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In silico evolution ofAspergillus niger et
organic acid production suggests strategies
for switching acid output

Daniel J. Uptdii®, Simon J. McQueen-Madamd A. Jamie Wobd

Abstract

Background: The fungu#\spergillus niges an important industrial organism for citric acid fermentation; one of|the
most e cient biotechnological processes. Previously we introduced a dynamic model that captures this process in
the industrially relevant batch fermentation setting, providing a more accurate predictive platform to guide targeted
engineering. In this article we exploit this dynamic modelling framework, coupled with a robust genetic algorithm for
the in silico evolution @&. nigeorganic acid production, to provide solutions to complex evolutionary goals involv-

ing a multiplicity of targets and beyond the reach of simple Boolean gene deletions. We base this work on the latest
metabolic models of the parent citric acid producing strain ATCC1015 dedicated to organic acid production
required exhaustive genomic coverage needed to perform exploratory in silico evolution.

Results: With the use of our informed evolutionary framework, we demonstrate targeted changes that induce a
complete switch of acid output from citric to numerous di erent commercially valuable target organic acids includ-
ing succinic acid. We highlight the key changes in ux patterns that occur in each case, suggesting potentially valu-
able targets for engineering. We also show that optimum acid productivity is achieved through a balance of prganic
acid and biomass production, requiring nely tuned ux constraints that give a growth rate optimal for productivity.

Conclusions: This study shows how a genome-scale metabolic model can be integrated with dynamic modelling
and metaheuristic algorithms to provide solutions to complex metabolic engineering goals of industrial importance.
This framework for in silico guided engineering, based on the dynamic batch growth relevant to industrial processes,
o0 ers considerable potential for future endeavours focused on the engineering of organisms to produce valuable
products.

Keywords: Aspergillus niggeenetic algorithm, Citric acid, Succinic acid, Evolution, FBA

Background 300 species, including the pathogeni. fumigatus the
e natural ability of Aspergillus nigetto secrete organic feed-contaminating A. avus, the model organismA.
acids and enzymes has led to it becoming an estabnidulans, as well asA. oryzaeand A. niger both used
lished industrial organism, and is currently the chief industrially. In recent years, théspergillihave been sub
global source of citric acid. e species belongs to the ject to major advances in systems biology approaches
group known as theAspergilli, which encompasses over [1], that lay promise for a replacement of traditional
strain development methods with more e cient, in sH
ico guided ones. Many decades of random mutagenesis

*Correspondence: daniel.upton@york.ac.uk were needed to create tha. nigerstrains used in indus
! Department of Biology, University of York, Wentworth Way, York YO10  try today. Although these industrial strains are already
5DD, UK optimised for citric acid production, they are reliant
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on sucrose-based feed-stockg][ ere is an increas- gave an exhaustive list of metabolic reactions, which we
ing need for a switch to more sustainable fermentationused to create more accurate and reliable ATCC1015
methods that use lower cost substrates and underusedsPR associations. From this list, we also searched meta
resource streams. More e cient strain development bolic reactions not present in previoug. niger models
procedures are therefore indispensable. Furthermore for evidence. In doing this work, anothek. nigerGSMM
A. niger holds the metabolic potential to convert wide- iJB1325 7] was published, also ATCC1015-specic.
ranging feedstocks into a plethora of value-added chemi Upon comparing iJB1325 with our model, we decided
cals. Genome sequencing e orts as well as improvements¢o continue using iDU1756 for further work, primarily
in targeted engineering strategies are making availabléecause it encompasses the metabolic areas relevant to
the tools necessary to develop strains that release thisrganic acid production and also due to its greater depth
potential. of GPR associations that is important when considering
e dierent applications of A. niger in the produc engineering strategies. A detailed comparison of the two
tion of citric acid and enzymes stem from di erent par models is included in this paper.
ent strains; the naturally evolved citric acid producing e power of FBA models has been underexploited,
ATCC1015 strain and the industrial enzyme produc with most studies focused on simulating gene knock-outs
ing CBS 513.88 strain. ese two strains have both been [11-16]. e e ects of forcing or constraining ux of
subject to genome studies and their genomes have beemetabolic reactions can also be predicted in addition to
sequenced and annotated[4]. is paved the way for  gene deletion or insertion. is can inform knock-up and
genome-scale metabolic modelling oA. niget and to knock-down strategies, now that engineering approaches
date there are three published genome-scale metabolitco accomplish these are becoming increasingly available
models (GSMM) ofA. niger iIMA871 [5], iHL1210 [g], [17, 18]. A metabolic engineering strategy often involves
and more recently iJB1325/[. Genome-scale metabolic a multitude of targets. Computational approaches can
modelling opens up the possibility to couple genomic andbe used to exhaustively evaluate combinations of a small
metabolomic information with computational techniques number of targets. On increasing the complexity of cem
aimed at guiding metabolic engineering strategies. e binations however, the resulting combinatorial explosion
mathematical method of ux balance analysis (FBA) hasleads to an enormous search space. Moreover, the incor
been used to make predictions of growth and output of poration of targets that force or constrain ux to di ering
metabolites in response to dierent conditions, and to degrees signi cantly expands the search space.
probe the e ects of gene knock-outs. In previous work, To nd optimal solutions in search spaces that are
we established a dynamic model 8f nigerorganic acid beyond the reach of exhaustive methods requires
fermentation, that accurately captures physiological char metaheuristic algorithms. ese algorithms are capa
acteristics, providing a more accurate predictive platform ble of nding optimal solutions without the need for an
to inform engineering strategiesg]. exhaustive search, making them computationally fea
e rst GSMMs of A. nigerwere based on the genome sible. One such algorithm is the genetic algorithm (GA)
annotation of the enzyme producing CBS 513.88 strain.or evolutionary algorithm (EA), that is designed based
Despite the inclusion of ATCC1015 gene assignmentson natural evolutionary processes, and its applicability
in IMA871, these were based on the CBS 513.88 genefor suggesting metabolic engineering strategies has been
protein—reaction (GPR) associations. erefore, the reli demonstrated in previous studies focused on the engi
ability of the ATCC1015 GPR associations in iMA871 isneering of Escherichia coland Saccharomyces cerevisiae
questionable and ATCC1015 genes without a match infor succinate and lactate productionlp, 16, 19]. More
the CBS 513.88 strain would not be included. An exten recently, a framework combining in silico evolution with
sive comparative genomics study highlighted the signi FBA was applied to capture the long-term evolution Bf
cant genetic diversity between these strains, revealingoli and its adaptive diversi cation 20]. In this study, we
around 400 to 500 unique genes in each straff. [is designed a GA for in silico evolution oh. niger organic
genetic diversity may underlie the di erent roles of the acid production, to nd solutions that optimise the pre
two strains, and prompts the need for an ATCC1015- duction of a given acid. Based on our previously devel
specic GSMM of A. nigerrelevant to citric acid pre oped dynamic model that simulates batch fermentation
duction. erefore, in this work we constructed an [8], we derived a tness function that estimates the rate
exhaustive ATCC1015-specic metabolic model ofA. of production of a target organic acid, using informa
niger, iDU1756. We employed an annotation processtion from parameterised static FBA simulations at cho
that combined both Blast2GOY] and KEGG Automatic sen time-points of fermentation. e operators of the
Annotation Server (KAAS) 10] and used the latest and GA were designed and its parameters tuned to give an
most complete version of the ATCC1015 genome. is optimal evolutionary performance for this application.
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Once developed, we rst employed the algorithm to nd
predictive solutions that optimise citric acid production.

11910 genes
We then demonstrated the full power of the algorithm
by successfully evolving production of other organic r j
acids not normally produced, switching acid output from
citric to the target acid. e solutions found required Blast2GO KAAS
complex combinations of mutations, with nely tuned
ux bounds, highlighting the importance and value of ‘ l
metaheuristic approaches to solving these problems. e 2372 genes 3043 genes -
results obtained by use of this algorithm have biotechno 981 EC numbers 2624 KO terms
logical signi cance, suggesting engineering strategies tha ‘ ‘
could developA. nigerstrains as production platforms for
these various organic acids of commercial value. 2163 KEGG reactions 1036 KO terms -

1514 KEGG reactions

Results
Assembly of ATCC1015-speci ¢ gene—protein—reaction 2630 genes >

associations 2446 KEGG reactions

€ ATCCJ-O]-S strain is the Parent citric af:'d producing Fig. 1 Schematic of annotation process used to map ATCC1015
strain, and so for a metabolic model &f. nigerto be rele genes to KEGG reactions

vant to the property of citric acid production it is impor
tant that it re ects this strain. e gene assignments in
the previous metabolic model oA. niger iHL1210 [], .

correspond to the enzyme producing CBS 513.88 strain.868 qf thgse 2446 K.EGG rgactlons were matched to 994
e iIMA871 model [ 5] included ATCC1015 gene assign reactions in the previou#\. nigermodel iHL1210. Of the

ments, however these were secondary and mappe&eaCtions in iHL1210 without a match, 125 were matched
from CBS 513.88 genes using an older version of th p EC numbers and KO terms from the annotation pro

ATCC1015 genome annotation. At the time of initiat cess, bringing the tptal number of reaction matches 0
ing this work, no reliable ATCC1015-specic model 1119. e corresponding ATCC1015 genes were assigned

existed, and so to create an ATCC1015-specic modelf_l_éhgfgléllg rea(;tlo[lhs. BLAS_T was U.SHeLdlzt(l)OatShSI?n
of A. nigerfor this work we employed a reconstruction genes 1o those reactions in | a

process (Figl) based on the latest ATCC1015 genomehad. ho match to the list of KEGG reactions. € gene
annotation [4]. Available from the Joint Genome Insti assignments for 11 of these reactions had no hits above

tute, version 4.0 has 11,910 genes compared to 11,1&96 i.d_entity ande-value thresholds (90% and 1(20) (S.e?
genes in version 3.0 used in iIMAB71. e 713 extra genes Additional le 1: Table S1). Two of thgse h_ad hits within
in the latest annotation explain the missing ATCC1015 the. evalug t.hreshold but below the |de_nt|ty threshold,
gene assignments in iIMA871. In the reconstruction pro which were mpluded. e other gene assignments were
cess, two annotation tools were used: Blast2G@ &nd searchgd against version S'O.Of the ATCC1015 genome
KEGG Automatic Annotation Server (KAAS)1Q]. Using annotgtlon, r?md the gene a35|gn.ments for tvyo reactions
Blast2GO, 2372 genes were mapped to 981 EC numbt—:‘rgIad hits Wh'Ch were included. is resulted in a tota]
which were mapped to 2163 KEGG reactions. UsingOf 1729.ur'1|qu'e ATCCIOl.S genes and' an |ntermed|ate
KAAS, 3043 genes were mapped to 2624 KO (KEGé*nodeI. is is signi cantly higher than existing A. niger
Orthology) terms. 1036 of these KO terms were m(,lepedm'odels sugggstlng more exhaustive GPR assomaﬂong in
to 1514 KEGG reactions. From the KAAS output, 137Oth'.S modgl Wh".:h actas gvaluable resource when consid
genes mapped to 768 EC numbers, and 1340 geneeérIng engineering strategies.

mapped to KEGG reactions. e outputs from Blast2GO

and KAAS were compared. 283 of the 1514 KEGG reacEvidence-based veri cation of new metabolic reactions

tions from the KAAS output were not found in the and construction of iDU1756

Blast2GO output. 932 of the 2163 KEGG reactions from1578 reactions in the list of KEGG reactions from the
the Blast2GO output were not found in the KAAS out annotation process could not be found in previous.
put. e di erences are likely due to the Blast2GO output niger models and so we searched these in theniger
being more exhaustive and the KAAS output being moreliterature for evidence. Evidence was found for 34 reac
speci c. e two reaction lists were combined into 2446 tions (Tablel). Two additional reactions not present in
KEGG reactions from a total of 2630 ATCC1015 genesthe KEGG reaction list were added based on literature
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Table 1 New reactions in iDU1756 and corresponding literature evidence
KEGG reaction iDU1756 reaction Function Evidence
R06077 CELLUeH,Oe BDGLCe Cellulose degradation 44
R06101 STACeH,Oe MNNTe FRUe Stachyose degradation 45,46
R06202 GALACTAN#,0e GLACe Galactan degradation 47
Not found GALOL NAD SOR NADH Oxidoreductive galactose catabolism 22,3
R00053 D345THBeH,Oe  345THBe Digallate degradation 4B-52]
R03372 IP6e 4*HOe IP2e 4*Ple Phytate degradation 5B,54
R02997 CLGeH,0Oe CAFe QTe Chlorogenate degradation 55,56]
R10040 LNMe H,Oe ACHe BDGLCe Linamarin degradation 57
R02156 QCTeGe 2PCe COe Quercetin degradation 58
R02985 AMYDeH,0Oe PRNSe DGLCe Amygdalin degradation 2f
R02558 PRNSeH,0e MDNe DGLCe Amygdalin degradation iil|
R0O1767 MDNe HCNe BALe Amygdalin degradation 2M
R04103 PCNeH,0Oe 6APCNe PHACe Penicillin G degradation 59
R03024 4NPPeH,0e 4NPe Ple 4-nitrophenyl phosphate degradation 6064
R00505 UDPGALUDPGALF UDP-alpha-galactofuranose for galactoglu- [43
comannan production
R01758 LAOLNAD LARAB NADH H L-arabitol oxidation q5]
R09477 XOLNAD XYL NADH H Xylitol oxidation @5
R02396 ACCOAm CARm COAm ALCARmM Mitochondrial acetyl transfer 24,25
Transport reaction CARMALCAR CAR ALCARM Mitochondrial acetyl transfer 24 25|
R02396 ACCOA CAR COA ALCAR Mitochondrial acetyl transfer 24, 25
R00731 TYRGO, LDOPA H20 -Dopa production 66]
R00031 ® 2*TYR 2*LDOPA 1-Dopa production 66]
R04300 DPAHO O, DHPHA NH, HO, Dopamine metabolism 6[7]
R02080 LDOPA DPA CO2 1-Dopa metabolism q6]
R00045 ® 2*LDOPA 2*DQ 2*HO .-Dopa metabolism 6]
R01010 T3P2H,0 GLYN PI Glycolytic reaction 6B
R07253 ACCOA 3*MAL 6-methylsalicylate production 69
COA NADPH 6MSA 4*COA 3*CQ NADP HO
R01408 HCNHO FMM Cyanide degradation 70
R02943 TRPDMPP DMAT PPI Tryptophan prenylation 70
R0O1657 DMPPTRP PPI MBT Tryptophan prenylation i)
R05655 PHNO, NADH H PHNO H,O NAD Phenanthrene degradation 72-75
R00815 PHLO, NADPH H CCL NADP HO Phenol degradation 78
R01372 PHPYRD, 2HPAC CQ Phenylalanine metabolism 71
R01836 TSTNAD AND NADH H Steroid biotransformation 78
R01838 TSTNADP AND NADPH H Steroid biotransformation 78
R01837 DHANDNAD AND NADH H Steroid biotransformation 78
R07855 PHANH,O PHAC NH Phenylacetonitrile degradation 73,79,80]

evidence. One of these (KEGG reaction R01767) eomwas added. These 37 new reactions were added to the
pleted the amygdalin degradation pathwayl]. The model. An additional 27 unique genes correspond
other reaction, the interconversion of galactitol and ing to these new reactions were added, giving a total
-sorbose, filled the missing link in the oxidoreduc of 1756 unique ATCC1015 genes and the ATCC1015-
tive galactose catabolic pathwag?, 23]. One reaction specific model iDU1756. An additional ten transport
(KEGG reaction R02396), the means of mitochondrialreactions (see Additional fild: Table S2) and 34 input/
acetyl transfer via acetylcarnitine2ld, 25], was added output reactions (see Additional filel: Table S3) were

to both cytosolic and mitochondrial compartments. added to iDU1756. The total number of reactions in
A new transport reaction that completes the mito iDU1756 is 1845. 47 new compounds are included in
chondrial acetyl transfer pathway via acetylcarnitine iDU1756 (see Additional filel: Table S4), 37 of which
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are new unique metabolites, bringing the total num phenol as a carbon sourc@§] and phytate as a phes
ber of unique metabolites to 939. 1544 reactions in thephate source 27]; while the rest are hypothetical.
sequence-based KEGG reaction list were not included
in iDU1756 due to the absence of literature evidence.Comparison of iDU1756 to the latest model iJB1325
Corresponding to these excluded reactions, there aréWe compared the iDU1756 model to the recently pub
1020 unigue ATCC1015 genes absent from iDU1756Jished iJB1325 model that is also ATCC1015-speci ¢, to
which have putative metabolic activities. There is identify any major discrepancies between the two models
therefore the potential for even further expansion of and to assist future studies aimed at making a consensus
metabolic coverage. We have provided the iDU1756and updated model. e metabolites, genes, and reac
model in both spreadsheet format (see Additional tions of the two models were compared and lists gener
file 2) and in SBML format (see Additional file 3). ated of those present in both and those present in only
one model or the other (see Additional |&). Some reac
tions were comparable but not exactly matched, and in
New substrates in iDU1756 these cases the sources of discrepancy were highlighted.
iDU1756 has nine new carbon sources (Talty one e model comparison is summarised in Table3. When
new nitrogen source (see Additional filé: Table S7), comparing the two models, we found some concerning
and two new phosphate sources (see Additional file discrepancies, such as the lack of fumarate reductase in
Table S8). These new substrates were tested by FBAB1325 that we subsequently found to be important to
simulations of iDU1756 and confirmed to function as the in silico evolutionary work. We also identi ed the
sole substrates. Two of these have empirical evidencegresence of some reactions in iJB1325 such as cytosolic
citrate synthase that have not previously been detected

Table 2 New carbon sources in iDU1756

iDU1756 compound KEGG compound Compound name Empirical evidence
GALACTANe C05796 Galactan (extracellular) Hypothetical
CLGe C00852 Chlorogenate (extracellular) Hypothetical
LNMe C01594 Linamarin (extracellular) Hypothetical
AMYDe C08325 Amygdalin (extracellular) Hypothetical
PRNSe C00844 Prunasin (extracellular) Hypothetical
MDNe C00561 Mandelonitrile (extracellular) Hypothetical
PCNe C05551 Penicillin G (extracellular) Hypothetical
PHLe C00146 Phenol (extracellular) 26| [

PHANe C16074 Phenylacetonitrile (extracellular) Hypothetical

Table 3 Comparison of iDU1756 with iJB1325 (see Additional le 4)

In both iDU1756 and iJB1325 In iDU1756 and not in iJB1325 IniJB1325
and notin
iDU1756

Total metabolites 1147 174 671

Unique metabolites 851 159 549

Total metabolites not present in other compait/A 109 486
ments in other model

Unigue metabolites not present in other comN/A 95 367
partments in other model

Genes 1022 734 303

Exact match in other model Discrepant match in other model No match
in other model

Reactions in iDU1756 764 750 348

Reactions in iJB1325 748 800 772
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in vivo in A. niger FBA simulations performed with produced for the objective of proton production during
iJB1325 highlighted some additional minor concerns, phosphate-limited growth. We applied this parameter
including phosphate imbalances in some of the reactionsised iDU1756 model for the in silico evolution of organic
that cause con icting results when simulating phosphate- acid production, using a tness function that encom
limited growth important to citric acid production [B], as passes ndings from dynamic modelling and estimates
well as the absence of ux for a key TCA cycle reactionthe rate of organic acid production in a computationally
and discrepancies in the reversibility of some reactions.e cient manner without the need for extensive dFBA.

In addition, missing metabolic reactions in iDU1756

captured by iJB1325 were not considered important inin silico evolution of citric acid production

our work as we found them to be predominantly inac To perform in silico evolution of organic acid production,
tive (over 95% carrying zero ux) under the conditions we designed a genetic algorithm (sddéthods’) and rst
imposed in simulations of organic acid fermentation. We applied this to predict changes that optimise citric acid
conclude that the two models together provide an eut production with glucose as substrate. 10 replicate runs
standing A. nigerresource and that the construction of were performed. e initial tness (wild-type) was 0.1
iDU1756 was a necessary step for performing large-scaland increased by only 20% to around 0.12 over the course

in silico evolutionary modelling. of 5000 generations (Fig2). Evolution was continued
up to 10,000 generations, however, no further increases

Application and parameterisation of iDU1756 for organic in tness occurred. e variation in evolutionary speed

acid fermentation based on dynamic modelling between replicate runs was very low, with all runs achiev

We used our new model iDU1756 in FBA simulations of ing the same maximum tness in an average of 4092 gen
citric acid production, using parameters from our previ erations and standard deviation of 556 generations.

ously described dynamic model &. nigercitric acid fer e evolution output was analysed and the site and
mentation [8]. e biomass composition used is shown in frequency of mutations are indicated in Fi@. Each run
Additional le 1: Table S9, which is largely the same asonly gave one or two solutions, each having a single
other models with some modi cations based on previous mutation that targeted growth. e mutations across dif
tting to empirical data [8]. e non-growth-associated ferent solutions were found to be undirected and scat
maintenance (NGAM) was set to 1.9 mmol gDW h !, tered across dierent areas of metabolism, constraining
in accordance with iIMA871, as this parameter wasproduction of dierent biomass components. No same
applied in our previous tting of the dynamic modeld]. = mutation occurred in more than one run, suggesting a
Acid dissociation reactions were included in iDU1756, large number of possible solutions resulting from multi
for modelling of organic acid production driven by pro ple growth targets that are independent from the meta
ton production [28]. e input/output uxes correspond -  bolic reactions required in citric acid production.

ing to the two growth phases, phosphate storage and One solution was chosen (see Additional lel:
proton production, are shown in Tablel. ese give a  Table S10), and applied in dynamic modelling of organic
more accurate prediction of citric acid output with rel acid fermentation with comparison to the wild-type (see
evance to a batch fermentation setting compared toAdditional le 6: Figure S2). Growth clearly became fur
previous models which were based on citric acid beingther constrained in the mutant upon inducing mutations
produced as a by-product during growth or forcing citric at the point of phosphate depletion, with an 18% drop in
output at a xed value b, 6]. In this case, citric acid is total biomass produced and a 40% increase in the time

Table 4 Input/output uxes in iDU1756

Input/output reaction Flux during phosphate storage (mmol h ! gDW 1) Flux during proton
production (mmol h 1
gow %)

Glucose (DGLCe) 0.445 0.317

External phosphate (Ple) 0.0144 0.0

Internal phosphate (P1) 0.0124 7.43E4

Oxygen (& ) 0.974 0.552

Protons (Hpe ) 0.0 0.0062

Citric acid (CIT-e) 0.0 0.162

Biomass 0.0435 (gDW H) 0.0159 (gDW H)
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Fig. 2 Increase in highest population tness over generations with evolutionary pressure towards citric acid production. Each line corresponds to

the evolutionary course of one replicate run

taken for growth to nish. Between days 4 and 5.5, the e evolution output was analysed and the site and fre
rate of citric acid production was 62.5% higher, and thequency of mutations are indicated in Fig. Nine muta

total produced was 118% of the wild-type. tions had frequency over 70% and were repeated across
replicate runs, and targeted four distinct areas of metab
In silico evolution of succinic acid production olism (energy, C3, TCA cycle, and gluconeogenesis). In

We applied the genetic algorithm to predict changes that particular, the activities of ubiquinol oxidase, succinate
switch acid output from citric to succinic and optimise dehydrogenase (ubiquinone), pyruvate decarboxylase,
succinic acid production with glucose as substrate. 10 -lactate dehydrogenase, and pyruvate carboxylase were
replicate runs were performed for a duration of 50,000 constrained.

generations each. Succinic acid production successfully e solution that best represented the average and
evolved, with a rapid increase in tness in the rst 10,000 with tness near the maximum was chosen (Tab%, and
generations followed by a more gradual increase up taapplied in dynamic modelling of organic acid fermen
40,000 generations, after which it appeared to plateautation (Fig. 6) with mutations active beyond the point
(Fig. 4). To be more con dent that the maximum tness of phosphate depletion. Acid output was completely
was reached by 50,000 generations, one run was peswitched from citric to succinic in the evolved succinic
formed up to 100,000 generations (see Additional & producer, with a predicted yield of 90 g/L succinic acid.
Figure S3). e tness was constant after 40,000 genera Growth was also more constrained than in the wild-type,
tions suggesting no further increases were possible. e resulting in a higher rate of acid production. It was also
maximum tness reached varied between replicate runsobserved that succinic acid was produced as a by-prod
by up to 14% of the highest maximum tness, suggestinguct during growth optimisation, and was not dependent
a slower evolutionary speed in some cases or trapping ain the proton production objective function. e muta-
less optimal solutions. 40% of the runs achieved the samtons therefore placed ux constraints that forced pro
maximum tness and were constant after 40,000 genera duction of succinic acid to achieve optimal growth.

tions, suggesting these reached the global optimum.
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Fig. 3 Evolution plot showing the site and frequency of mutations from 10 independent runs with evolutionary pressure towards citric acid
production. Each of the ten grey circles corresponds to the results of one replicate run. The numbers on the outside are indices and refer to
reactions where mutations occurred. The corresponding reactions are given in Additingdble S15. Dots on the grey circles align with these
indices and indicate where mutations occurred. The diameter of each dot is proportional to the frequency of the corresponding mutation across
solutions from the run. The sectors indicate areas of metabolism that the mutations targeted

In silico evolution of lactic, malic, acetic, and gluconic acid  runs performed for each. 30,000 generations were needed
production to evolve production of the acids lactic, acetic and glu
In addition to succinic acid, we also applied the geneticconic, while 50,000 generations were needed for malic
algorithm to predict changes that switch acid output acid. e tness versus generation plots for the in silico
from citric to lactic, malic, acetic or gluconic acid and evolution of these acids are shown in Additional |6:
optimise production of the target acid with glucose as Figures S4, S7, S10, and S13, respectively.

substrate. ese were done similarly to in silico evolution e evolution outputs corresponding to these acids

of citric and succinic acid production, with 10 replicate were analysed and the site and frequency of mutations
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Fig. 4 Increase in highest population tness over generations with evolutionary pressure towards succinic acid production. Each line corresponds
to the evolutionary course of one replicate run

are indicated in the evolution plots provided in Addi when considering genetic engineering strategies to target
tional le 6: Figures S5, S8, S11, and S14. particular metabolic reactions. is highlights the value
Solutions from in silico evolution of the production of of our exhaustive ATCC1015-specic GPR in iDU1756
these acids that best represented the average and wittvhich is complemented by the iJB1325 model also based
tness near the maximum are given in Additional lel:  on the ATCC1015 strain. e two models provide an in-
Tables S11-S14. ese were applied in dynamic model depth resource for identi cation of genetic information
ling of organic acid fermentation similarly to citric and and give targets for future studies to further elucidate the
succinic, and the results can be seen with comparison tanetabolic coverage provided b&. niget
the wild-type in Additional le 6: Figures S6, S9, S12, and By incorporating ndings from dynamic modelling
S15. In each case, acid output was completely switchedf A. nigerorganic acid fermentation §], we developed

from citric to the target acid in the evolved producers.  iDU1756 into a purpose-built model of organic acid
production. We then designed and optimised a genetic
Discussion algorithm for in silico evolution ofA. nigerorganic acid

In this study, we employed our previously developedproduction using a tness function that estimates the
dynamic modelling framework §] coupled with a genetic rate of production of the target organic acid, informed by
algorithm to evolve the production of various organic parameterised static FBA simulations of chosen fermen
acids in silico. We used a tness function that encapsu tation time-points. e dynamic modelling framework
lates the dynamic modelling in a computationally e enabled the targeting of particular phases of growth,
cient manner, to estimate the rate of production of a notably before the onset of acid production when phos
given organic acid in a setting relevant to batch fermen phate is in excess and during acid production when
tation. As the output of this work is target suggestions phosphate is limiting. is gave rise to a non-trivial t-
for strain engineering, we paid particular attention to the ness function that represents a compromise between the
strain-speci city of the underlying metabolic model and simplicity and speed of a static FBA simulation and the
its GPR associations, as these are an essential resource
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Fig. 5 Evolution plot showing the site and frequency of mutations from 10 independent runs with evolutionary pressure towards succini
production. Each of the ten grey circles corresponds to the results of one replicate run. The numbers on the outside are indices and ref

indices and indicate where mutations occurred. The diameter of each dot is proportional to the frequency of the corresponding mutatio

decrease target acid ux by <95%. The sectors indicate areas of metabolism that the mutations targeted

c acid
ar to

reactions where mutations occurred. The corresponding reactions are given in Additfariedble S15. Dots on the grey circles align with these

across

solutions from the run. A frequency cut-o of 0.2 was applied. Mutations with a frequency lower than the cut-o are not represented. Green
dots indicate mutations that when complemented decrease target acid ux by >95%. Purple dots indicate mutations that when complemented

complexity of a full dynamic simulation at each tness productivity. Switching acid output required more com

evaluation. plex solutions. As well as inducing a re-distribution
To establish a picture of the underlying ux changes in ux that brings about a complete switch of acid output
solutions from in silico evolution, the ux patterns were the target acid, these solutions also constrained gro

of
to
wth

examined for each of the evolved target acids. In the cast® give optimum productivity. Our predictions reveal the
of evolution of citric acid production, the solutions were balance between targeted acid output and biomass-pro
simply single growth targets with ux constraints that duction that is only possible to predict by the use of our
result in a growth rate that gives optimum citric acid informed dynamic modelling approach. e importance
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Table 5 Example solution from evolution of succinic acid production

Index Reaction Mutation e ect Complementation results

% Fitness decrease % Acid ux decrease % Growth
increase

444 QHm 0.5*Qm Qm HOm uc 99.8 100 98.2

449 QHm 2*FERIm 2*Hm Qm 2*FEROm UC 99.8 100 98.2
4*Ho

213 PYR NADH H LLAC NAD uc 85.3 86.2 19.3

84 LAC NAD PYR NADH H LC 85.2 86.2 19.3

77 H PYR ACAL CQ uc 77.1 77.8 9.6

265 GLCNT ATP D6PGC ADP H uc 52.4 54.4 12.5

24 G6P NADP D6PGL NADPH H uc 49.7 51.8 12.3

22 ATPm PYRm HOm CQm ADPm PIm UC 18.9 22.5 14
OAm 2*Hm

1242 NHOH NH; HO uc 12.8 13.8 35

The example solution is chosen as the best representative of the average solution and based on tness. The mutation e ect is given as UC or LC. UC corresponds to
a mutation that imposes a ux constraint on the upper bound. LC corresponds to a mutation that imposes a ux constraint on the lower bound. Complementation
results are given for each mutation, showing the e ect on tness, target acid ux, and growth when the mutation is complemented with the wild-type while retaining
the other mutations

of this was highlighted by a previous study that investi ATP translocase, and all solutions for these three acids
gated the eect of varied phosphate concentration on shared the need to block NADH recycling via produc
biomass and citric acid production and the resulting tion of the alternate acids to achieve optimal productivity
productivity [29]. e authors of this study concluded of the target acid. Recently, a transcriptomics study was
that optimum productivity requires a balance between performed for the optimised citric acid-producing indus
growth and product formation that can be achieved by trial strain YX-1217 with comparison to the wild-type
adjustment of the phosphate concentration. In our pre strain ATCC1015 B(Q]. is study showed that optimal
vious work B], we showed that the growth rate during citric production is associated with heightened activ
the citric acid producing phase is phosphate-limited and ity of the electron transport chain and up-regulation of
determined by the rate of release of stored phosphateNADH oxidase-related genes which serve to recycle
Elucidation of the mechanisms involved would provide NADH by aerobic means. Our in silico ndings indicate
additional engineering targets for ne-tuning the rate these as key targets for switching acid output from-cit
of biomass production during this phase to suit optimal ric to other acids that are products of alternative NADH
productivity. e growth targets suggested by our in recycling pathways. It is clear from our work that organic
silico methods in this work would need careful exami acids production is strongly coupled to the recycling of
nation prior to in vivo engineering as these could haveNADH via various pathways and a good understanding
unpredictable e ects causing altered biomass composi of NADH/NAD redox dynamics is valuable. A relevant
tion rather than constrained growth due to a limitation of study in this eld recently reported the establishment of
metabolic modelling in accurately re ecting the dynam a system for in vivo monitoring of the cytosolic NADH/
ics of biomass production. NAD ratio in Ustilago maydisunder conditions relevant
When investigating the ux patterns of evolved lac to biotechnology B1]. is allowed the e ects of various
tic, acetic, succinic, malic and gluconic acid produc perturbations on the redox state to be closely monitored.
ers, a relationship was observed for the rst three acids e subsequent changes in ux patterns of the evolved
with the common feature of disrupted NADH recycling producers of the acids lactic, acetic, and succinic di ered
by aerobic respiration, forcing an alternative means ofin complexity, with lactic being the simplest case where
NADH recycling to maintain a high glycolytic ux. is lactate dehydrogenase provided the sole source of lactic
was found to be essential to production of these acidsputput with concomitant NADH recycling. Lactic acid
and was usually caused by mutations targeting bothproduction in A. niger has been previously targeted in
ubiquinol-cytochrome ¢ reductase and alternative oxi two studies by overexpression of lactate dehydrogenase
dase. Other mutations frequently occurred that caused[32, 33] which in one case resulted in lactic acid produc
a decreased ux through the electron transport chain, tion up to 7.7 g/L with 13% conversion from glucose,
targeting core reactions such as ATP synthase and ADPhowever, no lactic acid was produced when the medium
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Fig. 6 Dynamic modelling of organic acid fermentation comparing the wild-type with a solution from in silico evolution towards succinic gcid
production. Green solid lines correspond to an evolved succinic acid producer, using a solution that best represents the average and based
on tness (Tabl®). Purple dashed lines correspond to the wild-type. Mutations were induced at the point of external phosphate aepletion.
Change in biomass dry weight (g/L) over tim€hange in external phosphate concentration (g/L) over ti@bange in external organic acid
concentration (g/L) over time. Lines are annotated to indicate the organic acid praGtedhge in external glucose concentration (g/L) over|
time

was changed to one typically used for citric acid produc of in silico guided engineering for achieving optimal
tion [32]. In the two studies citric acid production was production of the target acid, and this is further dem
either unchanged 32] or even increased33] upon over  onstrated by the more complex changes in ux patterns
expression of lactate dehydrogenase. ese ndings are observed for evolved acetic producers, and yet more
in line with our own that show the necessity of targeting complex for succinic. For acetic the breakdown of TCA
multiple steps to bring about a switch in acid output and cycle intermediates including citrate and oxaloacetate
the need to block competing NADH recycling pathways. was the primary source, and this involved the recycling
A further study targetedAspergillus brasiliensisa close of the breakdown product oxalate into formate and then
relative of A. niger, for lactic production via overexpres formaldehyde, which was fed back into glycolysis requir
sion of lactate dehydrogenase and achieved up to 32.2 g/lng the functioning of the pentose phosphate pathway.
lactic acid with 44% conversion from glucos&4], how- e action of formaldehyde dehydrogenase enabled the
ever, this yield of acid is still relatively low compared tore-supply of NAD. e competing patterns of dier -
that typically achieved for citric acid production. e ent solutions to acetic production employing alternative
outcomes of these simplistic engineering approaches angathways with varying carbon usage and alternate means
the complexity of our in silico work highlight the value of NADH recycling led to the emergence of di ering local
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maxima in the evolutionary optimisation for this acid. study that fumarate reductase has low activity; we found
Microbial production of this acid is typically performed heightened fumarate reductase activity to be essential for
by acetic acid bacteria via oxidation of ethand@4], and optimal succinic production. Operation of the glyoxylate
to our knowledge no attempts have been made to engishunt was responsible for directing ux towards suc
neerA. nigerfor acetic acid production. e ux patterns  cinic production, via the actions of isocitrate lyase and
of acetic acid producers evolved in silico give a picturemalate synthase. e conversion of malate to fumarate
as to how the metabolism would operate fér. nigerif it  provided the substrate for fumarate reductase to produce
were to be developed for optimal acetic production. the remaining succinic. e optimal solution required a

e solutions that optimise succinic acid productiv- balance between the two succinic-producing reactions;
ity appeared to be more complex than those for theisocitrate lyase and fumarate reductase. e activity of
other acids, and this is resembled by the more elabofumarate reductase provided the alternative means of
rate re-distribution of ux observed in evolved succinic NADH recycling (via the recycling of FADK to FAD)
acid producers (Fig7). Examination of the ux patterns upon constraint of the electron transport chain. Fuma
revealed succinic output to be sourced from two reac rate reductase has been targeted previously to enhance
tions; 56% from isocitrate lyase and 44% from fumaratesuccinic acid production inAspergillus saccharolyticys
reductase. Succinic acid production bY. nigerhas been a species which naturally secretes small quantities of
targeted in a previous study3p] where the overexpres this acid [37]. Expression of NADH-dependent fumarate
sion of isocitrate lyase and inhibition of succinate dehy reductase fromTrypanosoma bruceincreased succinic
drogenase were investigated—our ndings illustrate production from 3.8 to 16.2 g/L while negatively a eet
that these are potentially necessary but insu cient to ing malic and citric acid production 37]. When the same
induce succinic production. It was also proposed in this fumarate reductase gene was expressed in an engineered

Fig. 7 Flux diagram illustrating re-distribution of ux in evolved succinic acid producer compared to wild-type. The chosen solution from jevolution

of succinic acid production was applied in FBA simulations to determine the re-distribution of ux relative to the wild-type. Flux values are given to
two decimal places. Dark grey and solid arrows with light blue ux labels correspond to the evolved succinic acid producer. Light grey and dashed
arrows with red ux labels correspond to the wild-type. The thickness of arrows is proportional to the corresponding ux
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strain of Aspergillus carbonariugacking the glucose oxi Although our work is based on a dynamic model of
dase gene the acid production prole was unchanged,metabolism we have chosen not to include explicit trans
yet increased succinic production up to 16 g/L when aport mechanisms, including glucose and phosphate
C4-dicarboxylate transporter was overexpresse88] import and product and by-product export, as possible
e studies highlight the need to consider organic acid mutable targets. is is a crucial area for future research:
transport in organisms that do not naturally secrete the the need to up-regulate organic acid export has been
target acid. Although successful, these studies only madaighlighted by numerous studies. For example, succinic
an initial step to achieving optimal succinic acid produc acid export has been identi ed as a limiting factod]]
tion in Aspergillus and the targeting of many other steps for succinic acid production and overexpression of citrate
as shown by our in silico evolved producers would beexport in A. nigerATCC1015 increased citric production
necessary to fully realise this goal. as much as vefold 42]. ese are important considera-
Malic and gluconic acid production evolved dier tions when designing a strategy to successfully engineer
ently to lactic, acetic and succinic as there was no need\. nigerto produce organic acids, but their incorporation
for disrupted NADH recycling by aerobic respiration. into an in silico evolutionary scheme presents consieer
Malic acid production evolved primarily through a par able computational di culties. Further work understand
tial disruption of citrate synthase, which all solutions ing transport mechanisms irA. nigeris essential to gain
shared in common, and could be achieved via a speci durther insight to facilitate the feasibility of computa
constraint on citric production as malic production is the tional approaches in the future.
next most e cient means of acidi cation in its absence.
A notable study reported recently successfully engi Conclusions
neeredA. nigerATCC1015 to produce signi cant quanti  is work demonstrates how a detailed genome-scale
ties of malic acid via the targeting of four steps using ametabolic model (GSMM) can be combined with state-
Cre-loxP based gene editing systerBY. e knockout of-the-art dynamic modelling and metaheuristic evolu
of oxaloacetate hydrolase together with the overexpres tionary algorithms to provide detailed target suggestions
sion of pyruvate carboxylase, malate dehydrogenase anfibr metabolic engineering in an industrially important
a C4-dicarboxylate transporter achieved 120 g/L malicorganism. We base our work on an extensive GSMM that
acid in shake ask culture and 200 g/L malic acid in fed- complements the genomic coverage of previous models
batch fermentation B9]. Although the yield of the target and enables a full exploration of this important indus
product was very high in the engineered strain, citric trial organism. To devise an appropriate tness target for
acid was still produced at 28 g/L showing that a completethis organism growing in batch culture, we constructed
switch of acid output had not occurred. Furthermore, a tness function based on the mathematical analysis of
the results were obtained under conditions of pH con a previously introduced dynamic modelling framework—
trol by addition of CaCQ and may not be reproduced if evaluation of such a dynamic model at each evolution
pH were allowed to drop. is study demonstrated that ary time-step would not be computationally feasible,
the engineering of wild-typeA. nigerat multiple steps is by several orders of magnitude, compared to static FBA
entirely feasible, and under the guidance of the in silicoevaluations. Our evolutionary framework enabled con
ndings in this work could potentially achieve optimum tinuous adjustment of ux bounds suggesting strategies
productivity of the target product and a complete switch for more complex synthetic interventions beyond simple
in acid output. In the case of gluconic acid, commercialBoolean gene deletions. e validation of these in vivo
production with A. nigeris already established but relies would be an important step forward demonstrating the
on the action of extracellular glucose oxidase therefore igpower of in silico guided approaches. Initial experiments
dependent on the maintenance of a suitable pB0[. To  should focus on transport of the target acids as previ
achieve intracellular production that can operate at low ous research shows this to be of primary importance.
pH our evolutionary simulations predicted the disruption With appropriate organic acid export functionality in
of glycolysis was necessary, causing a by-passing re-diglace, steps should be taken to re-wire the metabolism
tribution of ux via gluconate and forced gluconate aceu to match that of the evolved in silico producers reported
mulation upon constraint of its catabolic pathways. We in this work. Flux patterns should be evaluated in silico
are not aware of any engineering attempts to re-wire theto identify key steps where high ux is required for opti
metabolism of A. niger for optimum gluconic acid pre mum productivity, and these should be checked in vivo
duction via the intracellular route, but our in silico nd for potential bottlenecks that could be resolved by tar
ings suggest that it could be achieved demonstrating thegeted overexpression. Many of our in silico target sugges
metabolic exibility and potential of this organism. tions involve multiple nely tuned constraints to induce
the necessary re-distribution of ux, and to achieve these
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in vivo would require targeted knock-down, promoter C00005, C00006, C00007, C00008, C00009, CO00010,
engineering, or replacement of native target genes withC00011, C00013, C00014, C00016, C00027, C00080).
ones controlled by inducible expression systems. FurthetCompound search terms were compiled from the follew

e orts are needed to enhance the engineering tool-kit to ing databases: KEGG, MMCD, HMD, PubChem, ChEBI,
facilitate such endeavours. is framework for guiding PDB-CCD, 3DMET, NIKKAJI, KNApSAcK, LIPID
rational engineering, based on the dynamic batch growthMAPS, and LipidBank. To increase speci city, search
found more commonly in industrial processes, oers terms less than three characters were not included.
considerable potential for future investigations focused e percentage of reaction compounds found of those

on the engineering of other organisms to produce desiredsearched and number of search hits were recorded and

products. used to rank the results. Reactions with 60% or more

compounds found were manually checked for evidence
Methods in records with search hits. Reactions with evidence were
Assembly of ATCC1015-speci ¢ gene—protein—reaction added to the model.

(GPR) associations

To assemble comprehensive and reliable GPR assdChanges in iDU1756 to reactions from iHL1210

ciations specic to ATCC1015, the 11910 ATCC1015 In constructing the iDU1756 model, some changes were
genes of the latest ATCC1015 genome annotation frommade to reactions from iHL1210. e reaction that pro
the Joint Genome Institute (v 4.0)4] were mapped to duces galactoglucomannan was altered to require UDP-
KEGG reactions. is was achieved by the use of two alpha- -galactofuranose based on literature evidence
annotation tools; Blast2GO 9], and KEGG Automatic [43]. e coe cients of UDP-galactose and UDP-glucose
Annotation Server (KAAS) 10]. Blast2GO version 2.7.2 were changed from 0.435 to 0.332 and from 0.13 to 0.1,
was used, and BLASTP was performed using the nonrespectively, and the coe cient of UDP-alpha-galacto -
redundant (nr) protein database from the NCBI. EC furanose was set to 0.133. UDP-alphgalactofuranose
numbers were assigned to ATCC1015 genes, and thesie a new compound in iDU1756 and produced by isem
were mapped to KEGG reactions. e ATCC1015 genes erisation of UDP-galactose, a new reaction in iDU1756.
were also assigned KO terms by KAAS, and these werés new reaction is essential to biomass production, to
mapped to additional KEGG reactions. e two lists of produce the galactoglucomannan component of the cell
KEGG reactions were combined. e resulting reaction wall, and therefore is a new growth target in iDU1756.
list was searched against reactions in the previous modebome errors were found in reactions from iHL1210, and
iHL1210 to identify existing reactions and new reactions corrections were made either to reaction species (see
based on sequence information. Reaction matches werd@dditional le 1. Table S5) or compartmentalisation (see
used to assign ATCC1015 genes. iHL1210 reactions withAdditional le 1: Table S6).

out a match to the list of KEGG reactions were assigned

ATCC1015 genes either by matching EC numbers andComparison of iDU1756 to the latest model iJB1325

KO terms or by BLASTP of the CBS 513.88 genes ifmo perform a detailed comparison and identify discrep
iHL1210. resholds of 90% identity and e-value 1e-20 ancies between iDU1756 and the recently published

were used for the comparison. iJB1325 model, we compared the metabolites, genes, and
reactions of the two models and generated lists of those
Evidence-based veri cation of new metabolic reactions present in both and those present in only one model or

Reactions from the list of KEGG reactions that were notthe other (see Additional le4). e sources of discrep-
found in the previous model were searched for evidenceancy were highlighted for those reactions comparable but
in an exhaustive body of literature using a custom-built not exactly matched, and Tabl8 summarises the com
automated text search approach in Python. e body of parison. To be able to implement the iJB1325 model for
literature contained all records withAspergillus nigelor comparative purposes, we had to resolve some minor
A. nigerin the title, obtained from Web of Science. e errors including phosphate imbalances in the reactions
full text was searched if available through the Universityr1266 and RNApolym and a compartmentalisation error
of York Library or open access. e abstract was searchedin the TCA cycle reaction r36¢c that caused it to carry
if the full text could not be accessed, and the title waszero ux, as well as correcting some reactions to be ire
searched if the abstract was unavailable. Reactions wenersible such as r35 and removing cytosolic citrate syn
searched for evidence in each record by using an exhaughase (r31) that does not exist in vivo . niget

tive list of search terms for each compound. To increase

speci city, common compounds were not searched

(KEGG compounds: C00001, C00002, C00003, C00004,
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Designing of genetic algorithm for in silico evolution where isthe tness, is the time of substrate depletion,
To achieve in silico evolution of organic acid produc and is the target acid yield.

tion, a genetic algorithm (GA) was designed. e ux Estimates were calculated for the target acid yield
bounds of the reactions in the iDU1756 model wereand time of substrate depletion. Growth occurs in
subjected to evolution, with evolutionary pressure two phases; growth phase 1 (phosphate storage), and
to maximise the rate of production of a given organic growth phase 2 (proton production). e boundary is
acid. Each ux bound represented a gene, with thede ned by the time . e uxes from these growth
lower bounds being on chromosome 1 and the upperphases used to calculate estimates are shown in T&ble
bounds on chromosome 2. e wild-type genes were e target acid yield was estimated according to

set as the original ux bounds. e GA was initiated

with a population of 500 wild-type individuals, which - )
were subjected to a cycle of tness evaluation, elimina
tion, selection, recombination, and mutation for a xed
number of generations averaging at 30,000 and rangingn
from 10,000 to 50,000 depending on the evolutionary
goal (Fig 8).

e time of substrate depletion was estimated accord
gto

3)

Fitness evaluation

e tness of new individuals was evaluated by esti
mating the rate of production of the target acid based
on dynamic modelling of organic acid fermentatior8]
with the initial pH set to 2, and using the ATCC1015-
speci c iDU1756 metabolic model. Performing dFBA
would evaluate tness more accurately, however, it is
computationally too expensive to be used as the mean
of tness evaluation. erefore, a tness function was
derived that uses ux values from FBA simulations of
selected time-points in the two growth phases (Fig),
according to

e equations for , ,and are given in Additional
le 7, as well as information on how these and the above
equations were derived.

A simpli cation was made by only applying the mutant
ux bounds to growth phase 2, and using wild-type ux
bounds in growth phase 1. is assumed that mutations
?ecome active at time , and are switched o during
growth phase 1. is simpli cation was necessary to the
performance of the GA, as mutations that a ect growth
have conicting e ects on tness when applied to both
growth phases. An FBA simulation of a time-point in
growth phase 1 was no longer required, which improved
the computational e ciency of tness evaluation. A
— (1)  number of variables became constants by applying wild-
type ux bounds to growth phase 1, including, , and

. e values for these constants were accurately deter
mined from a dFBA simulation, avoiding the need for
estimation using equations given in Additional 1g.

To evolve production of organic acids not produced by
the wild-type, adaptations to the tness function were
required. In such cases, the tness evaluated to zero in
wild-type individuals, preventing evolutionary progress.
To x this, tness was evaluated as the sum of the esti
mated rates of proton production and target acid pro
duction, with di erent weights given to each. To ensure
stronger evolutionary pressure towards production of the
target acid over proton production, a higher weight was
given to target acid production. e tness function was
adapted to

(4)

Fig. 8 Schematic of genetic algorithm used for in silico evolution|of
organic acid production
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Fig. 9 Dynamic modelling of organic acid fermentation as basis of tness evaluation. The boundary between the two growth phases is shown by
the vertical red line, annotated The time-points used for tness evaluation are shown by the vertical blue lines, annatated

Table 6 Fluxes used to calculate estimates of target acid
yield and time of substrate depletion for tness evaluation - ©)

Growth phase 1 Speci c growth rate

<t<t Substrate input ux (e.g. glucose)
External phosphate input ux

Growth phase 2 Speci ¢ growth rate

e <t<f Substrate input ux (e.g. glucose)
Target acid output ux

where is the proton output ux.

e adapted tness function was applied in evolution
of succinic, lactic, malic, acetic, and gluconic produc
tion, since none of these organic acids are produced by
the wild-type at initial pH 2. e original tness func -

tion was applied in evolution of citric acid production,
The uxes from the time-point in growth phase 1 were used to estimate which occurs in the WiId—type.

,and , where is the time of external phosphate depletion and switch to
growth phase 2, and and are the amounts of biomass and substrate at

respectively
Elimination
) _ ) ) Each generation, 5% of the population (25 individuals)
where is the proton yield, estimated according to  ere eliminated. e individuals in the population were

ranked based on tness, and the eliminated individuals
were randomly drawn from the bottom 50%. erefore,
individuals with tness in the bottom 50% had an equal
chance of elimination, and individuals with tness in
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the top 50% were safe from elimination. is enabled for mutation in the case of wild-type genes. Mutant genes
individuals with lower tness to enter the population were mutated from the current mutant ux bound. No
with some chance of reproduction, before being elimi ux bounds were allowed to mutate below the original
nated. is was found to be bene cial as some individu lower bound or above the original upper bound, which
als with higher tness have mutations that individually prevented irreversible reactions from being made revers
decrease tness yetincrease tness when combined. ible. e location parameter of the Laplace function, ,
was set to zero. e scale parameter of the Laplace func
Selection tion, , was relative to either the wild-type ux or the
To |l the 5% population gap caused by elimination, new maximum wild-type ux, or was given the default value
individuals were created. Each new individual was cre of 0.01 if these were zero (see Additional & Figure
ated from two parents, so to Il a 5% gap required a 10%651). A mutated gene imposed a ux constraint or forced
selection (50 individuals). e selection was split across ux on the corresponding reaction. As mutations forcing
three sources, and did not include any individuals marked ux sometimes resulted in no FBA solution, control steps
for elimination or already selected. 1% (5 individuals)were added to avoid this. If for a given gene the scale
were drawn randomly from across the population. 2% (10parameter of the Laplace function was set to the default
individuals) were drawn from wild-types. e remaining value, the value of mutation was made negative for the
7% (35 individuals) were drawn randomly from individu lower bound and positive for the upper bound. is
als with tness in the bottom 50%. e percentage from prevented mutations from forcing ux in these cases. A
across the population was set such that individuals withsecondary mutation rate was added for mutations ferc
tness in the top 50% reproduced at a su ciently low ing ux, which was set to 0.3. erefore, only 30% of
rate to prevent their otherwise rapid dominance of the mutations forcing ux were allowed. is increased the
gene pool. is minimised the risk of trapping the eve proportion of mutations constraining ux which would
lution on a single solution, allowing distinct solutions to otherwise be in equal ratio to mutations forcing ux.
evolve. e percentage from wild-types was set such that e nal control step computed the maximum ux and
a su cient population of wild-type genes was maintained capped the mutation forcing ux to 1% of the maximum
in the gene pool, allowing the complementation of non- ux. is 1% cap allowed multiple mutations to force ux
bene cial mutations by recombination. Although the ini  per individual, without leading to no FBA solution. If a
tial population was completely wild-type, the wild-type mutation were allowed to force 100% of the maximum
genes were eventually lost from the gene pool unless reux, it would block other mutations from forcing ux in
introduced during the selection stage. that individual.

Recombination Data analysis of in silico evolution output for target
A new individual was created by recombination of the prediction
genes of its two selected parents. Recombination wa®utput was generated from in silico evolution by logging
designed such that most genes were inherited from onenew individuals that satis ed certain conditions upon
parent and a few from the other parent, according to the tness evaluation. If the target acid was not produced
recombination rate. e recombination rate was set to by the wild-type, any individual that evolved produc
0.04, therefore on average 96% of genes were inheriteitbn of the target acid was recorded. In the case of evo
from one parent and 4% from the other parent. e dom lution of citric acid production, individuals with tness
inant parent was randomly chosen from the two parents. greater than the current highest tness or with tness
greater than 110% of the wild-type tness were recorded.
Mutation e ux boupds of recqrded_ individu_als were C(_)mparc_ed
with the wild-type to identify mutations. Mutations with

Once a new individual was created through recombi no bhenotvoic e ect were Itered out by onlv recordin
nation of its two parents, its genes were subjected to P yp y only 9

. . . ; mutations if the mutant ux was equal to the mutant ux
mutation according to the mutation rate. e mutation bound

rate was set to 0.02, and genes were mutated in a ran . . .
dom order. Some genes were protected from mutation Solutions were obtained from the output by selecting
: ‘recorded individuals with a tness>95% of the highest

including those corresponding to biomass reactions, the : .
. . ; tness. ese solutions were then processed to discard
maintenance ATP reaction, and transport reactions. A . .
mutations that have a minimal e ect. e tness was

gene was mutated by adding a small positive or negative ; . .
value to the ux bound, determined by the Laplace func re-evaluated upon complementation of a mutation with

tion. Wild-tvoe ux values were used as starting points the wild-type while retaining other mutations. If the
' yp gp ness decreased by>5% of the current solution tness,
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the mutation was retained, otherwise discarded.
Itered out background from the solutions, leaving only
the mutations that contribute signi cantly to the over .
all solution tness. e frequency of each mutation was
calculated from the Itered solutions, by counting the
occurrences of corresponding reaction indices in the
mutations of each solution, and dividing by the number
of solutions. e information was used to identify muta

tion hotspots and inform target prediction.
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