UC Davis
UC Davis Previously Published Works

Title

Engineering Pseudomonas putida for efficient aromatic conversion to bioproduct using

high throughput screening in a bioreactor

Permalink

|https://escholarship.orgc/item/98n97@

Authors

Eng, Thomas
Banerjee, Deepanwita
Lau, Andrew K

Publication Date
2021-07-01

DOI
10.1016/j.ymben.2021.04.015

Peer reviewed

eScholarship.org Powered by the California Digital Library

University of California


https://escholarship.org/uc/item/98n972bc
https://escholarship.org/uc/item/98n972bc#author
https://escholarship.org
http://www.cdlib.org/

Metabolic Engineering 66 (2021) 229-238

ELSEVIER

Contents lists available at ScienceDirect
Metabolic Engineering

journal homepage: www.elsevier.com/locate/meteng

METABOLIC

Check for

Engineering Pseudomonas putida for efficient aromatic conversion to e
bioproduct using high throughput screening in a bioreactor

Thomas Eng *”', Deepanwita Banerjee > ', Andrew K. Lau®", Emily Bowden *", Robin
A. Herbert »”, Jessica Trinh ®", Jan-Philip Prahl™¢, Adam Deutschbauer ¢, Deepti Tanjore ™,

Aindrila Mukhopadhyay *>%"

2 Joint BioEnergy Institute, Lawrence Berkeley National Laboratory, 5885, Hollis Street, Emeryville, CA, USA

® Biological Systems and Engineering Division, Lawrence Berkeley National Laboratory, 1 Cyclotron Rd, Berkeley, CA, USA

¢ Advanced Biofuels and Bioproducts Process Development Unit, Lawrence Berkeley National Laboratory, Hollis Street, Emeryville, CA, 5885, USA
4 Environmental Genomics and Systems Biology Division, Lawrence Berkeley National Laboratory, 1 Cyclotron Rd, Berkeley, CA, USA

ARTICLE INFO ABSTRACT

Keywords:
Para-coumarate
Bioreactor

RB-TnSeq
Pseudomonas putida
Metabolic engineering

Pseudomonas putida KT2440 is an emerging biomanufacturing host amenable for use with renewable carbon
streams including aromatics such as para-coumarate. We used a pooled transposon library disrupting nearly all
(4,778) non-essential genes to characterize this microbe under common stirred-tank bioreactor parameters with
quantitative fitness assays. Assessing differential fitness values by monitoring changes in mutant strain abun-
dance identified 33 gene mutants with improved fitness across multiple stirred-tank bioreactor formats. Twenty-

one deletion strains from this subset were reconstructed, including GacA, a regulator, TtgB, an ABC transporter,
and PP_0063, a lipid A acyltransferase. Thirteen deletion strains with roles in varying cellular functions were
evaluated for conversion of para-coumarate, to a heterologous bioproduct, indigoidine. Several mutants, such as
the AgacA strain improved fitness in a bioreactor by 35 fold and showed an 8-fold improvement in indigoidine
production (4.5 g/L, 0.29 g/g, 23% of maximum theoretical yield) from para-coumarate as the carbon source.

1. Introduction

Synthetic biology has the potential to produce many new molecules
of interest which are challenging to synthesize by traditional chemistry.
However, economical bioproduction at industrial scale depends on
optimizing many parameters, including growth under bioreactor con-
ditions, achieving high product titers, rates, and yields (TRY), as well as
utilization of as many carbon streams derived from renewable carbon
feedstocks. While many new molecules can be produced at the labora-
tory scale, successful development of an economically-viable strain at
industrial scale (20,000 L - 2,000,000 L) is estimated to cost as much as 1
billion dollars (Crater and Lievense, 2018).

From an economics perspective, one of the most impactful ways to
improve the viability of a process is to reduce the cost of the carbon
biomass used as a substrate (Baral et al., 2019b). The use of lignocel-
lulosic biomass in place of pure sugars as a low-cost feedstock could
make these microbial processes financially feasible for commodity and

bulk chemicals, including biofuels (Baral et al., 2019a). Currently,
sugars are extracted from the cellulose and hemicellulose fractions,
whereas the lignin fraction has proved to be challenging to convert
biologically. Lignin depolymerization can yield structurally distinct ar-
omatic compounds, each of which could be used as a carbon source (Sun
et al.,, 2018). However, a solution from a recent report indicates that
base-catalyzed lignin depolymerization could simplify this process,
allowing for the recovery of a single dominant aromatic molecule, par-
a-coumarate (pCA) (Park et al., 2020). In this context, emerging indus-
trial microbes such P. putida that can natively utilize such aromatics
(Linger et al., 2014) provide an ideal biomanufacturing host platform.

Recently, P. putida was engineered to convert aromatic compounds
to heterologous metabolites (Johnson et al, 2017, 2019), but process
validation for production in larger bioreactor formats is rare. For
example, at the 300 L scale, production of a native compound, medium
chain length polyhydroxy alkanoates (mcl-PHA) was optimized, but it
was under a glucose feed regime (Follonier, 2015). Moreover, there are
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inherent differences in the conditions used to cultivate a microbial strain
in a shake flask vs. the conditions in which bioproduction will finally be
deployed (e.g. uniform C source, pH, DO) (Wehrs et al, 2019, 2020). This
could be especially impactful on obligate aerobes such as P. putida (Nikel
and de Lorenzo, 2013). To de-risk the scaling-up of any new microbial
process, insights derived from cell physiology in stirred tank bioreactors
could clarify how native cellular processes in P. putida are different from
laboratory cultivation conditions. Here we use the massively parallel
RB-TnSeq approach to examine the role of nearly all non-essential gene
mutants in fitness across bioreactor cultivation across a range of con-
ditions. The quantitative fitness method using pooled barcoded trans-
poson library we use is called RB-TnSeq and has been described for
P. putida KT2440 (Price et al. (2019). Querying this pooled P. putida
mutant library could identify genes beyond metabolism that are
required for robust growth in bioreactors.

We extend this fitness profiling data to identify gene mutants
implicated in improved bioreactor fitness, and then construct a small
library of barcoded deletion strains. We then tested if deletion strains
with improved fitness could also be leveraged for improved product
formation. Specifically we examined the bioconversion of pCA to a
heterologous product, indigoidine (Pang et al., 2020; Takahashi et al.,
2007; Wehrs et al,, 2018), in bioreactors. We describe our high
throughput functional genomics screen as well as the strains that led to
improved bioreactor and improved product titers using the lignin
derived aromatic, pCA as a carbon source.

2. Materials and methods
2.1. Chemicals, media and culture conditions

All chemicals were purchased from Sigma-Aldrich (St. Louis, MO)
unless mentioned otherwise. When cells were cultivated in a microtiter
dish format, plates were sealed with a gas-permeable film (Breathe-easy
Sealing membrane, Sigma-Aldrich, St. Louis, MO). Tryptone and yeast
extract were purchased from BD Biosciences (Franklin Lakes, NJ). For
the analysis of RB-TnSeq mutants, standard M9 minimal medium (1 g/L
NH4Cl, 3 g/L KHyPOy, 0.5 g/L NaCl, 12.8 g/L NayHPO4 7H,0, 2 mM
MgSO4, 0.1 mM CaCly) with 1% (w/v) glucose was used (Sambrook and
Russell, 2001). For the production of indigoidine, engineered strains
were grown on modified M9 minimal medium (Linger et al., 2014;
Mohamed et al., 2020) with 10 g/L para-coumarate shaken at 200 rpm
and 30 °C. Modified M9 Minimal Medium contains 2 g/L (NH4)2SO4, 6.8
g/L NapHPOy4 3 g/L KHoPOy, 0.5 g/L NaCl, 2 mM MgSO4, 0.1 mM CaCls,
and 1X trace metals solution (Catalog Num. T1001, Teknova Inc,
Hollister CA) with a carbon source as specified. Overnight LB cultures of
P. putida were grown and adapted in 5 mL modified M9 minimal me-
dium from single colonies. After three sequential rounds of adaptation,
cultures were used to inoculate cultures for indigoidine production runs
at a starting ODggp of 0.1. All experiments were performed in triplicates
and in different production scales. The 2 mL cultures grown in 24-well
deep well plates (Axygen Scientific, Union City, CA) were incubated
with linear shaking at 999 rpm, 70% humidity; 60 mL cultures were
grown in unbaffled 250 mL Erlenmeyer shake flasks with orbital shaking
at 200 rpm.

2.2. Microbial strains and generation of deletion mutants

Pseudomonas putida KT2440 was used in this study. Genomic deletion
mutants were designed to remove DNA sequences corresponding to
protein coding regions from the start to the stop codon as previously
described (Mohamed et al., 2020). Allelic exchange plasmids were
constructed using either backbone pEX18GM or pK18mobsacB and
introduced into P. putida via conjugation with E. coli S17-1 as previously
described (Mohamed et al., 2020). Deletion mutants replaced the open
reading frame with a DNA barcode, which is a unique 10 bp sequence
flanked on either side with ~180bp of DNA sequence derived from the
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Saccharomyces cerevisiae SMC1 gene. The flanking sequence is shared
among all deletion plasmids simplifying mutant tracking with a uni-
versal primer set. Genes that were identified as essential for growth in
this study were cross referenced with published gene essentiality data
(Molina-Henares et al., 2010). The deletion plasmids and their corre-
sponding barcode sequences, along with the strains described in this
study, are contained in Supplementary Table 7 and available
post-publication from public-registry.jbei.org.

2.3. Advanced micro bioreactor method: 250 mL ambr® 250 bioreactor
cultivations

Fed-batch bioreactor experiments used a 12-way ambr® 250 biore-
actor system equipped with 250 mL single-use, disposable bioreactors
(microbial vessel type). The vessels were initially filled with 150 mL
modified M9 minimal medium containing 8.2 g/L pCA as carbon source.
Temperature was maintained at 30 °C throughout the fermentation
process and agitation was set constant to 1300 rpm. Airflow was set
constant to 0.5 VVM based on the initial working volume and pH was
maintained at 7.0 using 4 N NaOH. Reactors were inoculated manually
with 5 mL of pre-culture cell suspension for an initial ODggg of ~0.1.
After an initial batch phase of 12 h, cultures were fed with a concen-
trated feed solution (86 g/L pCA, 120 g/L ammonium sulfate, 20 mM
arabinose) by administering feed boluses every 2 h restoring pCA con-
centrations to 8.2 g/L (feed parameters: 3.1 min at 50 mL/h). Samples
were taken 1-2 times every day (2 mL volume) and stored at —20 °C.
The ambr® 250 runtime software and integrated liquid handler was
used to execute all process steps.

2.4. RB-TnSeq fitness experiment under different bioreactor conditions

RB-TnSeq fitness assays were carried out as previously reported (Eng
et al., 2020; Wetmore et al., 2015). Briefly, pooled P. putida KT2440
pooled transposon libraries were thawed from 500 pL glycerol stocks
and inoculated into 25 mL LB medium. Cultures were adapted for
growth in M9 minimal medium as described in section 2.1. These seed
cultures were sampled at 48 h and 72 h (Sample numbers 1 through 6).
Each of the bioreactors were inoculated to a starting optical density 600
nm at ~0.2. A 2 L bioreactor equipped with a Sartorius BIOSTAT B®
fermentation controller (Sartorius Stedim Biotech GmbH, Goettingen,
Germany), fitted with two Rushton impellers fixed at an agitation speed
of 800 rpm was used. The temperature was held constant at 30 °C. The
bioreactor pH was monitored using the Hamilton EasyFerm Plus PHI VP
225 Pt100 (Hamilton Company, Reno, NV) and was maintained at a pH
of 7 using 10 M sodium hydroxide. Dissolved oxygen concentration was
monitored using Hamilton VisiFerm DO ECS 225 HO. The initial reactor
volume was 1 L M9 minimal medium, with a 50 mL overnight
pre-culture in the same medium. The dissolved oxygen (DO) was
maintained at either 10% DO (Sample numbers 7 through 11) or 30%
DO (Sample numbers 12 through 14) in respective bioreactors. For
fed-batch experiments (Sample numbers 15 and 16), the feeding solu-
tion contained 100 g/L glucose, and 300 mM ammonium chloride. The
feed rate was set at 5.04 g/L/hr of glucose and 3 mM NH4Cl with a target
DO (dissolved oxygen) of 10% or 30% as indicated. Samples for
RB-TnSeq analysis were harvested by collecting 1 mL samples, and a cell
pellet was collected by centrifugation. Refer to Supplementary Table 1
for a full description of parameters used in each experiment. As needed,
a 1 mL bolus of anti-foam B (Sigma Aldrich) was injected into the
bioreactor to control excessive foam formation. Several bioreactor runs
were excluded from this analysis if the barcode diversity in the
RB-TnSeq data pipeline failed quality check steps. Genomic DNA was
extracted and processed for library generation and barcode quantifica-
tion by Illumina sequencing as previously described (Wetmore et al.,
2015). The fitness data described in this work will be available upon
publication at http://fit.genomics.Ibl.gov.

To assess the statistical significance of each fitness value, a t-like test
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statistic (t score) of the form fitness/sqrt (estimated variance) was used
as described previously (Wetmore et al., 2015). A gene mutant was
considered to have an enhanced fitness phenotype in an experiment if
fitness >1.5, t > 2 and have a fitness defect when fitness value was < —2,
t < —2 (and |[fitness| > 95th percentile(|fitness|) + 0.5, as described
previously (Price et al., 2018). Hierarchically clustered heatmaps were
generated with average linkage method and euclidean distance metric
using Python library Seaborn 0.11.1 (Waskom et al., 2020).

2.5. Constraint based modeling to select deletion strains for genes
encoding metabolic functions

P. putida KT2440 genome scale metabolic model (GSM) iJN1462
(Nogales et al., 2020) was modified to account for indigoidine
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biosynthesis. Aerobic growth with either glucose or para-coumarate
(pCA) as the sole carbon source was used to model growth. The ATP
maintenance demand was kept the same (0.97 mmol/gDW/h) whereas
glucose uptake rate and pCA uptake rate were set at 6.3 mmol/gDW/h
(del Castillo et al., 2007) and 4.04 mmol/gDW/h (Ravi et al., 2017)
respectively. Flux Balance Analysis (FBA) was used to calculate the
maximum theoretical yield (MTY) from reaction stoichiometry and
redox balance and also for single gene deletion analysis. Minimization of
metabolic adjustment (MOMA) analysis (Segre et al., 2002) was used to
predict single gene deletions with minimum perturbation in the meta-
bolic flux distribution compared to wild type. Flux variability analysis
(FVA) was used to check for minimum and maximum indigoidine flux
for each gene deletion strain. COBRA Toolbox v.3.0 (Heirendt et al.,
2019) in MATLAB R2017b was used for FBA, FVA and MOMA
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Fig. 1. Comparative Pseudomonas putida Mutant Growth Profiling Between Formats Identifies Pathways Needed for Robust Growth. a) RB-TnSeq tracks
differential mutant abundance across timepoints and conditions (refer to Table 1) normalized to the initial abundance at Ty. b) Volcano plots of four representative
RB-TnSeq experiments. Strong fitness benefits or defects are indicated with dotted lines indicating cutoff log, values > 1.5 or < —2.0. For absolute t scores, the
threshold chosen was t > 2. Mutants in a two-component signaling system, GacS-GacA, were found to be associated with fitness benefit (blue) whereas several
mutants were found to be associated with fitness defects (red). ¢) Hierarchically-clustered heatmap generated using average linkage and euclidean distance metric for
35 gene mutants that were fitness-compromised for bioreactor conditions and their corresponding fitness profile under glucose or pCA fed laboratory cultivation. (For
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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simulations with Gurobi
solver.

(http://www.gurobi.com/) optimization

2.6. Indigoidine quantification

Indigoidine was quantified exactly as described in (Banerjee et al.,
2020). In brief, 100 pL of cells were pelleted by centrifugation at 15,000
rpm for 2 min and resuspended in 500 pL DMSO. The solution was
vortexed vigorously to dissolve indigoidine. After centrifugation at 15,
000 rpm for 2 min, 100 pL of DMSO extracted indigoidine was added to
96-well flat-bottomed microplates (Corning Life Science Products,
Corning, NY). Indigoidine was quantitated by measuring the optical
density at 612 nm wavelength (ODg;2) using a microplate reader (Mo-
lecular Devices Spectramax M2E) preheated to 25 °C. Accounting for the
any dilution applied, indigoidine was quantitated using Eq. (1);

Y(g/L of indigoidine) = 0.212 * ODg; - 0.0035 (€D)]

Indigoidine yields were calculated assuming complete utilization of
glucose or pCA based on the amount of fed substrate in a minimal me-
dium containing no other carbon sources.

3. Results and discussion

3.1. A core cellular signature for growth under varied process parameters
in bioreactors using functional genomics

We designed an experimental regime to identify P. putida mutants
with changed fitness under conditions relevant to industrial cultivation.
In contrast to lab scale experiments biomanufacturing processes for
microbes implements cultivation in impeller-mixed jacketed tanks,
where gases (ie, ambient air, oxygen) and nutrients (sugars, nitrogen
sources) are added to the microbial culture during a given process
(Gonzalez-Cabaleiro et al., 2017; Wehrs et al, 2019, 2020).

Using a pooled barcoded transposon mutant library in P. putida
KT2440 we were able to rapidly evaluate ~100,000 unique transposon
mutants covering nearly all (~4800) non-essential gene mutants with
quantitative fitness assays. These cultures of pooled mutants were grown
in bioreactors (Fig. 1A) under conditions as outlined in Table 1 to
characterize differential fitness changes across timepoints and process
conditions. Quantifying changes in barcode abundance allows rapid
identification of the specific mutants and their respective fitness values
in a workflow referred to as RB-TnSeq (Wetmore et al., 2015). In
P. putida, this method has been used in predicting carbon catabolic

Table 1
Conditions and cultivation formats for quantitative fitness analysis using the
P. putida KT2440 RB-TnSeq library.

Sample Culture Base Sampling Feed Dissolved

No. Format or Media Time, Mode, Oxygen
Scale Replicate Carbon Setpoint

No.* Source

1-6 250 mL M9 48 h,72h, Batch,
shake flask R1, R2, R3 Glucose

7-11 2 L Sartorius M9 24 h, 48 h, Batch, 10%
Bioreactor 72 h, R1,R2 Glucose

12-14 2 L Sartorius M9 24 h, R1 Batch, 30%
Bioreactor Glucose

15-16 2L Sartorius M9 24 h,R1 Fed Batch, 30%
Bioreactor Glucose

17-18° 24 well RCH2 R1, R2 Batch, pCA
plate

19-20° 96 deep well MOPS R1, R2 Batch, pCA
plate

@ Samples described in Price et al., 2019.

b Samples described in Incha et al., 2020. All experiments were conducted at
30 °C.

¢ Replicate numbers are represented as R1, R2 and R3.
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pathways and the characterization of growth inhibitors (Eng et al., 2020;
Incha et al., 2020; Thompson et al., 2019). Comparing fitness values
from stirred tank conditions to laboratory scale experiments would
allow identification of mutants with fitness changes across format and
process conditions to distinguish from mutations which generally
impacted strain fitness across all conditions.

For each sample, we calculated the fitness and a corresponding t
score for single transposon mutants corresponding to all 4778 genes in
the pooled library. The calculated fitness value for each timepoint is the
log, ratio of the population abundance for the sampled timepoint over
the initial mutant abundance measured at the start of each experimental
time course. The t score assesses how reliably a fitness value is different
from zero. For most conditions, most gene mutants do not have a
measurable differential fitness value and therefore have fitness values
and tscores close to 0. For our genome-wide analysis, we selected strong,
statistically significant determinants of fitness and demanded that
fitness values must be > 1.5 or < -2 with an absolute t score of >2.
Volcano plots of mutant fitness values and their corresponding t scores
are plotted for five representative experiments in Fig. 1B.

Our high throughput screening approach identified both mutants
with improvements (Section 3.2) and defects in bioreactor fitness. While
we are interested in the former, an analysis of mutants with decreased
fitness is important to understand conditional essentiality for a full
characterization. From this dataset we identified thirty-five transposon
mutants in P. putida which displayed growth defects under these con-
ditions (Fig. 1C). Hierarchical clustering of mutants that had decreased
fitness (<—2) indicated that most bioreactor samples fed glucose were
similar to samples fed glucose in the shake flask format, but had different
responses when cells were fed pCA. For conditions listed in Table 1,
mutants with decreased fitness belonged to genes involved in methio-
nine, tryptophan and histidine biosynthetic pathways. Other multi-step
amino acid biosynthesis pathways (leucine, arginine, and aspartate)
were also identified with decreased fitness, but for only 1-2 mutants in
these pathways. Pathways predicted for sulfur relay and thiamine
biosynthesis (PP_0261, PP_1233, PP_5104) or metal ion homeostasis
(PP_3506, PP_0910) were also implicated as necessary for robust growth
under bioreactor conditions. We note that these single gene in-
activations do not result in amino acid or nutrient auxotrophies, as these
mutants are still able to grow in M9 minimal media. When these mutants
were clustered, mutants in two additional uncharacterized genes
(PP_1109, PP_1111) were also present in this group, suggesting they
have related functions. Nineteen mutants were unique to growth on
pCA. These included genes encoding transcriptional regulators or
metabolic functions in pathways related to aromatic compound catab-
olism already described elsewhere (Incha et al., 2020). Including pCA
fitness profiling data from the Price et al., 2019 dataset also strength-
ened evidence for statistically significant fitness defects in other genes
encoding metabolic functions including PP_5095/prol (involved in
proline biosynthesis), PP_0356/glcB (malate synthase), PP_4700/panC
(pantothenate synthase) and PP_4799 (a putative muramoyltetrapeptide
carboxypeptidase).

Several regulatory systems were also implicated in a novel bioreactor
stress response. Deletion of either the 638 stress response sigma factor
(PP_1623/rpoS) or a housekeeping sigma factor ©70-family gene
(PP_4208) strongly decreased fitness in the bioreactor. In contrast to
E. coli which has a single known sigma 70 response factor, there are 19
open reading frames which encode 670 family protein domains, sug-
gesting functional redundancy via duplication (Martinez-Bueno et al.,
2002). Other P. putida RB-TnSeq datasets did not show the deletion of
either sigma factor to have fitness defects (RB-TnSeq fitness browser, htt
ps://bit.ly/3bifz2h), suggesting that the fitness enhancement in a
bioreactor is enhanced by both 638 and ¢70-family transcriptional
regulation, and that their regulatory network is not redundant. Addi-
tionally, four  environmental/nutrient availability = sensing
two-component signaling systems also contribute to bioreactor fitness: a
nitrogen stress sensor (PP_2388-PP_2390) (Mozejko-Ciesielska et al.,
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2018); a sensor involved in chloramphenicol resistance (PP_0185)
(Fernandez et al., 2012); a sensor implicated in lipid A remodeling
(PP_2348); and a two component system important for adaptation to
growth in minimal medium (PP_4505-PP_2714). The specific stirred
tank parameters which activate these remaining two component
signaling systems have not been identified.

Other mutants which decrease fitness in bioreactors included mu-
tations in PP_5303/ridA, a reactive oxygen species responsive chap-
erone, or PP_0735/moeB, an adenyltransferase which adenylates
molybdopterin synthase, were deficient for growth. Finally, mutations
in four other genes could not be assigned a function due to low ho-
mology to previously characterized genes or correlation with known
processes. Due to the pooled nature of our high-throughput assay, dis-
rupted gene pathways that utilize metabolites which can be com-
plemented by secreted metabolites from other mutants in the population
will not be detected in this assay. Moreover, transposon insertions which
disrupt poly-cistronic mRNAs can sometimes result in polar effects, a
drawback of this high-throughput method (Hutchison et al., 2019).
Regardless, our negative fitness mutants identified important genes to
avoid inactivating when considering genome scale approaches (Maia
et al., 2016) for host optimization.

3.2. Gene mutants with improvements in bioreactor fitness

Microbes are not evolved for environments like the stirred tank
bioreactor; a mismatch between endogenous cellular activities and the
cultivation environment can lead to inefficiencies in growth. We
reasoned that mutants with improved fitness values from the RB-TnSeq
dataset are more suited for industrial cultivation parameters. Hierar-
chical clustering of positive fitness mutants across all bioreactors in
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comparison with pCA and shake flask conditions indicated that a fitness
signature in the bioreactor was distinct from either standard laboratory
format using the aromatic carbon source or glucose (Fig. 2A). We
identified transposon mutants in eighteen genes which consistently
exhibited quantitatively improved fitness under these growth conditions
in a bioreactor (Fig. 2A). Additionally, mutants in a two component
signaling system, gacS-gacA (PP_1650-PP_4099), were routinely recov-
ered as a fitness enhanced phenotype under many conditions (Fig. 2A
and B).

The data generated from these high throughput assays are crucial to
this analysis, as they quantify the contribution from both metabolic and
regulatory processes and their relationship to cell growth. Approxi-
mately half of the mutants identified from these fitness profiling ex-
periments were related to metabolic processes (Fig. 2C). The remaining
non-metabolic candidates encoded a diverse range of cellular functions,
such as PP_1215/ruvC (a crossover junction endodeoxyribonuclease),
PP_1353 (an uncharacterized conserved membrane protein), and
PP 5309 (a LysR-family transcriptional regulator). Inactivating
PP_1428/rpoE (Sigma factor sigma-E) led to a slight fitness improvement
in most of the bioreactor conditions tested by RB-TnSeq, but not in the
control shake flask experiments. Many of these genes likely encode
global master regulators and their deletion have pleiotropic impacts
across cell physiology. Interestingly, we did not observe crc mutants
associated with improvements in our analysis, which is another global
regulator previously reported for improvement in production (Elmore
et al., 2020; Johnson et al., 2017). We identified potential gene targets
summarized in Table 2, whose inactivation would result in improved
fitness in a bioreactor including genes encoding metabolic activities as
well as genes encoding non-metabolic global regulators across varied
oxygen and mixing conditions in bioreactors using RB-TnSeq.
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Table 2
Fitness-enhanced deletion mutants in bioreactors.
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Gene Locus/Gene Max Fitness Value®  Fold Fitness Benefit”  Gene Function Predicted Biomass
Name Yields
[g/mmol of glucose] [g/mmol of pCA]
PP_1109 -5.2 16.2 GntR-family transcriptional regulator NM NM
PP_2889/prtR 4 5.6 Transmembrane regulator; anti-sigma factor NM NM
PP_4099/gacA 7.2 1.37 Two component signaling system NM NM
PP_0063 2.4 1.7 Lipid A biosynthesis lauroyl acyltransferase 0.1 0.11
PP_1385/ttglB 0.9 3.6 RND membrane pump; implicated in pCA tolerance 0.1 0.11
PP_1656/relA 4.5 0.5 ATP:GTP 3'-pyro phosphotransferase; pppGpp 0.1¢ 0.11
synthetase

PP_2336 3.1 8.3 Aconitate hydratase 1 0.1 0.11
PP_4120/nuoB 2.7 4 NADH-quinone oxidoreductase subunit B 0.04°¢ 0.05
PP_4121/nuoCD 2.8 11.6 NADH-quinone oxidoreductase subunit C + D 0.04° 0.05
PP_4124/nuoG 2.8 13.9 NADH-quinone oxidoreductase subunit G 0.04° 0.05
PP_4129 3.2 6.9 NADH-quinone oxidoreductase subunit L 0.04°¢ 0.05
PP_5227 1.7 6 Diaminopimelate decarboxylase 0.1 0.11
PP_5338/aspA 2.5 4.3 Aspartate ammonia lyase 0.1 0.11

Genes are first sorted based on metabolic or non-metabolic function followed by genomic locus ID. If known, common gene names are also indicated. Refer Sup-
plementary Table 2 for complete list of loci targeted for deletion including newly identified essential genes.

# Maximum log; fitness value across all bioreactor conditions tested.
b Log, fitness value in bioreactor versus fitness value in shake flask.

¢ No solution for indigoidine flux using MOMA analysis. NM - Genes associated with non-metabolic function.

3.3. The bioconversion of a lignin derived aromatic to a heterologous
bioproduct

The overarching aim of this study is to combine robust bioreactor
strains for the conversion of lignin derived aromatics to valuable het-
erologous bioproducts. Indigoidine, a sustainable pigment and emerging
fabric dye, is generated from the condensation of two glutamine mole-
cules and is catalyzed by a heterologous non-ribosomal peptide syn-
thetase (NRPS) based pathway (Ghiffary et al., 2021; Pang et al., 2020;
Takahashi et al., 2007; Wehrs et al., 2018) (Supplementary Figure 1).
Although we have demonstrated P. putida based indigoidine production
using glucose as the carbon source (Banerjee et al., 2020), it is useful to
have a collection of strains with improved fitness in bioreactors ready for
bioprocess engineering. We initially identified fifty-four P. putida mu-
tants which simply had increased fitness across many stirred tank pro-
cess conditions (Fig. 2C). In addition, we included mutants in metabolic
processes with higher fitness values in stirred tank bioreactors when
compared to the shake flask format. This differential fitness value was
calculated as the ratio of log, fitness values in a bioreactor over shake
flask cultivation as the denominator, which indicated a small number of
genes should be included even though they did not have strong absolute
fitness improvements or t scores that would meet the threshold for in-
clusion. From this analysis we identified 14 additional genes related to
cell metabolism.

We evaluated how deleting these individual genes for their potential
impact on maximum biomass yields using the minimization of metabolic
adjustment (MOMA) method (Segre et al., 2002) when fed glucose or
PCA as carbon sources. MOMA analysis predicted the immediate effect
of a gene deletion with minimal perturbation in the metabolic flux dis-
tribution compared to wild-type P. putida (Supplementary Table 4). Of
the 14 genes encoding metabolic functions we examined, only PP_0290
was predicted to be essential in silico for growth using both glucose or
PCA as sole carbon source, which was then excluded from further study.

A strain with improved fitness in a bioreactor does not necessarily
translate to improved final product TRY and furthermore, we are not
aware of any studies that directly link these phenotypes. We reasoned
that additional computational analysis for improvements towards the
specific bioproduct of interest could further refine our library. Using a
genome scale metabolic model of P. putida, iJN1462 (Nogales et al.,
2020) and Flux Balance Analysis (FBA), we calculated maximum theo-
retical yields (MTY) of indigoidine and its precursors for pCA as sub-
strate/bioproduct pair (Supplementary Table 3). This carbon source to
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final product MTY pair (pCA/indigoidine) of 0.66 mol/mol is higher
than MTY calculated for the glucose/indigoidine pair of 0.54 mol/mol
(Banerjee et al., 2020). The predicted flux towards indigoidine in the 15
deletion strains associated with metabolic functions successfully
generated is summarized in Supplementary Table 4. For several mu-
tants, indigoidine yields were unlikely to substantially improve yield,
but would still allow yields approximately 80-100% of WT. Five of the
deletion mutants analyzed (Fig. 2C) had no solution when calculating
indigoidine flux using MOMA analysis when fed glucose, but solutions
did exist for pCA feed conditions. These model predictions suggested
there might be improvements to final product titer in these deletion
strains.

In total, this study identified an ensemble of 33 genes in our fitness-
advantaged barcoded library (Supplementary Table 2). Our mutants
have a diverse range of biological functions, fitness values in bio-
reactors, and biomass predictions from MOMA analysis (Table 2). We
reconstructed barcoded deletion mutants for candidate genes using
allelic exchange plasmids (Fig. 3A and Supplementary Table 7) and were
successful in completing a library of twenty-one deletion mutant strains.
To profile heterologous bioproduct formation, as modeled with the 2
gene non-ribosomal peptide (NRP), indigoidine, we screened a majority
of the deletion library for improvements to indigoidine titer. The indi-
goidine pathway was genomically integrated into each deletion strain.
As controls, we included AttgB to test if reducing pCA efflux could allow
greater substrate availability for catabolism; APP_1109 which exhibited
negative fitness values in the bioreactor; and APP_2889 which in the RB-
TnSeq data, was more fit only under batch-mode conditions but not fed-
batch modes.

Strains were assayed first in 24-deepwell plates to compare indi-
goidine production using either glucose or pCA as the carbon source. In
this format, the WT strain produced about 1.5 g/L of indigoidine from
either glucose or pCA as the carbon source after 48 h of cultivation. In
contrast, AgacA strains produced 2.5 g/L of indigoidine after 48 h using
pCA (Fig. 3B) but only 0.5 g/L indigoidine from glucose (Fig. 3C). De-
letions of genes encoding several subunits of the NADH-quinone
oxidoreductase complex (PP_4120, PP_4124, PP_4129) led to statisti-
cally significant but modest improvements in indigoidine titer when
cells were fed glucose, but not pCA. Deletion strains APP_5338,
APP_0063, APP 5227, APP_1656, APP_2336, and APP_1385 also
showed some improved indigoidine titer on pCA but not on glucose
(Fig. 3). Deletion mutants APP_1109 and APP_2889 did not improve
indigoidine titer from either carbon source in the deep well plate format
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(Supplementary Figure 2). These experiments identified several mutants
with improved indigoidine production from pCA, which allowed us to
further down-select candidate strains for bioreactor runs.

Automation-assisted fed-batch bioreactors (Ambr® 250) enable
medium throughput analysis in stirred tank bioreactors and were used to
examine the most promising four deletion mutant strains for indigoidine
production (AgacA, APP_4124, APP_5338, and APP_0063). In this sca-
leup, AgacA strains produced 4.5 g/L indigoidine after 72 h, whereas the
WT strain produced 0.5 g/L in the same timeframe. APP_0063 also
showed some improvement over the WT strain with a titer of 2.5 g/L.
Deletion strains APP_4124 or APP_5338 did not further improve indi-
goidine titer in the bioreactor. The remaining control strains performed
as expected; a representative deletion strain with a negative fitness value
(APP_1109) did not produce more indigoidine than wild type; reducing
PCA efflux (AttgB) or optimizing for growth under batch mode condi-
tions (APP_2889) also failed to improve titer. The indigoidine yield from
the control strain was 0.034 g indigoidine/g pCA, and the yield from the
AgacA production strain was 0.29 g indigoidine/g pCA, an 8.5 fold
improvement over wild type. The AgacA strain reached 29% MTY (g
indigoidine/g pCA) under fed-batch conditions. This result demonstrates
a successful application of fitness profiling of deletion libraries for
improved bioconversion route to produce indigoidine when fed a lignin-
derived monomer as the sole carbon source. Further, mechanistic studies
will reveal the interplay between the specific metabolic processes
implicated with these their respective deletion mutants and their rela-
tionship to indigoidine titers.
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3.4. The role of GacS-GacA in the bioconversion of pCA to indigoidine

Disruption of gacA led to the most substantial improvement in fitness
and was also a ubiquitous target across the conditions tested. Most
importantly, the gacA deletion strain improved heterologous product
formation from pCA. Previous work in Pseudomonas spp. has shown that
the GacS-GacA two component signaling system is involved in a wide
range of environmental responses such as biofilm formation or second-
ary metabolite secretion (Burlinson et al., 2013; Francis et al., 2017;
Gellatly et al., 2018; Huang et al., 2019). A bioinformatics analysis for
these potential GacS-GacA downstream targets in P. putida based on
Huang et al. is summarized in Supplementary Table 6. In P. putida, GacS
inactivation was shown to enhance the glucose to muconate biocon-
version (Bentley et al., 2020). We were intrigued why this highly
conserved signaling system was not reported as beneficial towards
bioproduct formation in E. coli. To answer this query, we conducted a
meta-analysis of functional genomics data from all public RB-TnSeq
carbon source datasets (https://bit.ly/380y971 and Supplementary
Table 5). In E. coli, inactivation of either gacS or gacA homologs does not
lead to any detectable biologically relevant phenotypes (Fig. 4). In
contrast, inactivation of either gacS or gacA in P. putida or P. stutzeri
reveals strong fitness improvements across nearly all experimental
conditions. However, a STRINGdb meta-analysis (Szklarczyk et al.,
2019) also identified potentially conserved protein-protein interactions
between GacA and other relevant candidate effector proteins (Supple-
mentary Figure 3). This signaling system may be tuned to environmental
cues specific to Pseudomonas’ native soil environment and absent from
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the intestinal gut where E. coli was isolated. A better understanding of
microbial regulatory systems can identify potential bioproduct forma-
tion bottlenecks in industrial process conditions. For example, the
P. putida GacS-GacA system may have little crosstalk with other
signaling systems, as mutants in gacS and gacA have high cofitness as
shown in Fig. 4A but other regulatory systems may interact with a wide
array of seemingly independent master regulators (r> for P. putida =
0.997; 12 for P. stutzeri = 0.995; r* for E. coli = 0.688).

Based on prior reports of GacS-GacA activity in Pseudomonas, we
hypothesize that an active GacS-GacA signalling system may induce
formation of diverse secondary metabolites, biofilm formation and
alternative iron sequestration pathways; these pleiotropic processes
could limit the carbon flux available for indigoidine production
(Fig. 4B). In parallel, the constitutive de-repression of a permease
(PP_1355), also regulated by this signaling system (Huang et al., 2019
and Supplementary Table 6), could improve para-coumarate utilization.
This hypothesis is consistent with RB-TnSeq fitness data, as the inacti-
vation of PP_1355 caused a fitness defect when cells were grown on pCA
as a carbon source (Price et al., 2019). The E. coli PP_1355 homolog,
ampG, participates in both cell wall turnover and biofilm formation
(Mallik et al., 2018), suggesting a complex physiological response could
occur in P. putida.

It is puzzling that the improvement to indigoidine titer in AgacA and
APP_0063 occurred when fed pCA rather than glucose. While additional
experiments are required to fully understand this outcome, aromatic
molecules like toluene are known to induce a starvation response
(Vercellone-Smith and Herson, 1997) and could occur in pCA. Without
gacS present, the rpoS response is dampened (Whistler et al., 1998). This
model is supported by our experimental data, as inactivation of gacS
improves P. putida fitness when cells are grown on pCA (Fig. 2).
PP_0063, one of the two secondary lipid A acyltransferases in P. putida,
has been reported to play a role in the P. putida global stress response
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when cells were fed benzoate, a structurally similar aromatic compound
with a different catabolic pathway (Ravi et al., 2017; Reva et al., 2006).
It is possible that the increased membrane permeability in the APP_0063
strain improved cell respiration using pCA (Budin et al., 2018; Zhu et al.,
2017). However, the APP_0063 strain had improved indigoidine titers
compared to wild type but lesser than AgacA strain, suggesting that
inactivating PP_0063 is not as beneficial towards indigoidine production
as a AgacA deletion. Methods in quantifying lipid composition (Riihl
et al., 2012) may help shed light in understanding the interplay between
membrane dynamics, respiration, and the physiological requirements
for growth in bioreactors. We synthesize this information in a model
depicted in Fig. 4C. In summary, our data suggests that final indigoidine
titer improved in the AgacA strain because a subset of starvation
response genes are induced by pCA without activating the full comple-
ment of GacS-GacA regulatory targets.

4. Conclusions

Our study describes the distinct fitness landscape at the whole-
genome level under scaleup conditions, identifying non-obvious con-
nections between many cellular processes, both metabolic and regula-
tory, to growth in larger format processes. We describe a workflow to
down-select mutant strains for examination in medium-throughput
stirred tank formats like the ambr250® bioreactor system, and also
provide a bioreactor ready strain for the conversion of a lignin-derived
aromatic into a valuable sustainable pigment, indigoidine, at high ti-
ters, rates and yield. Due to the relative accessibility of sequencing
technologies, even larger mutant search spaces could be examined. Ex-
amples include the use of double or triple mutant RB-TnSeq libraries, or
gene overexpression pools with native or heterologous gene libraries
(Dunlop et al., 2011; Isalan et al., 2008; Mutalik et al., 2019) drawing
novel gene candidates identified from pan-genome assemblies
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(Norsigian et al., 2020). These systems biology approaches hold the
promise to considerably advance P. putida to meet the bioprocess pa-
rameters of tomorrow’s bioeconomy.
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