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Overcoming genetic heterogeneity in industrial
fermentations
Peter Rugbjerg

and Morten O. A. Sommer *

Engineering the synthesis of massive amounts of therapeutics, enzymes or commodity chemicals can select for subpopulations
of nonproducer cells, owing to metabolic burden and product toxicity. Deep DNA sequencing can be used to detect undesirable
genetic heterogeneity in producer populations and diagnose associated genetic error modes. Hotspots of genetic heterogeneity can pinpoint mechanisms that underlie load problems and product toxicity. Understanding genetic heterogeneity will inform
metabolic engineering and synthetic biology strategies to minimize the emergence of nonproducer mutants in scaled-up fermentations and maximize product quality and yield.

I

ndustrial-scale biomanufacturing of therapeutics, enzymes and
chemicals relies on cultivating large volumes of engineered cells
in fed-batch or continuous bioprocesses. Clonal expansion of
high-performing producer cells can favor the emergence of lowproducing escape variants that have shed the load from metabolic
burden or toxicities imposed by product synthesis or secretion1.
Eventually, these low-producing or nonproducing variants can
reduce product yield and quality, making genetic homogeneity a
crucial, yet often overlooked parameter of process scale-up. Reliable
scale-up remains an enormous technical and economic barrier
for commercialization of bioprocesses with genetically engineered
organisms2–4 and requires substantial research and development, as
exemplified by the complex production scale-up for 1,4-butanediol
by Genomatica5 and β-farnesene by Amyris6 (Box 1).
Genetic heterogeneity has been reported in industrial processes
producing penicillin with Penicillium chrysogenum7, l-arginine
with Corynebacterium8 and human antibodies with Chinese hamster ovary (CHO) cell lines9. At Genentech, for example, early
mutation during CHO transfection resulted in up to 27% of the cell
population producing an antibody with a single amino acid substitution9. Genetic heterogeneity can be problematic at industrial
scales owing to the production ‘load’ on producer lines, which arises
from metabolic burden and toxicities10,11. The reduced growth rate
associated with load means that it is a crucial cell factory parameter.
Load affects yield, rate and titer at scale, and reductions in load can
bring huge benefits. For example, reducing load from 30% to 25%
would prevent a 17% decline in yield and titer over the 60 generations that are required for large-scale batch fermentation in a typical industrial biotech process (Fig. 1)11. Controlling the underlying
spontaneous mutation rate (escape rate) is also important. Escape
rate depends on the susceptibility of the expression constructs to
host mutation modes. Together, load and escape rate depend on the
nature of the product, genetic design, host organism and growth
conditions, although general principles apply across products.
The decreasing costs and improved precision of DNA sequencing enable its use in cultured production populations to pinpoint
and quantify genetic escape rates of subpercentage heterogeneities
in even small-scale cultures11. Such subpopulation-level mutant
detection enables strain engineers to identify problematic genetic
instability early in the development process (Fig. 1) and visualize
the dynamics of mutated subpopulations to determine how and why
they outcompete the initial producer clone11. Together with recently

developed synthetic biology approaches to metabolism-responsive
cell growth12,13 and pathway regulation14,15, developments in deep
DNA sequencing present opportunities for detecting and minimizing genetic heterogeneity in bioprocesses and in turn improving fermentation performance at production scale.
Here we discuss the diverse mechanisms underlying the problem of genetic heterogeneity in industrial biotech scale-up. We
provide basic and applied examples of production load and escape,
and review potential strategies to detect and mitigate problems with
genetic heterogeneity.

Metabolic burdens, toxicities and production load

Engineered biotechnological production usually reduces cell fitness
(growth rate, viability and maximum cell density) relative to parental nonproducing or low-producing cells. Overall, production load
(Fig. 2a) often exceeds 15–30% in high-yielding processes (Table 1).
Replication burden from introducing additional DNA can result
from depleted initiation factors, nucleotides and DNA polymerase16.
The bioenergetic cost of replicating chromosomal or plasmid gene
copies per se is generally negligible in Escherichia coli and haploid
Saccharomyces cerevisiae17–19. However, replicative or plasmid burden can be confounded by downstream ‘costs’ of encoded proteins.
Production load can be sizable and can limit production rates.
Loads usually scale with the amount of protein produced18,19.
Overall costs can be divided into transcriptional (from competition
for free RNA polymerase and ribonucleotides) and translational
(from competition for free ribosomes and charged tRNAs19). Posttranslation, protein-related loads result from protein folding and
energy required for secretion20 or glycosylation. Nonfunctional,
misfolded proteins waste synthesis capacity and substrate, and can
induce cytotoxicity and stress or unfolded protein responses21,22.
Intracellular protein toxicity is often observed when heterologous
protein makes up 30% of the internal proteome19. This toxicity
may be exacerbated by enzymatically active products, host interactions (for example, membrane integration23 or DNA binding24)
and aggregate formation. Protein burden can be quantified by fitness measurements, such as introducing point mutations or stop
codons to estimate effects from transcription cost or catalytic
function19,25. Underlying mechanisms of load can be investigated
by transcriptomics26,27.
Metabolite-producing pathways also compete with endogenous
pathways to impose a load on productive cells (Fig. 2a). Many
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engineered pathways drain cellular energy and central substrates such as acetyl-CoA, ATP, cofactors and coenzymes such as
S-adenosyl methionine, NADPH and iron-sulfur clusters (Table 1).
Such depletion may also force metabolic flux toward unintended,
toxic metabolic nodes, such as acetate28. Metabolite depletions and
build-ups can be investigated by extracellular supplementation27
and time-course metabolic flux analysis29. In metabolite-producing
fermentations, the toxicity of pathway intermediates and byproducts often results in a substantial production load because these
compounds are intracellular (Table 1)30,31. Pathway toxicity can be
investigated by measuring the fitness of strains after sequential
enzyme introduction25 or extracellular supplementation, such as
with homocysteine in the l-methionine pathway32. The mechanism
behind toxicity is not always obvious, but functional genomics and
transcriptomics can aid in its understanding33.
End product titers in successfully commercialized fermentation
processes reach >50–100 g/l, but at this concentration most molecules are toxic (Table 1); of note, intracellular concentrations may
be even higher.

Genetic error modes in bioprocesses

All biological populations, whether engineered or not, undergo
continuous evolution by various mechanisms at rates ranging from
10–2 to 10–10 per base pair per generation (Table 2). In fermentations
to produce metabolites and enzymes, base substitutions mainly
cause loss of enzyme activity. CHO cell lines used for mammalian
therapeutic protein production exhibit loss-of-function mutation
rates of roughly 10–8 per base pair per generation34. Such rates can be
sufficient to compromise product quality, even at small cultivation
scales, as demonstrated by cell lines with point mutations in genes
encoding antibody fragments35–37. Bacterial and fungal hosts have
basal base-substitution rates of 10–10 per base pair per generation
(Table 2)38. Even so, genomic regions carrying a production load
may appear as mutation hotspots because of subsequent selection of
a single mutation event; in protein-producing E. coli, base substitutions that affect the function of the LacI repressor-coding gene lead
to lower production23. At the sequence level, hairpin structures and
mononucleotide repeats as short as three bases can promote escape
via DNA polymerase slippage, increasing the probability of insertion/deletions (indels) (Fig. 2b, Table 2)39,40.
Homologous recombination frequently causes production instability owing to reuse of regulatory promoter/terminator sequences41
and multicopy chromosomal integration of production cassettes. In
some producer cells, chromosomal gene copy numbers are ampli-

Production
Mutant

Evolving
heterogeneity

2 m3

Production

Continuous

Hallmark metabolic engineering projects for the commercial
production of the antimalarial drug precursor amorphadiene at
Sanofi, and β-farnesene at Amyris, suffered from initial low cell
viability owing to several toxic pathway intermediates6,89. Pathways were initially designed in E. coli, but toxicity of intermediates led to problems with low cell densities in fermentation.
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Fig. 1 | Evolution of populations during industrial fermentation. a, The
fitness cost of high-level production creates a selective advantage for
nonproducer cells that lose the ability to produce the desired product
during industrial fermentation. Deep DNA sequencing can be applied
to track evolving genetic heterogeneity early in a population of growing
production cells. b, Mathematical models can predict the evolution of
heterogeneity in the fermentation population over time11, leading to
reduction in the fraction of producing population, assuming a spontaneous
escape rate for complete production decline and alleviated load (fitness
cost relative to nonproducing cell).

fied during construction but cannot be maintained under production conditions. In these cases, gene loop-outs result in production
decline over time, as observed in penicillin-producing Penicillium
chrysogenum at GlaxoSmithKline7 or protein-producing CHO
cells42. Catalyzed by endogenous DNA repair pathways, recombination between direct repeats can lead to deletion or tandem duplication of the flanked region, while inverted repeats recombine and
form inversions (Fig. 2b). Gene conversions between highly similar regions also occur (for example, weakening an E. coli product
promoter by recombination with its wild-type promoter variant43).
Recombination is induced by local transcription and increases with
repeat lengths accelerating from around 20 base pairs44,45 (Table 2).
Nonhomologous recombination occurs at lower rates and also operates via strand slippage, but is generally constrained to short, intramolecular repeats (Table 2)44,46.
Transposable elements present in the chromosomes of microbial
and mammalian cells can move spontaneously, causing gene disruption or modulating transcription of flanking genes47 (Fig. 2b).
Bacterial insertion sequence (IS) elements present in most industrial workhorse bacteria can disrupt production genes or operons.
Different IS subfamilies transpose at different rates, using various
mechanisms and target site specificities47 (Table 2), and can fully
disrupt a heterologous mevalonate pathway in 70 generations11.
Nature Biotechnology | www.nature.com/naturebiotechnology
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Fig. 2 | Causal factors and counterstrategies for genetic heterogeneity in
large-scale biomanufacturing. a, Spontaneous escaper cells are enriched
due to production loads resulting from metabolic burdens (for example,
resource pool depletion) and toxicities associated with engineered
production. b, Spontaneous genetic escape modes. c, Subpopulations
of escaper cells can be identified following deep sequencing by analysis
of broken unaligned read ends (dashed blue) that otherwise map to the
reference (black) and often involves a repeated region (orange). SNV,
single-nucleotide variant; *, base substitution.

Similarly, S. cerevisiae hosts about 50 transposable Ty elements48
(Table 2) and 38% of the CHO K1 genome is transposable elements49. The potential long-term biotechnological impact of
eukaryotic transposable elements is unknown. Instead, epigenetic
regulation of transgenes is thought to trigger instability in CHO
cultures50. Plasmid-borne expression systems in antibiotic-free biotechnological production previously led to considerable loss rates
(Table 2). Segregational plasmid instability can be solved by chromosomal integration or plasmid addiction systems51.
In industrial biomanufacturing, escape rates may be higher than
in research laboratory conditions because of extracellular stresses
from shearing, osmotic pressure, pH and starvation10,52. Intracellular
production and associated reactive oxygen species can activate bacterial DNA-damage, chaperone (heat shock) and SOS responses53,54
that induce mobile element transposition and more error-prone
DNA polymerases with 102–103-fold higher base-substitution
rates55,56 (Table 2). In eukaryotic hosts, protein production can
induce stress functions related to the unfolded protein response57.
Overall, industrial bioprocesses are challenged by a wide range
of mechanisms that generate genetic heterogeneity in the production population.

Detection of genetic heterogeneity

Diagnosing the genetic liabilities of a cell factory is crucial to commercializing and optimizing existing and new processes. Deviation
in large-scale fermentation behavior is monitored by extensive
quality control programs, often following biopharmaceutical guidelines58. These internal programs track process stability by online
analyses of multivariate parameters, such as growth rates and broth
metabolites59 to detect unstable seed trains or guide ideal batch
runtimes. To determine fermentation stability, end-of-production
cells are banked and compared with the working clone bank for titer
Nature Biotechnology | www.nature.com/naturebiotechnology

and maintenance of production genes. This phenotyping can be
complemented with second- and third-generation DNA sequencing methods to investigate mutation accumulation during culture
of production and model organisms. This work promises to identify
and quantify load-carrying genes and genetic error modes specific
to certain clones, designs or processes11,36,60.
Identification of mutations in single colonies from end-of-production samples often requires only limited sequencing coverage
of 20–30-fold depth because clones are assumed to be homogenous23,43. However, multiple competing mutations may co-exist
in a cultivated population, requiring sampling of many clones.
Deep DNA sequencing of entire production populations over time
enables in situ quantification of competing subpopulations, but
resolution of true genetic variation in populations can be challenging. Currently, the lowest detected genetic production errors are at
frequencies of 10–4 (refs. 11,36), but limits depend on variant type,
sequencing technique, coverage, read length and error rate. For routine, short-read Illumina sequencing, true base substitutions below
10–2 frequency are difficult to distinguish from artificial errors that
arise during sample library preparation and sequencing61,62. For this
reason, base substitutions and indels are often only called above
10–3–10–2 frequencies36,62. Comparison with a homogenous sample,
or samples collected over time, aids in discriminating between true
and artificial variants that lack statistically significant population
dynamics11,62. Sequencing errors can be better distinguished from
true mutant subpopulations by attaching short, unique molecular barcode sequences to sample fragments before sequencing,
improving the detection limit to around 10–7 (ref. 62). In contrast
to base substitutions, the >10 base pair split-ended signatures of
structural variants allow more unambiguous detection (for example, down to 10–4 frequency for transposable element insertions11;
Fig. 2c). Combined with a match from the opposing junction, such
split-end reads confidently discriminate among several structural
variant forms (Fig. 2). Split ends can be ambiguous, for instance,
at tandem duplications. Also, structural variants in populations are
difficult to accurately quantify by short reads because of problems
with establishing the true sequence coverage for structural variants with different structural compositions63. However, high sensitivity may enable detection of detrimental structural variants as
early as in the master clone bank. Identification of such detrimental
mutations in master or working clone banks could allow selection
of mutation-reduced inocula. The high sequence coverage (>104fold) requirements of these detection methods may necessitate targeted sequencing of production pathway at the risk of overlooking
unexpected escape mechanisms. Third-generation long-read technologies, such as single-molecule real-time and nanopore sequencing, are likely to improve structural variant resolution and have
been used to detect low-frequency base substitution in CHO production genes36.
Mass spectrometry is used to assess therapeutic protein heterogeneity and can also identify non-genetic heterogeneities that occur
through mistranslation at high sensitivity, such as down to 0.1% at
Roche37. De novo screening by mass spectrometry is difficult9, but
untargeted analyses at, for instance, Gilead revealed genetic heterogeneities of unexpected short peptide extensions to antibody
fragments64, suggesting a scope of gene variability beyond routinely assessed amino acid misincorporation65. Flow cytometry is
also used for real-time quantification of population heterogeneity:
staining of product with fluorescent dyes uncovered low-producing
CHO subpopulations at Janssen66.

Reduction of genetic escape rates

Once genetic heterogeneity is diagnosed, several bottom-up strategies to overcome it can be used. IS elements are one common
concern in bacterial production strains and have been deleted (for
example, in E. coli and Corynebacterium glutamicum67,68). Resulting
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Table 1 | Loads that affect producer fitness
Load

Method to diagnose load

Metabolite or protein affecting fitness

Reference

Intermediate or byproduct toxicity
(end product: toxic metabolite)

Step-by-step pathway
introduction
Pathway deep-seq
Functional genomics
Supplementation

1,3-propanediol: methylglyoxal
β-farnesene: farnesyl pyrophosphate
Mevalonic acid: HMG-CoA
L-methionine: Homocysteine
Resveratrol: p-coumaric acid

31

Supplementation
Pathway deep-seq

Butanol
Artemisinic acid
Vanillin
L-serine

93

End-product toxicity

91
25
32
92

94
82
95

Protein folding stress and toxicity

Transcriptomics
Proteomics

Orotidine-5′-phosphate decarboxylase
Immunoglobulin G

22

Endogenous substrate, energy, cofactor
depletion

Metabolic flux analysis
Supplementation
Transcriptomics

Cytochrome P450: Heme pool
Spider silk protein: tRNAGly pool
L-lysine: triacetic cycle intermediate pools
Succinic acid: glutamate pool
Fatty acids: unbalanced NADH pool

27

Green fluorescent protein
Insulin analog precursor
Maltase

19

Selection gene product
Depleted replication factors

17

Protein burden

Metabolic flux analysis
Transcriptomics

Replication burden

IS-free hosts propagate biosynthetic pathways and protein-coding
genes more stably. Genomatica eliminated chromosomal IS elements in their 1,4-butanediol-producing E. coli to increase genome
stability5. And the synthetic yeast genome project Sc2.0 is synthesizing S. cerevisiae chromosomes de novo without retrotransposon Ty
elements, which may curb genetic heterogeneity in future yeast bioprocesses48. CRISPR-based engineering has considerably shortened
the time to remove E. coli IS activity69. It should be noted that not
all common IS subfamilies are problematic11. Although structural
variants, including transposable elements, appear to be a common
type of escape mutations that is important to prevent, the base-substitution rate can be improved by deletion of stress-responsive, more
error-prone DNA polymerases67. Another promising strategy uses
directed evolution to lower plasmid mutation rates70.
For synthetic genes, avoiding hypermutable sequence motifs can
be achieved by codon optimization. Short repeats and mononucleotide stretches (>3 base pairs) should be eliminated to minimize
slipping-strand mutagenesis39 (Table 2), although their impact in
bioprocesses remains unknown. Homologous recombination has
been reduced in commercialized E. coli strains by deleting recA.
This strategy is particularly relevant for homologous regions >20
base pairs, which are commonly repeated in plasmids and chromosomes23, but non-recA pathways also mediate recombination44.
Separation of repeated, chromosomally integrated genes by essential genetic regions may deselect direct loop-outs71. Recombination
between several sequence copies may also be reduced by limiting
sequence identity using heterologous promoter variants72 or synonymously coded protein variants73. Multiple gene copies may
offer more efficient redundancy against escape, when they are
chromosomally integrated, compared to multicopy plasmids where
uneven segregation might amplify intracellular escape variants.
However, chromosomal integrations should target stable regions, as
identified in CHO cells at Novo Nordisk74. Bacterial genes should
be encoded on the leading strand to avoid mutagenic head-on
encounters between DNA and RNA polymerases45. Finally, inoculating fermentations from clone banks based on single cells is
essential to limit early mutation accumulation by creating an
evolutionary bottleneck.

57

78
96
97
79

26
20

16

Reduction of production load

Several options are available to limit excessive production load,
depending on its biological cause. Same-species co-cultures that
divide pathway labor at an easily diffusible intermediate product
may reduce the metabolic burden and improve production75, potentially by restricting promiscuous reactions. However, these strategies in turn require careful population management.
For cost-effective protein expression, slower transcription and
slower initial translation generally reduce costs per synthesized
protein in E. coli76 by increasing transcript reusage and reducing
the overall translational rate. This strategy can be combined with
codon optimization to avoid tRNA depletion. Protein costs can also
be reduced by a combination of decreased growth temperature,
folding-enhancing tags, and overexpression of chaperones and rare
tRNAs77, such as in production of glycine-rich spider silk proteins
in E. coli78.
Many nutrient pools are intricately connected to central carbon
metabolism, which complicates their replenishment. Nonetheless,
pool refilling, for example, of ATP or NADH, is possible by rebalancing central metabolic flux29. This strategy may be aided by
metabolic modeling28 or adaptive evolution when production is
growth-coupled10,79.
A potent strategy to limiting intermediate toxicities in metabolic pathways is balancing enzyme concentrations or efficiencies
to minimize pools of toxic intermediates25. Ideally, toxic byproduct
formation should be eliminated by using less promiscuous pathway enzymes80 or through conversion into nontoxic substances, as
was engineered for 1,3-propanediol31. Efficient extracellular product export and in situ removal may be important to reduce the
load from end-product toxicity and can be achieved, for example,
by functional exporter selection from metagenomic libraries81.
Alternatively, intermittent product decoration can limit end-product toxicity, such as by glycosylation of vanillin in a biomimicking
strategy at Evolva82.
The effect of production loads can be reduced by delaying
production through two-stage processes that separate biomass
growth and production83. First-generation systems used external inducers such as isopropyl β-d-1-thiogalactopyranoside to
Nature Biotechnology | www.nature.com/naturebiotechnology
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Table 2 | Genetic error modes that constrain production stability in bacteria and yeast
Type

Cause

Rate (per generation)

Reference

Disruption by mobile element

Site-selective transposition by E. coli IS element or S.
cerevisiae Ty element

10 –10 gene

11,52,98

Base substitution

Proof-reading DNA polymerase error
Stress-induced DNA polymerase error

10–10 bp–1
10–7–10–8 bp–1

55,99

Large gene deletion, conversion,
tandem duplication or inversion

Recombination (wild type)

<10–8 for 25 bp repeat–1
10–5 for 200 bp repeat–1

44

Recombination (non-RecA/Rad51)

<10–8 for 25 bp repeat–1
10–7 for 200 bp repeat–1

44

>3-bp repeat
Mononucleotide repeat
Nonselective medium or no plasmid addiction

>10–4 repeat–1
10–2–<10–6

40

Replication slippage
Plasmid loss

–5

–8

–1

100

Bp, base pair.
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Fig. 3 | Synthetic control solutions. Circuits can reprogram cellular fitness, substrate flux or production to respond dynamically to process-specific stimuli
functioning as negative or positive regulators.

initiate population-wide production at late fermentation phases;
however, many inducers are cost-prohibitive in large-scale production3. Instead, production promoters can be repressed by limited
nutrients such that they are only available during biomass formation84. Although generally very effective, induction systems are
often leaky. The effect of cellular turnover in stationary phase is still
not well understood but may permit late-stage population heterogeneity, which will require other solutions.

Synthetic circuits to minimize population heterogeneity

Cell factory synthetic circuits that regulate cell metabolism (or
fitness) in response to extracellular, population-wide signals or
stochastically changing, intracellular milieu of single cells create
new opportunities to limit unfavorable heterogeneity by reducing
production load or punishing subperforming populations. At the
population level, changing temperature to degrade a production
repressor can generate a two-stage process as was engineered for
Nature Biotechnology | www.nature.com/naturebiotechnology

l-methionine at Evonik85 (Fig. 3). Similarly, auto-induction at high
cell densities can be programmed using quorum-sensing systems
based on secretion and sensing of quorum molecules to replace
physical or chemical induction86.
At the single-cell level, new synthetic circuits have emerged that
sense intracellular signals to dynamically control metabolic product pathways. Intracellular concentration and precursor or product
flux86, along with pathway stress and burden15,87, have all been integrated to exert single-cell dynamic metabolic control (Fig. 3). These
circuits feedback-regulate the engineered metabolism to improve
production performance and reduce production load. For example,
precursor stress can dynamically balance production pathways and
surpass the production levels possible with constitutive ensemble
expression87 (Fig. 3). Growth-directed fluxes that compete with
the product pathway may be dynamically regulated as metabolic
valves: in response to adequate biomass buildup, flux competing
with the pathway can be knocked down to substantially improve

Perspective
yields14 (Fig. 3). Future pathways may integrate numerous signals;
double-layered circuits responsive to a pathway intermediate and
quorum-sensed cell density demonstrate the potential of dynamic
regulation to increase product titers14 and separate growth from
production83 (Fig. 3).
In addition to feedback regulation, synthetic circuits can also
address specific, recurring escape modes. Introducing an essential
growth gene into a metabolite production gene operon (Fig. 3) can
postpone production decline and perturb the composition of disruptive IS subfamilies11; however, rapid domination by alternative
escape modes challenges stability if production load remains high.
Top-down strategies that are agnostic to specific escape modes
are useful for synthetically managing long-term population dynamics based on intracellular performance using fitness-regulating
genes. Circuits sensing a heterologous product can ensure that
growth promotion occurs only in cells that accumulate a certain
amount of product (Fig. 3)12,13. By engineering a circuit for population quality control, a phenotypically high-performing production population was sensed using a product-specific biosensor and
enriched over time using antibiotic and auxotrophic selection genes
to determine fitness12. The resulting population produced more fatty
acid by exploiting nongenetic phenotypic variation. However, antibiotic resistance genes are precluded from most fermentation processes. Instead, non-conditionally essential genes can be regulated
to achieve a self-sustained state of synthetic product addiction13.
Product addiction alleviated diverse genetic heterogeneities during
mevalonic acid production for at least 40 additional generations13.
In product-addiction designs, the sensitivity of the product biosensor must be matched to the intracellular product concentration of
producer populations. Product-addition designs are limited by the
scant availability of natural biosensors, albeit new biosensors can
be engineered88. Furthermore, synthetic fitness-regulating circuits
may also escape owing to sensor load24. Therefore, tuning circuits
to minimize growth abrogation under permissive conditions is key
to ensuring long lifetimes. However, unlike related uses in synthetic
library selection81 and biocontainment, much milder selection pressures are necessary to maintain an initially pure production population, because contamination is fought only from within. Analogous
to synthetic selections of enzyme libraries81, redundant fitness regulators may better enforce an imposed production load and maintain
homogeneity in large-scale or even continuous fermentation. With
increasingly complex synthetic circuitry possible, several biological
signals could be integrated into future cell factories to manage production loads and prevent genetic escape variants from enriching in
a fermentation population.

Outlook

To realize stable, high-yielding and predictable cell factories at scale,
engineered producer lines must avoid load and genetic escape. Early
diagnosis and prioritization of evolving failure modes through deep
DNA sequencing promises to bridge the gap between lab-scale
strain development and scaled-up production. It is now feasible to
identify mutation-prone, load-carrying genes, and platform- and
product-specific genetic edits and conditions that enable stable
populations both in early designs and commercialized long-term
processes. To diagnose heterogeneity early, increasing sequencing precision and depth will be important. Combining short- and
long-read sequencing technologies will likely improve resolution
of structural variants. Unique molecular barcoding will increase
confidence at currently uncharacterized depths of <10−4 frequency
where subtle sequencing biases may produce artefacts.
An emerging question will be the dynamics of intracellular heterogeneity when multiple gene copies are added for redundancy
and increased production. Single-cell deep sequencing will improve
our understanding of systems with a graded versus bimodal failure. Wider applications include prescreening new genetic designs,
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selecting mutationless clone banks and real-time screening of
long-running or continuous bioprocesses. This might potentially
be aided by machine learning trained with multivariate data from
failed or prolonged fermentation batches to recognize population
mutation patterns.
Avoiding load altogether in an engineered high-performing cell
factory will be difficult and possibly unnecessary. Precise, late-stage
switches could effectively postpone load if they strongly and swiftly
induce the full population. Synthetic gene circuits may allow production organisms to withstand evolutionary pressures by regulating the fitness of diverging subpopulations in response to metabolic
performance. Particularly high-performing populations could be
synthetically promoted or maintained over time; however, complex
synthetic circuits can also pose a load on the cell24 and dynamic
rewiring of metabolic flux and fitness with biosensors will require
tuning to avoid eventual circuit collapse. Furthermore, more predictable natural and engineered biosensors for precursors and
products must be developed, and their product sensitivity must be
able to differentiate relevant intracellular concentrations in largescale fermentors.
If signals are integrated correctly, fitness-regulating circuits
promise to optimize any given single cell to perform to its maximum in the fermentation tank. These developments will contribute
to closing the gap between early R&D and commercial production,
enabling and accelerating processes toward the commercial scale.
Received: 7 October 2018; Accepted: 28 May 2019;
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