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ABSTRACT

Efforts to understand life as we know it and life as it can be have culminated in
the field of synthetic cell research, which aims to build life from the bottom up
using individual biological components. Recent progress in the field has enabled
the reconstitution of many functions of living cells in synthetic cells, from cell-cell
communication to membrane protein expression and function. However, future
progress in the field is limited by many challenges, including irreproducibility,
lack of predictability, difficulties in integrating existing synthetic cell modules (or
subsystems), and the need for autonomous functionalities.

In this work, I describe my efforts towards addressing these challenges. In Chapter
2, I describe sources of variability in transcription-translation (TX-TL) systems,
the biological machinery used to implement biomolecular programs in synthetic
cells. In Chapter 3, I describe a novel methodology for readily building more
predictive models of TX-TL performance. In Chapter 4, I present a design for a
proof-of-concept for integrating an energy regeneration subsystem and a motility
subsystem to achieve autonomous programmable motility and highlight some early
successes towards achieving that goal. Throughout this work, I highlight many
design principles for building synthetic cells reproducibly, more predictably, and
with novel functionalities.
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C h a p t e r 1

INTRODUCTION

1.1 Synthetic biology as a tool to understand and engineer life
Over the past few decades, synthetic biology has emerged as a powerful tool to
understand and engineer life. The vast majority of synthetic biology applications
rely on top-down approaches, where existing biological systems are engineered
from the top down via systematic changes at the molecular level. In top-down
approaches, proteins, nucleic acids, metabolic pathways, and other components are
modified, added to, or removed from biological systems, which typically consist of
whole cells or whole organisms. Recent examples of synthetic biology applications
using top-down approaches include microorganisms engineered to upcycle plastic
waste into commodity chemicals, CAR T-cell therapy for autoimmune diseases,
engineering plant roots and root-associated microoorganisms (bacteria and fungi)
to improve crop resilience, engineering and visualizing morphogen gradients with
Green Fluorescent Protein (GFP) to understand animal development, and thousands
of other applications [1–4].

While top-down approaches have had great success, using these approaches to
engineer cells and organisms — which are extremely complex, poorly characterized,
and often unpredictable systems — has been time-consuming, costly, and inefficient.
Even E. coli, a model microorganism that is one of the most well-studied systems,
is not always easy to engineer. Large swaths of its genome and physiology remain
uncharacterized, and engineering E. coli to perform complex tasks still requires
years of effort due to undesired interactions with non-engineered cell components
and attempts by cells to resist engineering efforts. For engineering non-model cell
types and organisms, these issues are exacerbated. Beyond engineering biological
systems to perform a desired task, top-down synthetic biology has also had limited
success in increasing our understanding of life, because large-scale perturbations to
these systems result in the death of the engineered cells or organisms.

1.2 Cell-free synthetic biology as a bottom-up approach to understand and
engineer life

A complementary strategy to top-down approaches is using bottom-up approaches,
which aim to engineer simpler biological systems from a minimal set of well-
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characterized parts. Bottom-up approaches came into use in the 1940s, when scien-
tists found that they could prepare in vitro systems known as “extracts” or “lysates”
by extracting the contents of living cells after growing the cells and performing cell
lysis [5]. These cell-free systems — prepared from diverse cell types including
bacteria, wheat germ, and rabbit reticulocytes — contained functional cellular ma-
chinery of the cytosol. Although these cell-free systems still contained thousands
of different proteins and were not fully characterized systems, the near-elimination
of cell membrane processes as well as the elimination of cell growth and division
greatly reduced the complexity of these cell-like systems, and thus they allowed
scientists to probe living processes in an open and more controlled reaction envi-
ronment [5]. Among various other discoveries, cell-free systems led scientists to
discover the relationship between nucleotide triplets and their corresponding amino
acids, to learn that protein synthesis requires ATP and GTP, to understand gene
regulation, and to establish “the central dogma” [5].

While in continuous use for the past several decades, cell-free systems became more
widespread in the early 2000s as a tool of synthetic biology. Cell-free synthetic
biology is a growing field aimed at engineering biological parts and systems in a cell-
free context, as opposed to in vivo (i.e., engineering living cells and organisms) [6].
Beyond greater control over the reaction environment, the cell-free approach offers
many advantages over engineering cellular systems, including the ability to produce
toxic small molecules or proteins that are difficult to express in living cells and
scalability for biomanufacturing and other applications. Many cell-free applications
rely on cell-free protein synthesis, where crude cell lysate or purified proteins are
supplemented with DNA and an energy buffer containing small molecules that
enable in vitro transcription and translation (TX-TL) [7–9].

In recent years, cell-free applications have expanded to include protein engineer-
ing [6, 10], metabolic engineering [11–14], high-throughput prototyping of engi-
neered biological components and systems [15–17], biosensing and diagnostics [18–
20], studying the synthesis and assembly of complex biological structures such as
membrane proteins and bacteriophages [21–25], and biomanufacturing [26]. Dur-
ing this time, cell-free synthetic biology — as well as synthetic biology more
broadly — has enabled efforts not just to understand life under through the lens of
molecular biology but also to engineer biology for novel applications in healthcare,
biotechnology, and sustainability [26].
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1.3 Synthetic cells: towards a minimal, autonomous life form
As the capabilities of cell-free synthetic biology have grown, researchers have used it
as a platform for a new approach to understand and engineer life: building synthetic
biological cells. Beyond engineering biomolecular components and systems, would
it be possible to (1) combine these modules and capabilities and (2) encapsulate them
in a contained environment to create a synthetic biological cell? Using top-down
biological approaches has been helpful in validating the functions of biological
components, pathways, and modules, but these approaches make it difficult to
disentangle the effects of interacting or coupled components in cells. However,
building a cell using a bottom-up approach — i.e., assembling a synthetic cell
from individual components — would enable researchers to fully understand the
contribution and function of each component in a way that is not possible with
previous approaches.

Although a fully autonomous synthetic cell has not yet been realized, the past few
decades have seen rapid development of the capabilities that will ultimately be
necessary to build a cell [27–29]. While varying in their definition, form, and
function, synthetic cells typically consist of a biomolecular program encapsulated
by a biomimetic boundary. A variety of biomolecular programs have been recon-
stituted to date, ranging from DNA strand displacement programs in a suitable
aqueous solution to genetic circuits enabled by cell-free protein synthesis systems.
Compartmentalization has also been achieved successfully, through the use of mate-
rials including lipids (to make liposomes), polymers (to make polymersomes), and
protein capsids [29].

Inspired by living cells, researchers have functionalized many components and sys-
tems of living cells in synthetic cells. These modules include TX-TL, membrane
proteins, organelles, cell-cell communication, metabolism, lipid biosynthesis, DNA
replication, motility, energy regeneration, and cell division [29, 30]. Although re-
search labs across the globe typically work on different components and subsystems
of synthetic cells, recent years have seen the development and growth of many
collaborative synthetic cell communities — including Build-a-Cell (global), fabri-
CELL (United Kingdom), MaxSynBio (Max Planck Institute, Germany), BaSyC
(Netherlands), SynCellEU (European Union), SynCell Asia, and SynCell Africa —
that are actively working towards combining different modules towards the goal of
achieving a fully autonomous synthetic cell.

As the field of synthetic cells has grown, researchers’ goals have also expanded
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beyond their primary focus on building cells to understand life. The field has
also focused on engineering synthetic cells for applications in nanomedicine and
environmental monitoring [31, 32]. Another growing aim of the field is to focus not
on life as we know it, but life as it can be; this is especially relevant in the field of
astrobiology, where researchers are working to reproduce environmental conditions
of distant astronomical bodies in the lab to study if and how “protocells” may thrive
in places like Mars and Europa [33, 34].

1.4 Challenges and opportunities in engineering synthetic cells
Despite rapid progress in the field, many critical roadblocks remain in the path to
building a fully autonomous synthetic cell. Below, I highlight four major categories
that capture many of these challenges.

Subsystem integration
In the past few years, there have been relatively few efforts aimed at integrating
synthetic cell subsystems. Some examples include integrating DNA replication with
TX-TL and with membrane biosynthesis [35, 36]. Other efforts include integrating
different membrane proteins to reconstitute energy regeneration pathways [30, 37].
However, most labs in the field of synthetic cell research have focused on individual
modules for the synthetic cell, such as cell division, metabolism, and TX-TL. While
this approach allows labs to build tools, techniques, and expertise and to excel
in a particular research area, it poses a challenge for efforts aimed at combining
different modules together. Improvements in protocol writing have reduced the
barrier to addressing this issue, but gaining the expertise to perform tasks as diverse
as purifying membrane proteins, using microfluidics to generate liposomes, and
preparing cell-free protein synthesis systems reproducibly is not trivial for a graduate
student or even a lab.

Beyond the issue of research expertise, which can be overcome with more technical
training and improved protocols, bioengineering has unique challenges compared
to other engineering disciplines. Biological components and systems used for
building cells are derived from living cells and organisms, which have evolved to
perform as many functions as necessary to survive with as little biomass as possible.
As a consequence, these components and systems have both redundancy (where
multiple components and systems can perform the same task, often synergistically)
and extreme versatility (where a single component or system can perform multiple
functions). While these properties serve living organisms well, they pose challenges
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for researchers who wish to understand and predict the function of each subsystem,
let alone integrated systems consisting of many different subsystems.

Thus, as researchers begin integrating different synthetic cell subsystems together,
they will have to answer many questions. Are these subsystems compatible, espe-
cially if parts are derived from different organisms? Are these subsystems coupled
through the use of a shared resource, such as energy carriers like adenosine triphos-
phate (ATP), and does that pose a challenge for system performance? Given that we
don’t fully understand how living cells work, how might we learn which additional
parts are necessary and sufficient to integrate multiple subsystems?

Reproducibility
A lack of reproducible research is a challenge in synthetic cell research and stems
primarily from two sources. First, as with many other fields of research, insuffi-
ciently detailed protocols and restrictions on sharing materials can hinder efforts
to reproduce a different lab’s work, which is essential for synthetic cell subsystem
integration (see Subsystem integration above).

The second source of irreproducibility arises from user-introduced variability in
the preparation of biological parts and systems. For example, the composition and
concentrations of proteins in cell lysates can vary among batches of lysate due to
indiscernible differences in their preparation, including the growth stage at which
cells are harvested for lysis, variations in instrument usage for cell lysis, and the
quality of chemicals used for lysate preparation and processing. As another example,
components such as proteins, DNA, or small molecules that are purified from cells
or purchased commercially can similarly have variability, albeit arising from user-
introduced variations such as DNA plasmid design, purification quality control, or
instability resulting from long-term freezer storage.

When cell lysate or other additives are then used as components of cell-free pro-
tein synthesis systems to drive biomolecular programs inside synthetic cells, this
variability is propagated to the performance of synthetic cells. For example, these
synthetic cells may not be able to make enough protein for researchers to observe
a phenotype, such as the expression of a fluorescent molecule or morphological
changes in the synthetic cell. In other cases, for synthetic cells containing multiple
subsystems, variability in each subsystem may push the fully integrated system into
an experimental regime it is unable to operate in.
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Predictability
Related to the previous two problem areas, limited characterization of biological
components and systems has inhibited researchers’ ability to predict the performance
of synthetic cells. Most synthetic cell research thus far has focused on proof-of-
concept experiments that demonstrate the functionality of individual components
and subsystems in synthetic cells, mitigating a need for prediction. However, as re-
searchers begin to engineer more complex synthetic cells with multiple subsystems
(see Subsystem integration above), prediction will be necessary to help inform de-
sign considerations of the individual modules and to determine if the fully integrated
system meets desired performance standards.

Mathematical models of synthetic cells have focused primarily on predicting cell-
free protein synthesis, which is the most common type of biomolecular program
encapsulated inside synthetic cells. Varying in complexity, these models have in-
corporated some important processes of protein synthesis, such as utilization of nu-
cleotide triphosphates (NTPs) and amino acids by transcription and translation [38–
43]. Validating these models outside of their original experimental context, however,
has remained a challenge due to difficulties in reproducing or adapting computational
workflows.

New functionalities
As mentioned previously, researchers have worked on various modules for synthetic
cells, from metabolism to energy regeneration to cell division. However, most efforts
have focused on protein synthesis of single proteins within the synthetic cell or
encapsulation of simple purified components within the synthetic cell. Examples of
these efforts include construction of a synthetic mechanosensitive signaling pathway
in compartmentalized artificial cells [44], genetically encoded tissue formation by
expression of pore-forming proteins in synthetic cells [45], and expression and
assembly of bacterial microtubules for shaping synthetic cells [46].

More recently, advanced capabilities are beginning to be implemented in synthetic
cells. These efforts include work towards a genetically encoded divisome [47], an
energy regeneration pathway [37], and motility [48] in synthetic cells. However,
these capabilities (1) have not been fully realized, (2) are incompatible with other
modules in their current implementation, or (3) are not fully autonomous as they
would be in a living cell. For example, current efforts have been successful in
reconstituting and aligning an FtsZ division ring in synthetic cells, but division,
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contraction, and complete scission has not yet been fully realized in synthetic
cells. Meanwhile, efforts to create energy regeneration pathways in synthetic cell
membranes often rely on purification and reconstitution of membrane proteins in
liposomes using a process that is incompatible with encapsulation of a cell-free
protein synthesis system. Existing efforts to reconstitute synthetic cell motility
currently require external modulation or are incompatible with control mechanisms.
Thus, as researchers work to expand the capabilities of synthetic cells, there are many
opportunities for expanding the functionalities for synthetic cells while ensuring that
these functionalities are compatible with other synthetic cell modules.

1.5 Outline of thesis chapters
In this thesis, I describe my efforts to address some of the aforementioned challenges
in engineering synthetic cells.

In Chapter 2, I focus on irreproducibility in synthetic cells by investigating sources
of variability in in vitro transcription-translation (TX-TL) systems, a widely used
platform to implement biomolecular programs in synthetic cells. Our results show
clear roles for how magnesium (Mg2‚”, fuel, cell lysate preparation, and other TX-
TL reaction components separately affect transcription and translation and give rise
to TX-TL variability. We also show a high-level trend that TX-TL performance
is broadly constrained by energy availability, and that the performance space can
be traversed predictably by varying the concentrations of these TX-TL reaction
components.

In Chapter 3, I focus on improving predictability of synthetic cell performance, by
exploring whether an existing model of TX-TL coupled to cell-free metabolism can
be adapted outside its original experimental context. Using Bayesian parameter
inference, we show that it is relatively straightforward and remarkably powerful to
take the existing model and adapt it to new contexts by modifying just a few model
parameters. We first show that the model architecture is sufficient to capture a broad
range of protein expression dynamics, after which we demonstrate that the model
can both be predictive and provide experimental insights into variability among
TX-TL systems.

In Chapter 4, I focus on new functionalities and subsystem integration and show
preliminary efforts towards the construction of an ATP synthase-based “proto-
flagellum.” In designing a mechanism for autonomous, programmable motility,
we simultaneously attempt to create a proof-of-concept for integrating an energy
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regeneration subsystem with a motility subsystem. We show that these initial efforts
contain some experimental successes, and we highlight promising next steps towards
achieving a “self-driving” synthetic cell.
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C h a p t e r 2

METABOLIC PERTURBATIONS TO AN ESCHERICHIA
COLI-BASED CELL-FREE SYSTEM REVEAL A TRADE-OFF

BETWEEN TRANSCRIPTION AND TRANSLATION

This chapter has been published in the journal article indicated below and reprinted
with permission. It has been reformatted and included here with minor edits.
Copyright 2025 American Chemical Society.

Manisha Kapasiawala and Richard M. Murray. “Metabolic perturbations to an
Escherichia coli-based cell-free system reveal a trade-off between transcription
and translation.” In: ACS Synthetic Biology 13.12 (2024), pp. 3976–3990. doi:
10.1021/acssynbio.4c00361.

2.1 Introduction
Cell-free synthetic biology is a rapidly growing field that leverages synthetic biology
tools and techniques to engineer biological systems outside the traditional context
of living cells [1]. The cell-free approach offers many advantages over engineering
cellular systems, including greater control over the reaction environment, the ability
to produce toxic small molecules or proteins that are difficult to express in living
cells, and scalability for biomanufacturing and other applications. In recent years,
cell-free systems have been used for protein engineering [1, 2], rapid and high-
throughput prototyping of engineered biological components and systems [3–7],
biosensing and diagnostics [8–10] and the development of synthetic life [11–13].

Most cell-free applications rely on cell-free protein synthesis, where crude cell lysate
or purified proteins are supplemented with DNA and an energy buffer containing
small molecules that enable in vitro transcription and translation (TX-TL) [14–
16]. Although cell lysate-based TX-TL systems have many uses, their performance
and scope are limited by issues such as batch-to-batch variability [17], lack of
predictability [18], and limited lifetime [19]. These issues arise because cell lysate’s
proteomic composition largely reflects the cytosolic protein content of living cells.
While some of these proteins are harnessed to regenerate energy molecules for TX-
TL processes, most of them generate metabolites that are benign or even harmful
for TX-TL.
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To address these concerns, previous studies have sought to gain insight into TX-
TL dynamics through a variety of experimental approaches. Most of these studies
have focused on gaining detailed insight into how perturbations to TX-TL reaction
conditions - including salts [20, 21], fuel sources [22, 23], crowding agents [20, 24],
and other components [15, 19, 25–28] - affect TX-TL performance. Some studies
have taken a less targeted approach, with the authors opting instead to harness
lab automation and machine learning along with experiments to rapidly optimize
TX-TL systems [27, 29]. While these studies have helped elucidate which reaction
components and preparation steps affect TX-TL performance and predictability most
significantly, more work is necessary to determine why these factors contribute to
variability and limited TX-TL lifetime as well as the broader implications they have
for design principles for TX-TL systems.

Aiming to get a more holistic view of cell-free reaction dynamics, more recent
studies have focused on measuring small molecules - including NTPs, amino acids,
and central carbon metabolites - that participate in cell-free metabolism and studying
or modeling their effects on TX-TL [30–33]. In one such study, the authors found
that the majority of E. coli metabolic pathways are active during TX-TL [33], and
they subsequently used these insights to form a phenomenological model of TX-
TL coupled to cell-free metabolism, with the model containing “fuel,” “energy,”
and “waste” species and their effects on TX-TL. By linking cell-free metabolism’s
effects on TX-TL dynamics to specific TX-TL reaction components, these studies
have suggested that further insight into TX-TL predictability, variability, and lifetime
could come from further investigation of the effects of metabolism on TX-TL.

Building off the experiments and insights from these previous studies, to understand
the effect of cell-free metabolism on TX-TL variability, we focused our efforts on
the chemical composition of the buffer that is used with cell lysate and DNA to
form a TX-TL reaction. We targeted two classes of small molecules to modulate:
“energy” molecules, specifically nucleotide triphosphates (NTPs), which power
TX-TL processes, and “fuel” molecules, which regenerate NTPs via cell lysate
metabolism. We also considered the effects of magnesium (Mg2‚), both because
of its biological importance - in stabilizing nucleic acids and ribosomes, acting as
an essential cofactor for many enzymes, and making ATP bioactive in the form of
Mg-ATP - and because of several previous findings suggesting its role in modulating
TX-TL dynamics [21, 24, 25, 28].

Using malachite green mRNA aptamer (MG aptamer) and destabilized enhanced
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green fluorescent protein (deGFP) as transcriptional and translational readouts,
respectively, we report the presence of a trade-off between optimizing total protein
yield and optimizing total mRNA yield, as measured by integrating the area under the
curve for mRNA time-course dynamics. We found that the trade-off is present across
different fuel sources, that a system’s position along the trade-off curve is determined
strongly by Mg2‚ concentration and fuel type, and that the trade-off curve’s location
shifts and range becomes larger as DNA concentration is increased. In systems
where transcription and translation were decoupled, we found that a distinct regime
optimized for translation exists in the translation-only system, but no distinct regime
was optimized for transcription in the transcription-only system, suggesting that
the trade-off arises at the translational level. Finally, in systems where additional
energy is supplied and a fuel source is absent, the trade-off is absent. Overall, our
results suggest that the trade-off arises from limitations in translation regulation
and inefficient energy regeneration. By improving our understanding of the effects
of fuel and energy metabolism on TX-TL in cell-free systems, this work provides
insight into design considerations for future studies aimed at improving TX-TL
performance, lifetime, standardization, and prediction.

2.2 Results
E. coli Rosetta2 cell-free systems exhibit a trade-off between transcription and
translation across fuel sources and concentrations
As most previous studies have utilized either a design of experiments approach (e.g.,
randomly surveying many reaction compositions) or modulated components one at
a time, we chose to simultaneously vary the fuel and Mg2‚ concentrations. We
performed TX-TL reactions consisting of fuel versus Mg2‚ panels, where the former
was varied between 0 and 45 mM, the latter was simultaneously varied between
0 and 10 mM, and all other reaction components were kept the same [14] (see
Materials and Methods for more details) (Figure 2.1a). As the preparation of cell
lysate varies significantly from lab to lab and is difficult to keep consistent [18], we
performed experiments in two cell lysate preparations - prepared by different lab
members and using different lysis methods, among other differences to see if these
chemical factors acted consistently.

For fuel molecules, we focused on four fuel metabolites with varying degrees
of energy regeneration and waste generation capacity that spanned central car-
bon metabolism to gain insight into how different fuel molecules affect TX-TL
through their effect on metabolism. We chose four central carbon metabolites: 3-
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phosphoglyceric acid (3PGA), maltose, pyruvate, and succinate (Figure 2.1b). We
targeted 3PGA - whose conversion to pyruvate regenerates ATP during glycolysis
- because it is one of the standard molecules [14] used for energy regeneration
in cell lysate-based TX-TL systems (the others being phosphoenolpyruvate (PEP)
and pyruvate). We chose pyruvate because it is located downstream of 3PGA
in the glycolysis pathway and can also participate in energy regeneration, albeit
without contributing potential waste molecule inorganic phosphate (Pi) to the sys-
tem [21]. We selected maltose, which consumes Pi and outputs a glucose molecule
and glucose-6-phosphate (G6P) molecule, because it has been used previously to
improve energy regeneration by recycling Pi [34]. However, as one maltose molecule
can be used to generate two G6P molecules and thus four 3PGA molecules, maltose
produces more candidate waste molecules per molecule of fuel compared to the
other three fuels. These candidate waste molecules include acetate, ethanol, lactate,
and formate (and their conjugate organic acids), which may inhibit TX-TL either
directly or indirectly by reducing pH too low for optimal enzyme activity [35–37].
Finally, we considered succinate, whose conversion from succinyl-CoA regenerates
GTP. As the succinyl-CoA to succinate reaction is reversible, we believed that the
addition of succinate could slow down GTP regeneration by favoring the reverse
reaction, thereby reducing the overall rate of energy regeneration to a level where
energy could be used more efficiently by TX-TL. TX-TL reactions were supplied
with one of two different preparations of cell lysate along with plasmid DNA encod-
ing the sequence for the expression of MG aptamer, which fluoresces upon binding
to malachite green (MG) dye, and deGFP, under a POR1OR2 promoter. For each reac-
tion condition, the total integrated area under MG aptamer fluorescence curve and
maximum deGFP were calculated as measurements of transcription and translation,
respectively. The results of these experiments are shown in Figure 2.1.

By plotting maximum deGFP versus integrated MG aptamer for all fuel sources
across different fuel and Mg2‚ concentrations, we observed a trade-off between
optimizing maximum deGFP and optimizing integrated MG aptamer (Figure 2.1c,
d). The same trade-off curve was observed across all fuel sources, and points
corresponding to systems with no added fuel also fell along the same curve (Figure
2.1c). Furthermore, when all fuels are treated equally, a system’s position along
the trade-off curve was mostly unaffected by the concentration of fuel (Figure 2.1d,
bootstrapped Spearman’s rho correlation of 0.22 ± 0.05). Control experiments
indicated that the fluorescence of deGFP was robust across different 3PGA and
Mg2‚ concentrations used in these experiments and that MG aptamer fluorescence
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Figure 2.1: TX-TL trade-off across fuel sources and concentrations. (a) Overview
of experimental workflow. (b) Simplified map of E. coli core metabolism with NTP
consumption and regeneration. A simplified glycolysis, TCA cycle, and interacting
branch of the Pentose Phosphate Pathway are shown. Consumption or regeneration
of other cofactors - such as NADH, FADH, QH2, H2O, and CO2 - is omitted for
simplicity. (c,d) Maximum deGFP values versus integrated MG aptamer values,
colored by either (c) fuel type or (d) fuel concentration. Each point represents one
of three replicates of a particular set of fuel and Mg2‚ concentrations. The data
shown reflect experiments performed in two preparations of cell lysate, Preparation
1 and Preparation 2 (see Materials and Methods for details), and all experiments
were performed using 5 nM DNA.
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was robust to changes in Mg2‚ and pH (Figure S2.1a,c). While deGFP fluorescence
was sensitive to pH, it was robust to Mg2‚ in the relevant range of 0-10 mM and
to pH across the estimated range of 6.5-7 [22, 23] (Figure S2.1b). As there was
no observed trend of decreasing deGFP (or increasing MG aptamer) fluorescence
with increasing fuel concentration, there did not appear to be a fuel concentration-
dependent effect on fluorescence, including but not limited to pH. This suggested
that expression of MG aptamer and deGFP, rather than their fluorescence alone,
were changing across the various fuel and Mg2‚ concentrations. Overall, these
results suggest the presence of a trade-off between transcription and translation for
the fuels considered here.

The results of this initial experiment were surprising because all points fell along
the same trade-off curve, regardless of fuel type or lysate preparation. These
results seem to suggest that while these TX-TL systems with different fuel types and
concentrations exhibit variability in transcriptional and translational performance,
their performance is constrained to a single trade-off curve that could be traversed
for a given fuel type and desired performance.

Variability along the trade-off curve is controlled by Mg2‚ concentration and
lysate preparation
To investigate which factors controlled a system’s position along the trade-off curve,
we colored the data in Figure 1 by Mg2‚ concentration and cell lysate preparation,
as shown in Figure 2.2. We found that when considering all fuels equally, as
the concentration of added Mg2‚ increases, a TX-TL system generally shifts from
a translation-optimized regime to a transcription-optimized regime (Figure 2.2a,
bootstrapped Spearman’s rho correlation of 0.63 ± 0.02). We also found that while
data for the two preparations of lysate fell along the same curve, variability along
the curve could be further explained by lysate preparation (Figure 2.2b).

As the Mg2‚ trend is present across a variety of fuel sources (Figure S2.2), our results
suggest that Mg2‚ concentration can be tuned for a given set of cell lysate prepara-
tion, fuel type, and fuel concentration to reduce variability, improve predictability, or
design TX-TL systems optimized for performance, including optimizing transcrip-
tion, translation, or some combination of both. As Mg2‚ is an essential cofactor for
many proteins, these results also suggest that the TX-TL trade-off originates in part
from Mg2‚-dependent regulation of TX-TL and/or metabolism machinery.

Inspecting Figure 2.2a more closely revealed that the Mg2‚ trend was not completely
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Figure 2.2: Effects of varying Mg2‚ concentration and lysate preparation on the
TX-TL trade-off. These panels show the same data from Figure 1C,D colored by
the (a) concentration of added Mg2‚ (in addition to the Mg2‚ that is already in the
cell lysate from its preparation in S30B buffer) or (b) lysate preparation. Each point
represents one of three replicates of a particular set of fuel and Mg2‚ concentrations.
The data shown reflect experiments performed in two preparations of cell lysate,
Preparation 1 and Preparation 2, in systems using 5 nM DNA.

consistent; plotting the trade-off separately for each fuel source revealed that a
system’s position along the trade-off curve was less correlated with Mg2‚ in 3PGA-
fueled systems than in systems using other fuels (Figure S2.2a, see figure caption for
Spearman’s rho correlation values). Specifically, while TX-TL systems fueled by
pyruvate, succinate, and maltose were able to optimize translation at 0 mM added
Mg2‚ and optimize transcription at 10 mM added Mg2‚, some 3PGA-fueled systems
were able to achieve high deGFP yields at high concentrations of added Mg2‚.

In 3PGA-fueled systems, increasing fuel pushes a system from a transcription-
optimized to a translation-optimized regime
To understand why 3PGA-fueled systems deviated from the Mg2‚ trend, we plotted
the data from Figure 2.1d separately for each fuel type, as shown in Figure 2.3. While
systems fueled by maltose, pyruvate, and succinate displayed a weak trend along
the trade-off curve with increasing fuel concentration (Figure 2.3b-d, bootstrapped
Spearman’s rho correlations of 0.33 ± 0.09, 0.14 ± 0.07, and 0.27 ± 0.07, respec-
tively), we found that in 3PGA-fueled systems, increasing fuel concentration was
more strongly correlated with a system’s position along the trade-off curve (Figure
2.3a, bootstrapped Spearman’s rho correlations of 0.55 ± 0.05). Specifically, in-
creasing 3PGA concentration generally shifted a TX-TL system from a transcription-
optimized regime to a translation-optimized regime. This phenomenon was also
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observed in 3PGA-fueled TX-TL systems where the volume fraction of cell lysate
in a TX-TL reaction was increased or decreased by 25% (Figure S2.3), with the
trend becoming stronger as the lysate fraction was increased (Figure S2.3d), thus
extending the relevance of the trend to TX-TL systems using alternative cell lysate
volume fractions [25].

Figure 2.3: Effects of varying fuel concentration on the TX-TL trade-off by fuel
type. The same data are shown as in Figure 2.1c,d with points colored by fuel
concentration. Each point is one of three replicates of a set of fuel and Mg2‚ con-
centrations, where fuel is either (a) 3PGA, (b) maltose, (c) pyruvate, or (d) succinate.
Experiments were performed in two preparations of cell lysate, Preparation 1 (o)
and Preparation 2 (+), in systems using 5 nM DNA.

We next sought to confirm whether the TX-TL trade-off and 3PGA trend extended to
systems using different reporter plasmids. The results of these 3PGA versus Mg2‚

panels are shown in Figure 2.4. We first switched the promoter from POR1OR2 to
PT7, where we found that the TX-TL trade-off and 3PGA trend were present across
PT7-driven TX-TL systems (Figure 2.4b, bootstrapped Spearman’s rho correlation
of 0.58 ± 0.06), including in a system where the order of fluorophores was flipped
(Figure S2.4), just as they were in POR1OR2-driven systems (Figure 2.4a, bootstrapped
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Figure 2.4: Effects of 3PGA concentration on the TX-TL trade-off across different
reporter plasmids. Shown are trade-off curves corresponding to (a) POR1OR2-MG
aptamer-deGFP, (b) PT7-MG aptamer-deGFP, (c) PTet-MG aptamer-deGFP, and (d)
PTet-F30 Pepper-mTurquoise2. POR1OR2, a strong promoter, and PTet, a medium
strength promoter, are constitutive promoters, and PT7 is a strong non-E. coli pro-
moter expressed in TX-TL reactions supplemented with 10 µM T7 RNA polymerase.
Each point represents one of three replicates of a set of 3PGA and Mg2‚ concen-
trations and is colored by 3PGA concentration. The data shown in (a-c) reflect
experiments performed in cell lysate Preparation 3, while the data in (d) reflect ex-
periments performed in cell lysate Preparation 2. All experiments were performed
using 5 nM DNA.
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Spearman’s rho correlation of 0.69 ± 0.05). When the promoter was changed to
PTet, however, the TX-TL trade-off curve was no longer visible, and the 3PGA
trend was weaker (Figure 2.4c, bootstrapped Spearman’s rho correlation of 0.44
± 0.08). In PTet-driven TX-TL systems, it appeared that only some portion of the
data, corresponding to about 15-30 mM 3PGA, fell along the common trade-off
curve (Figure S2.5). The data corresponding to 0-5 mM 3PGA did not give the
highest MG aptamer yields as in Figure 2.4a,b, and at high 3PGA concentrations,
the left edge of the curve dipped, reflecting decreased deGFP yields at high 3PGA
concentrations. To determine if this was a behavior unique to this promoter, we also
performed a 3PGA versus Mg2‚ panel in systems expressing the F30-Pepper aptamer
and mTurquoise2 under a PTet promoter (Figure 2.4d). Here, the trade-off curve and
3PGA trend were present as before (bootstrapped Spearman’s rho correlation of 0.51
± 0.06), although as in systems using the PTet-MG aptamer-deGFP plasmid, there
was a decrease in protein yields at higher 3PGA concentrations.

While it is not clear what caused this change in the shape of the trade-off curve in
PTet-driven systems, this finding is consistent with the hypothesis that the TX-TL
trade-off is indicative of a fundamental trade-off in fuel and energy metabolism. In
such systems, weaker promoters would not be able to maximize rates of transcription
and translation output as effectively, resulting in less deGFP being expressed before
energy is dissipated by metabolic processes competing for the same energy pool
and before translation-inhibiting waste is accumulated compared to TX-TL under
strong promoters. This could explain why deGFP yields tend to drop at high
3PGA concentrations in Figure 2.4c,d, although this explanation is insufficient to
explain the shape of the data in Figure 2.4c. While more promoters need to be
tested to determine the generalizability of the TX-TL trade-off to systems using
different genetic parts, the presence of the trade-off in PT7-driven MG aptamer and
deGFP expression was notable, considering that the PT7 promoter is widely used in
applications aimed at maximizing protein expression.

In 3PGA-fueled systems, the TX-TL trade-off and fuel trend are consistent
across DNA concentrations
Having confirmed that the TX-TL trade-off was present in a wide variety of TX-TL
systems, we next sought to confirm whether the trade-off curve scaled with DNA
concentration, as previous experiments had all been performed with 5 nM DNA. For
this set of experiments, we decided to focus on 3PGA-fueled systems since 3PGA
and its downstream metabolic product PEP are the most widely used metabolites
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for energy regeneration in TX-TL systems, and gaining insight into the TX-TL
trade-off in 3PGA-fueled systems would have greater relevance for studies aimed at
characterizing and improving these systems.

We performed 3PGA panels versus Mg2‚ panels at DNA concentrations of 1, 2.5,
5, 7.5, and 10 nM, and these results are shown in Figure 2.5. We found that the
TX-TL trade-off curve’s location shifted, and the range of MG aptamer and deGFP
concentrations increased, as DNA concentration was increased, with a curve first
becoming apparent at 2.5 nM DNA and then becoming more apparent as the DNA
concentration was increased (Figure 2.5a).

Figure 2.5: Effects of varying DNA concentration on the TX-TL trade-off. (a)
Each point represents one of three replicates of a particular set of 3PGA and Mg2‚

concentrations, where points are colored by DNA concentrations ranging from 1 to
10 nM. (b) Same data are shown as in (a), albeit with the points colored by 3PGA
concentration rather than DNA concentration. The data shown reflect experiments
performed in cell lysate Preparation 2 (see Materials and Methods for details).

As in the 5 nM DNA cases discussed in the previous section, the trend in shifting
a system from a transcription-optimized regime to a translation-optimized regime
at higher 3PGA concentrations was also consistent in the trade-off curves at DNA
concentrations higher than 1 nM (Figure 2.5b, bootstrapped Spearman’s rho correla-
tions of 0.46 ± 0.08, 0.60 ± 0.07, 0.63 ± 0.06, 0.66 ± 0.06, and 0.69 ± 0.06 for DNA
concentrations of 1, 2.5, 5, 7.5, and 10 nM, respectively). Preliminary analyses also
revealed that transcription scaled linearly with increasing DNA concentration in
systems along lines that intersected the trade-off curves (Figure S2.6). This finding
is particularly relevant for transcription-only systems, where this linear relationship
may make it easier to predict the performance of transcriptional circuits based on
the concentrations of DNA species. More experiments are needed to determine



25

whether this linear transcriptional scaling is a general phenomenon in the TX-TL
systems.

Trade-off arises at the translational level in 3PGA-fueled systems
Having confirmed that there was a TX-TL trade-off that controlled a system’s tran-
scriptional and translational capacity as a function of Mg2‚ concentration broadly,
and additionally as a function of 3PGA concentration when that fuel source was
used, we next sought to gain more insight into the cause of the trade-off in 3PGA-
fueled systems. It was not clear from our previous data whether conditions that
optimized transcription versus conditions that optimized translation were mutually
exclusive in that optimal Mg2‚ and 3PGA concentrations were simply different for
transcription versus translation. An alternative explanation was that either or both
of the processes, transcription and translation, had an inhibitory effect on the other
process; in the case where only one process inhibited the other, the first process
could be inhibited by the reaction environment. A third possible explanation was
that transcription and translation were processes competing for the same resources
but that one process had a preferred regime for optimization. In this scenario, the
energy-dominating process would have an optimal regime, and the other process
would only be optimal where the energy-dominating process was strictly not opti-
mal, thereby leaving more resources for the nondominating process. Combinations
of these explanations, or others, could also explain the observed trade-off.

To gain insight into the individual processes of transcription and translation, we
decoupled the TX-TL system into a transcription-only (TX-only) system and a
translation-only (TL-only) system. In the TX-only system, tetracycline was added
to the system to block translation via inhibition of translation initiation through its
binding to the 30S subunit of the ribosome [38]. In the TL-only system, mRNA was
added instead of DNA. The results of these experiments are shown in Figure 2.6.

Using heatmaps to display integrated mRNA and maximum deGFP data, we found
that in the TX-TL system (Figure 2.6a), the regime of Mg2‚ and 3PGA concentrations
that optimized transcription was distinct and different than the regime that optimized
translation (Figure 2.6d). Specifically, optimal transcription preferred low 3PGA
and high Mg2‚ concentrations, and optimal translation preferred high 3PGA and low
Mg2‚ concentrations; both findings are consistent with the trade-off curve. However,
in the TX-only system (Figure 2.6b), MG aptamer expression was not optimized at
low 3PGA and high Mg2‚ as in the case of Figure 2.6d; rather, it was broadly optimal
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Figure 2.6: Decoupling of transcription (TX) and translation (TL). (a-c) Experimen-
tal schemes corresponding to the data shown in (d-f), respectively. (a) Simplified
view of TX-TL: POR1OR2-MG aptamer-deGFP DNA is translated by E. coli RNA
polymerase to mRNA, which fluoresces upon binding to MG dye. The mRNA is
then translated by ribosomes into deGFP protein. (b) Simplified view of TX-only
system: TX proceeds as in (a), but translation is inhibited by tetracycline, which
binds to ribosomes and inhibits translation initiation. (c) Simplified view of TL-
only system: MG aptamer-deGFP mRNA, rather than DNA, is added to the system,
and the mRNA is translated into deGFP protein. (d-f) Integrated mRNA (top) and
maximum deGFP measurements (bottom) for the (d) TX-TL system, (e) TX-only
system, to which 200 µg/mL tetracycline was added, and (f) TL-only system, where
0.3 µM mRNA was added at the beginning of the reaction. All reactions shown
used lysate Preparation 2, and the TX-TL and TX-only systems used 5 nM DNA.
Each measurement is the average of three replicates for that experimental condition.
Color bars are scaled separately for each plot.
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at 3PGA concentrations ranging from 0 to 30 mM and 0 to 10 mM added Mg2‚

(Figure 2.6e). Overall transcription was also higher, likely due to the abundance
of energy in the absence of translation. Meanwhile, in the TL-only system (Figure
2.6c), higher deGFP yields were achieved, as before, at low Mg2‚ and high 3PGA
concentrations, despite reduced mRNA degradation in the regime of high Mg2‚ and
low 3PGA concentrations (Figure 2.6f).

These data suggest that the TX-TL trade-off is caused by a combination of translation
optimization at low Mg2‚ and high 3PGA concentrations, increased MG aptamer
stability at high Mg2‚ and low 3PGA concentrations, and competition for resources
in the TX-TL system. In other words, optimal translation occurs where conditions
are ideal for that process, and optimal transcription occurs where translation is
suboptimal and leaves more fuel and energy resources for transcription. While these
experiments did not shed light on the mechanism governing translation optimization
at lower Mg2‚ and higher 3PGA concentrations, they suggest that the TX-TL trade-
off arises at the translational level in 3PGA-fueled systems.

TX-TL trade-off is absent when TX-TL systems are supplied with no fuel or
Mg2‚ and additional energy
The TX-TL decoupling experiments had implied that the TX-TL trade-off arose
in part due to competition for fuel and energy resources between transcription and
translation. By this hypothesis, TX-TL systems with abundant energy should not fall
along the trade-off curve, particularly in a regime of low Mg2‚ concentration where
both transcription and translation were favorable when not limited by a competing
process (Figure 2.6e,f). To test this hypothesis, we next performed experiments
in which TX-TL systems were supplied with an excess of energy. To mitigate the
potential effects of waste accumulation that came with adding high levels of central
carbon-based fuel sources, we decided against using any central carbon fuel source
(i.e., 3PGA, maltose, pyruvate, or succinate) for energy regeneration. As Mg2‚ also
had a translation-inhibition effect, for these experiments, we also decided against
adding additional Mg2‚. Instead, to explore the space of different energy sources
and concentrations, we performed a three-dimensional panel of ATP versus GTP
versus NTPs, where each solution was added at a final concentration of 0, 5, 10, or
15 mM. The results of these experiments are shown in Figure 2.7.

As expected, TX-TL systems supplied with additional energy molecules and no fuel
or no Mg2‚ did not fall along the previously found trade-off curve corresponding
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Figure 2.7: Absent TX-TL trade-off in the absence of fuel or Mg2‚. (a) Overview of
experimental workflow. (b) Maximum deGFP values versus integrated MG aptamer
value. A log scale was chosen for the latter axis to prevent high MG aptamer values
from skewing the data in a way that made it difficult to view the original trade-off
data. Each point represents one of three replicates of a particular set of NTP, added
ATP, and added GTP concentrations, colored by the fuel type. Here, the “central
carbon” fuel data is the same as in Figure 1, and those reactions all contain 4.8 mM
NTPs. The “NTPs” fuel data reflect experiments where no central fuel or Mg2‚ has
been added. The data shown reflect experiments performed in two preparations of
cell lysate, Preparation 1 and Preparation 2 (see Materials and Methods for details),
and all experiments were performed using 5 nM DNA.

to that DNA concentration (5 nM), and overall, these NTP-fueled systems dis-
played a weaker trend of decreasing deGFP with increasing integrated MG aptamer
(Spearman’s rho correlation of -0.47) compared to central carbon-fueled systems
(Spearman’s rho correlation of -0.90). Additionally, NTP-fueled systems could
achieve deGFP yields comparable to systems supplied with pyruvate or maltose,
and integrated MG aptamer yields 3-10× higher than in TX-TL systems supplied
with those fuels and Mg2‚. While there was no clear trend in ATP, GTP, or total
NTP concentration for the data shown in Figure 7B, generally, as the concentration
of NTPs increased, integrated MG aptamer values increased, and deGFP values de-
creased (Figure S2.7), which is consistent with a previous finding [28] The decrease
in deGFP yields despite the abundance of energy was likely due to the NTP chela-
tion of Mg2‚, which is necessary for ribosomes and other translation machinery.
Although Mg2‚ was not directly added to the reactions, it was present at a concen-
tration of around 4 mM due to the presence of S30B buffer (used in the preparation
of cell lysate) in the reaction. Our results suggest that fuel-supplied TX-TL systems
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are indeed energy-limited and that the TX-TL trade-off curve exists in part due to
competition for a limited pool of energy for transcription and translation.

The data revealed three additional insights. First, systems with no fuel or no Mg2‚

and high NTPs often exhibited unusual transcriptional and translational dynamics
(Figure 2.5). Some systems exhibit long time delays in transcription (Figure 2.5a)
or translation (Figure 2.5e,f). Other systems exhibited biphasic expression (Figure
2.5b,d) or steady-state transcription rates as opposed to the typical transcription
pulse (Figure 2.5c).

Second, although NTP-fueled TX-TL systems did not achieve protein yields as
high as those achieved in systems with 3PGA, supplying systems with 10 mM NTPs
helped achieve integrated MG aptamer and deGFP yields comparable to systems with
about 5 mM NTPs and 10 mM 3PGA, the latter of which should have regenerated
10 mM ATP. This suggests that while energy regeneration is likely occurring in
3PGA-fueled systems, energy being regenerated is not being used efficiently. A
large fraction of that regenerated energy, perhaps the majority, is likely fueling
metabolic processes that are irrelevant to transcription or translation.

Third, if the TX-TL trade-off curve was indicative of a greater trade-off between
efficient energy regeneration and waste minimization, then any potential translation-
inhibiting waste product was likely not produced as a result of total transcription,
since relatively high maximum deGFP yields were achieved with high integrated
MG aptamer values in the case of NTP-fueled systems (Figure 2.7b). The waste
product also did not appear to be solely a product of fast transcription; while there
was negative correlation between the maximum rate of transcription and maximum
deGFP in central carbon-fueled systems (Spearman’s rho correlation of -0.63), there
was a positive correlation between the maximum rate of transcription and maximum
deGFP in NTP-fueled systems (Figure S2.9). These data suggest that the waste was
likely derived from the metabolism of the central carbon fuels. Mg2‚ versus fuel
panels performed with all fuels in the regime of low DNA concentration (i.e., 1 nM)
showed that in a transcription-limited regime, central carbon-fueled TX-TL systems
indeed preferred low fuel concentrations for high deGFP yields (Figures S2.10-
S2.13). These results suggest that these systems were not able to sufficiently utilize
central carbon-fueled energy regeneration and thus could not rapidly make protein
before waste accumulated compared to systems with 5 nM DNA, thereby supporting
the idea that waste products were, in part, central carbon metabolism-derived.
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2.3 Discussion
An improved understanding of cell-free TX-TL systems is essential for scaling up,
expanding the scope of, and improving the performance of TX-TL applications in
academic and industrial settings. By using metabolic perturbations as a tool to
gain insight into the behavior of TX-TL systems in different metabolic regimes, this
study has shed light on how Mg2‚ and fuel contribute to TX-TL variability and how
these two components and NTPs affect TX-TL performance. Our results indicate
the presence of a trade-off between transcription and translation in E. coli-based
TX-TL systems and show clear roles for how Mg2‚, fuel, cell lysate preparation, and
other factors affect transcription and translation and give rise to TX-TL variability.

Armed with these insights, other users of TX-TL systems aiming to reduce variability
and standardize their systems may consider calibrating the concentrations of the
relevant small molecules (fuel, Mg2‚, and DNA) for their application so that TX-TL
curves for different systems have similar locations, shapes, and other characteristics.
By characterizing different preparations of cell lysate by the shape and location of
their trade-off curves, for example, we can understand their respective transcriptional
and translational limits. Beyond reducing variability and improving standardization,
this study also has relevance for efforts aimed at increasing the predictability and
performance of TX-TL systems for desired uses. A user can optimize transcription
versus translation optimization in different preparations of cell lysate by choosing
the appropriate set of fuel types, fuel concentrations, and Mg2‚ concentrations for
a particular genetic program, whether it be a complex transcriptional circuit or a
simple program for maximum protein yield. The data included with this paper
provide hundreds of unique reaction conditions that can serve as a starting point
for exploring conditions that are optimized for high protein yields, long reaction
lifetime, specific temporal dynamics, or other desired behaviors.

In addition to providing insight into design considerations for TX-TL systems, the
TX-TL trade-off curve, initially a surprising finding, has also provided a simple
yet powerful way of gaining insight into fundamental trade-offs in fuel and energy
metabolism. Taken together, our results suggest that the TX-TL trade-off is present in
energy-limited systems and is indicative of a trade-off between energy regeneration
and waste accumulation that results from fuel metabolism. In other words, while
fuel molecules enable energy regeneration, their own metabolism also results in
waste accumulation (through the generation of immediate or downstream products)
that affects TX-TL processes. While the identities of the waste molecules remain
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unknown, our results suggest that in 3PGA-fueled systems, the waste is partially
3PGA-derived and affects translation. This insight, along with results from the
TX-TL decoupling experiments, have helped us to create a new model of cell-free
metabolism coupled to cell-free TX-TL (Figure 2.8). While this model has not
been validated computationally, doing so may enable improved prediction of TX-TL
performance, perhaps even in non-lysate-based TX-TL systems (e.g., PURE-based
systems [16]), and this remains an active area of future work.

Figure 2.8: New model for cell-free metabolism coupled to cell-free TX-TL. The
conversion of fuel to waste regenerates energy, which can power transcription and
translation, but the accumulation of waste inhibits translation. The fuel-energy-
waste paradigm is derived from an existing model [33]. This model’s key con-
tribution is providing roles for Mg2‚ via its inhibition of mRNA degradation and
translation.

In revealing the fundamental metabolic trade-offs in TX-TL systems, this work has
also shed light on why previous studies aimed at increasing protein yield have
been largely unsuccessful. Our data suggest that low Mg2‚ concentrations, strong
promoters, and high DNA concentrations - and high 3PGA concentrations where
3PGA is used - are necessary for high deGFP yields. However, it is not possible to
remove more Mg2‚ from the system without compromising the function of proteins
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in the cell lysate, nor is adding more fuel possible, as the inability of TX-TL systems
to take advantage of faster energy regeneration will make faster waste accumulation
an issue at high fuel concentrations. Adding too much DNA may skew the systems
toward transcription rather than translation. Previous studies aimed at improving
deGFP yields have focused on other mechanisms of energy regeneration and waste
mitigation, such as using combinations of fuels like 3PGA and maltose [34], and such
approaches and others, including at the level of plasmid design, will be necessary
for vastly improving protein yields in lysate-based TX-TL systems.

Overall, by elucidating the effects of cell-free metabolism on TX-TL systems, this
work lays a foundation for improving TX-TL performance, lifetime, standardization,
and prediction. Ultimately, it represents one of many such steps that will be necessary
for further improvement of TX-TL systems, whether that be for applications in
biomanufacturing, for gaining insight into natural biological systems, or for the
development of synthetic life.

2.4 Materials and methods
Preparation of cell lysate
Cell lysate was prepared from E. coli BL21 Rosetta2 cells using the protocol es-
tablished by Sun and co-workers [14] with some modifications. Briefly, cells were
grown sequentially in 6 mL, 100 mL, and 1 L cultures, where smaller cultures were
used to inoculate larger ones. Once 6 L of culture had grown to roughly an OD600 of
2, cells were repeatedly centrifuged and washed with S30B buffer by resuspension.
Cells were then resuspended in S30B buffer and subjected to cell lysis.

For lysate Preparation 2 and Preparation 3, cells were resuspended at 1.4 g of cells
per mL of S30B buffer and lysed by a French cell press at a pressure of 640 psi.
For lysate Preparation 1, cells were resuspended to 1 g of cells per mL of S30B
buffer and lysed by sonication at a probe frequency of 20 kHz and an amplitude
of 50%. Cells were sonicated at 10 s ON/OFF intervals for a total of 60 s ON (6
ON/OFF cycles), resulting in approximately 300 Joules of energy delivered. After
both methods of cell lysis, 3 µL of 1 M DTT was added per mL of the cell lysate,
and the lysates were then centrifuged to remove cell debris. All preparations of
lysate were then subjected to a 1 h runoff reaction at 37°C, after which they were
subjected to centrifugation to remove additional debris.

Lysate Preparation 2 and Preparation 3 were additionally subjected to dialysis at
4°C via Slide-a-Lyzer G3 cassettes (10 kDa, 15 mL) placed in a beaker containing
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S30B buffer and a magnetic stir bar to facilitate diffusion. Excess air was removed
by using a syringe. Lysate Preparation 2 was dialyzed for 4 h (where cassettes were
transferred to a beaker of fresh S30B at the 2 h mark) at 140 rpm. Lysate Preparation
3 was dialyzed for 2 h (where cassettes were transferred to a beaker of fresh S30B
at the 35 min mark) at 160 rpm.

Finally, both preparations of cell lysate were aliquoted, flash-frozen in liquid nitro-
gen, and stored at –80°C until further use. Bradford assays determined that the final
protein concentrations for the cell lysates were 30-40 mg/mL.

Cloning plasmids used to express deGFP
The POR1OR2-MG aptamer-deGFP plasmid used to express deGFP was originally
prepared by Dan Siegal and modified by Zoila Jurado via site-directed mutagenesis
to change the PT7 promoter to a POR1OR2 promoter and the T7 terminator to a T500
terminator. This plasmid is the POR1OR2-MG aptamer-UTR1-deGFP-T500. The
PTet-MG aptamer-UTR1-deGFP-T500 plasmid was subsequently constructed using
site-directed mutagenesis to change the POR1OR2 promoter to a PTet promoter to
make expression results as comparable as possible. The PT7-MG aptamer-UTR1-
deGFP-T7terminator plasmid was originally prepared by Siegal and modified us-
ing site-directed mutagenesis to add a few extra bases to the PT7 promoter. The
PTet-F30Pepper-UTR1-mTurquoise2-ECK120029600 plasmid was constructed us-
ing Golden Gate Assembly of CIDAR MoClo part plasmids. All plasmid sequences
are given in the Supporting Information section.

Preparation of template DNA plasmids
In experiments in which the POR1OR2-MG aptamer-UTR1-deGFP-T500 plasmid
was used, template DNA for the cell-free reactions was prepared from E. coli
KL740 cells (purchased from Arbor Biosciences) that had been transformed with
the plasmid described above. Cells were grown overnight at 30°C, in lysogeny
broth (LB) medium supplemented with 100 µg/mL carbenicillin, and either Mini-
prepped (using a Qiagen Mini-prep kit) or Midi-prepped (using a Macherey-Nagel
NucleoBond Xtra Midi kit) the next day using the appropriate protocols. When
Mini-prepping, DNA was eluted with nuclease-free water; when Midi-prepping,
after the concentration step, DNA was eluted with IDTE buffer (10 mM Tris-HCl,
0.1 mM EDTA).

The PTet-MG aptamer-UTR1-deGFP-T500, PT7-MG aptamer-UTR1-deGFP-T7ter-
minator, and PTet-F30Pepper-UTR1-mTurquoise2-ECK120029600 plasmids were
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prepared from cells grown overnight at 37°C in LB medium supplemented with
100 µg/mL carbenicillin (for the deGFP plasmids) or 50 µg/mL kanamycin. The
cells were Mini-prepped using a Qiagen Mini-prep kit, where DNA was eluted with
nuclease-free water.

The PT7-UTR1-deGFP-MG aptamer-T7terminator plasmid was constructed from
the plasmid pTXTL-T7p14-deGFP (Arbor Biosciences, myTXTL Toolbox 2.0 plas-
mid collection, now discontinued). The plasmid was modified by the insertion of
a MG aptamer sequenced after the deGFP sequence with the use of the following
primers: CGAGGGGATCCCGACTGGCGAGAGCCAGGTAACGAATGGATCC-
CTTAGGAGATCCGGCTG (forward primer) and GGGATCCATTCGTTACCTG-
GCTCTCGCCAGTCGGGATCCCCTCGAGTTAGATCCCGGC (reverse primer).
The template plasmid was first added to a PCR reaction with these primers, using
an annealing temperature of 60°C and an elongation time of 2.5 min. Next, the PCR
reaction was subjected to a 1 h DpnI digest to remove the template DNA via the ad-
dition of 0.25 µL of DpnI enzyme (purchased from New England Biolabs at 20,000
units/mL) per 25 µL reaction and subsequent incubation at 37°C for 1 h. Next,
PCR cleanup was performed using the Qiagen Mini-prep kit to extract linear DNA.
Finally, the linear DNA was recircularized by performing a Gibson reaction using
NEBuilder HiFi DNA Assembly Master Mix, after which 0.5 µL of the reaction mix
was then used to transform 50 µL of competent cells, which were grown overnight
at 37°C on LB agar plates with 100 µg/mL carbenicillin. Transformed colonies
were sequence verified for insertion of the MG sequence and subsequently cultured
overnight at 37°C with 100 µg/mL carbenicillin and Mini-prepped for plasmid DNA
extraction.

Preparation of cell-free reactions
Cell-free reactions were prepared as per the protocol by Sun and co-workers [14].
Unless otherwise noted, each reaction consisted of the following: 33% (by volume)
of cell lysate, 1.5 mM of each amino acid (except for leucine, which was added
at 1.25 mM), 4.8 nM of NTP mix (containing 1.5 mM each of ATP and GTP, 0.9
mM each of CTP and UTP, pH adjusted to 7.5 using KOH), 50 mM HEPES pH 8,
0.2 mg/mL tRNA, 0.26 mM coenzyme A, 0.33 mM NAD+, 0.75 mM cyclic AMP
(cAMP), 0.068 mM folinic acid, 1 mM spermidine, 10 µM MG dye, and 30 mM
3PGA. Depending on the preparation of cell lysate, a standard reaction used either 8
mM magnesium glutamate and 80 mM potassium glutamate (for lysate Preparations
2 and 3) or 6 mM magnesium glutamate and 140 mM potassium glutamate (for
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lysate Preparation 1); these salt concentrations were chosen because they optimized
deGFP expression in TX-TL reactions supplied with 1 nM POR1OR2-MG aptamer-
deGFP plasmid for a particular lysate preparation (Figure S2.15). For the Mg2‚

versus fuel panels, 3PGA and Mg2‚ were omitted from the master mix, and the
appropriate concentration of Mg2‚ and fuel was added to reactions individually.
Finally, depending on the experiments, a variable amount of DNA plasmid was
added, and the remaining volume of the 10 µL of reaction mixture was filled with
nuclease-free water.

As reactions were all performed in 384-well glass-bottom plates, water, DNA, and
other added components were titrated into the TX-TL reaction using the Echo 525
liquid handler, while the remaining components were added to a bulk solution and
electronically dispensed by a multidispense pipette. Unless otherwise specified,
all reactions containing DNA were supplied with the POR1OR2-MG aptamer-deGFP
plasmid. To prevent the reaction from starting before all the components had been
added in, all reagents were kept on ice until they were added to the reaction mixture
and added sequentially to reduce evaporation and/or degradation. First, a master
mix minus the cell lysate was created and kept on ice in an Eppendorf tube; then,
components to be added by Echo were added to the 384-well plate, where all stock
concentrations were diluted to less than 500 mM so that they could be effectively
dispensed via Echo; next, the cell lysate was added to the master mix; finally, the
master mix was pipetted to the wall of each well. Once the plate was covered with
a plastic seal, it was centrifuged at 4000g for 1 min at 4°C. Finally, the bottom of
the plate was quickly cleaned by Kimwipe to remove any debris and immediately
transferred to a BioTek H1MF plate reader that had reached its set point of 29°C.

Preparation of no-fuel, No Mg2‚ cell-free reactions
Reactions were prepared as described in the “Preparation of cell-free reactions” with
minor changes. No fuel or additional Mg2‚ were added to the reactions, apart from
what was already there from the preparation of the cell lysate. For the addition of the
NTP mix, we prepared an NTP stock solution at a molar ratio of 1.5:1.5:0.9:0.9 for
ATP/GTP/CTP/UTP, and the pH was adjusted to 7.5 using KOH. For the ATP and
GTP solutions, we prepared stock solutions in nuclease-free water. Each solution
was added at 0, 5, 10, or 15 mM.
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Dynamic measurements of fluorescent molecules
Fluorescence measurements were performed by a BioTek H1MF plate reader at 29C,
and measurements were read from the bottom of the plate every 3 min (preceded by
5 s of linear shaking) at excitation/emission wavelengths suitable for MG aptamer
(610/650 nm, gain 150) and deGFP (485/515 nm, gain 61) for 18 h. For the
experiment corresponding to Figure 4, excitation/emission wavelengths suitable for
F30-Pepper (580/620 nm, gain 150) and mTurquoise2 (434/474 nm, gain 61) were
used.

For MG aptamer and deGFP, arbitrary fluorescence units were converted to mi-
cromolar concentrations using a calibration curve prepared using purified deGFP
protein and MG aptamer mRNA. To create a deGFP fluorescence calibration curve,
serial dilutions of eGFP (purchased from Cell Biolabs) were performed in 1× PBS,
after which 3 sample replicates of 10 µL each were loaded onto a 384-well plate and
read by a BioTek H1MF plate reader at 29°C and at excitation/emission wavelengths
of 485/515 and a gain of 61. Three technical replicates were read over 3 min at
1-min intervals to generate 4 points per replicate, and the average of these 12 points
was used as a single point at a given concentration through which the calibration
line was fit with a zero intercept.

To create a MG aptamer fluorescence calibration curve, mRNA of MG aptamer se-
quence only - specifically rArCrUrGrGrArUrCrCrCrGrArCrUrGrGrCrGrArGrCr-
CrArGrCrArGrGrUrArCrG rArArUrGrGrArUrCrCrArArU - was purchased from
IDT DNA. The lyophilized mRNA was resuspended in nuclease-free water, and its
concentration was determined by a NanoDrop 2000c. Next, serial dilutions of MG
aptamer mRNA were performed in 1× PBS containing 10 µM MG dye, after which
3-4 sample replicates of 10 µL each were loaded onto a 384-well plate and read
by a BioTek H1MF plate reader at 29°C and at excitation/emission wavelengths of
610/650 and a gain of 150. Four technical replicates were read over 10 min at 2.5
min intervals to generate 5 points per replicate, and the average of these 20 points
was used as a single point at a given concentration through which the calibration line
was fit with a zero intercept. The slope of the background-subtracted calibration
curve was used to calibrate the measurements.

mRNA purification for a translation-only system
To obtain an mRNA sequence containing MG aptamer-UTR1-deGFP, a linear DNA
template was first prepared, followed by DNA isolation, in vitro transcription, DNase
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treatment, and mRNA isolation. First, for the generation of the linear DNA tem-
plate, primers of the following sequences were first used to amplify the relevant
sequence off the POR1OR2-MG aptamer-deGFP plasmid by PCR: CCAGAAAAC-
CGAATTTTGCTGG and ATGATAAAGAAGACAGTCATAAGTGCG. A 1 mL
PCR reaction was performed using NEB Q5 2X Master Mix and run for 30 cycles
with an elongation time of 45 s and an annealing temperature of 65°C.

After the PCR reaction was performed, the PCR was aliquoted in three 1.7 mL
Eppendorf tubes (i.e., 333 µL per tube), and DNA was precipitated by adding 33
µL of 3 M sodium acetate and 1 mL of 100% ethanol per tube. After chilling the
tubes at –80°C for 20 min, the tubes were centrifuged at 16,000g for 30 min at
4°C. Finally, all supernatant was pipetted out, and residual ethanol was allowed to
evaporate by leaving the tubes open and uncovered at room temperature. The DNA
was resuspended in 50 µL of nuclease-free water per tube.

In vitro transcription was performed using the HiScribe T7 High Yield RNA Syn-
thesis Kit, and instructions included in the kit’s manual were used for DNase I
treatment of the reaction. Finally, the synthesized mRNA was isolated using the
PureLink RNA Mini kit. 100% ethanol was first added to the reaction to a final con-
centration of 35%, after which the kit’s “Protocol for RNA clean-up and purification
from liquid samples” was used (omitting the lysis step). mRNA concentration was
determined by a NanoDrop 2000c.

Translation inhibition using tetracycline
The translation inhibition experiments were performed in lysate Preparation 2 by
adding 200 µg/mL tetracycline to the TX-TL reactions. Stock tetracycline solutions
were created at 80 mg/mL in DMSO, where they were stored at –80°C until further
use. For addition to TX-TL reactions, the stock solution was diluted to 5 mg/mL in
nuclease-free water and subsequently dispensed using an Echo 525 liquid handler. To
determine the optimal concentration of tetracycline to use for translation-inhibition,
titrations were performed (see Figure S14).

Data analysis
Fluorescence measurements of deGFP and MG aptamer were converted to micro-
molar concentrations via the calibration curves. Maximum deGFP concentration
was determined to be the maximum deGFP concentration achieved for a given ex-
perimental condition at any point over the course of the 18 h experiment. Integrated
MG aptamer measurements were made by using the NumPy [39] trapz function
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for numerical integration using the trapezoidal method. Plots were generated using
the Python package Bokeh [40]. The Jupyter notebooks that were used for creating
tidy data and for subsequent data analysis and plot generation are included with this
work, in addition to all the data that was collected for this study.

Spearman’s rho correlation computation
For figures where a Spearman’s rho correlation value was computed, the SciPy [41]
stats.spearmanr function was used to compute correlation values. A Spearman rho
correlation value has a minimum possible value of –1, corresponding to a perfect
negative rank correlation between two variables, and a maximum possible value of
1, corresponding to a perfect positive rank correlation between two variables. A
value of 0 suggests no rank correlation.

Where a bootstrapped Spearman’s rho correlation value was computed, the pseu-
docode below shows the algorithm used to perform the computation. Briefly, we
first split our data into training and test sets in a 75/25 ratio, where the predictor
variable was Mg2‚ or 3PGA and the predicted data were the 2D trade-off data. We
next trained a partial least squares regression (PLS Canonical) model on the train-
ing data using the Python Scikit-learn [42] package. This training simultaneously
reduced the dimensionality of the trade-off data from 2D to 1D; redimensionalized
the predictor variable (i.e., Mg2‚ or 3PGA) so that it had a mean value of zero; and
created a model capable of predicting position along the 1D trade-off data for the
predictor variable. The model was then used to map the test data to the new 1D
spaces. A Spearman rho correlation value was computed for the mapped test data
between the 1D predictor variable and the 1D trade-off data using the SciPy [41]
stats.spearmanr function. This process was repeated 5000 times to randomize the
splitting of data. The mean and standard deviation of this “bootstrapped” Spear-
man’s rho correlation value are reported for each plot where applicable.

Although many cross decomposition methods exist, we chose PLS regression be-
cause it is better at preserving variance compared to methods such as principal
component regression (PCR) during the dimensionality reduction step (due to the
addition of supervising learning). PLS is also particularly suitable when there is
collinearity among columns of the predictor or predicted data (as in the case of
MG aptamer and deGFP, where we observed a negative correlation between the
two variables). The Python Scikit-learn package has several functions for PLS:
PLSCanonical, PLSSVD, and PLSRegression (which can implement the PLS1 and



39

PLS2 algorithms); in the case of a 1D PLS model, as we have chosen, the underlying
algorithm is the same for all of them, so we arbitrarily chose PLSCanonical.

Due to the redimensionalization of data during PLS regression, the bootstrapped
Spearman’s rho correlations range from 0 to 1 (unlike the traditional Spearman’s
rho correlation that ranges from -1 to 1). In the bootstrapped case, a value of 0
corresponds to no rank correlation, and a value of 1 corresponds to a perfect rank
correlation (with a direction of positive or negative stated in the Results section
where applicable).
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2.5 Supporting information
Supporting figures

Figure S2.1: Exploring the dependence of MG aptamer and deGFP fluorescence
on pH, Mg2‚, and 3PGA concentration. In (a) and (b), either (a) 0.2 µM MG
aptamer-UTR1-deGFP mRNA or (b) 6.02 µM purified deGFP was added to 9 µL
of phosphate-buffered saline (PBS) of the appropriate pH, some amount of 100
mM Mg-glutamate to the appropriate concentration, and nuclease-free water to 10
µL. The 384-well plate was incubated for 18 hours in a plate-reader at 29°C, and
the endpoint concentrations, as determined by the fluorescence calibration data,
are indicated in the plots shown. (c) 10 µM purified deGFP was added to TX-TL
reactions and incubated at 29°C for 18 hours. The final deGFP concentrations, as
reported by the fluorescence values that were calibrated to micromolar units, are
shown in the figure. Fluorescence calibrations were performed using concentrations
of 2-40 µM purified deGFP in PBS, where the linear slope of the calibration was
dominated by higher concentrations of deGFP compared to the concentrations used
in (b) and (c). Thus, fluorescence values are lower than expected in (b), where a
higher percentage of the deGFP is likely adsorbed onto the walls of the 384-well
plate (compared to the calibration), and higher than expected in (c), where a lower
percentage of deGFP is adsorbed (compared to the calibration) since the proteins
from the cell lysate are competing for adsorption.
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Figure S2.2: E�ects of Mg2¸ concentration on the TX-TL trade-o� by fuel type.
Each point represents one of three replicates of a particular set of fuel and Mg2¸

concentrations, where fuel is either (a) 3PGA, (b) maltose, (c) pyruvate, or (d)
succinate, with corresponding bootstrapped Spearman's rho correlations of 0.63±
0.05, 0.75± 0.04, 0.76± 0.04, and 0.78± 0.04, respectively. The data shown
re�ect experiments performed in two preparations of cell lysate, Preparation 1 (o)
and Preparation 2 (+) (seeMaterials and methodsfor details), and all experiments
were performed using 5 nM DNA.
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Figure S2.3: E�ects of 3PGA concentration on the TX-TL trade-o� across di�erent
lysate volume fractions. Each point represents one of three replicates of a particular
set of 3PGA and Mg2¸ concentrations. (a) Trade-o� curves from three di�erent
lysate volume fractions are overlaid, where the lysate volume fraction is the volume
fraction of a TX-TL reaction that is made up of cell lysate. (b) - (d) Individual lysate
fraction trade-o� curves are shown and points are colored by 3PGA concentration,
where the curves correspond to lysate fractions (b) FL = 0.25, (c) FL = 0.33, the
nominal case; and (d) FL = 0.41, with corresponding bootstrapped Spearman's rho
correlations of 0.49± 0.09, 0.63± 0.06, and 0.63± 0.05, respectively. The data
shown re�ect experiments performed in cell lysate Preparation 2 (seeMaterials
and methodsfor details), and all experiments were performed using 5 nM DNA.




