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Abstract
Applications in engineering biology increasingly share the need to run operations on very
large numbers of biological samples. This is a direct consequence of the application of
good engineering practices, the limited predictive power of current computational models
and the desire to investigate very large design spaces in order to solve the hard, important
problems the discipline promises to solve. Automation has been proposed as a key
component for running large numbers of operations on biological samples. This is
because it is strongly associated with higher throughput, and with higher replicability
(thanks to the reduction of human input). The authors focus on replicability and make
the point that, far from being an additional burden for automation efforts, replicability
should be considered central to the design of the automated pipelines processing bio-
logical samples at scale—as trialled in biofoundries. There cannot be successful auto-
mation without effective error control. Design principles for an IT infrastructure that
supports replicability are presented. Finally, the authors conclude with some perspectives
regarding the evolution of automation in engineering biology. In particular, they speculate
that the integration of hardware and software will show rapid progress, and offer users a
degree of control and abstraction of the robotic infrastructure on a level significantly
greater than experienced today.
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1 | ENGINEERING BIOLOGY AND THE
NEED FOR SCALE

1.1 | Overview

Engineering biology—often called synthetic biology—is known
for its reliance on core engineering principles, and its wide range
of applications [1]. The field has been singled out as a key
technology for the global transition to a bio‐based economy
(bioeconomy) [2, 3]. In particular, it is expected to play a major
role in the replacement of fossil‐based products and the greater
use of renewable biological resources and wastes to produce
chemicals, consumer and industrial goods, energy, and food [4].

Applications in engineering biology increasingly share a
common practical need: that is, the need to run operations on

biological samples at very large scales. This is the direct conse-
quence of the application of good practices in engineering, the
limited predictive power of existing computational models, and
the desire to investigate very large design spaces in order to solve
the hard, important problems the discipline promises to solve.

Automation, ‘the use of machines and computers that can
operate without needing human control’ [5], has been pro-
posed as a key component for running large numbers of op-
erations on biological samples because of the feature most
associated with automation: higher throughput [6]. Automation
is a dual‐headed concept [7]. Mechanisation (mechanised
automation) is the replacement of human muscle power (ma-
terial and energy transformation), while computerisation
(computerised automation) is the replacement of cognitive
tasks (mental activity and sensory processes). Because of our
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interest in the processing of biological samples, in the paper we
mainly focus on the mechanised side of automation—and only
discuss software that supports mechanised tasks.

Higher throughput is not the only feature of automation of
use in engineering biology. Because of the reduction of the
influence of human operators, automation is also associated
with higher replicability. Replicability is a core principle in
engineering—and a sine qua non for any industrial translation
effort. Lack of replicability will stop any such effort at its
research and development stage, if not earlier. In this paper, we
make the point that replicability should be made a core prin-
ciple of the design of the automated pipelines processing
biological samples at scale in engineering biology. We also
show that this demand should not be seen as an additional
burden for automation efforts, but as an essential requirement
for the successful unlocking of the benefits of automation. In
particular, there cannot be successful automation without
effective error control.

1.2 | Engineering biology

Several definitions of ‘synthetic biology’ have emerged since its
inception early this century. One of the earliest, and most used,
was offered by the UK's Royal Academy of Engineering: ‘the
design and engineering of biologically based parts, novel de-
vices and systems as well as the redesign of existing, natural
biological systems’ [8]. A single definition has proved elusive
however [9]. ‘Engineering biology’ is a recent term introduced
by the UK Engineering Biology Leadership Council [10] and
places a greater importance on translation and commerciali-
sation: It is the ‘overarching term that incorporates basic
research and development (synthetic biology) and industrial
translation’, with a view ‘to translate biodesign into
commercially viable operations and to scale them out to
deliver widespread economic prosperity and associated societal
benefits’. For simplicity, henceforth in the paper we will use
‘engineering biology’.

Engineering biology is known for its methodology, and its
emphasis on the principles of engineering. Practically, the
discipline rests on two pillars. The first pillar is a powerful set
of abstractions and modelling components to represent bio-
logical systems, coupled with conventions and good practices
for their use. These abstractions and components originate in
the life sciences (molecular biology, biochemistry, genetic
engineering etc.) and often are a consensus in these scientific
disciplines. For instance, the central dogma of molecular
biology introduces three types of biological objects: DNA,
mRNA, protein. DNA and mRNA are represented by their
sequence of nucleotides, proteins represented by their
sequence of amino acids. Secondary and tertiary structures are
also standardised. Early proponents of synthetic biology,
inspired by design in electronics, advocated the use of a part‐
device‐system hierarchy [11, 12] to describe the function of
genetic elements. The adoption and expansion of this early
form of functional analysis has since given rise to modern

biodesign. The existence of these abstractions is a testament
to the level of understanding of biological systems accumu-
lated throughout the years, and to the power of the reduc-
tionist approach in biology. But it is easy to underestimate the
power this offers—nothing less than the ability to undertake
systematic design, and a modelling language for biological
processes. And it is upon this language that the second pillar
is built: the ever‐growing set of foundational technologies,
conventions, good practices and standards, used to build and
design the ‘biologically based parts, novel devices and
systems’.

The demonstration that biology is amenable to systematic
modelling, the development of powerful foundational tech-
nologies, and a distinctive methodology, make the discipline
stand out from other areas of biotechnology—and provide
strong backing for claims of a genuine paradigm shift [13].

1.3 | The need for scale in engineering
biology

Applications in engineering biology often share common
practical needs. For example, the need to build a large number
of biological designs sharing a common genetic design; and the
need to run experiments/assay at large scales as part of their
development. These needs are the direct consequence of three
factors:

� The need to investigate large design spaces (Figure 1).
Biological applications require the controlled variation of
the genetic content of a system, in conjunction with the
variations of other study/design factors—either to optimise
the properties of the system or to ensure some measure of
stability with regards to practical conditions.

� The need to tackle biological complexity. This is due to
the intrinsic complexity of biology, the insufficient pre-
dictiveness of models, and lack of principles for biodesign.

� The application of good practices regarding design,
testing and validation.

The need to investigate large genetic design spaces can be
illustrated with a simple example from metabolic engineering
—to be more precise from its most engineering‐influenced
flavour of combinatorial pathway engineering [14, 15]. The
approach uses libraries of functional, preferably characterised
[16, 17], components to introduce genetic diversity [18–21]. It
is very appealing because it yields, with only a few degrees of
freedom, a large number of levels over which to tune intricate
pathway expression. Because it enables a systematic, multi-
factorial approach, it does not require a deep knowledge of the
pathway as the classic debugging approaches [22], which seek
to remove pathway bottlenecks. But large design spaces
quickly become inevitable with such a strategy. With a 5‐gene
pathway such as violacein [23, 24], a simple RBS‐based opti-
misation yields 100,000 possible combinations for a small li-
brary of 10 RBS. When designing biological components, the
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number of possibilities becomes enormous. A simple pro-
moter with 50 base pairs yields 450 possible sequences, that is,
a little bit over 1030 combinations—most of them ineffective
as promoters.

In addition, there is a need to test the constructed
biological systems for a combination of variations, including
experimental conditions and protocols (parameters, and
sequence of actions). Such testing may be carried out for
the purpose of optimisation. For instance, the production of
a metabolite of interest can be maximised by altering the
type, timing and magnitude of an external stimulus. Alter-
natively, testing may be carried out to assess the stability of
a design for a set of conditions such as a range of tem-
peratures. In some cases, for example, the optimal combi-
nation of the components of a cell‐free system [25], this can
represent a substantial augmentation of the design space. In
the rest of the paper, we will use the term ‘treatment’,
which is widely used in statistics, to mean the set of all the
independent variables in the design of the application, and
in whose effects the designers are interested. In engineering
biology, one of its subsets consists of all the variations in
the genetic design–we will call it the ‘genetic treatment’.

The second point, tackling biological complexity, is re-
flected in the history of biodesign. Early this century, engineers
advocated that engineering biology mirror the design abstrac-
tion hierarchy used in electronic circuit design. The appeal of
this approach lay in its simplicity and its proven success with
early toy systems [26, 27]. This spurred a range of characteri-
sation efforts [28, 29] and the creation of repositories such as
the iGEM Registry of Standardised Biological Parts [30],
Addgene [31], SynBIS [17] and SynBioHub [32]. But it has now
been shown that the assumptions behind modular and hier-
archical design were often not met, and the performance of
parts was highly context‐dependent and lacked predictability
[33–35]. The breadth and impact of contextual issues is
noteworthy: different behaviours in different growth media,
pH or temperatures [36, 37], DNA supercoiling [38], resource
sharing [39], growth rate feedback [40, 41], positional effects of
the components [35], integration method [42, 43] etc.

Biodesign still lacks a user‐friendly framework for design
and troubleshooting [34]. Ilya and Del Vechio's suggested
some guidelines [44]starting from a point assumed free of
contextual effects, and then, iteration after iteration, model
the interactions and compensate for them. Without validated
models with good predictive power, even this approach to
biodesign requires a great deal of assays to test and validate
the designs.

Finally, unwanted variations need to be accounted for.
Engineering biology is different from other fields of
engineering—in that biology is intrinsically stochastic [45, 46].
For any given treatment, the behaviour of the system must be
estimated by aggregating the measurements of several repeats,
ideally to achieve some statistical significance. This simple
requirement is often overlooked, as it is often unwieldy. A
common heuristic with statistical tests such as t‐tests recom-
mends using at least 30 samples; a handful of repeats are used
instead. Good practice also suggests using design of experi-
ment (DoE) methods to account for confounding factors.
Methods such as blocking need additional samples; while other
methods (e.g. randomisation) complicate the way the assays
are run.

Engineering biology has to contend with some very spe-
cific demands of biological materials. Despite popular analo-
gies [12] likening biochemical processes to computations (cells
to computers and tissues to networks), biological samples and
processes are subject to very specific constraints:

� Biological processes are stochastic and irreversible.
They cannot be stopped and resumed. Changing their speed
may change their outcome.

� Biological samples cannot be duplicated like data. Nor
can they be built de novo to tight margins of error as for
electronic components. Also, biological samples cannot be
broken into subunits to be processed in parallel and then
recombined.

� Biological samples mutate with time. They divide and
replicate imperfectly. Their genetic content is liable to
mutate and they are subject to ageing.

The consequences for the processing of biological sam-
ples are important. The processing of biological samples is
irreversible, and subject to biological noise. It cannot be
repeated. Failure is terminal. Different conditions cannot be
applied to the same sample. The only form of repetition
available is to create approximate copies of the samples
through the error‐prone replication mechanism of the cells.
Also, processing cannot be parallelised. The outcome is liable
to change if any condition changes. Finally, the outcome will
depend on the time when processing takes place and the
protocol used.

It is against this backdrop of a rising need to process
biological samples at scale, under specific constraints, that we
discuss the use of automation in engineering biology. Specif-
ically, we discuss how automation helps with regard to high
throughput and replicability.

F I GURE 1 Design space in engineering biology. The design space is
the set of all combinations of the independent variables. It can be split into
a subset with all the variations in the genetic design, and another including
experimental conditions and protocols (parameters and sequence of
actions).
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2 | LABORATORY AUTOMATION AND
HIGH THROUGHPUT

2.1 | Laboratory automation and high
throughput

The first aspect of automation we wish to discuss in the
context of engineering biology is the feature most associated
with automation in general: higher throughput [6].

To do this, we will first discuss the history of automation
in the life sciences and biotechnology. The pharmaceuticals
industry has been a key player in the development and
adoption of laboratory robotic equipment due to their need
for testing compounds against a very large number of targets
—so much so that the history of laboratory automation par-
allels the development of modern drug discovery [47]. This
need was identified as early as in the mid 1980s when large
Streptomycete libraries were successfully constructed and
needed testing for antibiotic production under a variety of
fermentation conditions [48]. In industrial terms, the stakes
were high. Those pharmaceutical companies that had the
ability to test quickly and efficiently had a genuine competitive
edge over the pharmaceutical companies that could not.
However, in the early 1990s, testing a collection of 250 k
compounds would still take 2 years [49] at the state‐of‐the‐art
rate of 2500 a week.

It is the gap between the pharmaceutical industry's needs
for rapid drug discovery and screening, and the capacity of
even the most advanced companies, that led to the birth of the
discipline now known as high‐throughput screening (HTS)
[47]. Technologies already used in medical diagnostics (ro-
botics, liquid‐handling devices, automated measurement de-
vices, system control etc.) were adapted to achieve the
necessary integration of compound supply, assay operation and
data management [49].

The standardisation of microplates [50] was a key catalyst
in the development and adoption of automated platforms [49].
In the early 1990s, 96‐well microplates became the main
compound‐handling and screening format in the industry.
Assays were subsequently adapted to higher‐density micro-
plates (384‐well, 1536‐well and higher), resulting in a signifi-
cantly higher ability to process samples in parallel [51]. This in
turn has led to a significant reduction in the quantities needed
for the assays: while assays in single tubes need micrograms of
compounds, assays on 1536‐well plates only use a few mi-
crograms [49]. It is noteworthy that after automation and
miniaturisation were leveraged to increase capacity, HTS
focused on factors such as process quality, time, and cost [52],
so more targets could reliably be identified. This was followed
by a third phase with more flexible, target‐specific, screening
strategies [53]. These trade‐offs between throughput, cost,
time and data quality, and the need for smart techniques to
navigate the large spaces will be familiar to anyone in engi-
neering biology.

The wide adoption of robotic equipment in the phar-
maceutical industry has been a clear source of inspiration for
engineering biology. However, despite early claims that

automation was revolutionising biology, or was going to [54],
the promise remains unfulfilled. Academic laboratories have
only minimally embraced automation tools [55]. The poor
state of adoption should be seen against a seemingly
favourable background. Many techniques employed in engi-
neering biology are routine [55] and have been implemented
in robotic labs [6]. Reasons for the slow adoption of auto-
mation include:

� Costs. Setting up and running an automated infrastructure
comes with high costs. Expenses include purchasing the
automated robotic and high throughput equipment, all the
consumables, and the software and support for the
staff [56].

� Expertise and training limitations. Automated in-
frastructures require new ways to work, which, in turn, re-
quires additional training for the staff [55]. Expertise
limitation was identified as an obstacle in HTS. The decision
then was to create islands of automation [49].

� Additional time for set‐up and optimisation of new
protocols [55]. Automation should therefore be saved for
tasks worth automating—for instance tasks that will be
performed a large number of times.

� Lower precision of robotic platforms [55, 57].
� Lack of flexibility. Flexibility, defined as ‘the capability of
an automation system to be adapted to a new protocol with
the minimum cost and downtime of the existing system’
[58], is a critical requirement for research laboratories–where
protocols are continuously modified. Commercial products
are notoriously difficult to reconfigure. This has been one of
the most frequent complaints of laboratory automation
system users [58, 59]. New generations of hardware manu-
facturers such as Opentrons [60] now put flexibility and
programmatic access first [61].

Despite—or maybe because of—the low level of auto-
mation in engineering biology, efforts proceed at a fast pace
to unlock the benefits of automation. High‐throughput
platforms are in greater use [62], and advanced develop-
ment workflows, such as the design‐build‐test‐learn (DBTL)
workflows, have been successfully automated [63, 64]. It is
worth stressing that these advances have taken place on the
more open platforms—indicating that some of the obstacles
for a wider use of automation are being lifted. More studies
are being published that use automation to achieve higher
throughput. For example, Goldman and co‐authors [65]
used automation as part of a DARPA‐backed replication
study, which, in their opinion, allowed them to scale up the
experiments ‘by two orders of magnitude’. The construction
and cloning phases have been successfully automated,
yielding significant improvements. The Edinburgh Foundry
[66] has reported 20� improvements for DNA assembly
reactions [67]. Another biofoundry, iBioFAB, has reported
10� improvement with their automated, multiplex genome‐
scale engineering of Saccharomyces Cerevisiae. With auto-
mation, they could build up to 1000 TALEN constructs per
day at <$3 each—a 300� reduction in cost [68].
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2.2 | Biofoundries as drivers of laboratory
automation

Among the initiatives to spread the benefits of automation,
the most comprehensive was the establishment of a network
of biofoundries called the Global Biofoundry Alliance [67].
Some private companies also run their own biofoundries—
for example, Lesaffre [69] and Ginkgo Bioworks [70].
Although they are more limited in scope (R&D and com-
mercialisation), most of the points in the discussion here
also apply to these private sector biofoundries. Biofoundries
are specialised laboratories that combine software‐
based design and automated or semi‐automated pipelines
to build and test genetic devices [71]. To enable the
rapid design, construction and testing of genetically modified
organisms, biofoundries are organised around the DBTL
cycle [67].

Generally, their purpose is to help accelerate commer-
cialisation of synthetic biology products and bio-
manufacturing process engineering and the transition
towards sustainable bioeconomies and development bio-
economy [72]. This, in turn, requires the creation of
‘beyond‐the‐lab’ capabilities tasked with application develop-
ment, scale‐up, and commercialisation [73–75]. Biofoundries
occupy a very specific place in the innovation ecosystem of
their countries. Farzaneh [76] likened them to nucleating
hubs’. They generate and support webs linking academic
researchers, industry (one of their core missions is to pro-
vide access to startups and SMEs to expensive, specialised
equipment) and policy‐makers (government, standard bodies,
and funding agencies). An example of such a hub is the
London Biofoundry at SynbiCITE [77]—the UK's industrial
translation centre for synthetic biology/engineering biology.
The need for such hubs has now been widely acknowledged
by policy makers. Over 50 countries, including all the G7
nations, have adopted national strategies related to the bio-
economy and biofoundries [56, 75].

Biofoundries are the natural continuation/evolution of all
the efforts of automating mechanised laboratory processes.
They offer physical locations, where all the constituent pro-
cesses can be physically concentrated and integrated. Bio-
foundries typically contain equipment ranging from liquid‐
handling equipment, DNA sequencing, automated control-
lable bioreactors to high‐throughput analytical equipment—
and are operated by specialised staff. They are also ideal test-
beds for the integration of automated robotic platforms and
dedicated software tools. These tools go beyond laboratory
information management systems and support all stages of the
DBTL cycle. Three classes of DBTL tools are of particular
note:

� Biological design tools. In conjunction with repositories
of genetic parts, they let users generate large design spaces
[78–80], and support their construction. These two in
practice support the first two phases of the DBTL cycle.

� Computational tools for the learning phase of the
DBTL cycle. They suggest new experiments to investigate

large design spaces efficiently. Many implement DoE stra-
tegies or optimal experimental design [81, 82]. Machine
learning tools also fall under this category [83].

� Equipment programming software and interface
drivers. These tools remain very piecemeal. The SILA2
standard (standing for ‘Standardisation in Lab Automation
2’) [84, 85] has been adopted by some vendors to enable
interoperability between pieces of equipment [86]. SynBio-
Python [87] is an initiative launched by the Global Bio-
foundry Alliance for all their software projects. Other
solutions have been put forward for laboratory workflow
automation, either commercial like Antha [88] or open
source, such as Aquarium [89].

The structure of the DBTL cycle shows why it is so
powerful. The cycle uses an expansion‐reduction strategy
(Figure 2). The expansion portion (build and test phases)
enables the controlled introduction of variations into the
system, and does so in decoupled stages, to yield a combina-
torial effect:

� Build phase. The phase encompasses the genetic diversity
necessary for the development of the application of interest.
In practical terms it consists of the construction of libraries
of genetic variants—often assembled by reusing previously
generated libraries. For instance, a library of plasmids can be
assembled from existing libraries of components; or a bac-
terium can be transformed with previously assembled
plasmids.

� Test phase. This phase comprises two sub‐phases: a
sample preparation phase, and an assay phase. The
sample‐preparation phase generates the samples from
biological material that was previously generated in the
build phase. Variations in treatment (environmental pa-
rameters, stimuli type and magnitude etc.) are introduced
in the assay phase. Samples are grouped and processed
according to their genetic content and the treatment they
receive.

The reduction portion (learn phase) reduces the need for
brute force investigation of the design space and identifies its
most promising regions, so they can be targeted in later
rounds.

The power of the biofoundry approach lies in the
effective targeting of the steps of the expansion portion of
the DBTL cycle for mechanised automation. Biofoundries
treat these steps as an opportunity for throughput multi-
plication and have automated the necessary workflows. The
engineering principles of standardisation and reusability play
a key role in the approach. Common DNA assembly
workflows, already automated in biofoundries [90–93], use
reusable biological components. The overall construction can
be split into several stages performed by separate teams.
Automated operations also use standardised protocols. The
result is an effective trade‐off between the biological con-
straints, the resources of the biofoundry and the demands of
the study.
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3 | AUTOMATION AND
REPLICABILITY

3.1 | Replicability

The other aspect of automation we wish to discuss in the
context of engineering biology is replicability. Reproducibility,
replicability, repeatability (the terms are often used, somewhat
loosely, interchangeably) are key principles of the scientific
method. For the findings of a study to be recognised and be
considered by the wider research community, they should be
repeated, preferably by separate researchers, with a high degree
of reliability [94]. Replication studies vary, depending on what
methodological factors they share. Some replication studies use
identical methodologies and, ideally, identical equipment and
protocols—they can then be considered straightforward copies
of the original study. Conversely, some replication studies use
different methodologies. Replication using both identical and
different methodologies is very strong evidence for the validity
of the result.

Concerns about lack of reproducibility and replicability
have been recently expressed in both scientific [95, 96] and
popular media [97]. A landmark editorial in Science [98] bluntly
stated ‘Recently, the scientific community was shaken by re-
ports that a troubling proportion of peer‐reviewed preclinical

studies are not reproducible’. A subsequent Nature survey [96]
of 1576 research scientists found that almost 70% of re-
searchers (78% among biologists) had attempted, but failed, to
reproduce other researchers' results in the laboratory. Worse
still, 60% failed to replicate their own research. This state of
concern is now referred to as the ‘replication crisis’ and has led
the National Academy of Sciences (NAS) to establish a com-
mittee on the ‘Reproducibility and Replicability in Science’
[94]. In this paper, we use the definitions of reproducibility and
replicability contained in the NAS report. Although definitions
of reproducibility and replicability vary across science and
engineering [99], the NAS definitions (See Table 1) are
extremely powerful—as they decouple the concepts and make
them complementary. Reproducibility is a quality feature of the
analysis of the dataset (is the conclusion valid given the
collected data?). Replicability is a quality of the outcome of the
study (is its conclusion valid? Can it be reliably used in another
setting?). Failure to reproduce results indicates issues with the
study, including corrupted data or bugs in scripts. Failure to
replicate results can result from sources ranging from faulty
design (or worse, fraud) to natural randomness (possibly
exacerbated by a lack of control of some variables) to, excit-
ingly, a new discovery.

Despite its critical importance, there has been limited
investigation into the replicability of publications in life

F I GURE 2 Implementation of the DBTL cycle in biofoundries. The DBTL cycle uses an expansion‐reduction strategy. The expansion portion (build and
test phases) enables the controlled introduction of variations into the system, and does so in decoupled stages, to yield a combinatorial effect. The reduction
portion (learn phase) identifies its most promising regions, so they can be targeted in later rounds.
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sciences [55]. This also holds in engineering biology [101],
where the most prominent replication studies have been in the
context of iGEM interlab studies [102–104], and DARPA [65]
—using identical methodologies, but with noticeably different
outcomes. A review on the topic of the estimation of the
relation between mRNA and protein abundance [105] identi-
fied a wide range of causes for the discrepancies between
published results. These causes predictably included method-
ological differences such as calibration issues. Noticeably, the
discussion also included biological considerations such as
temporal and spatial scales (e.g. cell populations and tissues vs.
single cells), which had such an effect in practice that some
studies did not measure the same properties.

Replicability is a core principle in engineering [55], and
crucial for any industrial translation and production effort. The
rapid development and manufacturing of COVID‐19 vaccines
on a global scale [106, 107] would never have been possible
without a concurrent emphasis on replicability during the
development and testing phases. This was equally true during
the manufacturing phase that involved hundreds of sites
manufacturing the vaccines and their components. Failure to
replicate can be terminal to R&D efforts—more generally,
insufficient replicability hampers such efforts. High‐
throughput screening once again offers an example [108], as
it has been accused of being a contributory factor to the
decline in reduced productivity in the pharmaceutical industry
(poor‐quality data and insufficient hit rate).

The link between automation and higher replicability can
be described in an idealised scenario as follows. First, auto-
mation leads to higher throughput. As previously discussed,
this leads to more processed samples, more collected data and
a better statistical analysis. Second, automation reduces the
input of human operators. Since human activities are signifi-
cantly affected by stress, tediousness, repetition and fatigue [55,

109], mechanisation is expected to lead to lower error rates for
these operations—especially for higher throughputs. Mecha-
nisation is also expected to yield more homogeneous outputs.
Humans vary considerably in their ability to learn and perform
new motor skills [110] indeed, while some skills, such as
micropipetting, have a massive influence on the output of
experiments [111]. Note that mechanisation should not
necessarily lead to more precise outcomes; occasionally, a
skilled technician will perform more accurately.

The advantages of a reduction in human factors are not
solely limited to mechanised automation. Some actions may be
performed by a trained operator without software support, but
the cognitive load and labour involved makes doing so ineffi-
cient even at modest scales. For instance, the generation and
management of all construct sequences is best left to a dedi-
cated infrastructure [112]. Quality control for construction
steps are also best automated with a dedicated sequence‐
matching software [113]. Also, while some tasks are not
automatable, others can only be performed by machines/
computers [114]. The design and learn phases supply many
examples of such tasks: for example, bioinformatics tasks such
as a BLAST database search [115], or the construction of a
phylogenetic tree [116].

3.2 | Replicability in practice–A case study

The relationship between automation, high throughput and
replicability is, unfortunately, more complicated than the basic
version in Section 3.1. Poor replicability can easily spoil
automation efforts. As appealing as reducing human influence
and increasing throughput are, careless deployment of auto-
mation is liable to introduce new uncontrolled errors and new
confounding variables. The results can be contaminated, or

TABLE 1 Repeatability, reproducibility and replicability as defined by National Academy of Science (NAS) and the Association for Computing
Machinery (ACM).

Term ACM definition NAS definition

Repeatability ‘The measurement can be obtained with stated precision by the same
team using the same measurement procedure, the same measuring
system, under the same operating conditions, in the same location on
multiple trials.
For computational experiments, this means that a researcher can
reliably repeat her own computation.’

Reproducibility ‘The measurement can be obtained with stated precision by a different
team using the same measurement procedure, the same measuring
system, under the same operating conditions, in the same or a different
location on multiple trials.
For computational experiments, this means that an independent group
can obtain the same result using the author's own artefacts.’

‘Reproducibility is obtaining consistent results using the same input
data; computational steps, methods, and code; and conditions of
analysis.
The definition is synonymous with “computational reproducibility”’

Replicability ‘The measurement can be obtained with stated precision by a different
team, a different measuring system, in a different location on multiple
trials.
For computational experiments, this means that an independent group
can obtain the same result using artefacts which they develop
completely independently.’

‘Replicability is obtaining consistent results across studies aimed at
answering the same scientific question, each of which has obtained its
own data.
Two studies may be considered to have replicated if they obtain
consistent results given the level of uncertainty inherent in the system
under study.’

Note: The definitions from the ACM [100] have been included for comparison.
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even result in useless data. These pitfalls of automation can, for
example, be illustrated with a recent study conducted by the
authors of this paper [117] on the topic of the automation of
liquid handling.

Liquid handling is the most common step in all protocols
in engineering biology. Liquid‐handling operations are labour‐
intensive and inefficient when performed manually [58].
Liquid‐handling platforms are therefore central to the trans-
formation of research laboratories and their adoption of
automation. Robotic liquid‐handling platforms all have the
usual automation advantages over manual operations: they
increase the throughput and perform consistently and without
fatigue [118]. Achieving reliable, robust, repetitive, and high‐
speed operation is not without its challenges. A wide range
of physical factors play a role in the dispensation of liquids
with air‐cushion pipettes. Ewald [119] listed density and vis-
cosity of the pipetted liquid, pre‐wetting and environmental
factors such as relative humidity, vapour pressure, system
temperature, air pressure and altitude as the most important.
To compensate for the influence of these factors, calibration is
often necessary [120]. Some factors such as evaporation con-
trol, viscous material handling, calibration, clogging detection,
air bubbles dissolution and system integration [118] are harder
to compensate for. Clogging of tubes, valves and pipetting
heads can be caused by viscous material, dust and particles or
accumulation of liquid debris. Air bubbles may form during
aspiration or dispensing and cause inaccuracies in volume
handling.

Although valid low‐level explanations, these factors are not
practical enough to help with protocol design and testing.
Albert [121] took a more actionable view of liquid‐handling
errors and developed an error classification framework, link-
ing physical and mechanical factors with observable effects.
The framework is based around three sources of errors:

� Equipment related errors. The types of tips are critical to
the accuracy of volume transfer—material, shape, fit, and
wettability being the most important factors. A tip unsuited
to the material being dispensed can also cause random
contamination.

� Pipetting Methods. Forward mode, where the entire
aspirated reagent in the tip is discharged, is suitable for
aqueous reagents with or without small amounts of proteins
or surfactants. Reverse mode, where more reagent is aspi-
rated into the tip than is dispensed, is suitable for viscous or
foaming liquids. Pipetting methods are generally unsuitable
to liquids that are non‐aqueous or complex (i.e. with one or
more components or additives, such as salts, sugars, de-
tergents, surfactants, or proteins).

� Liquid‐dispensing schemes. The sequential dispensing
scheme first aspirates a relatively large volume of the re-
agent, before dispensing the reagent into several wells as per
protocol. Tips must not touch any liquid present in the wells
to avoid contamination or dilution. The serial dilution
scheme only travels back and forth between wells and the
reservoirs. Issues occur if the reagents are not properly
mixed before the transfer, and also include potential

contamination. Iterative schemes transferring between wells
on the same plate (for instance, column by column) spread
errors across the plate and are contamination‐prone.

Albert's framework led the authors of this review to
conduct their own study in the London Biofoundry [122] at
SynbiCITE, and to investigate the reliable automation of liquid
handling and identify the classes of errors introduced. They did
so from the standpoint of the construction of the standard
curve for lycopene in dimethyl sulfoxide (DMSO). Since
lycopene is a carotenoid of industrial interest and DMSO is a
popular extractant, the study also had industrial relevance. The
development of a standard curve necessitated the development
of flexible liquid‐handling methods that were generalisable to
other automated applications. Because lycopene in DMSO is a
complex, atypical mix, it magnified and revealed issues with
automated liquid‐handling protocols—and stress‐tested them.

Once the protocols were confirmed, they achieved higher
throughput and could use data analysis methods, which was
necessary due to the challenging nature of the mix. Probably
the most generalisable aspect of the study related to the control
of errors. Several sources of error were identified during
development of the protocol, which had to be separated by
design, and tightly controlled with their own dedicated
protocols:

� Mix preparation. The age of the mix was a major con-
founding variable.

� Dilution errors. Some dilution schemes were proven su-
perior to others. A popular iterative dilution scheme was
shown to introduce new correlated errors, and was, at best,
only to be used for scoping. Direct dilution was shown to be
very suitable, due to its predictable errors and its highly
programmatic nature.

� Measurements. The way measurements were conducted
had to be adapted to the properties of the mix. In particular
the time scale of the measurements and the number repeats
had to account for all solubility issues.

The study also identified several additional topics worth
noting. First, even for such a simple application, plate design
quickly became beyond manual implementation, due to the
associated human cognitive load. Second, the importance of
some factors of the study on the outcome of the assays was
such that, in addition to precise protocols for their control, the
authors recommended monitoring the value of these parame-
ters. This effectively introduced additional quality control steps.
Finally, there was a clear need for a communication strategy, so
anyone willing to reuse the constructed curve, or recreate one
on their own setup, could do so reliably and not introduce
uncontrolled errors into their own pipeline.

Even at its modest scale, the study showed that replicability
and error control should be taken into account from the
beginning—when an automated pipeline is developed and
deployed into production. This is important, because it implies
that successful automation requires more than solving the
reasons for limited adoption of automated platforms (listed in
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Section 2.1), and which are being resolved already, as equip-
ment is getting more flexible and more precise, and expertise
limitations ease as dedicated training programs are developed.

4 | REPLICABILITY‐SUPPORTING
INFRASTRUCTURES

In this section, we discuss how a dedicated IT infrastructure
should be used to support automation, and why replicability
should be a core element of its design.

For the sake of simplicity, we assume that an automated
pipeline has already been designed and validated. And, we will
focus on using it to produce biological samples, run assays on
the samples and produce data at large throughput. Many of the
ideas and principles we will describe also apply to the devel-
opment of automated protocols, and the transfer of protocols
to another setup or facility. Elements of the infrastructure can
still be used to prevent the introduction of higher‐level errors
into the development process. Effectively, protocol develop-
ment can be modelled as a design study (as shown in Figure 1).
But instead of a design space comprising many genetic varia-
tions, the design space then mainly consists of protocol
parameters.

By ‘designed and validated already’, it is assumed that
pipeline achieves the desired goal in terms of throughput and
quality of outcome. Variations of outcomes are then a com-
bination of the stochasticity of the biological systems and
process variations (e.g. measurement accuracy), and are
considered acceptable for the task at hand. Process variations
will decrease as robotic platforms improve; biological sto-
chasticity on the other hand will not.

The pipeline may be only partly automated and, there-
fore, subject to significant influence from human operators.
It may be organised around islands of automation. Or it may
be fully automated, and free from human influence. But its
design and good operation rely on a core assumption: all the
protocols governing the operation of the pipeline are strictly
adhered to.

We call unwanted deviations from this assumption higher‐
level errors, to distinguish them from the expected low‐level
process errors—which the design of the pipeline has striven
to control. Examples of higher‐level errors abound in the in-
dustrial world. Food poisoning may occur in fast food res-
taurants caused by a break of the cold chain outside of the
premises. In the medical world, dosage and prescription errors
can be devastating and are tragically common [123]. Such er-
rors can appear in even the most sophisticated environments.
Misconfigured systems bring down popular websites. In 1999,
after almost 10 months of travel to Mars, the Mars Climate
Orbiter burnt and broke into pieces—because someone failed
to use metric units! Even activities based on mastering prob-
abilities of events can fall foul. Casinos, so adept at controlling
risk when it comes to their customers, fall victim to less pre-
dictable events such as staff misbehaviour—endangering their
gambling licences in the process. In engineering biology,
higher‐level errors include:

� Direct human input errors. These errors may be punctual
and considered independent. Or they can be the product of
repeated operations under fatigue, and therefore liable to be
correlated. Responsibility may be shared, as in the case when
some settings were changed by a previous user, but the
operator failed to check.

� Instrument failures. These errors may affect a few wells or
entire plates, and range in severity from partial (the hardest
to detect) to complete (the easiest to detect).

� Unexpected data. Instruments may return unexpected
values, or no values at all. As with the instrument failures,
these errors may apply to a few wells or entire plates.

More subtle errors relating to drifting conditions in the
pipeline and failure to conduct checks for the drifting condi-
tions may occur. This is typically the case with the calibration
of instruments. In the previously‐mentioned liquid‐handling
study, the researchers were forced to add quality control
steps into their pipeline to make sure of the state of the mix of
lycopene and DMSO. More generally, protocols should be
applied in their entirety. Although this is beyond the scope of
this discussion, there is a clear need to develop effective
communication strategies in engineering biology to impress on
all the participants the importance of the protocol steps and
the influence on some of their parameters on the outcome.

In all cases, these higher‐level errors are caused either by
human operations, unvalidated software operations, or hard-
ware malfunction. The cause for these errors may be very far
removed, if they took place much earlier in the workflow or in
other locations. They result in irrecoverable operations on
samples—not to mention wasted resources and time. If the
errors are not spotted in time, which is often hard to do, this
will result in bad data being collected and poorly replicable
results.

It is the authors of this paper's opinion that any dedicated
IT infrastructure aiming to support automation—beside the
usual mission of storing experimental and procedural data, and
letting scientists visualise them and compute what analytics is
deemed necessary—should also be actively involved in the
reduction of high‐level errors and nuisance human factors so
fewer assays are wasted, and collected data are of higher quality.

Such an infrastructure would go beyond that presented by
Peccoud and co‐authors [124], which is only concerned with
the logging, storage and subsequent statistical analysis of all
experimental and procedural factors ‘to unwind how different
factors contribute to the variation of data by planning and
documenting data collection which help associate the
controlled variable of interest with the observed variation in
experimental outcomes’. The capacity to run post hoc analysis,
which Peccoud and co‐authors demonstrate with identification
the influence of media preparation on cell viability in their
process, is obviously a requisite for an infrastructure sup-
porting replicability. But it does not help with ensuring/
enforcing that protocols are followed and that the assays are
conducted as intended. At best, it can only identify when the
protocols were not followed—provided the relevant informa-
tion was logged.
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Figure 3 presents a high‐level model of how automation of
workflows currently takes place in a biofoundry (the most
likely setting for the deployment of such an infrastructure), and
how the software infrastructure, and its components, should
evolve to fully support automation. Automation of a workflow
involves the integration of separate automated tasks into
automated pipelines. Every automated task has two
components—a software layer, coupled to a mechanised layer
as shown in Figure 3 (top section). Instructions for the task are
communicated to the mechanised layer by the software layer,
so that the automated platform performs the specified task.
Practically, this corresponds to the automation of a single task
—at best an island of automation. We call this ‘Level 1 inte-
gration’. Figure 3 (middle section) shows a generic workflow,
with four tasks performed sequentially on one microplate, and
integrated into a single automated workflow. A typical example
would be plate creation; culture followed by the application of
a stimulus; another round of culture; and finally some mea-
surement. Information flows are denoted by black arrows.
Flows of physical objects (the microplates) are denoted by
white arrows. As previously, the instructions for any task in the
workflow are transmitted to the software layer of the task and
then to its mechanised layer. There is now a chaperoning IT
infrastructure that oversees the collection and storage of all the
data (operational and experimental data). This is the type of
infrastructure described by Peccoud and co‐authors, which we
call ‘Level 2 integration’.

Finally, Figure 3 (bottom section) presents the type of IT
infrastructure, which we call ‘Level 3 integration’, needed to
support replicability. Note the addition of the orchestrator.
Beside collecting all the generated data and storing them, the
orchestrator also sends the instructions in the order of the
workflow; monitors the advancement of the workflow; and
validates the information passed between components. The
infrastructure is built on three sets of technologies sharing two
common attributes:

� Efficient interfacing. They interface the modular compo-
nents of the experimental workflow, the components of the
data flow, and the instructions of the user(s).

� Standardisation. They standardise these interfaces, and
offer opportunities for validation against initial specifica-
tions, and thus error‐control.

The first set of technologies concern data management and
information exchange. Data will need to be structured in a way
that reflects the history of transformations (lineage) of the
plates and their samples—and makes this history available for
data analysis and monitoring. The infrastructure should also
deal with operations related to data integrity and stand-
ardisation. These are backend‐type operations that may not
seem of major importance in a scientific study, but carry a
significant cognitive load and cause practical errors when
conducted at even modest scales. These include data import
(from local or external sources, or from the various measuring
devices), identifying missing or erroneous data (e.g. with the
wrong data type), cleaning them, before converting them to a

settled format and storing them. The use of standards is an
essential aspect of improving replicability. Standards are the
enablers of all integration efforts. They act like invisible glue
between the different processes in the experimental pipeline.
Several data standards are in wide use in engineering biology—
together with more general standards in communication sys-
tems and computing. These standards are shown in purple in
Figure 3. Supporting common, existing data formats is
particularly important when sharing data and results—hence,
indirectly, for replicability. Data standards of note in engi-
neering biology include sequence standards, such as SBOL
[125] and FASTA [126], and raw data formats such as
DICOM‐SB [127]. Standards do not only apply to information.
The pipeline in Figure 3 also requires a set of physical stan-
dards (in orange), such as SLAS [50], that address the physical
objects travelling through the pipeline and their interfacing
with the robotic equipment. From an error‐control point of
view, they help prevent/reduce equipment malfunction and
breakage.

The second set of technologies concerns the stand-
ardisation of the instructions sent to the automated platforms
and protocol description in general. A subtle benefit of auto-
mation is to force protocols to be written precisely, before they
are implemented, run on the automated platforms and shared.
An automated protocol requires writing an unambiguous
sequence of actions, and assigning its most important param-
eters. When this is done, running the protocols on automated
platforms involves little human involvement, which reduces
potential errors caused by human variability, and fulfils one of
the core promises of automation.

This is, unfortunately, not enough. The problems are
apparent during protocol transfer and adaptation (from manual
to automated, or from one platform to another), which is
rarely a straightforward affair. Liquid handling provides ex-
amples of these dangers [65, 128]. Issues occur when param-
eters associated with protocols developed on different
platforms are transported to a different setting—leading to an
incomplete or a conflicting set of parameters. Another possible
source of errors is poorly designed instrument interfaces.
Recent approaches, such as programmatically open platforms
like Opentrons [60], or platform‐agnostic languages, such as
LabOP [129] and PyLabRobot [130] are exciting and very
promising technologies in this regard. They still leave open the
possibility of incomplete protocol description however—thus
introducing confounding variables in the running of the
pipeline. There is therefore a clear need for a community‐wide
set of good practices and associated communication strategies
regarding protocol description. As previously mentioned, it
should contain an element dealing with the influence on some
of their parameters on the outcome—and the importance of
assigning them adequate values.

The last set of technologies concern orchestration—they
appear in Figure 3 (bottom section) as an additional layer (in
pale red) labelled ‘Orchestrator’. With complex workflows,
several plates may be involved and interact with each other. For
instance, sacrificial plates may be made for destructive mea-
surements. There may be branching conditions conditional on
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the values collected during several measurement steps. Com-
plex plate patterns may be used. Finally, engineering biology
projects may use several workflows, while working at large
scales. The demands in terms of time and cognitive load that
are placed onto the human operators rapidly become over-
whelming. An orchestrator will be in charge of dispatching the
instructions to the various equipment of the biofoundry and
ensure that all operations are conducted in the right order and
with the right logic. This is a powerful, and much needed,
capacity when combined with LabOp protocols for instance.

An orchestrator is software that can execute workflows,
assign tasks to resources, and schedules, runs and monitors the
tasks [131]. Popular schedulers include Apache Airflow [132],
Azkaban [133], and Oozie [134]. They have become very

common in data processing applications [135]. But no one has
reported their deployment in biofoundries or in the context of
processing biological samples. This state of affairs is not
altogether surprising, as orchestrators have been developed for
data processing applications, and lack the capacity to directly
connect to hardware. This situation is, however, unlikely to
continue. An initiative to use orchestrators is being conducted
at the London Biofoundry—led by the authors of this paper
with results yet to be published. The resources of their bio-
foundry (equipment, staff etc.) were modelled to expand and
adapt the functionalities of the orchestrator, while SILA2 was
used for the drivers. It is therefore reasonable to expect
workflow orchestrators to become mainstays of biofoundries
in the years to come.

F I GURE 3 Automated tasks and automated pipeline. (1–Top): Every automated task has two components—a software layer, coupled to a mechanised layer.
Instructions for the task are communicated to the mechanised layer by the software layer. (2–Middle): Multiple tasks are connected into an integrated automated
pipeline. Information flows are denoted by black arrows, and flows of physical objects by white arrows. There is now a chaperoning IT infrastructure in charge
of collecting all the generated data and storing them. (3–Bottom): the IT infrastructure needed to support replicability contains an orchestrator, charged with
sending the instructions to the various automated platforms, monitoring the advancement of the workflow, and validating the content of the information passed
between components.
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5 | DISCUSSION AND CONCLUSIONS

In this paper, we have presented a review of laboratory auto-
mation in engineering biology. Adoption of automation is a
direct consequence of a common practical need shared by
applications in engineering biology: the need to run operations
on biological samples at very large scales. We have made the
point that replicability should be made a core principle of the
design of the automated pipelines processing biological sam-
ples at scale, alongside high throughput. In particular, we have
shown that replicability should not be seen as an additional
burden for automation efforts, but as an essential requirement
for the successful unlocking of the benefits of automation. It is
from this viewpoint that suggestions have been made for the
design of future automated pipelines with error‐prevention in
mind.

In the course of this review, several of the drivers behind
the evolution of automation in engineering biology have been
listed. It can be safely assumed that some of the drivers behind
infrastructure evolution will continue to drive the field in the
coming years. They are:

� Better automation of existing tasks and the automation
of new tasks on new types of platforms. This includes
more flexible, programmatically open platforms, the greater
adoption of solutions like LabOp, and greater sharing of
protocols.

� Better integration and interfacing of automated tasks
to allow for ever more complex workflows. This includes
a greater adoption of data formats, as well as communica-
tion protocols, such as SILA2, to link devices. Biofoundries
will remain the locations of choice for trialling these efforts.

� Larger adoption of good practices imported from
computing and other engineering fields. This includes
large project management, standardised training material,
and a greater emphasis on the communication of errors and
their control.

Although improvements in each stream of work will be
gradual, their compound effect will lead to an inflection point,
where infrastructure will be regarded as code (or error‐
correcting code when replicability is added into the mix).
When this happens, operators will have a totally abstracted
interaction with the infrastructure similar to the interaction
with a computer. This will be followed in rapid succession by a
search for greater fluidity between operators and the infra-
structure they command. It is a safe bet that interfaces based
on large language models will appear to help drive biofoundries
and make the interaction even more fluid.

It is worth noting, that inasmuch as it is possible with
biological samples (some transportation or rebuilding may be
needed), workflows could be physically distributed and driven
from a remote location. This is essential when testing in
different facilities is needed.

In contrast to these exciting developments, progress in two
important areas of automation in engineering biology is harder
to predict.

The first area relates to throughput. Despite the obvious
advancements in productivity, throughput remains limited by
the available resources—typically the number of robotic plat-
forms used to process the samples in parallel, and possibly
staff number. The time it takes to conduct an operation cannot
be reduced beyond what the biology allows. In 2016, Rogers
and Church [136] contrasted the already enormous capacity of
designing and constructing genetic variants (billions of a day,
with multiplexing genome engineering techniques such as
MAGE [137]), with existing evaluation capacity (a few thou-
sands of variants a day). This makes the assay phase in the
DBTL cycle the critical, limiting phase for all engineering
applications—one which will require breakthroughs in high‐
throughput analytics and automation [138], for instance
further miniaturisation. The second area relates to the learn
phase of the DBTL cycle. As is often the case with machine
learning, lack of data (itself the consequence of limited
throughput, and lack of focus on replicability in historic data) is
a bottleneck. An alternative would be to use biology in such a
way that it selects the most promising regions of designs [139,
140]. Whether these approaches based on directed evolution
can be considered part of engineering biology is open to dis-
cussion. Using biology in such a manner can nonetheless, be
done in a rational, controllable, and albeit limited, way—for
instance, as part of a scoping study to bootstrap DBTL cy-
cles when toxicity is an issue [141]. Currently, efforts to
develop an ‘engineering theory of evolution’ [142], remain a
theoretical exercise aiming to place under a common umbrella
a large, disparate, set of techniques with proven successes, but
patchy predictive power.

We now wish to address the limited focus of the paper
—namely on a certain type of applications (mainly micro-
bial), and on automation in biofoundries. A simple reason
for this focus is that such applications have, historically,
been the ones of most interest to the engineering biology
community, and the most active regarding automation. In
their 2023 polemic, Hanson and De Lorenzo [143] warn
against a myopic focus on such applications and solutions—
highlighting quite rightly the bottleneck in the testing phase,
and more controversially limitations of the DBTL approach.
This deserves a response.

It is our belief that the principles discussed in this paper, in
the context of biofoundries, naturally extend to other settings
and applications in engineering biology. First, the idea of
biofoundries has not been marketed as being unique. Bio-
foundries are nonetheless essential components of a wider
ecosystem of facilities supporting the bioeconomy [75]. It is
therefore not incompatible with dedicated testing facilities.
Second, consider another field of application of engineering
biology with enormous implications for humanity: agriculture.
Agriculture is amenable to automation—driverless, GPS‐
tracked tractors are in wide use already. There are also
moves to push agriculture in a direction where crops are grown
in optimised environments, identified after a few rounds down
a DBTL cycle, either in indoor settings or in greenhouses.
Finally, agricultural research also has its own type of testing
facilities. They are not organised around microbial cultures like

64 - BULTELLE ET AL.

 23986182, 2024, 4, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/enb2.12035 by Im

perial C
ollege L

ondon, W
iley O

nline L
ibrary on [22/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



biofoundries—but necessitate much larger areas of land,
operate very long experiments and are subject to different
regulations due to their interaction with the outside environ-
ment instead. Rothamsted Research [144] (in Harpenden, UK)
is a good example of such facilities. Founded in 1843, it is one
of the oldest agricultural research institutions in the world—
and has been a major player in the British (pre‐)bioeconomy
landscape since then. It is also widely regarded as a shining
example of integration in a pre‐computer age. In 1919, the
institution hired Ronald Fisher to analyse the vast (for the
time) amount of data they collected. This, in turn, led to the
creation of a theory that lies at the heart of modern statistics:
experimental design—a theory further developed by many of
the luminaries who later worked at the institution.

In the end, the fundamentals of the problems remain
identical. The physical and time scales may vary, as will the
multiple facilities needed for building, testing, learning and
ultimately producing. But the method for solving the prob-
lems remains the same: iterative searches in a design space,
as described with the DBTL cycle. In the absence of reliable
modelling, this means building and testing a very large
number of samples—and, nowadays, using high‐throughput
automation. High throughput and replicability are bound
together in a co‐dependent, symbiotic relationship. Practi-
tioners of engineering biology should therefore treat
them accordingly—and do so from the very start of their
projects.
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