loss (per constraint)

Loss (per constraint)

Media uptake fluxes scaler

Loss (per constraint)

100000

* Faure L. et al. Nat Communications, 2023



Can microorganism metabolism be diverted to solve classical machine learning problems?

Neural Network Strain Neural Network

(7))

o

% g

2 *2 e *g‘

£ B ° o

3 E 7 S ]

2 4

o Z =

[«

Neural Network

Neural Network

Growth rate

Readout

—
7]
>
©
'©
—
-
Q
Z

Problem features
Nutrients concentrations

Mechanistic layer

Hybrid model (AMN)

* Ahavi P, Mollet B et al. BioSynSys congres, Toulouse, 2023
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Can microorganism metabolism be diverted to solve classical machine learning problems?

Example : White wine quality dataset (score from 1 to 10)

M9 +
374 combinaisons of
nutrients (amino acids,
nucleotides, sugars,...) \

Preculture of

E. coli MG1655 )

Neural Network Neural Network

(7))
c 2
(] [ ©
” £ () =
P © o > =
S t < 3
® 9 © o o 5
3 o M = & Y Wine rating
= o o 2 9
09956 3.3 45 £ o © c S 072(7.2/10)
K (7] 3 ] 14
o) k= ) <
2 o Z &}
o = Qo
5 =
Z
0.9956 0.43 0.25

* Ahavi P, Mollet B et al. BioSynSys congres, Toulouse, 2023 Hybrld model (AMN)
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Can microorganisms solve classical machine learning problems?

Problem 1 : Available CPU time Problem 2 : Energetic efficiency Problem 3 : White wine quality
100 .«  AMN AMN < 9 « AMN
boost 40 b xgboost
xgboos xgboost ‘9 B 8
80 35 o M
- - = ?,:f ‘\i g 7 |
9 30 e L1 S $ . ;
5 %0 S 0" 3 : .
o ® 25 o3 26 ! : i
o i ' ol % ' 1 H
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2 2 P { v ﬁ 1 <53 | :
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20 22 features 15 3% » " T p x ! . | 12 features
| Q2,,,,=0.9011 o ! Q2,,,,=0.3307
| 2 o 10 } ‘i'.‘ : Q?%,\=0.8725 AMN
0 Q XGboost_0'98 : .‘ QZXGboost=0'99 3 Q XGboos(=0‘51
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Reference Reference eference
Vout
Neural Network ® Neural Network

Growth rate

Readout

—
7]
>
©
'©
—
-
Q
Z

Mechanistic layer

Problem features
Nutrients concentrations

Hybrid model (AMN)

* Ahavi P, Mollet B et al. BioSynSys congres, Toulouse, 2023
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More pragmatic (and funded) applications for hybrid modelling

Bioproduction

» Find the best gene deletion in P. putida to produce terpenes, biodegradable - HORIZON ﬁ (}
polyesters (polylactic acid, polyethylene furanoate), and methylacrylate (a building {
block for plexiglass)

Biodegradation for biotherapy

« Find the best gene deletion in E. coli Nissle 1917 engineered strain to degrade p- © AMN
cresol and 4-ethylphenol (two metabolites involved in Autism) anr
SynBioDiag

Diagnostic

» Find the best gene deletion in E. coli DH5 alpha to classify (benign from severe)

Covid-19 samples
n HORIZON *@

« Find the best gene deletion in E. coli pilot strain (an engineered strain with CTCs
receptors breast cancer) which upon binding produces violacein derivatives
(molecules detectable by SERS)
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