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Abstract

Background Integrated metabolic engineering approaches that combine system and synthetic biology tools enable
the efficient design of microbial cell factories for synthesizing high-value products. In this study, we utilized in silico
design algorithms on the yeast genome-scale model to predict genomic modifications that could enhance the pro-
duction of early-step Taxol® in engineered Saccharomyces cerevisiae cells.

Results Using constraint-based reconstruction and analysis (COBRA) methods, we narrowed down the solution

set of genomic modification candidates. We screened 17 genomic modifications, including nine gene deletions

and eight gene overexpressions, through wet-lab studies to determine their impact on taxadiene production, the first
metabolite in the Taxol® biosynthetic pathway. Under different cultivation conditions, most single genomic modi-
fications resulted in increased taxadiene production. The strain named KM32, which contained four overexpressed
genes (ILV2, TRR1, ADE13,and ECM31) involved in branched-chain amino acid biosynthesis, the thioredoxin system, de
novo purine synthesis, and the pantothenate pathway, respectively, exhibited the best performance. KM32 achieved
a 50% increase in taxadiene production, reaching 215 mg/L. Furthermore, KM32 produced the highest reported
yields of taxa-4(20),11-dien-5a-ol (T5a-ol) at 43.65 mg/L and taxa-4(20),11-dien-5-a-yl acetate (T5aAc) at 26.2 mg/L
among early-step Taxol® metabolites in S. cerevisiae.

Conclusions This study highlights the effectiveness of computational and integrated approaches in identifying
promising genomic modifications that can enhance the performance of yeast cell factories. By employing in silico
design algorithms and wet-lab screening, we successfully improved taxadiene production in engineered S. cerevisiae
strains. The best-performing strain, KM32, achieved substantial increases in taxadiene as well as production of T5a-ol
and T5aAc. These findings emphasize the importance of using systematic and integrated strategies to develop
efficient yeast cell factories, providing potential implications for the industrial production of high-value isoprenoids
like Taxol®.
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Introduction

Microbial chassis have been extensively investigated for
the sustainable and economically viable production of
industrially important compounds, including pharma-
ceuticals [1], biofuels [2], enzymes [3] and polymers [4]
in sustainable and economically attractive ways. Among
these microbial hosts, Saccharomyces cerevisiae, com-
monly known as baker’s yeast, has emerged as the most
widely studied eukaryotic synthetic biology chassis [5].
S. cerevisiae offers advantages such as high biomass pro-
duction in cost-effective media [6] and efficient control
and scalability of fermentation processes [7]. Further-
more, the development of numerous synthetic biology
tools and well-characterized genetic parts have acceler-
ated the design of engineered yeast strains with improved
performance and reliability [8, 9].

S. cerevisiae has been harnessed as a platform to pro-
duce high-value biopharmaceuticals, ranging from
recombinant therapeutic proteins to plant-derived
natural products [10-14]. By integrating heterologous
plant-derived genes, early-step precursors of Taxol®
(paclitaxel), a leading anticancer drug with a market size
over billions of USD [15], have been produced by yeast
cell factories [16-20]. The biosynthesis of Taxol® initi-
ates with the conversion of geranylgeranyl diphosphate
(GGPP), a product of the yeast mevalonate pathway, into
taxadiene (taxa-4(5),11(12)-diene) catalyzed by taxadi-
ene synthase [21]. Subsequently, taxadiene undergoes
hydroxylation by a class II cytochrome P450 hydroxylase,
taxadiene-5a-hydroxylase (T5aOH) with the assistance
of cytochrome P450 reductase (CPR), and an acylation
catalyzed by taxadiene-5a-ol-O-acetyltransferase (TAT)
[15]. Although these enzymes have been expressed, and
their products have been successfully produced in yeast
[22, 23], there is still room to improve their titers for eco-
nomically feasible production of the subsequent Taxol®
precursors. Figure 1 illustrates the biochemical reactions
in the mevalonate and Taxol® pathways.

As omics technologies are evolving and sequenc-
ing platforms are becoming more accessible, the recon-
struction of genome-scale metabolic models (GEMs)
for various organisms has gained momentum, ena-
bling the conversion of integrated omics data into valu-
able system-level information [24]. Since the first yeast
GEM was reconstructed in 2003, several iterations and

(See figure on next page.)
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enhancements of S. cerevisiae GEMs have been devel-
oped by adding and connecting more genes, reactions,
and compartments [25-27]. The latest consensus yeast
GEM, yeast 8 [27], serves as the basis for constructing
more refined and up-to-date versions that better mimic
yeast metabolism. Among the yeast 8 derivatives, yeast
8.5.0 comprises 4055 reactions, 2742 metabolites, and
1151 genes in 14 cellular compartments [28]. Leverag-
ing yeast GEMs as a bottom-up systems biology tool,
they have been employed in diverse applications, from
designing yeast cell factories to optimizing culture con-
ditions [29]. In recent years, the coupling of GEMs and
constraint-based reconstruction and analysis (COBRA)
methods [30] has found widespread usage in biological
applications. COBRA is an integrative analysis frame-
work that can be applied to biochemical systems to dem-
onstrate and predict the connections from phenotype
to genotype by imposing constraints considering factors
such as physicochemical laws, environmental conditions,
and genetic information [31, 32].

Several strain optimization algorithms and programs
have been developed utilising COBRA methods and
mathematical modelling [33]. For example, OptKnock
[34] employs bilevel mixed-integer optimisation to pre-
dict gene deletions and elimination of reactions from the
host’s metabolism, thereby enhancing the production
of target compounds. Another tool, OptGene [35], uti-
lises genetic algorithms [36] to identify gene knockouts
with the aim of improving bio-production yields. Lev-
eraging bilevel programming, Ranganathan et al. (2010)
introduced the OptForce framework to identify a set of
reactions where fluxes need to be modified to achieve
overproduction of the target compound [37]. These
modifications can involve zeroing (deletion), decreas-
ing (downregulation), or increasing (upregulation) of the
fluxes associated with the target reactions, thus exploring
all possible modifications [37].

Previously, we reported the production of early-step
Taxol® precursors through the improved mevalonate
pathway using our engineered yeast strains [22, 23]. In
the present study, we used a combinatorial in silico sys-
tem biology approach to further improve the flux towards
GGPP in the mevalonate pathway to enhance the titers
of the taxadiene and the next precursors in the Taxol®
pathway. We utilised three strain design frameworks,

Fig. 1 AThe native biochemical reactions in the mevalonate pathway leading to the production of GGPP in yeast. B The Taxol® biosynthesis

from GGPP in yew trees. HMG-CoA: hydroxymethylglutaryl-CoA, mevalonate-P: R-5-hosphomevalonate, mevalonate-PP: R-5 diphosphomevalonate,
IPP: isopentenyl diphosphate, DMAPP: dimethylallyl diphosphate, GPP: geranyl diphosphate, FPP: farnesyl diphosphate, GGPP: geranylgeranyl
diphosphate, T5a-ol: taxa-4(20),11-dien-5a-ol, TSaAc: taxa-4(20),11-dien-5-a-yl acetate. The dashed arrows represent naturally occurring multiple

steps
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namely OptKnock, OptGene and OptForce in conjunc-
tion with yeast GEM, to predict gene and reaction can-
didates for knockout or overexpression. The genomic
modifications determined by in silico analyses were
implemented using the CRISPR-based ACtiVE toolkit
[38] to design yeast strains. Overall, we tested the knock-
out of nine genes and the overexpression of eight genes,
both individually and in various combinations. Follow-
ing the screening of the strains, the best-performing one
was also evaluated in 250 mL in a mini-scale bench-top
bioreactor. We achieved a 50% increase in taxadiene
yield compared to the parent strain when four reactions
were upregulated by integrating an extra copy of ILV2,
TRRI, ADE13 and ECM31 genes driven by a galactose-
inducible promoter. Using a micro-scale high-through-
put bioreactor platform, i.e. BioLector, we achieved the
detection of 215 mg/L of taxadiene, 35.4 mg/L of T5a-ol
and 26.2 mg/L of T5aAc in complete synthetic media
(CSM). These are the highest titers reported until now
in S. cerevisiae. Our findings highlight the applicability
of the genomic modifications employed in this study to
enhance the metabolic flux towards the yeast mevalonate
pathway for the production of high-value terpenoids.

Materials & methods

in silico design and analyses

In three design algorithms, OptKnock, OptGene and
OptForce, cytosolic acetyl-CoA and geranylgeranyl
diphosphate (GGPP) were separately selected as tar-
get metabolites to increase production in glucose or
galactose-containing media. During simulations, uptake
routes for key molecules such as inorganic phosphate,
sulphate, ammonia, and oxygen were unconstrained,
while secretion routes for acetate, carbon dioxide, etha-
nol, glycolaldehyde, diphosphate, water, and glycerol and
acetaldehyde were enabled. When galactose exchange
was enabled, glucose exchange was constrained or vice
versa. While S. cerevisiae cultivations (see below) used
complete synthetic medium (CSM, Additional file 1:
Table S6 and Table S7), it was decided not to allow for in
silico amino acid uptake, due to the difficulties to provide
realistic constraints for these nutrients.

The design algorithms underwent up to five iterative
runs to generate a set of predictions, each containing a
maximum of three candidates. Subsequently, we pooled
all recommended genomic modification candidates and
through various approaches we prioritized high-potential
modifications from this collective pool, as described in
the Additional file 1.

The COBRA Toolbox v3.0 [32, 39] was used in MAT-
LAB R2019a for in silico studies, with Gurobi Optimizer
(9.5.0) as the solver. Yeast GEM 8.5.0 [28] was used to
represent yeast metabolism. The ECDF Linux Compute
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Cluster (Eddie), the University of Edinburgh’s research
computing cluster, was employed to find to run Opt-
Force. Escher [40] was used on the iMM904 yeast model
to visualize the metabolic maps since Yeast 8 does not
have a compatible Escher map.

Oligonucleotides and Reagents

All primers used in the study are listed in Additional
file 1: Table S1 and Table S3. The primers were ordered
from Integrated DNA Technologies (IDT) as stand-
ard DNA oligos. Synthetic gRNA cassettes (Additional
file 1: Table S2) were ordered from Twist Bioscience.
Phusion Flash High-Fidelity PCR Master Mix (Thermo
Scientific™) and PrimeSTAR® GXL DNA Polymerase
(TaKaRa) were used for PCR reactions to produce the
DNA parts for genome modifications. GeneJET PCR
Purification Kit (Thermo Scientific”') was used for PCR
clean-up. DreamTaq Green PCR Master Mix (Thermo
Scientific) was used for colony PCR.

Strains and Media
The original S. cerevisiae strain used in this study is a
CEN.PK2-1C-originated yeast strain, LRS6 (MATa,

leu2-3, 112:HIS3MX6-GALIp-ERG19/GALI10p-
ERGS; ura3-52:URA3-GAL1p-MvaS*1%C /GALI0p-
MvaFE;  his3A1:hphMX4-GAL1p-ERG12/GALIOp-IDII;

trpl-289:TRP1_GALIp-CrtE (X. dendrorhous)/GAL10p
ERG20; YPRCdeltal5::NatMX-GAL1p-CrtE/GAL10p-
CrtE; ARS1014:GALIp-TASY-GFP; ARS1622b:GALIp-
MBP-TASY-ERG20; ARS1114a::TDH3p-MBP-TASY-
ERG20; ARS511b::GAL1p-T5aOH/GAL3-CPR;
RKC3::GALI-TAT) [23]. Briefly, the original strain con-
tains additional copies of native and heterologous genes
in the mevalonate pathway to improve GGPP produc-
tion, along with codon-optimized heterologous genes
encoding the enzymes responsible for early steps in
Taxol® biosynthesis (Figs. 1, 3A). An additional GALI
promoter-driven TAT gene was integrated to the RKC4
location into the LRS6 genome, which was used as the
parent strain in the subsequent studies. The other strains
derived from the parent strain are shown in Additional
file 1: Table S4.

Complete synthetic medium (CSM) consisting of
0.67% (w/v) yeast nitrogen base without amino acids
(Alfa Aesar'), 0.08% (w/v) complete supplement mixture
(MP Biomedicals™) and 2% (w/v) glucose (Alfa Aesar )
or 2% (w/v) galactose (ACROS Organics) was used for
the cultivations. The compositions of the yeast nitrogen
base and the complete supplement mixture are given
in Additional file 1: Table S6 and Table S7, respectively.
Pre-cultures were grown in standard rich medium, YPD
medium, 1% (w/v) yeast extract (Fisher BioReagents'),
2% (w/v) peptone (Merck, Millipore®), 2% (w/v) glucose.
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To select the positive transformants, selective media,
CSM-URA, 0.67% (w/v) yeast nitrogen base without
amino acids, 0.077% (w/v) complete supplement mixture
without uracil, 2% glucose, 2% agar (ACROS Organics )
was used.

Yeast transformation and strain construction

The chemicals and reagents were obtained from Sigma-
Aldrich unless otherwise stated. Transformations were
carried out according to LiAc/PEG heat-shock method
[41]. Briefly, fresh cultures were prepared to obtain the
cells in the exponential phase following an overnight
culture. The cells were then washed using sterile water
and were pelleted by centrifugation. The transformation
mix, 240 pL PEG (50%(w/v)), 36 uL 1.0 M lithium acetate
(LiAc) and 50 pL single-stranded carrier DNA (2.0 mg/
mL, herring sperm DNA, Promega), was added onto
the cell pellet. Following this, DNA fragments and water
were added until the volume was made up to 360 pL.
After homogenous transformation mixes were obtained,
the cells were incubated for 45 min at 42 °C. Finally, the
transformation mix was removed, the cells were plated
onto the selective media, and the plates were incubated
for 2-3 days at 30 °C.

Genomic modifications, gene integrations or deletions,
were carried out using the modular ACtivE toolkit and
method that was recently developed by our group [38].
Additional file 1: Figure S1, S2 outline the overall work-
ing principle of the ACtivE method. Briefly, 50 fmol
equivalent molarity of each plasmid module was used to
assemble a single all-in-one CRISPR plasmid. Four plas-
mid modules, Cas9 cassette, selection marker (L/RA3),
storage part (bacteria ORI and Amp®) and yeast origin
of replication (2 p) were combined with the correspond-
ing gRNA cassettes according to the ACtivE method
[38]. ARS209, ARS306, ARS727, ARS1531 and ARS1603
were used as integration sites for the genomic integra-
tions [38]. 500 ng—1000 ng from each donor DNA part
containing overlapping fragments with their neighbor
parts was used. The upstream homology arm (UHA),
promoter, coding sequence (with terminator) and down-
stream homology arm (DHA) were designed for inte-
grations, whereas only UHA and DHA were used for
deletions. The potential crRNA sequences on each region
were scored using CRISPOR [42] (http://crispor.tefor.
net), an online gRNA selection tool giving sequence-
based scores using sequence prediction algorithms.

The colonies were first screened using colony PCR to
detect the genomic modifications. Genomic DNAs of the
positive transformants were extracted using Pierce Yeast
DNA Extraction Reagent Kit (Thermo Scientific"). The
target regions were confirmed by Sanger sequencing per-
formed at GENEW1IZ, Inc (Leipzig, Germany).
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Before the cultivations, URA3 containing CRISPR
plasmids were removed using the 5-Fluoroorotic Acid
(5-FOA) (Thermo Fisher Scientific) counter-selection
method with a synthetic defined medium supplemented
with 0.1% (w/v) 5-FOA.

High-throughput strain screening

To determine the best producers of the Taxol® precur-
sors, the strains containing single genomic modifications
(integration or deletion) were screened using V-shaped,
24-deep well-plates (Axygen). A 20% dodecane
(ACROS Organics'") overlay was added to set a working
volume of 2 ml in each well, and CSM with glucose or
galactose was used for the cultivations. The initial ODg,
was set to 1.0 for each well by diluting pre-cultures. The
plates were incubated with shaking at 350 rpm at 30 °C
for 72 h on thermomixers. Gas permeable adhesive plate
seals (Thermo Scientific'") ensured oxygen transfer. The
total biomass in each well was measured at 600 nm wave-
length using the Nanodrop™ 2000c spectrophotometer
(Thermo Scientific™).

In the second-level screening, the best perform-
ing strains with single genomic modifications and the
strains containing multiple modifications were screened
employing a BioLector Pro (mp2-labs) microbioreactor-
screening platform. A flower-shaped, transparent bottom
48 well-plate (mp2-labs) containing pH and dissolved
oxygen (DO) optodotes was used for online monitor-
ing of biomass, pH and DO. Similar to the first screen-
ing, glucose or galactose-containing CSM was used as
the medium, the initial ODg, was set to 1.0, and a 20%
dodecane overlay was used in 1 mL working volume. The
plate was covered using a gas-permeable sealing foil with
an evaporation reduction layer (mp2-labs), and the tem-
perature was maintained at 30 °C under the agitation of
1000 rpm. Biomass absorbance units were measured with
the gain=6.

After cultivations in the plates, dodecane layers were
collected following a centrifuge step, and the taxane (tax-
adiene and derivatives) production was analysed via gas
chromatography-mass spectrometry (GC-MS).

Bioreactor cultivation

MiniBio500 bioreactor (Applikon Biotechnology) was
used for larger scale cultivation for the best producer
strain. 250 mL total reaction volume containing a 20%
dodecane layer was used for the cultivations. Similar to
the other cultivations, the initial OD, was adjusted to
1.0 by diluting overnight cultures. The same medium
compositions as the previous experiments, galactose
containing CSM, were used. To mitigate the foam forma-
tion, polypropylene glycol P2000 0.01% (v/v) (Alfa Aesar),
was used in the medium as anti-foam. pH, DO, and
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Fig. 2 The workflow followed in this study from in silico design to lab bench scale production. Three design algorithms, OptKnock, OptGene

and OptForce, were used on Yeast 8.5.0 to find gene candidates (Additional file 1: Table S5). 17 of these gene candidates were prioritised

through further in silico predictions (Figs. 4, 5). After selecting the gene candidates, the yeast strains containing single genomic modifications
were designed (Table 1). To engineer the yeast genome, the ACtivE Toolkit was used. The strains were then screened in deep-well plates

to detect the good performance genomic modifications (Fig. 6). These modifications were then combined to design second-level yeast strains
containing multiple genomic modifications (Table 2). The best-performing strains were then screened in the Biolector platform with real-time pH,
DO and biomass monitoring (Fig. 7 and Fig. 8). Finally, the best-producer was used for the productions a lab bench scale bioreactor (Fig. 9)

temperature were measured online using the my-control
system (Applikon Biotechnology). Temperature was set
to 30 °C. A setpoint 70% saturation of dissolved oxygen
(DO) was applied, an air sparger was used automatically
to maintain O, level. pH was maintained in a particular
range (5.0<pH<6.5) and 1 M of NaOH was added when
the pH was below the threshold. Biomass was measured
online using the Optura system with a BE2100 OD sen-
sor (BugLab). Samples were taken daily for offline bio-
mass measurement and quantification of the metabolite
concentrations.

An inverted microscope (Leica Microsystems) was
used following all cultures in this study to detect if there
was microbial contamination. The cells were monitored
under 100X lens with immersion oil (Nikon).

Metabolite identification and quantification

The dodecane layer collected at the end of the culti-
vations was analyzed by GC-MS as described previ-
ously [22]. A GC system, Trace" 1300 Series (Thermo
Scientific"), equipped with TraceGOLD™ TG-SQC

GC column, was used. The mass spectra of 50—-650 m/z
were recorded on an ISQ" Series Single Quadrupole
MS (Thermo Scientific"") using EI ionization mode and
a scan time of 0.204 s. The GC-MS data were processed
using the Xcalibur™" software. Pure taxadiene provided
by the Baran Lab (The Scripps Research Institute) and
GGOH (Sigma Aldrich) were used as standards. The con-
centrations of the additional compounds were calculated
relative to the taxadiene standard.

Statistical analysis

Strain screening experiments were conducted in at least
three replicates. The well layouts in both 24-well plates
and 48 well-plate were randomized to mitigate the plate
effects and possible errors. The error bars represent the
standard deviations of different experiments. The one-
way analysis of variance (ANOVA) was used to determine
if there was a statistically significant difference between
the samples or experiments. The null hypothesis consid-
ered no significant difference between the samples/runs;
the null hypothesis was rejected if the p-value <0.05.
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Fig. 3 The pathways, genes and reactions modified in this study. A) The mevalonate pathway. The additional copies of native genes (blue
shaded) and the heterologous genes (orange shaded) integrated in a previous study to construct the parent strain LRS6 [23] are highlighted. B
Fatty acid biosynthesis in mitochondria C Glyoxylate cycle D Connected pathways; branched-chain amino acid biosynthesis (from two pyruvate
molecules to L-valine or L-leucine), pantothenate pathway (from 3-methyl-2-oxobutanoate a 5,10-methylenetetrahydrofolate to pantothenate)
and the spermidine biosynthesis (from S-adenosyl-L-methionine to spermidine) E de novo purine biosynthesis. The red crosses indicate
corresponding gene deletions suggested by the design algorithms; thick arrows highlighted with green colour indicate the corresponding
overexpressed genes suggested by the design algorithms. The arrows show the direction of the fluxes. Dashed arrows indicate multiple reactions.
A-CoA: acetyl-CoA, AA-CoA: acetoacetyl-CoA, HMG-CoA: hydroxymethylglutaryl-CoA, MEV: mevalonate, MEV-P: R-5 phosphomevalonate,

MEV-PP: R-5-diphosphomevalonate, IPP: isopentenyl diphosphate, DMAPP:
diphosphate, FOH: farnesol, GGPP: geranylgeranyl diphosphate, TXN: taxadi

dimethylallyl diphosphate, GPP: geranyl diphosphate, FPP: farnesy!
ene, T50-ol: taxa-4(20),11-dien-5a-ol, T5aAc: taxa-4(20),11-dien-5-a-yl

acetate, Mal-CoA: malonyl-CoA, Mal-ACP: malonyl-ACP, 3-KA-ACP: 3-ketoacyl-ACP, 3-hydroxyacyl-ACP, t2-E-ACP: trans-2-enoyl-ACP, OAA: oxaloacetic
acid, 2-A-Lac: 2-acetolactate, diOH-M-B: 2,3-dihydroxy-3 methylbutanoate, 3MOB: 3-methyl-2-oxobutanoate, 2-DHP: 2-dehydropantoate, Pnto:

R-pantothenate, P-Pan: R- 4’ phosphopantothenate, P-Pan-Cys: R- 4'phosph

opantothenoyl-L-cysteine, Pan-4P: 4-phosphopantetheine, DP-CoA:

3'-dephospho-CoA, PRPP: 5-Phospho-alpha-D-ribose 1-diphosphate, PRAM: 5-Phospho-beta-D-ribosylamine, GAR: N1-(5-Phospho-D-ribosyl)
glycinamide, FGAm: N2-Formyl-N1-(5-phospho-D-ribosyl) glycinamide, FPRAM: 2-(Formamido)-N1-(5-phospho-D-ribosyl) acetamidine,

AIR: 5-amino-1-(5-phospho-D-ribosyl)imidazole, 5AIZC: 5-amino-1

-(5-phospho-D-ribosyl) imidazole-4-carboxylate, 25AICS: (S)-2-

[5-Amin

0-1-(5-phospho-D-ribosyl) imidazole-4-carboxamido]succinate, AlCar: 5-Amino-1-(5-Phospho-D-ribosyl)imidazole-4-carboxamide, FPRICa:

5-Formamido-1-(5-phospho-D-ribosyl)imidazole-4-carboxamide

Results & discussion

The main objective of the study was to improve metabolic
fluxes towards the mevalonate pathway, thus, towards
GGPP which is a common precursor of diterpenes [43],
to enhance the production of the early step Taxol® pre-
cursors synthesized by our engineered yeast strains. To
this end, computer-aided design was used to predict/

identify potential genomic modifications that would be
difficult to determine intuitively. Strain design algorithms
were used on yeast GEM 8.5.0. The gene deletion or inte-
gration candidates were simulated using COBRA tools.
The strains containing single genomic modifications
were then designed using the ACtIVE toolkit and were
screened in V-shaped deep-well plates. The promising
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Table 1 Selected gene candidates predicted by different design algorithms in various media conditions

Target Gene Design algorithm Target compound Carbon source Intervention
DPP1 (YDR284C) OptGene Acetyl-CoA Glucose Knock-out
OART (YKLO55Q) OptGene GGPP Galactose Knock-out
MDH3 (YDLO78C) OptKnock & OptForce Acetyl-CoA Glucose Knock-out
ACHT (YBLOT5W) OptKnock & OptGene Acetyl-CoA Glucose Knock-out
MLST (YNLT17W) OptKnock Acetyl-CoA Galactose Knock-out

DITT (YDR403W) OptGene Acetyl-CoA Glucose Knock-out
LPPT (YDR503C) OptGene GGPP Glucose & galactose Knock-out

ISCT (YERO19W) OptGene Acetyl-CoA Galactose Knock-out
DTR1 (YBR180W) OptGene GGPP Glucose Knock-out

ILV2 (YMR108W) OptForce Acetyl-CoA Galactose Overexpression
TRRT (YDR353W) OptForce Acetyl-CoA Galactose Overexpression
ADE4 (YMR300C) OptForce Acetyl-CoA Glucose & galactose Overexpression
ADE5,7 (YGL234W) OptForce Acetyl-CoA Glucose & galactose Overexpression
ADE13 (YLR359W) OptForce Acetyl-CoA Glucose & galactose Overexpression
ECM3T1 (YBR176W) OptForce Acetyl-CoA Glucose & galactose Overexpression
CABT (YDR531W) OptForce Acetyl-CoA Glucose & galactose Overexpression
SPE2 (YOL052C) OptForce Acetyl-CoA Glucose & galactose Overexpression

single genomic modifications and their combinations
were tested in a BioLector microbioreactor system. Fol-
lowing this, the best producer was also tested in a lab
bench bioreactor. Figure 2 demonstrates the whole pro-
cess explained here.

in silico design

Our combinatorial approach benefited from three design
algorithms, OptKnock, OptGene and OptForce on yeast
GEM 8.5.0. Due to the incomplete knowledge on the
Taxol biosynthetic pathway, including the exact reac-
tions that are catalysed by its enzymes, we focused on
acetyl-CoA and GGPP as production targets (after addi-
tion of their respective exchange reactions), which are
the first and last metabolites in the mevalonate pathway,
respectively (Fig. 3A).Since the S. cerevisiae strain used
for genomic modifications employed inducible galactose
promoters, the simulations were carried out with galac-
tose or glucose as carbon source, separately. Nonessential
reactions and genes were first determined for OptKnock
and OptGene using flux balance analysis (FBA) [44].
Minimum growth rate was set to 50% of wild-type
growth when targeting acetyl-CoA for OptKnock dele-
tions, however, it was set to 20% for GGPP as OptKnock
could not predict potential gene deletions in favour of
GGPP maintaining higher growth rate. OptGene was
run over 500 and 1000 generations, and all predictions
were considered. The genomic modifications suggested
by both the first “MUST set” and the second “MUST set”
of OptForce runs [37] were considered. Since the design
algorithms, OptKnock, OptGene and OptForce, used in

this study prioritise growth-coupled solutions, all solu-
tions taken into account were growth-coupled. Table 1
compiles the selected target genes and corresponding
design algorithms.

Using different conditions and design algorithms as
highlighted above, various gene and reaction candidates
were found for either acetyl-CoA or GGPP overproduc-
tion. We intended to use these in silico predicted targets
to implement in vivo by constructing relatively simple
single-mutation strains. To therefore prioritize the most
promising ones among the predicted genomic modifica-
tions (Additional file 1: Table S5), we employed in silico
simulations to validate their effect. In these simulations,
the lower bound of the biomass function was set to a
value of 0.1, to ensure that the optimised model would
still have active fluxes toward the biomass reaction. Then,
by going through one candidate reaction at a time, ini-
tial flux of these reactions were first fixed to an arbitrary
value of 0.01 in an initial simulation, while in a subse-
quent simulation of a mutant strain the fluxes were fixed
to either 0 or 0.02 to mimic deletion (reaction knock-
out) and overexpression (gene integration), respectively.
Then, in each of the model variants, the maximum pro-
duction fluxes of acetyl-CoA, GGPP and biomass were
determined, and the effect of the genomic modification
relative to the initial simulation was plotted (Fig. 4). The
genes that showed the largest increase in maximum flux
values were prioritized for further analysis and wet-lab
experiments.

Although clear increases were found with approxi-
mately two-fold overproduction in acetyl-CoA when
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Fig. 6 Comparison of biomass and production of early step Taxol® precursors and side products. A KM1-derived strains in the galactose-containing
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particular genes were overexpressed in silico, the over-  pathway were determined with their fluxes, as shown
production rates were relatively low in gene deletions in Fig. 5. The acetyl-CoA-centered and GGPP-centered
except for DPP1, OARI and MDH3 that showed~40% interactions were also investigated from this map (Addi-
increase (Fig. 4). To understand the lower increases bet-  tional file 1: Figure S3-S9), and flux differences between
ter, metabolite interaction maps were constructed for the the wild-type and knock-out models were compared
gene deletions including ACHI1, MLSI, DIT1, LPP1, ISC1  (Fig. 5). We could not detect flux increase towards GGPP
and DTRI to investigate the effects of these gene knock-  in any of the knock-out models even though the objective
outs. First, wild-type and knock-out models were opti- functions were removed, as explained in the methodol-
mised by FBA in glucose or galactose containing media, ogy section. Therefore, only acetyl-CoA increases were
then the metabolite interactions in the mevalonate considered. The gene deletions that were predicted to
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increase the possible maximum fluxes (Fig. 4A & B) and
in metabolite interaction maps (Fig. 5, Additional file 1:
Figure S3-S9) were selected for the strain construction.

For overexpressions, only the reactions that increased
the fluxes towards acetyl-CoA production were consid-
ered (Table 1). This was because OptForce suggested to
upregulate particular reactions in the mevalonate path-
way (Additional file 1: Table S5) for GGPP overproduc-
tion, and these were already improved in our engineered
strain, LRS6. Therefore, the initial metabolic state in the
parent strain was as if OptForce’s predictions were imple-
mented in the mevalonate pathway. OptForce did not
find upregulation of early step reactions (the reactions of
ERGI0 and ERG13 genes) useful in the mevalonate path-
way; the possible maximum flux of the GGPP production
did not change compared to the initial state. It was a con-
sistent result found by in silico simulations as a previous
experimental study reported that early step mevalonate
pathway genes of S. cerevisiae did not show efficient pro-
duction of mevalonate compared to bacterial-sourced
equivalents [47]. OptForce did not suggest any reaction
in other pathways to be upregulated to enhance GGPP
production.

Strain construction and screening of the single genomic
modifications
As our engineered yeast strains contained additional
genes (Fig. 3) driven by galactose-inducible promoters,
the parent strain KM1 (Additional file 1: Table S4), was
not able to induce the integrated mevalonate pathway
genes using glucose as sole carbon source. Therefore,
we first deleted the GAL80 gene yielding with EJ1 strain
(Additional file 1: Table S4) to allow glucose utilization
as Gal80 protein inhibits the transcription of the galac-
tose-inducible genes in the absence of galactose [48].
These two strains were then designed to incorporate the
genomic modifications, single-gene deletion or integra-
tion (overexpression), predicted by the design algorithms.
When the additional copies of native yeast genes were
integrated for overexpression, native promoters were
simply changed with GALI promoter using the ACtivE
method (Additional file 1: Figure S2) [38] to enhance
their expression rates [22, 49]. Additional copies were
integrated into an intergenic region close to the autono-
mously replication sequence (ARS) 1603 [38] in each
strain to screen the effect of single gene overexpression.
In this study, nine gene knock-outs and eight gene
overexpressions were tested to determine whether these
modifications affect biomass and the production of early
steps Taxol® precursors, taxadiene, taxa-4(20),11-dien-
5a-ol (T5a-ol), and taxa-4(20),11-dien-5-a-yl acetate
(T5aAc), via the mevalonate pathway. To screen single
genomic modifications, the strains containing single gene
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deletions or integrations were cultured for three days in
galactose or glucose-containing CSM media as simu-
lated previously. In addition to the Taxol® precursors,
some side compounds such as verticillene, iso-taxadiene,
geranylgeraniol (GGOH), 5(12)-oxa-3(11)-cyclotaxane
(OCT), iso-OCT, and additional diterpenes were also
detected by GC/MS analyses as previously reported in
more detail [23]. Among them, GGOH and OCT were
also quantified to compare the production of these side
products. Two Taxol® precursors (taxadiene and T5a-ol),
two side-products (GGOH and OCT) and biomass were
considered in a micro-scale screening in 2 mL cultures
to characterize the modified strains. Figure 6 shows the
comparison of the production of these metabolites and
biomass between the parent strains and designed strains.

Differences in production between galactose-contain-
ing (CSM w/ galactose) and glucose-containing (CSM w/
glucose) media were detected. Taxadien-5a-ol produc-
tions varying from ~4 mg/L to~8 mg/L were observed
in galactose-containing media with KM1-derived strains;
however, only weak peaks were seen in the gas chromato-
gram for T5a-ol when the glucose-containing media was
used with EJ1-derived strains that did not contain the
GALS8O gene. This was most probably because the expres-
sion rates of the galactose-inducible promoters were
still higher in galactose-containing media, even though
EJ1-derived strains could produce taxadiene under glu-
cose only conditions (Fig. 6). Additional regulatory ele-
ments might have had an impact on the activation of
galactose-inducible promoters in the presence of glucose.
In the galactose-containing CSM media, mainly integra-
tions increased the downstream production from GGPP,
whereas most of the deletions and integrations showed
positive impacts on the production of the precursors in
glucose-containing media.

DPPI and LPPI genes, encode two
Mg"2-independent phosphatidate phosphatases found
in yeast [50]. Deletion of these genes might result in
higher farnesyl diphosphate (FPP) and GGPP titers as
these enzymes are also responsible for converting FPP
to farnesol (Fig. 3A). However, in the galactose-con-
taining medium, both single deletions showed a similar
pattern with lower average (p>0.05) taxadiene pro-
duction (Fig. 6A). On the other hand, a ~20% increase
(p<0.05) in taxadiene production with DPPI dele-
tion was observed in the glucose-containing medium
(Fig. 6B), while LPPI deletion resulted in almost the
same taxadiene production (p>0.05). No signifi-
cant growth phenotype was observed in any condi-
tion (Fig. 6). in silico simulations suggested that DPPI
deletion could lead to acetyl-CoA overproduction in a
glucose-containing medium (Table 1 and Fig. 4B), and
experimental results (Fig. 6B) supported this.
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The protein encoded by OARI is an NADPH-depend-
ent 3-oxoacyl-(acyl-carrier-protein) reductase, which
is involved in fatty acid biosynthesis in yeast [51, 52] (as
illustrated in Fig. 3B). OARI deficient yeast strains could
survive on fermentable carbon sources like glucose but
not on non-fermentable carbon sources such as glyc-
erol [51, 52]. Approximately 30% reduction in biomass
was observed in the glucose-containing and the galac-
tose-containing CSMs (Fig. 6). Also, the production rate
of the Taxol® precursors obtained from KM12 was less
than 40% of the parent strain. In contrast, more than 40%
increase was noted in glucose-containing CSM using
KMJR12 (Fig. 6B).

Both OptKnock and OptForce found MDH3 as a good
target to increase acetyl-CoA (Table 1). MDH3 encodes
a peroxisomal malate dehydrogenase [53] responsible
for the interconversion of malate and oxaloacetate using
NAD* or NADH depending on the reaction in the gly-
oxylate cycle (Fig. 3C) [54, 55]. OptKnock also suggested
deleting the MLSI gene that encodes another enzyme,
malate synthase, involved in the glyoxylate cycle [54].
Malate synthase catalyses the formation of malate from
glyoxylate and acetyl-CoA in either cytosol or peroxi-
some, depending on the carbon source (Fig. 3C) [56].
Cytosolic and peroxisomal acetyl-CoA is an essential
compound in the glyoxylate cycle. However, the glyoxy-
late cycle is activated when two-carbon compounds such
as ethanol and acetate are used as the sole carbon sources
or B-oxidation of fatty acids is enabled [56]. Although
we used only six-carbon sources, galactose or glucose,
we detected significant effects of MDH3 or MLSI dele-
tions in our study, as shown in Fig. 6. MLSI deleted
strain KMRJ15 produced less biomass, ~60% of the ref-
erence strain, in glucose-containing CSM. A similar
growth trend was previously reported [57]. On the other
hand, KM13 (MDH3A) showed a significant increase
with ~40% in taxadiene production when galactose was
used as carbon source even though it was unexpected as
MDH3 might not be functional in the galactose-contain-
ing medium. In contrast, MLSI deletion resulted in ~ 30%
lower taxadiene in KM15. These results might indi-
cate that the glyoxylate cycle genes might still be func-
tional under different carbon sources, and that blocking
particular reactions in this cycle can affect cytosolic
acetyl-CoA synthesis even if the carbon source is not a
two-carbon compound or fatty acid.

In mitochondria, acetyl-CoA hydrolase (Ach1) encoded
by ACHI can catalyse the conversion of acetyl-CoA into
acetate and CoA. Achl can also reversibly transfer CoA
from succinyl-CoA to acetate [58]. OptKnock and Opt-
Gene proposed ACHI deletion to increase acetyl-CoA
concentration in glucose-containing media. Although
we detected significantly lower biomass (p <0.05) in both
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KM14 and KMRJ14 strains (Fig. 6), taxadiene concentra-
tions were comparable with the reference strains, indicat-
ing that production of Taxol® precursors was improved
per OD with ACH1 deletion even if the total production
could not be enhanced.

Perhaps, the most surprising findings of OptGene were
the deletions of DITI and DTRI genes that take part in
the sporulation process [59, 60]. Ditl plays a role in form-
ing the dityrosine layer of the spore wall, and its expres-
sion rate increases during spore wall maturation [61].
Ditl expression might be active in vegetative cells; yet,
its cellular activities of are not fully elucidated [62]. DTRI
is a member of the gene network controlling the assem-
bly of the spore wall [63]. Dtrl protein can also increase
the resistance against some growth inhibitors in vegeta-
tive yeast cells [60]. The deletions of these genes did not
show a significant decrease in biomass in either glucose-
containing or galactose-containing CSM (Fig. 6). How-
ever, DIT1 deletion in KM16 caused a dramatically lower
production of the Taxol precursors in the galactose-con-
taining medium. In contrast, DTRI deletion increased
taxadiene concentration in the glucose-containing
medium. It is very likely that deletion of these sporula-
tion-specific genes directly makes an impact on GGPP
concentration, as it was reported that geranylgeranyl
diphosphate synthase has a critical role in the sporulation
process in fission yeast, and related genes have functional
similarity with S. cerevisiae [64].

ISCI encodes inositol phosphosphingolipase C that
hydrolyses sphingolipids to produce ceramide, a com-
pound involved in regulations of cell growth, death and
stress response [65]. There is no direct relation between
ISCI and acetyl-CoA or GGPP, and it was shown that
ISC1 deletion might lead to a higher budding pattern
than the wild-type strains [66]. Consistently, ISCI dele-
tions resulted in higher average biomass in galactose or
glucose-containing media (Fig. 6). OptGene suggested
ISC1I deletion to increase acetyl-CoA concentration in a
galactose-containing CSM. Parallel to this, we obtained a
higher average production for the target metabolites with
a~6% increase in average in taxadiene and T5a-ol in the
galactose-containing medium, although it was not statis-
tically significant (p > 0.05).

Majority of the OptForce predictions were involved in
the biosynthesis of metabolic precursors in yeast. ILV2
encodes acetolactate synthase that catalyses the con-
version of two pyruvate molecules to 2-acetolactate in
isoleucine and valine biosynthesis pathways [67]. From
3-methyl-2-oxobutanoate produced in valine biosynthe-
sis, coenzyme-A precursors are produced in the phos-
phopantothenate biosynthetic pathway, where ECM31
and CABI catalyse the first and fourth steps, respec-
tively [68]. The product of SPE2 plays a critical role in
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spermidine biosynthesis [69]. Although, these genes and
pathways might look irrelevant and independent from
each other, connecting the intermediate or final prod-
ucts in these pathways (as shown in Fig. 3D) reveals their
direct impacts on CoA production and possibly enhanced
acetyl-CoA production. ADE4, ADES,7 and ADEI13 are
responsible for five reactions in de novo purine synthesis
as shown in Fig. 3E [70]. while TRR1 regulates the thiore-
doxin system, protecting yeast against oxidative stress
[71].

Integration of ADES5,7 encoding a bifunctional protein
responsible for the second and fifth reaction in de novo
purine synthesis pathway resulted in lower taxediene
production (~23% decrease, p<0.05) in galactose-con-
taining CSM with strain KM24. In contrast, taxediene
production was significantly higher in the glucose-con-
taining medium. Apart from this, overexpression of
the CABI gene could not increase the production even
though an increased flux in the phosphopantothenate
pathway could potentially increase acetyl-CoA concen-
tration. Olzhausen et al. (2021) reported that the native
CABI is relatively inefficient for the production of coen-
zyme A compared to other phosphopantothenate path-
way genes, and the researchers dramatically increased
coenzyme A titer using mutant CABI W331R [72]. This
might be the reason behind non-effective taxane produc-
tion when CABI was overexpressed. OptForce suggested
upregulation of early-stage and mid-stage reactions in de
novo purine synthesis that have relatively lower fluxes
than the late-stage reactions, as shown in Additional
file 1: Figure S11 that seems like an effective strategy to
enhance the flux towards the downstream part of the
pathway. Still, the relation of de novo purine synthesis
pathway and thioredoxin system with acetyl-CoA should
be further investigated as increased fluxes in these sys-
tems can potentially increase acetyl-CoA concentration
or the fluxes in the mevalonate pathway towards GGPP.

In Fig. 3, we have highlighted genomic modifications
spanning various metabolic pathways. While certain

Table 2 The strains containing multiple modifications
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modifications, such as the deletions of the LPP1 and
DPP]1 genes, may appear intuitively predictable, it is
important to note that a significant portion of these
genomic alterations, including those not depicted in
Fig. 3, such as DTRI and DIT1 deletions, or TRR1 over-
expression, are considerably challenging to anticipate.
These findings show that mathematical modelling and
optimization of the microbial systems can be beneficial
in finding useful genomic modifications that are very dif-
ficult to be intuitively predicted. Indeed, detecting small
changes using a relatively low number of replicates is
quite challenging as the noise deviations can make the
screening and evaluations harder. Nevertheless, statisti-
cally significant impacts of the genomic alterations were
detected when single modifications were tested. Here, we
coupled the native genes with strong galactose-inducible
promoters. Therefore, alternative approaches such as
protein engineering or integrating heterologous genes
encoding higher performance enzymes for the target
reaction could also be used to enhance the fluxes in the
pathways of interest.

Next level screening using high-throughput microscale
bioreactor system

To investigate the impact of multiple modifications on
taxane production, we incorporated the empirical find-
ings from the first screening experiments and strategi-
cally combined the most promising modifications to
engineer next-level strains. For galactose-containing
CSM, five genomic integrations and one gene deletion
were combined to construct different combinations of
KM1-derived strains, while three gene deletions and two
genomic integrations were used to produce EJ1-derived
strains to be used in glucose-containing CSM, as shown
in Table 2.

The first-level strain screening revealed promising
genomic modifications enhancing GGPP and taxa-
diene productions, as discussed above. However, the
next compound, T5a-ol, in the Taxol® pathway could

Strain Genotype

KM31 KM1, ARS1603:ILV2, ARS209: TRR1

KM32 KM1, ARS1603:ILV2, ARS209:TRR1, ARS306::ADE13, ARS727:ECM31

KM33 KM1, ARST1603:ILV2, ARS209::TRR1, ARS306::ADE13, ARS727:ECM31, MDH3A

KM34 KM1, ARS1603:ILV2, ARS209:TRR1, ARS306::ADE13, ARS727:ECM31,
ARS1531:SPE2, MDH3A

KMRJ31 EJ1, OARIA, DTR1A

KMRJ32 EJ1, OAR1A, DTR1A, ARS1603:ADES,7

KMRJ33

KMRJ34

I
EJ1, OAR1A, DTR1A, ARS1603:ADES5, 7, DPP1A
EJ1, OARI1A, DTR1A, ARS1603::ADES, 7, DPP1A, ARS1531:SPE2
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not be effectively detected, and only KM25 and KM28
showed a significant increase (p-value<0.05) in T5a-ol
titer compared to the parent strain (Fig. 6). In addi-
tion, KMR] strains could not form a clear T5a-ol peak
in the GC chromatogram when they were used in glu-
cose-containing media. The reason behind it was prob-
ably the limited agitation and air transfer in deep-well
plates because of the shape of the wells and the shaking
frequency (350 rpm) as it was proven that oxygen sup-
ply is critical for oxygenation reactions for T5a-ol syn-
thesis [23]. Therefore, in the second-level screening, the
BioLector Pro microbioreactor-screening platform was
utilized with a flower-shaped plate and a higher shaking
frequency of 1000 rpm to ensure sufficient oxygen trans-
fer since the flower shape geometry can provide a better
oxygen supply [73].

To this end, we primarily considered taxadiene yields,
as it is the direct product derived from GGPP. In con-
trast, T5a-ol titers were significantly lower, reaching a
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maximum of only 8 mg/L compared to taxadiene, which
reached a maximum of 95 mg/L. For the galactose-
containing medium, the three best taxadiene producer
strains containing single modifications (KM21, KM25
and KM13) and four strains containing multiple modifi-
cations (KM31, KM32, KM33 and KM34) were screened
while biomass, pH and DO were monitored in real-time
using the BioLector. Interestingly, all multiple modifica-
tion strains resulted in higher biomass compared to the
parent strain, KM1, after three days. It seems increas-
ing fluxes in particular reactions and pathways ended in
favor of biomass rather than a metabolic burden on the
cell although overexpression of ILV2 (KM21) or deletion
of MDH3 (KM13) led to lower biomass compared to the
parent strain KM1. Most of the strains showed a similar
pattern for pH change during three days of cultivation.
The initial pH between 5.50 and 5.75 dropped to ~ 5.0 and
slightly increased to around 5.25, as shown in Fig. 7B. S.
cerevisiae tends to acidify the culture pH [74], therefore
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Fig. 7 Performances of the selected KM1-derived strains in galactose-containing CSM in the high-throughput microbioreactor system. A Biomass
trend B Change in culture pH C Production of the target molecules and side-products Error bars represent the standard deviation of three replicates
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it was an expected behavior. However, KM31 contain-
ing overexpressed ILV2 and TRRI genes showed a higher
pH between 20 and 50 h of culture. To further elucidate
the reason behind this, the pH pattern of KM22 cultures
should also be tested.

Although KM21, KM25 and KM13 strains increased
taxadiene production by 35%—40% in the deep well-plates
compared to KM1 (Fig. 6A), taxadiene concentration was
only enhanced by~ 15% (p-value<0.05) by these strains
in the BioLector (Fig. 7C). However, the highest taxadi-
ene concentration was~110 mg/L in deep-well plates
and it was doubled in the BioLector system as~215 mg/L
production was recorded with KM32. This is a remark-
able improvement as approximately 1.6-fold higher
production was achieved than the previously reported
maximum, which was 137 mg/L in S. cerevisiae cell fac-
tories [23]. It is worth noting that previous studies on
taxadiene synthesis used richer media, which likely con-
tributed to higher production yields. In this study, com-
plete synthetic defined media were used, as all in silico
illustrations were conducted using defined media. While
E. coli achieved higher taxadiene production at 1 g/L in
a previous attempt [75], the expression of the next step
enzymes, T5aOH and CPR, completely abolished taxadi-
ene synthesis in E. coli [75]. In contrast, KM32 increased
taxadiene production while also expressing the down-
stream genes responsible for the second and third steps,
namely T5a0H, CPR, and TAT.

Dissolved oxygen (DO) was maintained between
75%—-100% for all the strains used in the BioLector sys-
tem (Additional file 1: Figure S12 and S13). Accordingly,
greater T5a-ol was synthesized by all KMI1-derived
strains with at least 23 mg/L concentration in KM33
(Fig. 7C). This production was almost three-fold higher
than the maximum T5a-ol production observed in deep-
well plates, proving that oxygen supply was the critical
factor for T5a-ol production. Also, the acetylated precur-
sor, T5aAc, was detected in all KM1-derived strains with
concentrations ranging from 15 to 26 mg/L. Neverthe-
less, all multi-modification strains KM31, KM32, KM33
and KM34, produced less T5aAc (p-value <0.05) than the
parent strain as shown in Fig. 7C even though a signifi-
cant increase (p-value<0.05) was observed in taxadiene
production in KM32, KM33 and KM34 and single-mod-
ification strains (KM21, KM25, KM13). This indicates
that to enhance the yield of T5a-ol and the following
compound, T5aAc, further improvement in the second
reaction catalyzed by T5aOH and CPR is a necessity.
KM25 was the best producer of T5a-o0l and T5aAc with
35.4 mg/L and 26.2 mg/L, respectively. Yet, no statisti-
cally significant difference (p-value>0.05) was observed
for T5aAc titer between KM1, KM21, KM25 and KM13.
In addition to taxadiene, these are the highest yields for

Page 16 of 22

T5a-ol and T5aAc production reported so far using S.
cerevisiae as a cell factory. It is noteworthy that the previ-
ous study conducted in E. coli achieved a T5a-ol produc-
tion of 23 mg/L without the expression of the subsequent
gene, TAT, in the pathway [75]. In addition, this E. coli
strain was unable to accumulate taxadiene, as mentioned
earlier. Taking these findings into account, it is antici-
pated that further enhancements will lead to an increased
metabolic flux towards T5aAc in our S. cerevisiae strains.

In the glucose-containing CSM, KMRJ12, KMRJ19
and KMRJ24 strains were used with multi-modifica-
tion strains KMRJ31, KMRJ32, KMR]33, and KMR]34
(Table 2) in the BioLector platform. In parallel to the
deep-well plates, all strains with the OARIA genotype
produced less biomass in the BioLector system as shown
in Fig. 8A. A correlation was also observed between pH
change and biomass and/or OARIA (Fig. 8B). Like in the
galactose-containing medium, after a sharp drop, the
pH reached around 5.25 for the strains expressing the
OARI gene (EJ1, KMRJ19, KMR]24). The pH stabilised at
around 5.0 for the other strains, this might be because of
lower biomass or the OARI deletion.

Another interesting finding with OARI deletion was
the dramatic reductions in the titers of the oxygenated
product, T5a-ol, and naturally, the next product T5aAc
as seen in Fig. 8C. Also, GGOH production dropped
at least twofold in all OARI-deleted strains. GGOH
is indeed a valuable compound that can be used in the
pharmaceutical and cosmetic industries. Metabolic engi-
neering studies have been carried out to improve GGOH
production in S. cerevisiae [76, 77]. Although the GGOH
synthesis is not fully identified in yeast, native phos-
phatases are thought to be involved in GGOH synthesis
from GGPP. Considering its chemical structure, oxygena-
tion reactions should also take a part in GGOH synthe-
sis [78]. Taking the reductions in T5a-ol and GGOH into
consideration, it is likely that OARI deletion affected the
oxygenation capability of S. cerevisiae, and it might also
be one of the reasons behind the decrease in cell fitness.
On the other hand, still, the strains with the OARIA gen-
otype showed greater taxadiene production than the ref-
erence strain (Fig. 8C), meaning that OARI deletion led
to the highest taxadiene production per OD. However, it
should be also noted that GGOH reduction might have
improved the taxadiene concentration.

The combination of OARIA and DTRIA in KMRJ31
resulted in the maximum taxadiene production of
128 mg/L, which is still a remarkable titer for taxadiene
considering the similar studies reported previously [22,
79]. On the other hand, even if OARIA genotypes were
excluded, KMR]J strains produced~7 mg/L of T5a-ol
from each 100 mg/L taxadiene on average (7% yield),
whereas this amount was ~ 18 mg/L for KM strains (18%
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« KMRJ19 :EJ1, DTR1A

« KMRJ24 : EJ1, ARS1603::ADE5,7
KMRJ31: EJ1, OAR1A, DTR1A

« KMRJ32:EJ1, OAR1A, DTR1A,
ARS1603::ADE5,7

« KMRJ33 : EJ1, OAR1A, DTR1A,
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* KMRJ34 : EJ1, OAR1A, DTR1A,
ARS1603::ADE5,7, DPP1A,
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Fig. 8 Performances of the selected EJ1-derived strains in glucose-containing CSM in the high-throughput microbioreactor system. A Biomass
trend B Change in culture pH C Production of the target molecules and side-products Error bars represent the standard deviation of three replicates

yield). This is probably because the galactose-inducible
promoters could not express T5aOH in glucose-contain-
ing CSM as efficiently as in galactose-containing CSM,
even though the GAL80 was deleted.

In addition to Taxol® precursors, KMRJ19 with DTRI
deletion produced the highest GGOH with 221 mg/L
among all the strains used in this study, it was followed by
KMRJ24 and KM3lin the galactose-containing medium
with the 219 mg/L (p-value>0.05). These production
yields of GGOH are comparable with those in similar
studies [76, 77]. For this reason, the related modifica-
tions, DTRI deletion, ADE 5,7 overexpression or simul-
taneous overexpression of ILV2 and TRRI, are promising
genomic modifications to increase GGOH production.

While we have tested three single modifications in the
Biolector platform, there are several other promising
candidates, such as KM28, KM26, and KM23, which war-
rant further investigation in well-controlled conditions.
Specifically, understanding the impact of overexpress-
ing the SPE2, ECM31, and ADE4 genes is crucial to gain

deeper insights into their potential contributions to the
overall process. Therefore, future experiments focusing
on these candidates could provide valuable data to com-
plement and enrich our current findings.

Scale-up of the production of the Taxol® precursors using
the best strain

Finally, the production was scaled-up using the best
taxadiene producer, KM32, in a 2% (w/v) galactose-con-
taining CSM medium in 250 mL reaction volume in a
mini-scale bioreactor. To maintain similar conditions as
in the BioLector system and to mimic the in silico sim-
ulations where the oxygen was not a limiting factor, the
minimum %DO was set to 75% and O, was supplied with
air when it was below the threshold. Yet, it is important
to note that in an industrial-scale setting, the availabil-
ity of oxygen can potentially act as a limiting factor that
may impact production yields. Likewise, the pH was set
to 6.0 as it is a suitable pH considering both yeast growth
and the enzymatic activities in the Taxol® pathway [23].
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A 1 M NaOH was added as needed when the pH was less  production of Taxol® precursors during the five days of
than 6.0. Figure 9 shows the reactor parameters and the cultivation.
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Considering the first three days, the growth showed a
similar pattern as a decrease was observed towards the
third day and then dramatically dropped down (Fig. 9A).
Although this decrease was expected, the sharp drop
between 72" and 80" hours was probably a temporary a
sensor problem. On the other hand, the production yield
was relatively low for the Taxol® precursors in the first
three days. In 72 h, 182.5 mg/L taxadiene, 35.8 mg/L of
T5a-o0l and 19.2 mg/L of T5aAc were produced. These
reached to 236.7, 47.1 and 31.2 mg/L, respectively on the
fifth day (Fig. 9B). Although the total titers of the target
molecules were higher at the end of cultivation, on the
fifth day, the yield on the third day was lower compared
to the BioLector system.

In contrast, the concentration of GGOH was sig-
nificantly higher than that of taxadiene (Fig. 9B). The
accumulation of GGOH is primarily attributed to the
promiscuous activity of TASY enzymes, as previously
reported [19]. While adjusting the media composition
and conditions can reduce the synthesis of this unde-
sired side product [19], it appears necessary to engineer
the TASY enzymes to enhance their specificity in order
to mitigate GGOH accumulation and improve taxadiene
titer.

pH and DO showed more fluctuations in the bioreac-
tor-scale. This might be the reason behind the decrease
in production yield. Consequently, optimising the bio-
process conditions and implementing better pH and
DO control measures may further enhance the titers of
Taxol® precursors on larger scales.

Comparison of the in silico predictions and wet-lab results

The genome-scale model utilised in this study, yeast
8.5.0, represents a significant advancement in S. cerevi-
siae S288C’s metabolic understanding [27]. While it is
important to acknowledge that certain discrepancies may
arise due to the specific genotype of the parent strain
employed in our research, we observed enhancements
in taxadiene production, and by extension, the likely
increase in GGPP production, meaning that our wet-lab
validations clearly demonstrated the potency of mathe-
matical models and computational frameworks in identi-
fying valuable targets that may elude intuitive prediction.
Considering Table 1, Fig. 4, and the experimental results,
however, there are also exceptions. OARI deletion was
predicted to increase GGPP concentration in the galac-
tose-containing CSM, and MDH3 deletion was suggested
to increase acetyl-CoA production in the cytosol in the
glucose-containing medium. Nevertheless, these dele-
tions showed higher productions in the opposite carbon
source (Fig. 6). According to the in silico predictions,
MLSI1 deletion should have increased the acetyl-CoA
production in the galactose-containing medium, but in
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contrast, this deletion decreased GGPP concentration
and probably acetyl-CoA concentration in the galactose-
containing medium and could not make any difference
in glucose-containing CSM (Fig. 6). The other deletions
showed either predicted results with overproductions
or similar production yields to the reference strains
(p-value>0.05). It is also possible that more replicates
could have given more precise results and could have
mitigated the analytic measurement deviations.

Based on these findings, the in silico predictions pro-
vided a refined set of solutions, taking into account the
comprehensive genomic context of the host organism.
We further refined our selection process by detecting the
possible maximum fluxes in conjunction with metabolite
interaction maps, enabling us to prioritize single genomic
modifications from an initial pool of over 60 predictions
(Additional file 1: Table S5). It is worth to notion that
the three algorithms are able to predict sets of genomic
modifications that together have a beneficial effect. Both
in silico and experimental validation of single genomic
modifications from these sets can therefore lead to some-
what false negatives, as some of these modifications are
only beneficial in combination with others. Regardless,
this strategy was designed to match our desire to experi-
mentally validate single genomic modifications, and this
prioritization strategy indeed resulted in a strain with
improved taxadiene productions.

Conclusion

Computational tools, in silico design frameworks and
genome-scale models were used to rationally design
yeast cell factories in a way that intuitive estimations
are very difficult. In specific, in this study, a combina-
torial design approach was used with three in silico
algorithms, OptKnock, OptGene and OptForce, on the
yeast-GEM 8.5.0. A set of 17 genomic modifications
were predicted by the simulations (nine gene knock-
outs, eight gene overexpressions and their combina-
tions via extra copies and strong promoters) and tested
for the increased production of Taxol® precursors,
through GGPP overproduction. Therefore, this study is
one of the most comprehensive studies reported until
now in terms of the amount and the variability of the
genomic manipulations. Without a doubt, the ACtivE
toolkit and method facilitated this process with an
accelerated genome editing process. The findings of
this work showed that simultaneous overexpression of
four genes, ILV2, TRR1, ADE13 and ECM31, related to
upregulations in the pantothenate pathway, branched-
amino acid biosynthesis pathways and de novo purine
synthesis pathway, could enhance taxadiene production
by ~50% through GGPP overproduction. Also, single



Malci et al. Microbial Cell Factories (2023) 22:243

modifications could increase taxadiene yield from 15
to 40% depending on the cultivation conditions and
carbon source. As the oxygen supply is crucial for the
second step in the Taxol® biosynthesis pathway, higher
yields in T5a-o0l and T5aAc productions were reported
with the conditions allowing better oxygen access.
Using the best-performing strain KM32 containing
additional copies of the above-mentioned four genes,
we achieved 215 mg/L of taxadiene, 43.65 mg/L of
T5a-ol and 26.2 mg/L of T5aAc titers that are the high-
est production yields reported until now in S. cerevisiae.
The genomic modifications reporting higher GGPP
synthesis can be also used to increase the production
of other high-value isoprenoids through the same pre-
cursor. In addition to the mevalonate pathway, similar
integrated approaches combining different design algo-
rithms, genome engineering and bioprocessing studies
can be used for enhancing metabolic fluxes towards the
target native or heterologous pathways in S. cerevisiae.
Developing alternative in silico prediction and design
tools, constructing more accurate genome-scale models
would improve the efficiency of this process.
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