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Abstract
Large-scale in silico genome designs are on the brink of being
engineered in vivo, offering a potential paradigm shift for
cellular research (previous designs relied on fractured avail-
able knowledge and in vivo engineering iteration) by inte-
grating computational design, in silico models and algorithms,
with laboratory construction. However, several challenges
remain. If in vivo engineering is successful, designing ge-
nomes can be used to gain new understanding of cellular life,
improve the metabolite production process and reduce the risk
of unintended genetic modification and release. Here, we
review the progress so far. We suggest improvements on
recent models and algorithms, illustrate the next steps for
integrating computational and laboratory engineering and offer
our opinions on the future of the field.
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Introduction
Although we now have substantial knowledge to design
individual cellular components, our ability to design
entire cells is limited by the fractured nature of our
knowledge. Novel biological design has been

constrained to small-scale cellular research, resulting in
the engineering of genetic circuits [1] and protocells
[2], improving metabolite production [3] and designing
modular production strains in silico [4] (prototyped
in vivo [5]). Large-scale (hereafter genome-scale)
cellular research has designed and engineered recoded
genomes [6e8], chassis [9,10] and near-minimal ge-
nomes [11,12] (reviewed recently by Landon et al.
[13]), but the engineering of novel cells is yet to be
achieved [14]. This review introduces models and al-
gorithms and their integration into genome-scale design

since 2012, with context from the last 25 years. We also
outline the biggest open challenges and provide a
roadmap for overcoming them.
Test beds for designing genomes: minimal
cells
For genome-scale design, minimal genomes are currently
the best proof of concept [15]; they are briefly introduced
here as they are used as illustration throughout this paper.
Minimal genome research [16] attempts to understand
theminimum requirements and origins of life [17]. In this
article, we consider ‘minimal’ to be where no one single-
proteinecoding gene can be removed without preventing
successful reproduction, given an appropriately rich
medium and no external stresses [12]. Minimal genome
research has focused on natural species, as we lack the

knowledge to design genomes from scratch. Mycoplasma
genitalium (M. genitalium) is one such species, because of its
small genome size (0.58 mb, 525 genes) and early
sequencing [18]. Recent genome reductions, relying on
in vivo iteration, resulted in 15%e50% reductions in My-
coplasmamycoides [11],Escherichia coli (E. coli) [9,10,19e22]
and Bacillus subtilis [23e25] and a recoded and synthetic
E. coli genome being successfully engineered and trans-
planted [6]. This iterative development was caused by
needing to identify contextual essentiality as part of
research efforts. Gene essentiality depends both on the

environmental context (i.e. how cells are grown) [26] and
on the genomic context (i.e. what other genes arepresent)
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Box 1. Proposed strategies for enabling more predictive whole-
cell models.
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[15], making it contextual, but we only have access to
single or double knockout gene essentiality data [27,28].

There are other ways of defining ‘minimal’ in the liter-
ature, for example, reducing total genome size (by
removing noncoding elements [29]), reducing the
number of codons (i.e. genome recoding [6]), removing
nonessential enzymes [30] and streamlining the meta-

bolism through protein colocalisation [31,32].

Genome-scale design is complicated by scale; if you
consider the removal of protein-coding genes for minimal
genome designs using brute force and no assumptions, the
number of possible genome-scale designs with
M. genitalium’s 525 genes is 2525. This is infeasible in vivo;
laboratories can only follow a small number of research
avenues [15]. High-quality computational models can
investigate many more research avenues and model
contextual essentiality, assuming that cellular interactions

are modelled correctly and emergent behaviour can occur
(compensating for lack of knowledge). They also cost less,
if the computational infrastructure is available.
� Further studies and tool development to collect greater quality
and quantity of cellular data for model inclusion and
modification.

� Further development of data extraction and formatting tools
and, eventually, development of automated model
construction.

� Adoption of standards for models, data and testing.
� Use of standardised repositories for sharing models, data, in

silico and in vivo results, and in silico calibration efforts.
Whole-cell computational models
Whole-cell models (WCMs) are computational models
that simulate the dynamics of an entire cell (Figure 1)
[33,34]. They are capable of modelling individual mol-
ecules and interactions, integrating the fractured avail-
able knowledge and making it operational for designing
genomes, and aim to include the function of all known
gene products. Three WCMs have been published:
M. genitalium [33], E. coli [34] and Saccharomyces cerevisiae
Figure 1

Current and future bacterial whole-cell models. Features of current bacter
future bacterial whole-cell models.
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[35], with WCMs for Mycoplasma pneumoniae, H1 human
embryonic stem cell and an archetypal bacterium in
development (Whole-Cell Modeling; URL: https://
www.wholecell.org/models/). Of the bacterial WCMs,
M. genitalium has 100% of well-annotated genes
modelled, and while E. coli has only 43% of well-
annotated genes modelled it can simulate multiple
generations and 50 times the number of molecules [34].

The M. genitalium WCM has been used to compare
model and real-world measurements [36], design ge-
netic circuits in cellular context [37], analyse existing
antibiotics against new targets [38], discover novel in
silicominimal genomes [39] and test theoretical minimal
genomes in silico [40]. The E. coli WCM was developed
to conduct extensive comparison of E. coli data in the
literature [34] and is the basis for colony simulations
using WCMs (Vivarium; URL: https://wc-vivarium.
readthedocs.io/). Box 1.
ial whole-cell models and improvements that should be incorporated into
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Despite progress, the current models are still not per-
fect representations of reality. Through necessity, the
M. genitalium WCM is based on data from other species,
and the single-generation-only simulations resulted in
genome-scale designs that were highly unlikely to pro-
duce a second generation [39]. In addition, the E. coli
WCM is based on data from multiple E.coli strains and
needs improvements to its growth rate implementation

to fully test gene edits in silico.

In silico genome-scale designs are currently untested and
in vivo engineering may fail if gaps in the available
knowledge are large enough (developers cannot validate
models against missing laboratory data or model genes
with unknown functions). The accuracy of in silico
genome-scale designs would improve with greater
quality and quantity of data; however, we currently lack
the ability to measure (at a fine-grained level) the state
of individual cells over time and over changing envi-

ronmental conditions, instead relying on a combination
of experimental estimation and inference [41]. As in vivo
testing occurs, specific cellular processes, conditions
and phenotypes will be highlighted for inclusion or
modification in WCM models to enable more accurate
and comprehensive predictions.

Because of the extensive effort required to build WCMs,
new tools are needed to help researchers (detailed
previously [41e43]). One of the biggest barriers to
WCMs has been gathering and organising the data

needed for building and calibrating models. The Karr lab
recently developed Datanator [44], a database which
integrates many types of WCM-required data. Further
development of data extraction and reformatting tools
will reduce development times of WCMs and will,
eventually, enable automated model construction tools
similar to ModelSEED [45] and CarveME [46] for
metabolic models.

To foster WCM research, new standardised formats are
needed to represent models and their semantic mean-
ing, history and validation [47]. The adoption of data

and model standards would enable modellers to
communicate their design choices in greater detail
(granularity level, format, units, assumptions [42]). To
start, we encourage adoption of formats such as the
Systems Biology Markup Language for representing
models [48] (for further discussion see Waltemath et al.
[49]).

To enhance WCM reproducibility, we encourage the
sharing of model calibration and validation results more
transparently and the unification of in silico predictions in
a single platform for comparison with in vivo results. This
pooling of development data would surface shared
issues, highlighting requirements for new and improved
WCM tools.
Current Opinion in Systems Biology 2020, 24:120–126
We also encourage adopting unit testing (e.g. SciUnit)
for models, with the eventual goal of creating a testing
framework explicitly for WCMs.

Producing these WCMs of higher quality and greater
fidelity, using automated production, testing and vali-
dation, could create WCMs which are reusable, easily
assessed and easily shared. This streamlined construc-

tion is required to increase the number and complexity
of WCMs, especially for the successful development of a
human WCM [43].

However, models by themselves are not enough.
Currently, the largest academic supercomputer in the
world is Frontera (the University of Texas) with 448,448
cores (Top 500 Computer Systems; URL: https://www.
top500.org/lists/top500/2020/06/). Although this quan-
tity of computational power can investigate many
thousands more research avenues than in vivo research,
brute forcing genome-scale design in silico is still infea-
sible. Improving simulation programs to simulate large
hybrid models (i.e. WCMs) more quickly would help,
but we would still require a method of selecting
genome-scale designs to cover the largest range of
possible designs (within CPU, time and data storage
limitations).
Algorithms for designing genomes using
WCMs
Algorithms (a series of steps that attempt to solve a
problem) can search intelligently across all possible
genome-scale designs. Minimal genome design algo-
rithms need to recommend designs with the fewest
number of genes, in the form of concrete genome
sequences. Selecting genes for a genome design,
mathematically, is a combinatorial optimisation prob-

lem, that is, there are multiple solutions, which
require searching across all solutions to determine the
optimum. This ‘nonconvex’ optimisation is a non-
deterministic polynomial-time hard (NP-hard) prob-
lem, which very roughly equates to there is no known
algorithm that can efficiently find the optimal solution
[50,51].

Nevertheless, heuristics (approximate solution tech-
niques) can be used to quickly find a solution with no
guarantee that it will be the best one [50,52,53]. Meta-

heuristics are frameworks for developing these heuristic
algorithms, although, confusingly, the literature does also
refer to individual algorithms as metaheuristics [51]. For
a pointed review of (meta)heuristic algorithms, refer the
study by Sörensen (2015) [51]. There are two classes of
(meta)heuristics: trajectory-based methods [50,53] and
population-based methods [54,55]. For a review that
compares (meta)heuristic algorithms conceptually, see
Lones 2019 [55]. Box 2.
www.sciencedirect.com
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Box 2. Proposed future algorithms to apply to whole-cell
models.

� Apply off-the-shelf trajectory-based and population-based
(meta)heuristics to genome design problems.

� Develop ad hoc or hybridised algorithms and implement
intermediary algorithms, for genome-scale design through
interdisciplinary collaborations.

� Develop automatic software to assist in the selection of
algorithm-produced designs.
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There are three algorithms in the literature for
designing minimal genomes: Minesweeper, Guess/Add/
Mate Algorithm (GAMA) [39] and MinGenome [56]

(for algorithms that predict individual gene essentiality
but do not propose deletions, refer the study by Lin and
Zhang [57] and Liu et al. [58]). MinGenome [56], by
combining a genome-scale metabolic model with bio-
logical knowledge (i.e. gene location and essentiality,
Table 1

Existing optimisation algorithms with potential for genome design.

Trajectory-based (meta)heuristics
Iterated local search/variable neighbourhood search Improve

local o
can b

Simulated annealing Analogo
solutio

Taboo search Uses sh
(i.e. p

Population-based (meta)heuristics
Genetic algorithms Use evo

produ
produ

Ant colony optimisation Simulate
(i.e. fu

Particle swarm optimisation Comput
individ

Ad hoc (meta)heuristics
Some researchers argue that the best results are obtained from ad hoc (m
Intermediary algorithms
Approximation algorithms Intermed

certai
along
chanc

Hybridised algorithms
Matheuristics [51] Approxim

bound
been

Memetic algorithms [68] Merge p
availa

Hybridising named algorithms Example
pollina
algori
algori
comb
genom
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operons and promoter site information, and transcrip-
tion factors), identified all unbroken stretches of
nonessential genes in the E. coli MG1655 genome.
These were compared with existing E. coli genome re-
ductions, highlighting new deletions to test in vivo.
Minesweeper is an ad hoc, nondeterministic, concurrent
algorithm. It is inspired by laboratory fragment-cassette-
fraction genome engineering [11], similar to divide and

conquer, and reduces the genes under consideration for
removal from 401 (all modelled genes [33]) to 152
(nonessential modelled genes [39]), making 2152 the
number of possible minimal genome-scale designs
within the M. genitalium WCM. It is nondeterministic
because of the simulations of each stage running
concurrently; as the order of gene deletions matters
(because of contextual essentiality and redundant
pathway selection [39]), different outcomes can result.
GAMA is a stochastic, ‘biased’ genetic algorithm (see
Table 1), which reduces the number of possible minimal

genome-scale designs to 2152 by only considering
nonessential genes initially, before later restoring to 2401
s on the current solutions by investigating close variants, identifying
ptima quickly. Even the most basic trajectory-based (meta)heuristics
e competitive starting points [52].
us to heat treatment of metal, the occasional selection of inferior
ns allows escape from local optima, in hope of finding global optima.
ort-term memory to prevent repetition of searches already conducted
rior searches are considered taboo).

lutionary concepts of random mutation, selection, recombination to
ce a “population” of solutions, where selected “parent” solutions
ce new “offspring”.
s ants in a colony using pheromone trails to guide future expeditions
ture searches are informed by past searches).
es a swarm/flock/school of individuals, with movement dictated by an
ual’s velocity and the movement of the rest of the swarm/flock/school.

eta)heuristics designed and tuned for each particular problem [50,52].

iaries (‘heuristics with a guarantee’) can guarantee to get within a
n percentage of the optimal solution [51]; they are commonly run
side other (meta)heuristics to both guarantee a solution and have a
e to better it [50].

ation algorithms hybridised with heuristic algorithms. Branch and
(an approximation algorithm that divides the solution space) has

merged with evolutionary [65] and genetic [66,67] algorithms.
opulation-based (meta)heuristics with iterated local search to exploit
ble knowledge about the problem.
s include FOCuS [69], which merges a nature-inspired flower
tion algorithm and an immune system-inspired clonal selection
thm, and GACOFBA [70] which merges three algorithms (genetic
thm, ant colony optimisation and flux balance analysis). These
ined algorithms have already been used for genome design based on
e-scale metabolic models [13].
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by considering all modelled genes. The genome design
suite tool (O Chalkley et al., bioRxiv https://doi.org/10.
1101/681270) was developed to run the GAMA algo-
rithm designed simulations in parallel across multiple
supercomputers.

As Minesweeper is an ad hoc algorithm, it is not gener-
alisable to other genome design problems; GAMA, even

with solution space reductions and use of the genome
design suite, is a genetic algorithm, which have pro-
hibitive run times [50], meaning other algorithms could
be better for genome-scale design (Table 1). We
encourage interested researchers to apply off-the-shelf
trajectory-based and population-based (meta)heuristics
and fully endorse interdisciplinary collaborations with
maths/computational researchers to aid in the develop-
ment of ad hoc or hybridised algorithms and the imple-
mentation of intermediary algorithms.

Because the problem is very hard, algorithms alone
might not be sufficient. Interactive graphical user
interface (GUI) software, akin to Genome Dashboards
[59] or BioCAD [60,61], could be used to assist re-
searchers by automatically identifying good genome-
scale designs and providing visual representations,
enabling quick manual reviews and increasing the speed
of the research.
Conclusions
The integration of WCMs with ad hoc and heuristic
algorithms has advanced genome-scale design and can
advance genome-scale engineering. Next steps for the
field involve testing genome-scale designs in vivo
(likely using CRISPR-cas9 homologous recombination
techniques [62e64]). Constructing a (likely minimal)
genome this way would integrate the in silico design

and in vivo editing at a greater scale than seen before.
This could change the methodology for future large-
scale cellular research, move the field onto new
genome design goals, increase momentum for
improving the WCM ecosystem and integrate with
laboratory automation. Coupling established CRISPR-
cas9 gene editing with biological programming lan-
guages (such as Antha [URL: https://docs.antha.com/
]) and laboratory automation tools, directed by in
silico predictions, could revolutionise designeebuilde
etest cycles [41].

Future WCMs, especially the H1 human embryonic
stem cell 1, have the potential to transform both science
and medicine [42]. Knowledge gained from constructing
genome-scale designs in vivo could be parlayed into
constructing an optimal chassis for industrial metabolite
production [4,13] and, later, the development of a novel
cell, constructed from the ‘best’ components of indi-
vidual bacterial species [14]. Further development of
WCMs and genome-scale design algorithms will push us
Current Opinion in Systems Biology 2020, 24:120–126
toward this future and, eventually, enable engineers to
design and construct entire cells.
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