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Engineering metabolic and genetic networks in vitro (cell-free) and in vivo (E. coli)
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galaxy-synbiocad.org

A retrosynthesis 
tree/graph

One-Step Retrosynthesis

Multi-Step Retrosynthesis

Breadth-First Best-First (MCTS, A*)

Template-based Template-freeSemi-template
(fingerprints)

Delepine 
et al. 
2018 

Duigou
et al. 
2019 

Koch 
et al. 
2020 

Carbonell 
et al. 
2011 

Carbonell    
et al.   
2014 

a target 
molecule

Available 
molecules in 
a host strain

Available 
molecules

Reaction 
database

USPTO
MetaNetX

styrene

styrene

phenylpyruvic acid

phenyl
acetaldehyde

phenylalanine

• 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
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galaxy-synbiocad.org

SMARTSMetaNetX

Breadth First – Template Based

styrene

styrene

phenyl
acetaldehyde

phenylalanine

Available 
molecules in 
a host strain
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galaxy-synbiocad.org

value="1.6644333828047877"

units="mmol/gDW/hour"

value="-790.2786286783701"

error="7.7248778091405255"

units="kilojoule / mole"
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galaxy-synbiocad.org

value="1.6644333828047877"

units="mmol/gDW/hour"

value="-790.2786286783701"

error="7.7248778091405255"

units="kilojoule / mole"

TAXON ID
# STEPS

11100101010…1110101010

RULE SCORE

score="0.954"

0.9540.876

0.621

styrene

phenylpyruvic acid

phenyl
acetaldehyde

phenylalanine
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galaxy-synbiocad.org

golden gate
gibson

lcr

DNA-Weaver: optimal DNA assembly 
strategies via supply networks and 
shortest-path algorithms
V. Zulkower and S. Rosser
IWBDA, Cambridge (UK), 2019

OptBioDes: optimal design for the SynBio toolchain
P. Carbonell, R. Breitling, J.-L. Faulon, and the SYNBIOCHEM team
IWBDA, Cambridge (UK), 2019
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galaxy-synbiocad.org
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Benchmarking with lycopene production in E. coli
top ranked pathway9 pathways

49
41

33
G6: 4.389 mg/gDCW

88 constructs

Varying promoter, RBS, gene order
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• 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

Ø 83% (94%) success rate in retrieving the 
literature pathways among the top  10 
(50) workflow generated pathways

score rank

literature 
pathway

Benchmarking with literature and expert users
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https://www.youtube.com/watch?v=B1qJKWOe1PU

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

ACTIVE LEARNING

DESIGN TOOLS

ROBOT DRIVERS
TEST DATA ACQUISITION

DATA AND 
PROCESS MANAGMENT

Nbr Tools
Flow cytometry 45
Proteomics 431
Metabolomics 171

Nbr Tools
Systems Biology 41

Nbr Tools
Machine Learning 62 Nbr Tools

Synthetic Biology 59

SynBioCAD tools can be connected to many others in the ToolShed
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Active learning to optimize productivity in cell-free systems

• 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?

Reference composition
Sun Z.Z. et al. J. Vis. Exp. 2013

Combinatorial space = 411 
= 4 194 304 compositions

Lysate-based cell-free systems (TXTL)
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• 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 UCB formula (exploitation  vs. exploration)
• Repeat
 

Active learning to optimize productivity in cell-free systems
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• 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
 

* UCB: Take the compositions having the top values ! + 2 $, where � is the mean predicted yield and s  the standard dev
Picking high � values favor exploitation picking high s�values favor exploration

Active learning to optimize productivity in cell-free systems
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~ 3000 measurements
Yield x 34 

after 7 iterations

• Borkowski O, et al. Nature Communications, 11: 1872, 2020.

Active learning to optimize productivity in cell-free systems
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Top 3 best 
producers

Randomly selected 
producers

6x more efficient than the best in 
vitro CO2-fixing system described to 
date (CETCH 5.4 , Schwander et al. 
Science 2016)

Control (CETCH5.4)

Active learning to optimize metabolic pathways in cell-free systems



Jean-Loup Faulon, October 2023   23

Engineering metabolic and genetic networks in vitro (cell-free) and in vivo (E. coli)
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Designing biosensing circuits

• Delepine B, et al.  NAR 2016

Molecule to detect

Detectable 
Metabolites DB
(Koch et al. DIB 2018)

Transformations rules
RetroRules.org
(Duigou et al. NAR, 2018)

7.9 % detectable

44.8 % detectable

6.4% detectable
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Engineering biosensing circuits

lacI

rep101
TETR

Metabolic module

T7
Promoter

CocE

PTE

HipO

RBS

PnpB PnpA

araC

pMB1KANR

Sensing module

pBAD
Promoter

BenR
Terminator
(BBa_B0015)

pBEN
promoter

DmpR Pu
promoter

LinR plinE
promoter

RFP

Enzymes Sensors

Non 
detectable  
molecule

Enzyme(s)

Signal

Transcription
Factor

Effector

Metabolic module Sensing module

TF reporterenz enz…

• Libis V, et al. ACS Synth Bio 2016
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Characterizing biosensing circuits

• Feher T et al. Frontier in Bioeng. & Biotech, 2015 
• Libis V. et al. Curr Opin Microbiol, 2016
• Trabelsi H. et al. Biotech. & Bioeng., 2018
• Koch M. et al., Frontiers in Bioeng & Biotech., 2018
• Koch M. et al. Curr Opin Biotech, 2019
• Armetta J. et al. Synthetic Biology 2019 & Pandi A. et al. ACS Synth Biol, 2019
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2490 biomarkers from HMDB 

• Soudier P., et al. ACS Synth Bio 2022

Cell-free biosensors with clinical samples
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Human
urine
samples

Cocaine (mM)

Hippurate

Cocaine
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Sample number

E. coli 
cell-free 
mix

• Voyvodic, P. et al. Nature Comm. 2019

Hippurate is a 
degradation product 
of a probiotic 
treatment of 
Phenylketonuria

can be freeze dry

Cell-free biosensors with clinical samples
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Engineering metabolic and genetic networks in vitro (cell-free) and in vivo (E. coli)
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To perform a diagnostic:

• Quantify a panel of biomarkers (metabolites) on clinical 
samples (using metabolomics)

• Feed measured biomarkers concentrations (xi) to

• Is it possible to avoid biomarker concentration 
measurements?

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

f (b�Swixi )

w1

w2

wn

x1

x2

xn

b+Swixi

Input layer Activation 
Function (sigmoid 
for classification)

Weighted
sum0.1   0.4    0.2 . .

.        .        .

.        .        .
0.3   0.0   0.1 . .
.        .        .
.        .        .
0.6   0.8   0.1 . .

1 
0

Perceptron weights (wi) are learned to increase 
classifier accuracy

• Zang, et al. PLoS One 2013 and J Proteome Res. 2014
• Shen B, et al. Cell. 2020
• …..

Prostate cancer

f

TRAINING THE NETWORK USING THE TRAINED NETWORK

Engineering a metabolic perceptron: why?
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ENGINEERING THE TRAINED NETWORK

Enzymatic transformation Reporter gene

Sigmoid behavior

Need to actuate weighted sum and activation function

! " = Σ %! &! '! !(

In theory (Michaelis-Menten) 
when  'i << [Ei] :

wi = %! &!
where %! is a kinetics 
constant

E1
E2

En b+S wixi

Activated-TF
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x 2
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Activator

TF
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Perceptron weights (wi) are learned to increase 
classifier accuracy

Prostate cancer

f

TRAINING THE NETWORK

• Zang, et al. PLoS One 2013 and J Proteome Res. 2014
• Shen B, et al. Cell. 2020
• …..

Engineering a metabolic perceptron: the concept
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measurement model

%!

&!

ENGINEERING THE TRAINED NETWORK

Enzymatic transformation Reporter gene

Sigmoid behavior

Need to actuate weighted sum and activation function

! " = Σ %! &! '! !(

In theory (Michaelis-Menten) 
when  'i << [Ei] :

wi = %! &!
where %! is a kinetics 
constant

E1
E2

En b+S wixi

Activated-TF
GFP

x1

x 2

xn

Activator

TF

f(b+S wixi)

• Pandi A.. et al. Nature Comm. 2019

Engineering a metabolic perceptron: the concept
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• Pandi A.. et al. Nature Comm. 2019

E1
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E42

Activated-TF
GFP

Hippurate

Cocaine

Benzamide

Biphenyl-2,3-diol

E41

E3

Benzoate BenR

• Kinetics model is used to compute the enzyme 
concentration for each weight
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'() + ∑%! &!) 
) =  - 0.50
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%3=  0.50
%4=  0.50

Logistic 
regression

Engineering a metabolic perceptron
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'() + ∑%! &!) < 0.5 '() + ∑%! &!) ≥ 0.5

'() + ∑%! &!) 
) =  - 0.50
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%2=  0.25 0.50
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%4=  0.50 0.50

E1
E2

E42

Activated-TF
GFP

Hippurate

Cocaine

Benzamide

Biphenyl-2,3-diol
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E3

Benzoate BenR

• Kinetics model is used to compute the enzyme 
concentration for each weight

• Pandi A.. et al. Nature Comm. 2019

Logistic 
regression

Engineering a metabolic perceptron
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Toward engineering a multimodal perceptron

Protein
(LDH)

Metabolite
(sarcosine)

RNA
(PCA3)

• Soudier, P.. PhD. thesis 2022

prostate
cancer
biomarkers

Toehold
switch
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Engineering a multimodal perceptron

Protein
(enzyme)

Metabolite
WM

WE

WR

• Soudier, P.. PhD. thesis 2022

Targeted behavior Observed behavior

• Pandi A. et al. Nature Comm. 2019 • Borkowski O. et al. Nature Comm. 2020 
& Pandi A. et al. Nature Comm. 2022

Logistic
regression



Jean-Loup Faulon, October 2023   37

Engineering a multimodal perceptron

Protein
(enzyme)

Metabolite
WM

WE

WR

• Soudier, P.. PhD. thesis 2022

Targeted behavior Observed behavior
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Engineering a multimodal perceptron

Protein
(enzyme)

Metabolite
WM

WE

WR

• Soudier, P.. PhD. thesis 2022

Targeted behavior Observed behavior
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Engineering metabolic and genetic networks in vitro (cell-free) and in vivo (E. coli)
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gradient backpropagation 

strain model

Engineering complex metabolic devices in vivo?

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

Strain
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Neural Network Neural Network
N

ut
rie

nt
s 

flu
xe

rs

M
et

ab
ol

ite
s 

flu
xe

s

A model allowing gradient backpropagation 
accurately reproducing phenotype for different 
media composition
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Reservoir 
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Prior-ANN

gradient backpropagation 

strain model

a model allowing gradient backpropagation
that accurately reproduce phenotype for 
different media composition

R
2  (
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)

Concentration to flux scaler

FBA (Cobrapy) growth rates vs. 
measured growth rate in E. coli DH5-
alpha for 1 to 4 nutrients added to M9
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Post-ANN
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Classical	mechanistic	model	(FBA):

Max	(?"!#$%&&)

Subjected	to:
	 S	D = 0
					0	≤ D ≤ D!'

where
−	D	=	set	of	all	reaction	fluxes
−	S		=	stochiometric	matrix
−D!'	=	uptake	medium	fluxes	upper	bounds

Engineering complex metabolic devices in vivo?
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PoutV - Vout
ReLU(PinV - Vin)
SV
ReLU(-V)

Lo
ss

R2

Hybrid models: 
gradient backpropagation compatible solutions surrogating classical mechanistic models 

Physics informed neural network

M. Raissi et al. Journal of 
Computational Physics 2019

Neural layer

Mechanistic layer

D+,

D-./

V
D ← D + ∇D
D0 ← P+ D+,

∇"
is computed
from /

Lo
ss

R2

Nilsson A. et al. 
Nat. commun 2022

Neural layer

Mechanistic layer

Knowledge primed neural network

0! are
2lux split ratios
at branch metabolites

8"→$ 9:; 8$→"
are adjacency matrices
computed from /

PoutV - Vout
ReLU(PinV - Vin)
SV
ReLU(-V)

Lo
ss

R2

Hopfield’s network
Y. Yang, J. et al., Mathematics and 
Computers in Simulation, 2014

Neural layer

Mechanistic layer

U, V Q ← Q + ∇Q
D ← D + ∇D

D0 ← P+ D+,

D+,

D-./
∇" 9:; ∇>
are computed
from /

>% = 0
> are variables
of the dual problem
(shadowmetabolites)

PoutV - Vout
ReLU(PinV - Vin)
SV
ReLU(-V)

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) 

• Faure L. et al. Nat Communications, 2023
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Hybrid models: 
gradient backpropagation compatible solutions surrogating classical mechanistic models 

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)

Q2 = 0.78 (10-fold-CV) Q2 = 0.78 (10-fold CV) Q2 = 0.77 (10-fold CV) 

• Faure L. et al. Nat Communications, 2023

U, V ! ← !+ ∇!
% ← % + ∇%

%( ←&) '*+,

'*+,

%-./

'*+,

%-./

V
% ← % + ∇%
%( ←&) '*+,

Cmed : medium metabolite concentrations

Hopfield’s networkPhysics informed neural network Knowledge primed neural network
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Hybrid models: 
can be used to parameterize mechanistic models  

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

Hybrid model results

Mechanistic model results

• Faure L. et al. Nat Communications, 2023
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Hybrid models: 
can integrate gene regulation

Neural layer

Mechanistic layer 

Loss

• 120 metabolic genes 
targeted (KOs), 
targeting 127 
reactions

• 145 conditions (1 or 2 
substrates, some with 
added succinate to 
enable growth)

• Each KO screened in 
all conditions 
(145*120=17400)

Growth rate

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

• Faure L. et al. Nat Communications, 2023

PoutV - Vout
ReLU(PinV - Vin)
SV
ReLU(-V)
VRKO
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Hybrid models: 
can integrate gene regulation

Neural layer

Mechanistic layer 

Growth rate

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

Hybrid model results

Mechanistic model results

• Faure L. et al. Nat Communications, 2023

Loss

PoutV - Vout
ReLU(PinV - Vin)
SV
ReLU(-V)
VRKO
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Hybrid models: 
can learn more than the growth rate

E. coli dataset from 
Rijsewijk et al. Mol. Syst. 
Biol. 7, 477, 2011

• 128 experiments, each 
containing 31 measured 
fluxes. 

• 2 media compositions 
(glucose or galactose as 
carbon source)

• 64 regulator gene KOs 
mutants (GKO)

Neural layer

Mechanistic layer 

31 
metabolites 

fluxes

GKO

• Faure L. et al. Nat Communications, 2023
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Hybrid model results

Mechanistic model results

Experimental data from Nogales J. et al. Applied Microbiology 2019

Hybrid models: 
Application to P. putida

• Faure L. et al. Nat Communications, 2023
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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)
Training set not needed

Hybrid-model 
Less than 1000 entries in training are enough

Mechanistic constraints are 
respected but poor match 
with measured (training) data

R2

Loss (per constraint)

Media uptake fluxes scaler

Black –box neural model (dense-ANN)
> 500k entries needed in training

Predictions match measured training data 
but do not fit mechanistic constraints

R2

Hybrid model: a new modelling paradigm

Loss (per constraint)

Loss (per constraint)

R2

• Faure L. et al. Nat Communications, 2023
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Can microorganism metabolism be diverted to solve classical machine learning problems?

N
ut
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s

StrainNeural Network Neural Network

• Ahavi P, Mollet B et al. BioSynSys congres, Toulouse, 2023

Neural Network Neural Network
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Hybrid model (AMN)
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Example : White wine quality dataset (score from 1 to 10)

• Ahavi P, Mollet B et al. BioSynSys congres, Toulouse, 2023

Neural Network Neural Network
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Hybrid model (AMN)

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

• Ahavi P, Mollet B et al. BioSynSys congres, Toulouse, 2023

Neural Network Neural Network
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Hybrid model (AMN)
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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 
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-
cresol and 4-ethylphenol (two metabolites involved in Autism)

Diagnostic

• Find the best gene deletion in E. coli DH5 alpha to classify (benign from severe) 
Covid-19 samples

• 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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We have internships and PhD 
scholarships to propose

Jean-Loup.Faulon@inrae.fr

https://jfaulon.com

Benzoic acid (E210) is used as a food preservative
Biosensor detection in commercial beverages
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