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Quantitative estimation of activity and quality for
collections of functional genetic elements

Vivek K Mutalik!-3%, Joao C Guimaraes’*4%, Guillaume Cambray>°, Quynh-Anh Mail>3, Marc Juul Christoffersen!-3,
Lance Martin!»8, Ayumi Yu!"*8, Colin Lam!3, Cesar Rodriguez!*3, Gaymon Bennett!->$, Jay D Keasling!-3>¢,

Drew Endy!7? & Adam P Arkin!-3?

The practice of engineering biology now depends on the

ad hoc reuse of genetic elements whose precise activities vary
across changing contexts. Methods are lacking for researchers
to affordably coordinate the quantification and analysis of
part performance across varied environments, as needed

to identify, evaluate and improve problematic part types.

We developed an easy-to-use analysis of variance (ANOVA)
framework for quantifying the performance of genetic
elements. For proof of concept, we assembled and analyzed
combinations of prokaryotic transcription and translation
initiation elements in Escherichia coli. We determined how
estimation of part activity relates to the number of unique
element combinations tested, and we show how to estimate
expected ensemble-wide part activity from just one or two
measurements. We propose a new statistic, biomolecular
part ‘quality’, for tracking quantitative variation in part
performance across changing contexts.

Genetic engineers must specify a priori the precise activities of
biomolecular parts for use in integrated synthetic systems!~11.
Improvements in methods and tools for synthesizing and assem-
bling DNA!213 additionally challenge practitioners to design
genetic sequences that result in precise expression of hundreds
of coding sequences!'4-16. Meanwhile, distributed communities of
researchers struggle to collectively assemble, measure, validate and
share collections of standard biological parts!”-18. Additionally,
sophisticated biotechnology applications addressing medical or
environmental needs demand improved tools for reliably estimat-
ing the expected performance of engineered systems!®.

Against this backdrop of needs, studies of biological part activi-
ties?9-24 have revealed that the quantitative activity of genetically
encoded elements is often highly context dependent!>2>-2%, For
example, engineers and biologists have generated and studied

libraries of synthetic expression control elements?1-39-38 on an
ad hoc basis and across relatively limited contexts!43°. In some
cases, researchers have used first-principle models to develop
predictors of element function that attempt to account for con-
text impacts30-36:37:40-42 Though valuable, these models cannot
fully capture the impact of changing contexts on genetic element
function. More recently, researchers have developed passive and
active genetic insulators such that the functioning of one element
might not corrupt a neighboring element*3-4>. Yet, with the lack of
systematic and quantitative data detailing how and to what extent
different types of genetic elements interact, it remains unclear
that such projects have focused on regularizing the most difficult
element-element junctions or leveraged the simplest normalizing
molecular mechanisms.

We developed an easy-to-deploy mathematical framework
that can be used to score the intrinsic activities of genetic ele-
ments to track how such activities vary (or not) across changing
contexts. We propose that variation in part activity can serve as
a quantitative score of part quality to concisely summarize the
reliability of part reuse. For example, we might score a ‘promoter’
element that never initiates transcription in any and all contexts
as a ‘high-quality promoter encoding zero activity, whereas an
element that in some contexts initiates transcription and in others
does not, would be a low-quality promoter encoding interme-
diate activity’ Genetic element ‘quality’ in these two examples
captures the extent to which users of elements can rely on the
reported behaviors; a promoter that is known to never initiate
transcription would be of particular value for establishing nega-
tive controls used in quantifying both transcription promoters
and terminators.

To develop and demonstrate the method, we constructed a full
combinatorial library of frequently used transcription and trans-
lation elements in E. coli, expressed two genes at two temperatures
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and measured individual amounts of mRNA and protein for all
element combinations. We quantified element activity and quality
using the full factorial experimental data set. We identified the
junction between translation initiation elements and downstream
genes as the major source of irregular gene expression and dem-
onstrated that only a few measurements are needed to estimate
the activity of new elements to within reasonable accuracy, once
an initial combinational landscape has been established.

RESULTS

Quantifying context effects as a score of part quality

We used a linear model of gene expression (based on a conven-
tional model)“® to track population average steady-state protein
levels and to study element-element context effects (see Online
Methods for equations). We assumed that expression output
signals (such as arbitrary fluorescence levels and transcript
abundances) measured for expression cassettes are a function
of promoter, 5° UTR and gene of interest (GOI) elements plus
interactions among elements; genetic elements are formally
defined below.

Although functional relationships among genetic elements
and changing environments will not always map to such simple,
molecular mechanism-agnostic linear models, these approxima-
tions were appropriate for our underlying goal: to establish a basic
framework that many researchers might easily use to contribute
to the estimation of activities and quality of biological parts and
to share such information to improve part collections. Stated dif-
ferently, the framework developed above is primarily focused on
the recording and reporting of measurements and not on deeper
mechanistic understanding. By enabling a collective capacity to
identify categories of low-quality parts and problematic element-
element junctions, we sought a means to enable, prioritize and
evaluate subsequent work to better understand and ultimately
engineer higher-quality genetic elements?’.

Experimental design

Many extrinsic factors can overwhelm observed variation in the
activities of transcription-control and translation-initiation ele-
ments!>484% Thus, a first challenge was to determine whether we
could directly observe subtle or modest quantitative variation in
genetic element activities arising from only the reuse of parts in
combination. To do so, we first performed carefully controlled
replicate experiments under common physical conditions.

We selected widely used, representative genetic elements encod-
ing transcription-control and translation-initiation functions;
although hereafter we refer to each category of control elements
as ‘promoters’ or ‘5 UTRs, we note that our selected elements are
encoded by irregular DNA sequences as reported and as typically
used elsewhere (Supplementary Table 1). For example, promot-
ers may include DNA sequence beyond the transcription start
that would contribute promoter-associated mRNA sequence
to any coupled 5" UTR and thereby potentially modulate both
translation initiation and mRNA stability. Moreover, the DNA
sequence after a transcription start site is also known to modulate
RNA polymerase promoter escape and, hence, could also affect
promoter strength?!. The total number of nucleotides preced-
ing translation initiation codons varies from 21 to 59 across the
mRNA encoded by the promoters and 5" UTRs assembled here
(Supplementary Table 1).
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Figure 1 | Composition of irregular transcription and translation genetic
elements. Schematic of 7 widely used promoters (p) and 11 5" UTR

(u) elements assembled in combination with two different genes of
interest (GOIs), gfp and rfp, on a medium-copy (p15A) plasmid with
chloramphenicol (Cam) resistance marker in E. coli (full element sequences
via Supplementary Table 1). Promoters, 5" UTRs and GOIs are typically
considered to be well-defined, functionally independent genetic elements
(abstract layer). However, irregular part boundaries create combination-
specific junctions (physical layer) as parts are reused in combination
(bottom). RBS, ribosome-binding site; SD, Shine-Dalgarno region.

We constructed a full combinatorial library of 7 promoters and
115" UTRs upstream of two distinct genes of interest (sfgfp, here-
after gfp, and mrfp1, hereafter rfp; 52% nucleotide identity overall
and 56% over the first 30 codons) and a common 3’ UTR context
(Online Methods, Fig. 1 and Supplementary Fig. 1). We placed
each expression construct in a medium-copy-number plasmid
and also integrated a subset of element combinations into the
E. coli chromosome (Online Methods). We monitored expres-
sion of the different constructs via repeated measurements of
steady-state fluorescence for both monomeric RFP (mRFP1, here-
after RFP) and superfolder GFP (sfGFP, hereafter GFP) and via
analysis of individual transcripts using quantitative PCR (qPCR;
Online Methods). Comparison of each measurement type enabled
estimation of the individual contributions of transcription and
translation processes to gene expression.

Measurement of promoter:5” UTR combinations

We quantified gene expression across the combinatorial library by
measuring fluorescence and mRNA levels under defined growth
conditions (Fig. 2a-d and Online Methods). We monitored bulk
culture fluorescence and growth profiles over time using an auto-
mated fluorometer; and we measured mRNA levels by qPCR and
single-cell fluorescence distributions by flow cytometry, at a single
time point during exponential growth (Online Methods). Single-cell
and growth-normalized bulk-culture measurements of fluorescence
were highly correlated (R? = 0.96 for both GFP and RFP libraries;
Supplementary Fig. 2a,b) and exhibited high day-to-day reproduci-
bility in triplicate experiments (R? = 0.98; Supplementary Fig. 2¢,d).
Fluorescence measurements were also well correlated between
plasmids and chromosomal integrants (R? = 0.85; Supplementary
Fig. 3). Once we established that no element combination produced
bimodal expression distributions, we used average fluorescence
levels as determined by cytometry for our analyses.
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rfpo mRNA abundance
(mean centered, a.u., log,)

gfo mRNA abundance
(mean centered, a.u., log,)

RFP fluorescence
(mean centered, a.u., log,)

rfo mRNA abundance
(mean centered, a.u., log,)

Figure 2 | Observed variation and correlation of mRNA abundance and protein fluorescence from a full combinatorial library of expression control
elements. (a,b) Heat maps showing mRNA abundance for all combinations of transcription (p, rows) and translation (u, columns) elements driving the
expression of gfp (a) or rfp (b). Each value is a dimensionless number corresponding to mean mRNA abundance measured from a cell population by bulk
qPCR divided by the average abundance for all constructs within that panel. (c,d) Similarly mean-centered values for population average fluorescence
intensities as measured by flow cytometry. The order of the elements in the matrices corresponds to a two-dimensional clustering performed on the

data in ¢ and held constant to facilitate visual comparison. Abundances are expressed on a log, scale (mean-centered arbitrary units (a.u.)) and colored
(thermometer scale). (e,f) mRNA abundance versus fluorescence for constructs driving gfp (e) and rfp (f) expression. (g,h) Pairwise comparison between
mRNA levels (g) and fluorescence (h) for constructs driving gfp and rfp expression.

Variation and correlation of observed expression levels
Fluorescence values measured across the library varied over a
206- and 117-fold range for GFP and RFP, whereas mRNA levels
varied over a 542- and 354-fold range, respectively. Protein and
transcript abundance data indicated that a few promoters and
5" UTRs encoded a consistent impact on expression across mul-
tiple part combinations (Fig. 2). Additionally, we observed some
nonsystematic variation with specific combinations of promoters
and 5" UTRs across the two different reporters, indicating more
complex interactions among parts. For example, the combination
of promoter 1 and 5 UTR 1 (p1:ul) produced ~11-fold more rfp
than gfp mRNA and ~6-fold more red than green fluorescence
(Fig. 2g,h). In contrast, the pl:u3 combination produced ~7-fold
more gfp than rfp mRNA and ~37-fold more green than red fluo-
rescence (Fig. 2g,h and Supplementary Fig. 4). We could not
readily explain such differences by inspection of promoter core
motifs (-35 spacer, —10 region), Shine-Dalgarno regions or total
length of 5 UTRs (Fig. 2 and Supplementary Table 1).

A pairwise comparison of transcript abundance and fluores-
cence levels for each combination of control elements across the
two reporters indicated that measured mRNA values accounted
for ~60% of the total variation in fluorescence levels (R? = 0.58,
P<22x1071%and R?=0.59, P< 2.2 x 107'¢ on alog-log scale for
GFP and RFP libraries, respectively; Fig. 2e,f and Supplementary
Fig. 4a,b). Pairwise comparison of transcript abundances
(R?=0.38, P = 3.1 x 107%; Fig. 2g and Supplementary Fig. 4c)
and fluorescence levels (R? = 0.38, P = 3.1 x 107%; Fig. 2h and
Supplementary Fig. 4d) between the two reporter libraries
revealed more modest correlations.

Quantifying the performance of parts

We used a linear log-transformed model of gene expression (equa-
tion (3) in Online Methods) to quantify the individual contribu-
tions of promoters, 5° UTRs and GOIs to different expression
phenotypes (fluorescence, mRNA level or translation efficiency)
and to quantify interactions among elements. More specifically,
we conducted a full factorial ANOVA with repetitions®® to
predict the output of the system according to the identity of each
element and element-element interactions as instantiated in any
given construct.

Quantifying expected generic part type contributions

We first quantified how each category of genetic element and
interactions among elements contribute to differences in expres-
sion. We assumed that the specific promoters, 5 UTRs and GOIs
used here define representative samples for each element type, and
we used a random-effect interpretation of the ANOVA results>0.
From this assumption, we estimated the overall contribution of
each element type and type-type interaction to expression levels
(Fig. 3 and Supplementary Table 2). We used mean-centered tran-
script abundances and fluorescence levels to remove confound-
ing effects arising from systematic biases in experimental signals
between GFP and RFP reporters while preserving interaction
factors among the control elements and coding sequences them-
selves. We found that the 5" UTRs and promoters are the major
contributors to variation in expressed fluorescence levels (46%
and 37%, respectively; Fig. 3a and Supplementary Table 2a). Also
as expected3649, but quantified here, interactions across 5" UTR:
GOI junctions accounted for ~14% of total variation, whereas
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Figure 3 | Quantification of factors and
interactions contributing to variation in
mRNA abundance, translation efficiency

and gene expression. Full factorial

ANOVA5? was conducted to quantify the
average contributions from genetic element
types, and from interactions among elements,
with respect to total variation in measured
gene expression levels. (a-c) Contributions
of elements and interactions to total

Fluorescence

13.5%

b mRNA Cc

Translation

abundance efficiency

I Promoter

O UTR

W Promoter:UTR

W Promoter:GOI

B UTR:GOI

@ Promoter:UTR:GOI
O Experimental error

14.2%

variation in protein fluorescence (a), mRNA abundance (b) and translation efficiency (c). ‘Experimental error’ represents the final term,

g, from equation (3) in Online Methods.

the combined contributions of all remaining interaction effects
were negligible (<4% combined). Subsequent analysis found
5" UTR identity to be the dominant factor (59%) in determin-
ing mRNA abundance, followed by the promoter (21%). Again,
5" UTR:GOI interactions demonstrated an important contribu-
tion (9%) to mRNA abundance (Fig. 3b and Supplementary
Table 2b). For translation efficiency, to our surprise, promoter
identity emerged as the key factor (54%), followed by the
5" UTR (25%) and 5" UTR:GOI interactions (14%) (Fig. 3¢ and
Supplementary Table 2¢). The remaining error (&) was the least
important factor for all three experimental data types (fluores-
cence, mRNA and translation efficiency) and was well matched
to experimental error, suggesting that unknown environmen-
tal factors or out-of-range measurements were not of concern
and that a simple linear model is sufficient to explain observed
variation in expression for the elements tested here.

Quantifying performance and quality for individual parts
We next quantified the primary activity of individual elements. We
used a fixed-effect interpretation of the ANOVA results® to estimate
part-associated scores that characterize the overall performance for
any given genetic element and a set of subscores that quantify the
variability in performance arising from interactions among elements
(Fig. 4). Using the fluorescence data, we first estimated the main
effect of each promoter, 5 UTR and GOI to capture the average
contribution of a given element to expression levels across all genetic
contexts in which it was a component (Online Methods). We used
these statistics to define a primary score for each element (Fig. 4).
Primary scores must be corrected by an appropriate interaction
term(s) to yield adjusted estimates of expression for a given combi-
nation of elements (equation (3) in Online Methods).

We then quantified variation in individual element activi-
ties across changing contexts as realized here by making many
element-element combinations. We grouped element-element
interactions by functional category and computed a set of sec-
ondary scores that define the sensitivity of a given element to
each context variable (Fig. 4 and Online Methods). The smaller
a secondary score, the more likely it is that an element will main-
tain its primary activity across different contexts; larger second-
ary scores indicate greater context dependency. We found that,
in general, the secondary scores relating 5° UTRs to promoters
were much smaller than those relating 5" UTRs to GOIs. Thus, the
secondary scores associated with promoters were typically small,
indicating low context sensitivity for this class of functional ele-
ments as examined here (Fig. 4). Of note, elements with similar
individual primary scores can have different secondary scores.
For example, the u6,ull and ul0 5" UTRs all had a similar average
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primary activity (~3) but different corresponding secondary
scores with respect to changing GOI coding sequences (ull >
ul0 > u6). In particular, the activity of u6 was largely insensitive
to changes in either adjacent genetic element. Such information
enables selection of elements for use in optimal testing strategies
and in designing synthetic genetic systems.

We performed additional primary and secondary score analy-
ses using mRNA abundance and translation efficiency data
(Supplementary Fig. 5a,b). As with the fluorescence data,
5 UTR:GOI junctions were found to be the largest source of
variation in expression. The ranking of activity scores for each
part was generally maintained across each data type (Fig. 4 and
Supplementary Fig. 5).

Predicting part performance

We determined whether and how our framework might be used
to best estimate the expected average performance of new parts
without having to construct and test all new possible part com-
binations. If there were no interactions among elements, then
measurement of any new part within just a single combination
of elements would be sufficient to perfectly estimate its perform-
ance across all elements. Alternatively, if each combination of
elements produced highly specific effects, then all combinations
might need to be assembled and tested.

Using the genetic elements studied here as a test set, we first
observed how the quality of prediction for the expected average
activity of a promoter increased as the number of 5* UTRs with
which it was tested increased (Online Methods). For example,

I Promoter:GOlI interaction effects
T Promoter:5” UTR interaction effects
I 5 UTR:GOI interaction effects

Part score

Figure 4 | Performance and quality scores for transcriptional and
translation control elements. Primary part-activity scores (bar heights,
log,) giving the relative contribution of each promoter (p), 5" UTR (u),

and gene of interest (GOI) to observed fluorescence. Error bars indicate

the standard error of all interactions involving each element with all other
elements in a different functional category (Online Methods). As such, error
bars reflect the variation of element performance in response to changes

in proximal genetic context. Reciprocal interactions are color-coded as
follows: gray, transcription elements and GOIs; blue, transcription and
translation elements; green, translation elements and GOIs.
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when we used one or more promoters to
estimate the activity of 5* UTRs (Fig. 5b
and Supplementary Fig. 6b). Taken alone, these results might
suggest that any new part must be tested with all other possible
combinations of parts to estimate its expected average activity.
Such work would quickly become prohibitively expensive as the
number of parts and resulting part-part combinations increased.
However, we noted that a few parts produced relatively accurate
estimates of ensemble-average part activities even when just a
single part combination was tested (Fig. 5a,b).

To better understand these observations, we computed the
aggregate error in estimating the activities of all promoters
(Fig. 5¢) and 5" UTRs (Fig. 5d) using varying numbers and
combinations of 5° UTRs and promoters, respectively (Online
Methods). We found empirically that a limited number of meas-
urements could be used to systematically estimate ensemble-
wide part activities of promoters and 5" UTRs with reasonable
reliability. For example, the activity of any promoter could be
estimated to within 15% of its average activity across all 5 UTRs
by using just two 5 UTR measurements (ull and u6). Similarly,
the activity of any 5 UTR could be determined to within 15%
accuracy using just two promoter measurements (p5 and p6).
Thus, for at least some biological element types, once a full com-
binatorial mapping is established for a particular interaction or
context variable, much fewer experimental tests may be sufficient
to accurately estimate the expected ensemble-average activity of
new parts. Stated differently, after an initial seeding via brute
force combinatorial measurements, increasingly more efficient,
affordable and accurate part characterization can be realized via
centralized facilities or distributed efforts.

Framework extension to an extrinsic environmental factor
We repeated GFP-only expression measurements in cultures
grown at 30 °C to test whether the simple analysis framework

Number of UTRs used

Number of promoters used

developed here could account for an additional context variable.
We found that GFP expression levels from the full combinato-
rial library were well correlated between 30 °C and 37 °C culture
conditions (R? = 0.97; Supplementary Fig. 7a). Overall, changes
across this temperature range accounted for less than 0.5% of total
observed variation in GFP expressed from the given elements
(Supplementary Fig. 7b), suggesting that the selected elements
do not encode element- or junction-specific structures respon-
sive to this temperature difference per se. We also noted that the
overall promoter:5” UTR interaction estimated from observed
variation in 30 °C and 37 °C GFP levels was the same as that
estimated from observed variation in 37 °C-only GFP and RFP
levels (~2%, Fig. 3a and Supplementary Fig. 7c).

DISCUSSION

Our results demonstrate that the subtle functional couplings that
arise as genetic elements are reused in combination can be sys-
tematically quantified and prioritized. Several advantages accrue
from a systematic analysis spanning multiple element and junc-
tion types. For example, in recent work to normalize the 5 UTR
termini of mRNA by using ribozymes or a CRISPR-associated
protein to cleave upstream sequences generated from irregu-
lar promoters, ‘promoter-gene’ couplings had been considered
aggregate junctions*+*3; splitting such a junction into all its func-
tional elements (transcription, translation and GOI) might have
instead allowed simple regularization of the +1 sequence encoded
from the selected promoters?” followed by separate work to nor-
malize the junction spanning 5" UTRs and downstream coding
sequences. Stated differently, careful attention could ensure that
irregular physical boundaries for elements selected from natural
sources do not needlessly create complicating couplings. From
such improvements, many approaches could then be tested to
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overcome remaining functional couplings involving more com-
plicated element-element junctions. For example, following
earlier observations*® and confirmed by our analysis here, we
determined that mRNA secondary structures at the 5* UTR:GOI
junction are correlated with expression levels (Pearson correlation
coefficient (r) = 0.8; Supplementary Fig. 8) and used this obser-
vation to motivate development and validation of an architecture
for translation initiation elements whose activities are insensitive
to changes in the coding sequence of downstream genes?’.

Although we can empirically determine costs required to esti-
mate the expected activity of new parts for the types and condi-
tions studied here (Supplementary Table 3), we can only predict
the expected costs and recommend ways of organizing research
for some types of future work. For example, we would expect that
extending the work developed here, along with that presented in
an accompanying manuscript?’, to another organism in which
gene expression is controlled via similar molecular mechanisms
(16S rRNA + 5" UTR mRNA translation initiation) to equivalent
precision (93% chance to realize factor of 2 change in expres-
sion (‘factor-of-two levels’) would require relatively little effort
(Supplementary Note) and might be carried out in various
laboratories simultaneously. Similarly, more parts for the types
characterized here could likely be developed and tested in a dis-
tributed fashion by individual researchers. In contrast, we could
not now quantify the effort required to increase expression reli-
ability via parts that encode even more precise expression levels
(for example: 99% chance to realize ‘factor-of-2’ levels); we would
likely recommend that such work be conducted in a single facil-
ity. Similarly, systematic work with new types of parts, with new
part junction architectures or under new physiological conditions
should likely be closely coordinated such that innovations arising
across individual laboratories can be rapidly complemented by
medium-scale professional teams.

We caution that a simple linear model combined with ANOVA
will likely not fully represent the activity and quality of genetic ele-
ments as increasing numbers of element types and environmental
factors are considered simultaneously. The method also does not
now track cell-cell variation for activities, resource utilization and
many other important factors. Nevertheless, we have established
that at least four key variables and their associated interactions
can be observed, with subtle quantitative interactions affecting
genetic element activity quantified given careful control of extrin-
sic physical variables. Extending even a simplistic approach to
additional variables, genetic or environmental, will help to priori-
tize future work to improve parts?’. Also, for environmental and
physical factors found to affect part performance, we expect that
additional work with in vivo reference materials will allow for a
renormalization of part activities into functional spaces that are
simpler to model8. Notably, such work can be carried out in an
increasingly distributed and asynchronous fashion.

METHODS
Methods and any associated references are available in the online
version of the paper.

Note: Supplementary information is available in the online version of the paper.
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ONLINE METHODS

Bacterial strains, plasmids and growth conditions. Plasmids
and strains used in this study are listed in Supplementary
Table 4. Oligonucleotides used in this work are listed in
Supplementary Table 5. Detailed information on sequence-
based design, plasmid maps and corresponding experimental
data sets for each construct are available in a public repository
database at http://biofab.org/data.

All plasmid manipulations were performed using standard
cloning techniques®!. All enzymes used for plasmid manip-
ulations were obtained from New England Biolabs (NEB),
and oligonucleotides were ordered from Integrated DNA
Technologies (IDT). E. coli strain BW25113 was used for
plasmid construction purposes and for fluorescence meas-
urements. All strains were grown in MOPS EZ Rich Medium
(Teknova) supplemented with 34 pg/ml chloramphenicol
at 37 °C (or 30 °C), with shaking at 900 r.p.m. All of the experi-
ments were conducted in triplicate (replicate assays from inde-
pendent overnight liquid cultures).

Promoter:5" UTR combinatorial library construction. For
assembling the promoter:5” UTR combinatorial library, we
modified the Golden Gate method>? to comply with assembly
of smaller (<80 bp) promoter and 5" UTR fragments as annealed
oligonucleotides and not as plasmid-borne fragments as typically
recommended®2. The compatibility of overhangs of fragments to
be assembled was confirmed using j5 software.

The promoter:5” UTR combinatorial library driving the expres-
sion of GFP>* and RFP> from the reporter genes gfp and rfp
were carried on the medium-copy vectors pFABOUT2 and
pFABOUT1S, respectively. pPFABOUT2 and pFABOUT18 were
derived from the same backbone vector pBbA2c-RFP>° and have
a TetR-regulated Ptet promoter driving the expression of either
reporter, a p15A replication origin and chloramphenicol resist-
ance marker (Fig. 1 and Supplementary Fig. 1).

To prepare the backbone vector for assembly of the promoter
and 5" UTR library, we amplified pFABOUT2 using primers
oFAB57 and oFAB58 (Supplementary Table 5) with Phusion
high-fidelity DNA polymerase (NEB, manufacturer’s instruc-
tions). The forward primer introduces a Bsal recognition site
such that after restriction digestion of the PCR products, we
obtained an overhang of 5'-ATGA-3" (Supplementary Fig. 1a).
Similarly, the reverse primer introduces a Bsal site such that we
obtained an overhang 5'-GATA-3" on the restriction-digested vec-
tor backbone. The PCR amplification also eliminated the tetR
gene, Ptet promoter and 5" UTR driving gfp from pFABOUT2
(Supplementary Fig. 1). The PCR-amplified backbone products
were purified using PCR purification kit (Qiagen), digested with
Bsal enzyme (37 °C, overnight (>18 h)) and purified again using a
PCR purification kit (Qiagen) to yield pFABOUT?2_cut. Similarly,
pFABOUT18, bearing the reporter gene rfp, was amplified with
primers oFAB58 and oFAB60 to introduce Bsal recognition sites,
and purified PCR products were digested with Bsal to yield pFA-
BOUTI18_cut (Supplementary Fig. 1b).

The 7 promoters and 11 5 UTRs (and 1 Null-RBS 5" UTR
as a control) were chosen from various literature sources
(Supplementary Table 1), and these elements were each assem-
bled by annealing corresponding forward and reverse oligonu-
cleotides (Supplementary Table 5). The forward and reverse

NATURE METHODS

oligonucleotides for 5 UTR and promoter regions were designed
to yield overhangs compatible with each other and with the
digested vector backbones (Supplementary Fig. 1) and were con-
firmed using the software j5 (ref. 53). To minimize the sequence
constraints on the 5 UTR, we chose the start codon region of the
reporter as an overhang that is compatible with the 5 UTR over-
hangs (Supplementary Fig. 1). Because the fourth nucleotide in the
gfp and rfp genes is different, we designed different reverse prim-
ers for 5 UTRs depending on the destination vector backbones.
The phosphorylated overhang TCAT at the 3’ end of annealed
5" UTR part is compatible with the ATGA at the 5" end of the gfp
gene within a pFABOUT2_cut vector backbone (Supplementary
Fig. 1a). Similarly, the phosphorylated overhang CCAT at the
3’ end of an annealed 5" UTR part is compatible with the ATGG
at the 5" end of the rfp gene within a pPFABOUT18_cut vector
backbone (Supplementary Fig. 1b). The phosphorylated TTTG
overhang at the 5" end of an annealed 5" UTR part is compatible
with the CAAA at the 3’ end of annealed promoter parts, whereas
the phosphorylated TATC overhang at the 5" end of annealed
promoter parts is compatible with the 5 GATA overhang of the
restriction-digested vector backbone.

The forward and reverse oligonucleotides (received from IDT,
Supplementary Table 5) were reconstituted in sterile water to
make up 100 uM stocks. The phosphorylation of oligonucleotides
was performed using T4 polynucleotide kinase (PNK from NEB)
in T4 ligase buffer (with ATP). Annealing reactions were per-
formed by incubating the phosphorylated complementary oligo-
nucleotides at 95 °C for 3 min (5 pl of 100 uM forward and reverse
oligonucleotides in 90 ul of sterile water) and followed by cooling
at room temperature for 30 min. The phosphorylated-annealed
oligonucleotides were then ligated to the digested PCR products,
pFABOUT2_cut and pFABOUT18_cut using T4 DNA ligase in
96-well PCR plates and transformed into chemically competent
BW25113 cells (in-house prepared in 96-well plates). Positive
clones were then confirmed by PCR amplification and sequenc-
ing of the assembly region by using primers soFAB8 and soFAB23.
The overnight cultures of positive clones were stored in glycerol
stocks as per standard procedure’!. The combinatorial assembly
of promoters and 5" UTRs thus generated a total 168 plasmids
comprising 84 constructs of the GFP library and 84 constructs
of the RFP library.

Insertion of the combinatorial library on the chromosome.
A subset of the library driving the expression of gfp comprising
each of the 7 promoters combined to at least 6 of the 11 5 UTRs
was inserted on the chromosome at the main target attachment
site of the phage lambda (attBA). The expression cassette compris-
ing 43 bp upstream of the promoter to the end of the terminator
was amplified by PCR using primers oFAB174 and oFAB175 from
the plasmids described above, resulting in 986-bp amplicons. The
PCR products were purified, digested with Xbal and Pstl, puri-
fied again and ligated into pFABOUT16 digested by Xbal and
Nsil. pPFABOUT16 is a derivative of pIT-KL-152002 (gift from
E St-Pierre; with D.E., unpublished data). This plasmid contains
the conditional origin of replication R6KYy, which requires the
product of the pir gene to be functional. Thus, the ligation prod-
ucts were transformed into chemocompetent E. coli EC100D
(Epicentre) and selected for kanamycin resistance. The validity of
each clone was confirmed by sequencing, using oligonucleotides
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soFAB15 and soFAB16. pFABOUT16 contains the sequence of
the lambda phage attachment site (attPA). Validated clones were
transformed into the induced chemocompetent BW25113 strain
carrying the helper plasmid pLambdalnt>’. The plasmid pLamb-
dalnt expresses the lambda recombinase under the control of a
thermosensitive promoter induced at 37 °C. Because the plasmid
must integrate in a replicon to be propagated in a pir- strain,
attPAxattBA recombinants were selected by screening for kan-
amycin resistance. The correct positioning and copy number
of the integrated plasmid were confirmed by PCR using prim-
ers soFAB17/soFAB19 and soFAB17/soFABI18, respectively, as
described?®. Fluorescence levels were measured by flow cytometry
using the same standard protocol as described below.

In vivo assays using the plate reader and flow cytometer. Assay
strains were stored as glycerol stocks in 96-deep-well plates
(2 ml) and in smaller aliquots of 50 pl in 96-well sterile PCR
plates for easy handling. These aliquots were used only for tripli-
cate experiments and were then discarded to avoid any unwanted
physiological changes due to repeated freeze-thaw cycles. We
grew cultures in 2-ml-, 96-deep-well plates containing 400 pl of
MOPS EZ Rich Medium (Teknova, cat. #M2105) with appropriate
antibiotics, inoculating 3 pl from thawed glycerol stocks. Cultures
were grown overnight (~16 h) in plates of 96 U-shaped 2-ml wells
covered with sterile breathable sealing film at 37 °C with shaking
at 900 r.p.m. on a Multitron shaker (Infors-HT). We note here that
promoter p5 (pLlacO1) encodes a lac operator site®®, and because
E. coli strain BW25113 is lacI* (ref. 59), promoter p5 is partially
repressed under our experimental conditions.

For microplate kinetic assays, overnight cultures were
diluted 1:50 into a final volume of 150 pl of fresh medium
with appropriate antibiotics in clear-bottom black plates and
incubated in a multimode microplate reader-incubator-shaker
Synergy-2 (BioTek Instruments). Cultures were grown for
6 h with rapid shaking and repeated measurements for optical
density (ODgq) and fluorescence (relative fluorescence units
or RFU; 481-nm excitation and 507-nm emission for GFP;
560-nm excitation and 650-nm emission for RFP) were
performed every 10 min. All microplate kinetic assay experi-
ments were repeated at least three times starting from inde-
pendent overnight cultures. Gen5 software for BioTek plate
readers was used for data acquisition, and further data analysis
was performed using MATLAB software (MathWorks) with
in-house-developed scripts (see below).

For the flow cytometer assays, overnight cultures were diluted
1:50 into a final volume of 200 pl fresh medium with appropriate
antibiotics in 1-ml deep-well plates and grown for 2 h (to expo-
nential phase with ODg in the range of 0.3-0.5 in the microplate
reader) at 37 °C with shaking at 900 r.p.m. on the Multitron shaker.
Cultures were diluted 1:2,000 in chilled and filtered PBS (pH 7.4)
containing 500 (g/ml streptomycin in chilled 96-well clear plates
(Costar) and immediately subjected to flow cytometer analysis.
We used a Guava easyCyte flow cytometer (EMD Millipore),
equipped with microcapillary and autosampling capabilities,
and paired dual blue (488-nm, 75-mW) and green (532-nm,
40-mW) laser excitation with two customized filter options
for emission detection of 510/20 for GFP and 610/20 for RFP,
respectively. During the assay, the sample concentration was kept
below 500 cells per pl, and samples were run on a high flow rate
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(1.18 ul/s) until 2,000 cells (with a range of 60-300 events per pl)
had been collected within small forward- and side-scatter gates.
This protocol was set to minimize any extrinsic source of variation.
Guavasoft software was used for data acquisition, and the result-
ing FCS files were further analyzed using in-house-developed
R scripts (see below; available upon request).

Transcriptional analysis by qPCR. Cultures were prepared and
grown as described above for 2 h to reach exponential phase with
ODgpy in the range of 0.3-0.5 when measured in a microplate
reader. After 2 h, cultures were harvested on ice and total RNA
was extracted by enzymatic lysis with lysozyme, which was fol-
lowed by B-mercaptoethanol and ethanol treatment. RNA cleanup
procedure was performed using the Qiagen 96 RNA Protect Kit
and vacuum manifold (Qiagen); samples were eluted in 120 ul
of RNase-free water and stored at —80 °C. Total RNA concen-
tration in each sample of 96-well plate was quantified using a
Nanodrop 1000 (Thermo Scientific), and a volume correspond-
ing to 25 ug of total RNA was used for qPCR. Using the Power
SYBR Green RNA-to-Cr 1-Step Kit (Applied Biosystems), we
performed reverse transcription of RNA standard and samples,
immediately followed by qPCR in a one-step reaction in Applied
Biosystem’s StepOnePlus instrument (manufacturer’s protocol).
The transcript abundances of reporter genes gfp and rfp were
quantified using a standard curve.

To establish the standard curve for gfp and rfp transcripts, we
PCR-amplified each gene using o0FAB1360/0FAB1364 from pFA-
BOUT2 and oFAB1459/0FAB1460 from pFABOUT1S, respec-
tively. Gel electrophoresis and Bioanalyzer 2100 (Agilent) assays
were used to confirm the amplification, and purified products
were directly used as template for in vitro transcription with the
MEGAscript T7 Kit (Ambion) according to the manufacturer’s
protocol. Completed transcription reactions were followed by
DNase I treatment (TURBO DNase, Ambion). After determi-
nation of RNA concentration by spectrophotometry (Nanodrop
1000, Thermo Scientific) and Bioanalyzer 2100 (Agilent), the
copy numbers of standard RNA molecules were calculated using
the following formula: (X g/ul RNA / (transcript length in nucle-
otides x 340)) x 6.022 x 10?3 = Y molecules per ul. A dilution
series ranging from 10'! to 10* molecules per pl of each template
was prepared; aliquots were made and then stored at —80 °C.
Each template (1 pl) was used for reverse transcription and qPCR
according to the protocol described above.

Plate reader kinetic assay data analysis. Background fluores-
cence of cultures was determined using a combinatorial library
of seven promoters combined with a nonfunctional 5 UTR (‘dead
RBS (Null RBS)’ 5" UTR) with each of the two reporters in E. coli
BW25113 (Supplementary Table 1). These control strains were
grown and assayed along with each of the combinatorial libraries
on the same 96-well plates. Their fluorescence signals were aver-
aged to generate a standard curve for OD against fluorescence
(RFU). The standard curve was used to subtract background fluo-
rescence from the reporter strain fluorescence value at the same
OD, yielding a background subtracted OD vs. RFU differential
rate plot for each strain carrying each member of the combinato-
rial library??. The slope of the linear portion of each differen-
tial rate plot was taken as exponential steady-state fluorescence
(fss)- To account for the growth rate and the maturation rate
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constant for the stable fluorescent protein, we used a previously
published model®?

Expression strength = fo X x(l + s j (1)
m

where 1 is the culture growth rate, m is the fluorescent reporter
maturation constant and f is the steady state fluorescence. The
maturation rates for GFP and RFP were obtained from the litera-
ture (~2.77 h™! for GFP®! and ~1 h~! for RFP>%), whereas both
steady-state fluorescence (relative nonfluorescent units per OD)
and growth rate (h~!) were experimentally determined for each
candidate in the library. The expression strength estimated by
this procedure yields the synthesis rate of nonfluorescent protein
(GFP or RFP) OD~! h~! (ref. 60), which was used for comparison
with the exponential-phase single-cell mean fluorescence meas-
ured by flow cytometry.

Flow cytometer data analysis. For each replicate, the FCS files
were parsed and analyzed using in-house scripts for R software
(http://www.r-project.org/). The gating parameters defined at the
time of acquisition were reapplied. In addition, a custom auto-
mated gating procedure was developed to maximize consistency
in the results®?. The measurements were first filtered through
an ellipsoid gate set around the main bicluster of log-forward-
and log-side-scatter data. The resulting data were then clustered
on the appropriate log-fluorescence signal, allowing for one or
two clusters. This step was used to control the quality of the data
through the identification of well-to-well contaminations or
selection for loss—of-function mutants, both of which occasionally
occurred during experiments. A specific criterion combining the
integrated completed likelihood (ICL) and the Bayesian informa-
tion criterion (BIC) for the fitted mixture model was applied to
determine the presence of bimodality in the fluorescence data. We
used this strategy to flag experiments that needed to be redone. In
such cases, a dilution of the population was plated and individual
colonies were then screened and resequenced. A validated isolate
was used to rerun the experiment on both the plate reader and
flow cytometer.

For each filtered data set, the average and variance of the appro-
priate linear fluorescence data was calculated, yielding a relative
measure of fluorescence per cell (RFU per cell, Supplementary
Fig. 2a,b). The calculated averages are highly correlated to the
bulk plate reader data. The fluorescence-per-cell values were used
for all the analysis developed in this work.

ANOVA models for fluorescence, mRNA abundance and trans-
lation efficiency. We first considered a conventional model*6
to represent population average steady-state protein expres-
sion levels from a constitutive promoter and ribosome-binding
site (RBS)

P =gxTxxTr/(kdxkm) (2a)

log(P) =log(g) + log(Tx) + log(Tr) — log(km) — log(kd) (2b)

where P is a steady-state protein level, g is the gene copy number,
Tx the transcription rate per gene copy, Tr the translation rate
per mRNA, and km and kd are the mRNA and protein degra-
dation rates, respectively. Typically, such models (equation (2))
assume that the individual activities of genetic elements are
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fixed within a given context. However, if elements are reused in
novel combinations or across varying operational contexts, then
their activities can change. We thus developed a linear model
inspired from equation (2b) to enable analysis of element-element
context effects.

To understand the contribution and coupling between tran-
scription and translation elements (promoters and 5 UTRs)
and divergent GOIs on overall gene expression, we consider the
following equations for ANOVA

log(Ojix) = + P, +U; +GOIy +(P:U);; + (P: GOy
+U:GOI) j +(P:U:GOD). + i
fori={1-7}%j={1-11}k={1,2} (3)

where Ojj is an expression output signal (for example, arbitrary
fluorescence level, transcript abundance and translation efficiency
or fluorescence per mRNA) measured from a genetic construct
comprising a member of combinatorial promoter:5” UTR with
either GFP or RFP as a reporter; P; represents the ith promoter;
Uj represents the jth 5" UTR; GOI represents the kth reporter;
(P:U);; represents the interaction between the ith promoter and
jth 5" UTR; (P:GOI); represents the interaction between the ith
promoter and kth reporter; (U:GOI); represents the interaction
between the jth 5 UTR and kth reporter; (P:U:GOI);j; represents
the interaction between the ith promoter, jth 5° UTR and kth
reporter; ¢ is the overall average signal; and the term & rep-
resents the error term for the ith promoter, jth 5 UTR and kth
reporter combination.

Relationship between model entities and biophysical mech-
anisms. There may exist a complex mapping between various
factors considered in equation (2) and equation (3). We thus log-
transformed our experimental data sets and represented the rela-
tionship as an additive form of a linear model. Similar approaches
have been applied in analyzing gene expression via microarray
data sets®>64, Stated differently, we assumed that log-normalized
gene expression is a linear function of different factors and their
interactions, and each factor is an abstraction of complex bio-
physical functions encoded in primary DNA sequences. For
instance, a given factor P; encompasses the contribution of pro-
moter sequence motif recognition by RNA polymerase (RNAP)
and also multiple steps involved in transcription initiation and
subsequently promoter escape?!. Although each of these param-
eters is known to affect the activity of a promoter, they are lumped
here into a single estimated value, P;. Concurrently, promoter
elements may also contribute a few nucleotides to the actual
5" UTR of resulting transcripts and can therefore affect all mecha-
nisms depending on the mRNA molecule directly (for example,
transcript stability and translation initiation). Furthermore, a pro-
moter downstream region can comprise the 5" end encoded from
any given 5" UTR, which may affect RNAP pause and promoter
escape?!. Such complex relationships are captured by the P:Uj;
interaction terms. Similarly, a given Uj captures contributions
due to ribosome binding and mRNA stabilization, which affects
rates of both translation initiation and transcript degradation,
whereas its interaction term with GOL, (U:GOI)j; describes the
differential impact of different 5 UTRs on translation initiation
of any downstream gene (for example, interfering with translation
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initiation by inhibitory structures specific to different GOIs or by
modifying transcript stability®?).

The factor GOI in equation (3) also captures intrinsic differ-
ences in translation elongation properties of GOIs (for example,
translation pause, codon usage effects and protein maturation),
protein degradation, and fluorescence intensity itself. This variable
also captures measurement artifacts such as differential efficiency
of qPCR reactions across various templates for mRNA quantifica-
tion as well as differences in fluorescence intensities linked to the
use of different optical filters sets between reporters. The interac-
tion term (P:GOI);, accounts for possible interactions between a
promoter, P, and a downstream GOI (for example, a gene may have
an internal promoter that interferes with the RNAP loading from
an upstream promoter or cause transcriptional interference®).
The higher-order interaction term (P: U:GOI)ijk does not relate
to any known example or mechanism for how variation in gene
expression is thought to arise from specific functional genetic ele-
ments (for example, promoters, 5° UTRs and GOIs) and hence
captures any factors not included in the model.

Replicates. The term € in equation (3) accounts for experimen-
tal errors arising from the replicate data sets or systematic experi-
mental biases (for example, signal saturation). In the ANOVA, this
error term is assumed to be independent and to have zero mean.
In the present work measurements were performed in batches
of 96-well plates (three different plates for the GFP library and
three different plates for the RFP library). £;; was calculated by
performing ANOVA using equation (3), and the results indicated
insignificant impacts (see Results).

To formally check for systematic block effects and validate our
treatment of the replicates, we performed a three-way ANOVA>0
without replicate data sets on each of the libraries according to
the following linear model

log(Oyjk)=0t+P+U j+ R+ €
for i={1-7}; j={1-11}; k={1-3} 4)

where Ry, stands for replicate batch number, and all other nota-
tions have the same meaning as in equation (3). We found no
contribution of the replicate factor on fluorescence data sets (F-
statistic scores = 0.431 and 0.388, P = 0.651 and 0.679 for GFP
and RFP fluorescence data, respectively).

Sum of squares and score calculations. Equations (5-7) relate
fluorescence (F), transcript abundance (M) and fluorescent pro-
tein produced per mRNA (TE, translation efficiency) to promot-
ers, 5* UTRs and GOIs used in our combinatorial library. In each
regression model, the colon denotes an interaction between dif-
ferent elements, and ‘Exp. Error’ is the variation resulting from
measurement replicates.

log(F) = o + promoter + UTR + GOI+ promoter:UTR
+promoter:GOI+ UTR:GOI
+promoter:UTR:GOI+Exp. Error (5)

log(M) = o + promoter + UTR + GOI+ promoter:UTR
+promoter:GOI+ UTR:GOI
+promoter:UTR:GOI + Exp. Error 6)
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log(TE) =& + promoter + UTR + GOI+ promoter:UTR
+promoter:GOI+ UTR:GOI
+promoter:UTR:GOI + Exp. Error (7)

To account for differences in the fluorescence intensities of report-
ers and in qPCR primer efficiency, we mean-centered our data sets
for each GOl independently. Using three replicates of fluorescence,
transcript abundance and translation efficiency, we performed
ANOVA®? on the linear models (equations (5-7)) described above
using the “anova” routine in R software. ANOVA results are pre-
sented in Figures 3 and 4 and in Supplementary Table 2.

The main effects (the primary scores for promoters, 5* UTRs
and GOIs) were directly retrieved from the ANOVA table of
effects (accessed using the “model.tables” function in R). In
essence, scores are calculated as the mean of all observations
comprising a given level of a factor from which the grand mean
(o) is subtracted (for example, the mean of all observations con-
taining p1 promoter subtracted by the mean of all observations
to yield the primary score for pl). For ease of visualization and
interpretation, the grand mean (o) was distributed over the main
effects so that all resulting scores were positive.

The integrated deviation of the main effect (secondary scores)
for each element, resulting from its composition with different
parts, was calculated as the s.e.m. of the appropriate interaction
term effects (for example, the context sensitivity of pl due to
composition with different UTRs was calculated using the s.e.m.
of the set {pl:ul effect, pl:u2 effect, ..., pl:ull effect}). By defi-
nition, the sum of these interaction terms equals 0. Hence, the
s.e.m. effectively measures the spread of the interaction around
main effects.

Accuracy of estimated scores for new parts. To evaluate the
accuracy of our model for use in estimating the scores for a new
promoter and/or 5" UTR (i.e., for elements not included in the
training model), we performed a cross-validation analysis using
our entire data set. Here, the goal is to determine how the robust-
ness of an estimated score for a new promoter (or 5 UTR) changes
as we characterize this new promoter (or 5" UTR) with an increas-
ing number of 5 UTRs (or promoters). Please note that here we
define the ‘true’ score of a promoter (or 5 UTR) as its estimated
score across all combinations (i.e., across the entire data set, as
presented above).

In detail, the following steps were taken to determine the
accuracy of the estimated score for a new promoter by a cross-
validation approach:

1. Create different combinations of 5° UTRs with a varied
number of elements ranging from 1 to 11 (e.g., (ul), ..., (ull),
(ul, u2), ..., (ul0, ull), (ul, u2, u3d), ...).

2. For each of combination of 5 UTRs defined in step (1),
perform the following. (i) Estimate the score of each of the seven
promoters in the data set using the experimental data corre-
sponding to only the combination of these promoters with the
5" UTR elements present in that combination and based on the
model in equation (5). (ii) Calculate the absolute error (AE) as
the difference between the estimated promoter score (step (i))
and the true score of the promoter (estimated with all combina-
tions of 5" UTRs). (iii) Calculate the relative error (RE) by divid-
ing the AE by the true score of the promoter. (iv) Average all the
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relative errors across all the promoters to produce an aggregated
metric for that number of test 5 UTR combinations. That is,
for every 5" UTR group defined in step (1), we calculated seven
REs (because we have seven promoters), averaged them all to
produce a single metric and used this score to generate the plot
shown in Figure 5.

An equivalent analysis was carried out to determine the accu-
racy of estimating the score of a new 5" UTR as a function of the
number of combinations of promoters tested.

Evaluation of temperature effect on parts performance. To esti-
mate the effect of temperature on the performance of transcrip-
tion and translation elements (promoter and 5" UTR), we consider
the following equations for ANOVA
log(Fjg) =0t + P +Uj +Tj +(P:U);; + (P:T)y

+(UT)]k + (PUT)IJk + Sijk

fori ={1-7}% j={1-11}k ={1, 2} @)
where Fyj is the fluorescence level measured from a genetic con-
struct comprising a member of combinatorial promoter:5” UTR
grown at either 30 °C or 37 °C; P, represents the ith promoter;
Uj represents the jth 5° UTR; Ty represents the kth temperature;
(P:U);; represents the interaction between ith promoter and jth 5’
UTR; (P:T);, represents the effect of the kth temperature on the
ith promoter; (U:T);, represents the effect of the kth temperature
on the jth 5" UTR; (P:U:T);j, represents the interaction between
the ith promoter, jth 5* UTR and kth temperature; o is the over-
all average signal; and g represents the error term for the ith
promoter, jth 5* UTR and kth temperature combination.
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