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ABSTRACT

Efforts to engineer microbial factories have benefitted from mining biological diversity and high
throughput synthesis of novel enzymatic pathways, yet screening and optimizing metabolic pathways
remain rate-limiting steps. Metabolite-responsive biosensors may help to address these persistent
challenges by enabling the monitoring of metabolite levels in individual cells and metabolite-
responsive feedback control. We are currently limited to naturally-evolved biosensors, which are
insufficient for monitoring many metabolites of interest. Thus, a method for engineering novel
biosensors would be powerful, yet we lack a generalizable approach that enables the construction of
a wide range of biosensors. As a step towards this goal, we here explore several strategies for
converting a metabolite-binding protein into a metabolite-responsive transcriptional regulator. By
pairing a modular protein design approach with a library of synthetic promoters and applying robust
statistical analyses, we identified strategies for engineering biosensor-regulated bacterial promoters
and for achieving design-driven improvements of biosensor performance. We demonstrated the
feasibility of this strategy by fusing a programmable DNA binding motif (zinc finger module) with a
model ligand binding protein (maltose binding protein), to generate a novel biosensor conferring
maltose-regulated gene expression. This systematic investigation provides insights that may guide
the development of additional novel biosensors for diverse synthetic biology applications.
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INTRODUCTION

Cells evaluate and respond to their internal states through a range of mechanisms, including
the wide use of molecular biosensors. In a general sense, a biosensor may be understood to
comprise a species that senses one or more analytes, typically through a molecular recognition event
involving binding to the analyte, such that recognition of the analyte is transduced into a change in the
biosensor that enables it to effect a change in cell state. Biosensors may be composed of a range of
biomolecules, most commonly including RNA 3 or protein 18, Early applications included the
generation of whole-cell biosensors, in which an environmental analyte enters a cell through active or
passive transport. Upon recognition of the analyte by an intracellular biosensor, an output signal such
as fluorescence, luminescence, or color-change is generated, most commonly by biosensor-induced
expression of a reporter gene or by analyte binding-induced changes in the activity of a fluorescent or
enzymatic biosensor protein. A particularly exciting frontier is the use of biosensors to sense not
external factors, but rather a cell’s internal metabolic state.

Metabolite-responsive biosensors may help to address several J)ervasive and persistent
challenges in the fields of synthetic biology and metabolic engineering 37,9 11,1316 First, biosensors
may help overcome the costliest and rate-limiting step in the development of new biosynthetic
pathways — screening and evaluating pathway or strain variants to both identify well-performing
constructs and glean insights into pathway function that may be utilized in subsequent iterative rounds
of the design-build-test engineering cycle. By coupling metabolite-binding to outputs such as
fluorescence or antibiotic resistance, biosensors can enable the screening of large libraries (e.g., >10°
members), which remain beyond the capacity of even contemporary automated platforms for
performing clonal evaluations. For example, the naturally occurring transcription factor BmoR was
harnessed to confer growth in the presence of butanol, which enabled the screening of a plasmid
library to identify strains exhibiting robust production of 1-butanol % Similar approaches have been
harnessed to screen plasmid libraries to achieve enhanced production of mevalonate "7 triacetic acid
lactone "%, and L-lysine ¥ Such an approach may be extended to screen for high-performing variants
generated through genomic mutation, including both random mutagenesis, which has been utilized to
optimize L-lysine production via mutation of endogenous enzymes % and targeted genome-wide
mutagenesis, which has been used to optimize naringenin and glucaric acid production via
combinatorial perturbation of endogenous gene regulation *. While most investigations to date have
applied these methods to bacterial chasses, such approaches may also be extended to yeast and
other organisms °In general, “digital” biosensor outputs, such as expression of antibiotic resistance,
are most useful for screening, while “analog” biosensor outputs, such as fluorescence, enable both
screening and characterization of internal metabolite concentrations, potentially at the single-cell
level, to guide construct analysis and iterative refinement.

A powerful, yet less explored extension of this approach is the use of metabolite-responsive
transcriptional regulators to implement feedback control in order to optimize system performance. An
early demonstration of this opportunity was the use of an acetyl phosphate biosensor to sense excess
glycolytic flux, and in response, regulate the expression of limiting genes in the lycopene biosynthesis
pathway. This activity resulted in both enhanced lycopene production and diminished growth defects

% More recently, feedback control was used to achieve balanced flux through several pathways that

led to enhanced yields and improved cell survival during the production of a biofuel (fatty acid ethyl
ester) ’_ This investigation made use of the natural FadR biosensor, which is antagonized by Acyl-
CoA, paired with synthetic promoters engineered to achieve robust regulation by FadR. Similarly,
lysine-responsive riboswitches were utilized to control the expression of citrate synthase and thereby
increase lysine production by controlling flux in the TCA cglcle 3 The potential utility of biosensor-
mediated feedback control is now widely recognized 21,22 and further implementation is currently
limited largely by the pool of suitable biosensors.

A general challenge in the use of biosensors is that the pool of metabolites one would like to
measure and potentially utilize for feedback control is much larger than the pool of metabolite-
responsive transcriptional regulators that have been identified. Bioinformatic approaches and surveys
of published literature may identify a number of useful biosensors that have simply not yet been
utilized as such. For example, a recent study elegantly applied a systematic characterization of known
metabolite-responsive transcriptional regulators to generate quantitative fingerprints enabling these
biological “parts” to be harnessed for engineering applications °. However, since the entire pool of
naturally-evolved biosensors is likely much smaller than the pool of metabolite targets, it would be
attractive to develop approaches for engineering novel biosensors. Ideally, such a biosensor could be
constructed to recognize an analyte of interest (with some practical degree of specificity), would
exhibit a dynamic range suitable (or tunable) to the application of interest, and could be directed to
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regulate a gene (or genes) of interest in a ligand-dependent fashion. Although this comprises a
daunting protein engineering challenge, a number of smaller-scale successes suggest strategies that
may help to achieve this goal.

The most widely used approach for engineering novel biosensors is to genetically fuse a
ligand-binding protein with a distinct functional domain, such that the fusion causes the act|V|ty of the
functional domain to be conditional upon the presence or absence of the ligand of interest "% %,
Most commonly, the functional domain comprises a fluorescent protein or enzyme conferrlng
antibiotic resistance, each of which comprises an output amenable to screening the large libraries
required to identify functional fusion proteins. For example, maltose binding protein (MBP) and -
lactamase (BLA) were circularly permutated to generate a library of fu5|on protelns such that
successful fusions exhibited high BLA activity only in the presence of maltose #. Calmodulin, which
experiences a conformational change upon binding to Cca®, is similarly amenable to such a fusion
strategy to create fusion proteins based upon BLA 2% or GFP and its derivatives *°. Indeed, many
similar approaches have harnessed proteins in which ligand binding induces a conformahonal change
in order to generate biosensors in which quorescence often via FRET, provides a metric of
intracellular metabolite concentration (reviewed in 10,31 ) Furthermore, zinc finger proteins (ZFP),
transcription activator-like effectors (TALE), and CRISPR-based DNA binding domains have been
fused to putative repressor and activator domains to create novel transcription factors to regulate both
prokaryotic and eukaryotic transcnptlon although such functions are not generally regulated by ligand
binding to the transcription factor (***%). However, recently an allosterically regulated version of Cas9
has been developed by fusing the estrogen receptor o to create a protein that represses transcription
in the presence of the ligand, 4-hydroxytamoxifen*’. Given the broad homology within the Lacl/GalR
family of ligand-responsive transcription factors, novel biosensors have also been constructed by
fusing the ligand-binding domains from Lacl paralogs to the Lacl DNA blndlng domain, conferring
regulation of the lac promoter by fructose, ribose, or other species 17,18 41,4 . Ultimately, computational
protein design could guide the development of novel biosensors. To date such methods have been
used primarily to shift ligand specificity of existing biosensor protelns 7,454 although de novo design
of novel ligand-binding proteins and biosensors is another promising frontler Overall, these
approaches bespeak the promise of engineering novel biosensor proteins, but to date no
generalizable approach for engineering novel metabolite-responsive transcriptional regulators has
been described.

In this study, we investigated, validated, and developed a strategy for engineering novel
metabolite-responsive transcriptional regulators. Our central goals were to quantitatively evaluate
several strategies for converting a ligand-binding protein into a functioning biosensor that regulates
transcription, and to elucidate design principles governing the performance of biosensors constructed
in such a fashion. To this end, we leveraged the facts that MBP is a well-characterized ligand-binding
protein, and that zinc finger proteins (ZFP) are well-characterized and programmable DNA binding
domains. Furthermore, we applied quantitative analyses to identify rules for designing biosensor-
regulated promoters and quantitatively characterize these new biological parts. This systematic
investigation establishes a foundation for applying a potentially generalizable strategy towards the
ultimate goal of engineering customized metabolite-responsive biosensors.

RESULTS
Developing novel zinc finger protein-regulated constitutive promoters

In this investigation, we sought to develop a readily generalizable strategy for engineering
novel biosensor proteins from the ground up. We hypothesized that such a goal might be achieved by
first using an orthogonal DNA binding protein to regulate transcription of an engineered promoter, and
then fusing this DNA binding domain to a distinct protein capable of binding the target ligand, such
that when the fusion protein binds ligand, DNA binding (and thus transcriptional regulation) is either
disrupted or enhanced.

To begin investigating this overall strategy, we first sought to engineer a novel transcriptional
regulator by leveraging the modular, programmable DNA binding properties conferred by the zinc
finger protein (ZFP) architecture 5052 7FPs are small (compared to alternative architectures such as
TALEs % 39) easy to manipulate, and can be designed to bind to nearly any sequence The ZFP
architecture has prewously been utilized to create novel transcription factors in E. coli ® ,as well as in
eukaryotes 3355 The Cyso-His, class of ZFPs is an attractive DNA binding domaln since each
“finger” of the ZFP blnds to a distinct 3 bp DNA sequence (Figure 1A) , and thus sequence specific
binding is achieved by engineering ZFPs comprising multiple “fingers” fused in tandem. Therefore, to
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initially investigate our strategy for biosensor engineering, we utilized the BCR-ABL1 ZFP as our DNA
binding domain. BCR-ABL1 is well-characterized, exhibits a low equilibrium dissociation constant
when binding its cognate 9 bp DNA binding site with three tandem fingers (K4 ~78 pM), and has been
shown to exhibit conditional DNA binding when genetically split and reconstituted 50,95, Notably,
although the BCR-ABL1 consensus binding sequence is known, no E. coli promoters have been
previously repressed by BCR-ABL1.

In order to begin elucidating the rules for building novel ZFP-regulatable promoters, a library
of 68 different constitutive promoters was designed (Supplementary Figure S2). The library was built
by inserting BCR-ABL1 binding site(s) at various locations around the consensus -10 box (TATAAT)
and -35 region (TTGACA). The -10 box and -35 region are critical for recruitment of the o’ factor of
RNA pol;/merase, and these sequences are necessary and sufficient to create a constitutive
promoter 697 Design features that varied across the library included BCR-ABL1 binding site
location(s), relative to the consensus elements, and spacing between BCR-ABL1 binding sites.
Although this design did not presuppose that ZFP-binding would repress transcription from these
constitutive promoters, this was the anticipated mechanism because BCR-ABL1 was not fused to a
transactivation domain *. Each promoter was encoded on a low copy number plasmid and drove
expression of E. coli-optimized GFP as a reporter.

To quantify the extent to which each promoter was repressed or activated by BCR-ABL1
during exponential growth, we defined a metric of “relative expression” that describes how induction of
BCR-ABL1 expression impacts expression from the promoter as compared to a “No Sites” control
promoter lacking BCR-ABL1 binding sites (see Material and Methods). This relative expression
normalization strategy was utilized in order to implicitly correct for any effects that arabinose many
confer on GFP/ ODgg in @ manner unrelated to expression of the ZFP. Thus, low relative expression
indicates that a promoter is highly repressed by BCR-ABL1. The library of promoters exhibited wide
ranges of basal expression (Supplemental Figure S3) and repressibility by BCR-ABL1 (Figure 1B).
Nearly all of the promoters exhibited a decrease in GFP expression upon the induction of the BCR-
ABL1 ZFP, and no promoters showed any level of activation upon BCR-ABL1 induction. When
relative expression was quantified at 10 h post-induction, at which point cultures had reached
stationary phase, the observed repressibility was much more pronounced (Figure 1C). To investigate
how relative expression patterns differed between cells within each population, we also examined
several representative promoter cases at the single cell level using flow cytometry (Figure 1D).
Overall, responses were unimodal, such that population-averaged fluorescence measured by flow
cytometry corresponded well to comparable metrics obtained by microplate-based assays
(Supplemental Figure S4), and thus the latter method was used for subsequent analyses. Given this
wide range of phenotypes, we next investigated the relationship between promoter design and
repressibility.

Figure 1

We first examined the impact of promoter design on repressibility by inspection. As depicted
in Figure 2, promoters representing variations on a particular design feature were first grouped
together in order to identify simple trends, with the caveat that such trends are potentially restricted to
the scope of promoters evaluated in our library. Generally, placing two ZFP binding sites in between
the -10 box and the -35 region (the promoter “core”) led to greater repressibility than did insertion of a
single ZFP binding site, regardless of its position (Figure 2A). Go15 is an exception to this trend, as it
was not dramatically less repressible than was Go14. Furthermore, promoters with two ZFP binding
sites in the core were more repressible than were comparable promoters that lacked these core sites
but shared other ZFP binding sites (Figure 2B). Compared to promoters including all three ZFP
binding sites required for recognition by BCR-ABL1, promoters in which only two sites were present
exhibited reduced repressibility by BCR-ABL1 (Figure 2C). Adding additional ZFP binding sites
downstream of the -10 box did not increase repressibility (Figure 2D). However, adding additional
binding sites upstream of the -35 box did effectively increase repressibility (Figure 2E). Decreasing
the spacer distance between the -10 box and the first downstream binding site increased repressibility
(Figure 2F). Similarly, removing any spacer between the ZFP binding sites and the -10 box and -35
region resulted in greater repressibility than did removing spacers adjacent to either the -10 box or -35
region alone (Figure 2G). To explain the increase in repressibility observed for Go85 compared to
Go66, we hypothesize that BCR-ABL1 cannot simultaneously occupy adjacent binding sites, and
furthermore, that binding to the sites directly upstream of the -10 box and downstream of the -35
region results in greater repressibility than is conferred by BCR-ABL1 binding to the more distal
binding sites present in Go66. Altogether, promoter Go92 exhibited the greatest repressibility of any
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library member, and this promoter appears to follow many of the design rules suggested by the above
inspection-based analysis. However, since only a subset of our promoter library was amenable to this
direct inspection-based analysis, we next pursued a systematic analysis of the entire library to further
refine our understanding of the applicable design rules.

Figure 2
Computational identification of promoter design features conferring ZFP-mediated repression

Statistical methods can provide insights into large or diverse data sets that are difficult to
compare qualitatively or by inspection alone. Therefore, we performed a series of statistical analyses
termed computational “feature selection” in order to determine which promoter features are important
for predicting the relative repressibility of a given promoter in the presence of the ZFP. Given a set of
feature “inputs,” feature selection seeks to eliminate those features that are redundant or irrelevant to
the prediction of a particular output. In our analysis, the output was defined as the repressibility (the
negative of relative expression) exhibited by each promoter in the library. To generate the input list,
we defined a set of 17 quantitative features that described each promoter in the library. Because we
sought to elucidate general design rules and avoid over-fitting our particular promoter library, we
defined the 17 features strictly on the basis of describing the locations of each ZFP binding site
relative to the -10 box, the -35 region, and to other ZFP binding sites (Figure 3A).

Three different feature selection methods were applied to analyze BCR-ABL1-mediated
repression of our promoter library. We first used partial least squares regression (PLSR), in which the
regression coefficient associated with each feature indicates the degree to which that feature explains
variations in repressibility within our dataset. Each coefficient was scaled using a permutation test to
correct for the coefficient one would calculate for a randomized (meaningless) output vector % and
these corrected coefficients were used to generate a ranked lists of features (for PLSR coefficients,
see Supplementary Figure S5). By repeating the PLSR using only fixed numbers of most important
features, we found that the first few features explained much of the variance in the overall dataset
(Figure 3B). A similar trend was observed when repeating the PLSR with a limited number of principal
components, indicating that principal components do not provide deeper understanding of this system
than do single features. The second method used was Random Forest, which creates a predictive
model of the system using decision trees. By iteratively generating decision trees using a subset of
features, this method calculates the mean loss of accuracy when a given feature is removed, and this
quantity is used to generate a ranked list of features by importance (Supplementary Figure S5). The
final method used was Lasso regression, which performs least s%uares regression with an additional
penalty placed on the magnitudes of regression coefficients ° This penalty is weighted by a
parameter, A, such that as A is increased, the coefficients of unimportant features shrink to zero;
features are thus ranked by the number of iterations that they retain a non-zero coefficient as 1 is
increased. For each value of 4, the regression fit was tested with 10-fold cross validation, to obtain a
mean squared error (MSE) and number of retained coefficients for each value of A1 (Figure 3C). A
reasonable fit of the system was obtained using 3-5 features, with lower MSE for larger feature
numbers likely representing over-fitting of noise in the dataset.

Overall, the three feature selection methods (PLSR, Random Forest, and Lasso) generated
similar but not identical ranked lists of features (Figure 3D). The most important features included
spacer inside -10 and spacer -10, which were undesirable for repressibility, and BS in core, core
middle space, and pairs in core, which were desirable for repressibility. Together, these findings
indicate that placing binding sites as close as possible to the -10 box and -35 region are predicted to
confer strong repressibility. Interpreting other features is less straightforward, such as core middle
space, which describes whether there exist base pairs in the core other than ZFP binding sites; the
three methods appear to disagree on the importance of core middle space. One possible explanation
for this discrepancy is the influence of Go22 and Go92 on this analysis, since both of these promoters
contain space in the core but no space on either side of the -10 box (Go22 and Go92) and no space
on either side of the -35 region (G092). As such, for these promoters, containing space in the core
may be merely associated with the presence of other promoter features conferring repressibility.
These cases may well emphasize the importance of spacer inside -10 and spacer -10. Moreover,
Lasso, which is considered the most robust method for feature selection, ranked core middle space
as unimportant, potentially by resolving this contradiction better than did the other methods.
Altogether, this analysis enabled us to leverage our diverse promoter library to glean general,
quantitative design principles for engineering ZFP-repressible promoters. However, it was not yet
clear whether such rules would extend to the design of promoters regulated by ZFP-based biosensors.
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Figure 3
Conversion of transcriptional repressors into ligand-responsive biosensors

Having established that BCR-ABL1 functions as a transcriptional repressor, we next
investigated two strategies for converting this repressor into a biosensor. Here, the primary goal was
to investigate general strategies for converting a ligand-binding protein into a ligand-responsive
transcription factor. As described above, we hypothesized that such conditional regulation of gene
expression may be achieved by fusing BCR-ABL1 to a ligand-binding domain. To investigate the
feasibility of this approach, we chose the uniquely well-studied maltose binding protein (MBP), in part
because this protein experiences a substantial and well-characterized conformational change (~9 A
decrease in separation between N and C termini) upon ligand binding 8065 The first strategy we
explored was termed the Split Zinc Finger (SZF) approach, in which BCR-ABL1 was split genetically
such that the N and C termini of MBP were fused to BCR-ABL1-derived ZFPs. This strategy Ieverages
prior observations in which the N and C termini of MBP were fused to FRET-paired fluorophores 6569,
split GFP fragments % or context-dependent fluorophores *, each enabling the monitoring of ligand
binding-induced conformational changes in MBP. Further rationale for this strategy is that ZFPs
exhibited conditional DNA binding when this domain was %enetically split and then reconstituted using
either self-splicing inteins or protein-protein interactions 7% The second strategy we explored was
termed the Split Protein (SP) approach, in which MBP was genetically split, with the halves fused to
the N and C termini of intact BCR-ABL1. We hypothesized that such a construct may permit ZFP-DNA
interactions in a manner that depends upon whether MBP is bound to maltose. The three most
repressible reporters (Go66, Go85, and G092) were used to evaluate the feasibility of each of these
proposed biosensor mechanisms.

To investigate the SZF strategy, BCR-ABL1 was split between the first and second zinc
fingers as previously described 5 (see Figure 4A for the proposed mechanism). None of the reporters
evaluated exhibited repression upon the induction of SZF biosensor expression (Figure 4B). One
potential explanation is that the three zinc fingers could not localize with the spacing or geometric
orientation required to simultaneously bind a single BCR-ABL1 DNA binding site. While it may be
possible to improve SZF biosensor-mediated repression by identifying promoters that place BCR-
ABL1 binding sites in geometries that enable a split ZFP to bind, there is no guarantee that such a
configuration would exist. Moreover, even if such a promoter were identified, such a design is likely to
be a “one-off’ solution specific to the MBP SZF biosensor. Therefore, we next evaluated the
alternative SP biosensor design strategy, which has the potential to be more generalizable.

To initially investigate the SP strategy, MBP was genetically split at the point previously
reported to generate a functional chimera with beta-lactamase (BLA), termed “RG13” # and BCR-
ABL1 was inserted between these N and C terminal fragments (see Figure 4C for the proposed
mechanism). We hypothesized that such a split site might support the SP mechanism because (a) in
RG13, MBP retains the capacity to bind maltose and (b) in RG13, binding of maltose to MBP likely
induces a conformational rearrangement of the overall fusion protein (or at least the stabilization of a
conformation that alleviates disruption of the BLA active site ’’). This SP biosensor was again
evaluated against a select set of reporters. Notably, induction of biosensor expression suppressed
reporter output in a manner that was significantly alleviated in the presence of maltose (Figure 4D).
These data thus support the fundamental feasibility of the SP strategy. This observation is also
consistent with our hypothesis that DNA binding was impaired in the SZF architecture, at least
compared to the SP architecture. Notably, repressibility conferred by the SP biosensor was only
slightly less than that observed with BCR-ABL1 ZFP alone (Figure 4E). This correspondence
suggests that the rules for predicting robust ZFP-mediated repression of reporter output (Figures 2, 3)
seem to hold true for the SP biosensor, which also supports the generalizability of the SP strategy
with respect to reporter construct design. As was observed for BCR-ABL1-mediated repression
(Figure 1D), SP biosensor-mediated repression and alleviation was also unimodal when analyzed by
flow cytometry (Supplemental Figure S6).

Given these promising initial results, we next investigated how the method of SP biosensor
implementation impacts the performance of the system. We first investigated how biosensor
expression levels impact performance (Figure 4F). With increasing biosensor expression levels,
repression of the promoter increased (red series), although maltose-mediated alleviation of reporter
output also decreased (blue series). Such a trend is the expected behavior of this system if, at higher
levels of biosensor expression, intracellular concentrations of maltose are insufficient to drive all of the
biosensors into the ligand-bound (alleviated) state. We would propose two hypotheses that could
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explain this phenomenon. First, at higher concentrations of maltose, transport limitations may confer
an upper bound on the intracellular concentration of maltose, irrespective of the extracellular maltose
concentration. Second, it remains possible that even at saturating intracellular concentrations of
maltose, the maltose-bound form of our biosensor may still bind DNA (and repress transcription) to a
lesser but finite extent, compared to the apo form of the biosensor. Thus, we determined that for the
case of a relatively high extracellular concentration of maltose (100 mM in medium, which is expected
to be substantially higher than the concentration in the cytoplasm), induction of biosensor expression
with 30 uM IPTG conferred a robust balance between repression and maltose-mediated alleviation of
reporter output. To exclude the possibility that some other aspect of cell biology or ZFP function could
explain the maltose-mediated alleviation of reporter output, a similar analysis was performed using
cells expressing the ZFP alone (i.e., in place of the SP biosensor). As expected, the addition of
maltose had no significant impact on ZFP-mediated repression of the reporter (Supplemental Figure
S7). Moreover, the addition of maltose did not substantially impact cell growth (Supplemental Figure
S8). We next investigated how extracellular maltose concentration impacts biosensor performance
(Figure 4G). With the caveat that intracellular concentrations of maltose are expected to be
substantially lower than are extracellular concentrations, we observed that biosensor responsiveness
varied with extracellular maltose concentration, and for the most sensitive reporters (Go92 and Go85),
modest but significant alleviation was observed at extracellular maltose concentrations as low as 0.1
mM. To further investigate how maltose binding to MBP domains impacts SP biosensor performance,
we repeated this dose-response analysis after making a mutation in the MBP domain (W340A), which
has been reported to substantially weaken, but not ablate, MBP binding to maltose 2 (Figure 4H). As
expected, a substantially higher (~400x) extracellular concentration of maltose was required to
alleviate reporter output in the W340A SP mutant case. Altogether, these observations demonstrate
the feasibility of engineering novel biosensors using the SP strategy. Although the MBP split site used
in this initial construct was not selected to optimally implement the SP strategy, our overall goal was
to evaluate the SP strategy in general. Therfore, we carried this functional SP biosensor forward for
further development.

Figure 4
Contributions of biosensor biophysical properties to biosensor performance

In order to investigate how general biophysical properties of a biosensor impact its
performance, we next performed a series of rational modifications of the SP biosensor protein. First,
we hypothesized that if DNA binding affinity limits the degree to which our biosensors repress
transcription, then replacing the BCR-ABL1 domain with a ZFP that binds to DNA with higher affinity
would improve transcriptional repressibility in the absence of maltose. However, since BCR-ABL1
interacts with its binding site with a K4 ~78 pM % a simple model of binding equilibrium would suggest
that promoter occupancy should not vary much with changes in this high affinity binding constant. As
a point of reference, we note that the dimeric tetracycline repressor (TetR) binds to its operator
sequence (tetO) with a similar Ky ~20 pM ” although tetR is understood to achieve exquisite
transcriptional repression through contorting the target DNA rather than through high affinity binding
alone™. In order to directly investigate the relationship between affinity and repression in our system,
and to investigate the modularity of our biosensor vis-a-vis ZFP domain choice, we replaced BCR-
ABL1 with the Zif268 ZFP domain from the human EGR1 protein. Zif268 binds its 9 bp binding site
with a Ky ~8 pM (~10 times tighter than that of BCR-ABL1) % G092 was converted to Zif268-
responsive promoter by replacing the BCR-ABL1 binding sites with Zif268 binding sites
(GCAGAAGCC versus GCGTGGGCG, respectively). The SP biosensor was also modified to replace
the BCR-ABL1 ZFP with Zif268 (SP-Zif268). SP-Zif268 did not exhibit an enhanced capacity to
suppress reporter output, although it instead exhibited reduced fold-alleviation in the presence of
maltose compared to the original SP biosensor (Figure 5A). Altogether, these observations are
consistent with a simple model wherein increasing the affinity of the biosensor for its target DNA did
not increase repression, presumably because such a change would not impact promoter occupancy.
Moreover, the fact that the SP-Zif268 biosensor exhibited significant (if somewhat diminished)
functionality indicates that the ZFP domains within SP biosensors may be exchanged in a modular
fashion.

We next investigated how biosensors size may impact reporter repression, for example by
sterically occluding RNA polymerase binding to the -10 box and -35 region. To this end, the
fluorescent protein mCherry was fused to either the N- or C- terminus of the SP biosensor to generate
mC-SP or SP-mC, respectively. In this experiment, mCherry was selected as a functionally “neutral”
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fusion partner in order to investigate the impact of increasing the bulk of the biosensor alone.
Although the SP-mC modification did not improve biosensor performance, the mC-SP construct
notably exhibited both improved repression and increased fold-induction of reporter output upon the
addition of maltose (Figure 5). Altogether, these data suggest a useful strategy for building novel
biosensors in which the tradeoff between desired performance characteristics may be optimized for a
particular application. In general, adding steric “bulk” may outperform enhancing DNA binding for
increasing repression in the “off” state without sacrificing the degree to which the regulated gene is
expressed when in the “on” state.

Figure 5
DISCUSSION

In this study, we investigated a potentially generalizable strategy for converting metabolite-
binding proteins into metabolite-responsive transcription factors. By systematically and quantitatively
evaluating the design principles governing the performance of such biosensors, which was the focus
of this investigation, this work establishes a foundation for pursuing the long-term goal of engineering
repertoires of customized metabolite-responsive biosensors. By leveraging modular design of both
promoter libraries and biosensor proteins, these investigations elucidated a number of design
principles that are useful for both explaining the variations observed in our libraries and for guiding the
design of novel biosensors in subsequent work.

Using a library of engineered promoters, we identified several important rules by which
binding of a ZFP to DNA confers a repression of transcription. Interestingly, nearly all promoters
evaluated were repressed, at least to some degree, and none exhibited increased expression in the
presence of the ZFP. The BCR-AB1 ZFP alone was sufficient to achieve significant transcriptional
repression, even though this protein is smaller than canonical natural transcription factors, such as
TetR and Lacl (106 aa compared to 221 aa (TetR) and 374 aa (Lacl)). This minimal ZFP also
regulated gene expression in manner somewhat different from that conferred by a previously
described fusion between a ZFP and a transactivation domain from CRP. Lee at al. observed that this
ZFP-CRP fusion conferred transcriptional activation when bound upstream of the +1 site and
repression when bound downstream of the +1 site % while our minimal ZFP (which lacks a
transactivation domain) conferred repression even when bound upstream of the +1 site (Figure 2). We
determined that placing ZFP binding sites as close as possible to the consensus -10 box and -35
region of the promoter yielded the highest level of transcriptional repression. The -10 box and -35
region are the sites at which the transcription initiation factor 670 binds in order to mediate
recruitment and assembly of the RNA polymerase (RNAP) complex. Therefore, we hypothesize that
placing the ZFP binding sites very close to the -10 box and -35 region effectively prevents the c70
from binding to this region of DNA and/or o70-mediated recruitment of RNAP. The greatest
repression was observed when both the -10 box and -35 region were abutted with ZFP binding sites,
and blocking the -10 box may confer greater repression than does blocking the -35 region (Figures
2G, 3D). It is possible that these observations may be leveraged to achieve greater repression by
overlapping the ZFP binding sites with the conserved -10 box and -35 region, since binding of
biosensors to these sites may more efficiently block o70-mediated recruitment of RNAP. One
potential challenge associated with this strategy is the potential to repress endogenous genes that
share the consensus -10 box and -35 regions, although minimizing overlap with these consensus
sequences could mitigate this problem.

Our comparison of two potential biosensor engineering strategies — the SP (split protein) and
SZF (split zinc finger) architectures — revealed several insights into the feasibility and generalizability
of each approach. The SP biosensors repressed the most-repressible reporters to nearly the same
extent as did the ZFPs alone, suggesting that the rules governing promoter design may be
generalizable across SP biosensors (Figure 4D). In contract, the SZF biosensor evaluated conferred
no repression of reporter output (Figure 4B). We hypothesize that insertion of MBP between the
fingers of BCR-ABL1 precluded simultaneous binding of DNA by all three zinc fingers. Even if this
geometric constraint were alleviated by modulating the protein or DNA sequences, it is likely that such
a solution would be unique to each biosensor. Therefore, the SZF approach may be generalizable,
but not readily so. In contrast, the SP approach was both more effective and may also be more readily
generalizable.

Our investigation also provided several insights into the mechanism by which this initial SP
biosensor functions and the prospects for extending this approach to generate novel biosensors. In
many ways, these insights leverage the wealth of information available to describe our model ligand-
binding domain, MBP. The SP biosensors utilized the MBP split sites that were identified by using a
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random domain insertion approach to generate the “RG13” MBP/BLA fusion protein - the N terminal
half of SP comprises the first 316 aa of MBP, and the C terminal half comprises re5|dues 319-370 of
MBP. In the crystal structures of both MBP and RG13, residues 316R and 319A are ~10 A apart 6271
However, it should be noted that the RG13 crystal structure was obtained in the presence of
saturating Zn**, a condition which ablated the activity of the BLA subdomain of the protein, and that
no maltose- bound (or zinc-free) structure of RG13 has been obtained. Thus, these distances should
be treated as estimates as to how RG13 residues 316R and 319A are positioned when the protein is
expressed under physiological condltlons When MBP binds maltose, the separation of these residues
increases by no more than ~3 A % In contrast, when a Cyso-His, class ZFP binds to its cognate 9 bp
of DNA, the distance separating the N- and C-termini of the ZFP is ~40 A 7. Therefore, we
hypothesize that in order for the ZFP domain of the SP biosensor to adopt a conformation capable of
binding its 9 bp DNA target, residues 316R and 319A may be separated by as much as 40 A.
Furthermore, since the addition of maltose alleviates biosensor-mediated repression of transcription
(and therefore impairs or ablates DNA binding), we hypothesize that maltose binding to the SP
biosensor stabilizes interactions between the split MBP fragments, such that residues 316R and 319A
are retained in a close (~13 A) spacing, which prevents the ZFP domain from adopting a conformation
capable of DNA binding (Figure 4C). Importantly, if the SP biosensor operates via this ligand binding-
induced stabilization mechanism, then biosensor function need not rely upon a ligand-binding induced
conformational change in MBP. Thus, this mechanism could be extended to ligand-binding proteins
that do not experience a ligand binding-induced conformation change as dramatic as that exhibited by
MBP. Moreover, the proposed ligand binding-induced stabilization mechanism is consistent with the
“‘induced fit” model of substrate binding, in which ligand binding causes a shift in protein structure that
results in an increase in the stability of the ligand-bound complex. Indeed, ligand binding-induced
stabilization may confer allosteric regulation of many proteins, and this property may even be
englneerable . Thus, we speculate that the mechanism of the MBP-based SP biosensor may be
extended to blosensors based upon distinct ligand-binding domains. Moreover, there exist many
methods by which proteins can be split, fused, and screened, including in vitro methods such as
circular permutation and domain insertions, as well as computational methods for predicting effective
split sites, such that evaluating whether a given ligand-binding protem |s amenable to conversion into
a biosensor using the SP approach is relatively stralghtforward 7780 1 fact, periplasmic binding
proteins such as MBP may be generally amenable to conversion into molecular switches via domain
insertion, as was demonstrated by the insertion of TEM 1 beta-lactamase into ribose binding protein,
glucose binding protein, and xylose binding proteln . Additionally, an allosterically regulated version
of Cas9 has been developed by using domain insertion to fuse Casg to estrogen receptor-a to create
a repressor that is inducible by the addition of 4- hydroxytamOX|fen In this study, a site in Cas9 that
is permissive to protein insertion was first identified using random domain insertion of a PDZ domain.
Thereafter, the estrogen receptor-a was inserted into this site following the rationale that this receptor
undergoes a substantial conformation change upon ligand binding, bringing its termini within 21 A of
one another in the presence of ligand, such that only the ligand bound conformation of the receptor
may exhibit a structure that avoids disruption of the Cas9 structure (and, presumably, function). Thus,
while this technology is of substantial utility for regulating Cas9, it is not yet clear whether or how this
approach may be extended to generate Cas9-based regulators that are responsive to a range of
metabolites or ligands. Altogether, the SP strategy appears to be a promising and potentially
generalizable method for generating novel biosensors, although further investigation is required to
determine which types of ligand-binding proteins may be most readily converted into biosensors via
this approach.

Our investigation also provided several insights into how biophysical properties of the
biosensor itself could impact its overall performance. First, comparing SP biosensors based upon
BCR-ABL1 to those based upon Zif268, the latter of which binds its cognate DNA with approximately
10-fold greater affinity, we observed that the SP-Zif268 biosensor repressed transcription to a similar
extent but exhibited a reduced response to the addition of maltose. As discussed above, the observed
comparable degree of repression is consistent with a simple model of high affinity binding, in which
both SP and SP-Zif268 biosensors achieve a similar level of promoter occupancy. To interpret the
reduced response to maltose, we hypothesize that due to the tighter binding of Zif268 to DNA, even
the maltose-bound state may interact with DNA to some extent that represses reporter output (indeed,
the same may be true to a lesser extent for the original SP biosensor). For example, if each maltose-
bound biosensor exists in an equilibrium between states that are competent (disfavored) versus
incompetent (favored) for DNA binding, then the higher affinity with which Zif268 binds DNA may
cause biosensors based upon this protein to become “trapped” in a DNA-bound state, even when
bound to maltose. Finally, the fact that the SP-Zif268 biosensor nonetheless exhibited significant (if
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somewhat diminished) functionality indicates that, within the SP framework, the ZFP domains may be
exchanged to tune biosensor performance or to regulate novel reporter constructs.

We also investigated the role of biosensor size on performance, which provided some insights
into how biosensor performance may be tuned. We observed that fusing mCherry to the N terminus of
the SP biosensor (mC-SP) improved both reporter repression and fold induction upon the addition of
maltose, although no such effect was observed when mCherry was fused to the C terminus of the SP
biosensor (SP-mC). While it is not possible to provide a specific structural explanation for these
effects, a reasonable speculation is that the mC-SP biosensor sterically occludes recruitment of the
RNAP to a greater extent than does the original SP biosensor. If this were true, it could be possible to
achieve even greater repression of reporter expression by exploring the addition of “bulky” domains of
various sizes, shapes, and linker geometries to a candidate SP biosensor.

We also attempted to compare the performance of our initial SP biosensors to that of some
naturally-evolved biosensors, using the systematic characterization of the latter that was recently
reported by Rogers et al. 5, Rogers et al. evaluated fold-induction after cells had reached stationary
phase, while we evaluated both repression and alleviation during exponential growth, so we re-
analyzed our data from the experiments reported in Figure 5 using a later time point at which cell
growth had slowed, to facilitate this comparison (Supplementary Figure S9). While this analysis did
indeed lead to higher calculated values for degree of repression and fold-alleviation upon the addition
of ligand (6 £ 0.4 fold-repression and 3.8 + 0.3 fold-alleviation for the mC-SP biosensor), the natural
biosensors generally achieved a greater fold-induction, due in large part to the more efficient
suppression of output gene expression when in the ligand-free “off” state. While such nuances reflect
the manner in which biosensor performance is evaluated to some extent, this investigation more
importantly identifies specific performance attributes of SP biosensors that might be targeted to better
approach the performance of naturally-evolved biosensors.

Although we evaluated and identified several promising strategies for improving biosensor
performance, it is possible that when extending the SP approach to target applications, biosensor
performance may be further improved by either design-driven or screening-based methods. Some
strategies could entail refining reporter design. Depending on the application requirements, fold-
induction may be improved by locating the reporters on single-copy plasmids or on chromosomal
DNA (instead of on low copy number plasmids as described here) to increase promoter occupancy for
a given quantity of biosensors. Alternatively, the promoter sequence could be altered to partially
diminish interactions with o070, potentially using either targeted mutations or random promoter
mutagenesis followed by selection to “tune” a promoter to match the properties of a given biosensor.
Other strategies could improve the biosensor proteins. In particular, although utilizing the RG13 split
site for MBP proved to be feasible for generating our initial SP biosensors, it is likely that evaluating all
possible ZFP insertion sites into a ligand binding protein may identify fusion proteins that are
specifically suited to the SP mechanism. Based upon our observations of the factors limiting SP
biosensor performance, candidate biosensors may also be improved by random mutation and
directed evolution (e.g., optimizing allosteric regulation to enhance ligand binding-induced alleviation
of DNA binding). A final strategy could be to process the output of our existing biosensor/reporter(s)
system to achieve preferable overall performance characteristics. For example, reporter output could
be coupled to additional genetic circuitry, such as RNA-based toe hold switches or posmve feedback
circuits to amplify reporter output, and with some tuning, increase fold- induction® . By leveraging
the modularity conferred by programmable ZFP binding 5075 it may also be possmle to implement
multiple SP blosensors in a single cell. Moreover, high throughput genome engineering approaches
such as MAGE * could make it possible to place even endogenous genes under partial or total
control of such engineered biosensors. In sum, a modular approach to biosensor engineering is likely
to accelerate the generation of novel biosensors, iterative improvement of biosensor performance,
and adaptation of biosensors for novel applications in metabolic engineering and synthetic biology.

MATERIAL AND METHODS
Bacterial strains and culturing

All experiments were conducted in TOP10 Escherichia coli cells (F- mcrA A(mrr-hstMS-
mcrBC) ¢80lacZAM15 AlacX74 nupG recA1 araD139 A(ara-leu)7697 galE15 galK16 rpsL(Str)
endA1 X) (Life Technologies). Cells were maintained in Lysogeny Broth (LB) Lennox formulation (10
g/L of tryptone, 5 g/L of yeast extract, 5 g/L of NaCl) supplemented with appropriate antibiotics
(Ampicillin 100 pg/mL or Kanamycin 50 pg/mL). All experlmental analysis was conducted in M9
minimal media (1X M9 salts, 0.2% Casamino Acids, 2 mM MgSO 0.1 mM CaCF, 1 mM Thiamine
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HCI) containing glycerol (0.4%) as the primary carbon source. 1% arabinose and variable amounts of
maltose monohydrate and isopropyl 3-D-1-thiogalactopyranoside (IPTG) were added as indicated. M9
medium containing both Ampicillin and Kanamycin was used to maintain the strains that contained
both a reporter plasmid and a biosensor plasmid.

Plasmid construction

All plasmids were assembled using standard molecular biology techniques. Plasmid
backbones containing “plug-and-play” multiple cloning sites and compatible plasmids containing
synthetic parts (mCherry, GFPmut3b, pBAD, AraC, pTrc2) were generously provided by Jim Collins
(MIT) % Custom RBS sequences were designed using the RBS Calculator % The pA15 low copy
number origin was obtained from the Registry of Standard Biological Parts, plasmid pSB3K3.
Template sequences derived from published descriptions were used for terminators % BCR-ABL1 *°,
and the Zif268 portion of human EGR1 % (AddGene #52724). MBP was PCR amplified directly from
TOP10 genomic DNA. The library of constitutive reporters was cloned in a low copy number pA15
backbone (~10 copies per cell) with the ampicillin resistance cassette. All of the pBAD-based
inducible ZFP and pTrc-based inducible biosensor expression constructs included a ColE1 backbone
(~300 copies per cell) and kanamycin resistance cassette. The mCherry gene was cloned behind
each ZFP or biosensor gene to act as a co-cistronic reporter to confirm arabinose and IPTG mediated
induction of gene expression. Electronic plasmid sequence files are included as Supplementary Data
and representative plasmid maps are included in Supplemental Figure S1.

Microplate-based fluorescence assays and analysis

Cultures were inoculated from single colonies into 2 mL of M9 media and grown overnight to
stationary phase. Overnight cultures were diluted 1:20 and grown into exponential phase (ODgg ~0.5).
Cultures were again diluted to an ODgy ~0.05, plated in black-walled clear bottom 96-well plates in
biological triplicate, and induced with 1% arabinose (to drive expression of the ZFP) or IPTG as
indicated (to drive expression of the biosensor), +/- maltose as specified. In each experiment, IPTG-
induced expression of biosensor constructs was confirmed via the co-cistronic expression of mCherry
(data not shown). Plates with lids were incubated and shaken in a continuous double orbital pattern at
548 cpm (2 mm) inside a BioTek Synergy H1 plate reader for 10 h with GFP, mCherry, and ODgq
measurements taken every 15 min. Monochrometer settings were 481/511 nm for GFP and 585/620
nm for mCherry.

To quantify reporter output, GFP fluorescence per ODgyo was quantified and averaged over 7
time points that span ~1.5 h of exponential growth (unless otherwise indicated). The specific
fluorescence of each sample was defined as the mean (GFP/ ODgy,) averaged across these 7 time
points, and this specific fluorescence was averaged across 3 biological replicate samples. To quantify
fluorescence attributable to GFP, each sample was background-subtracted using a control sample
comprising cells expressing no fluorescent proteins. To enable comparisons between promoters,
each specific fluorescence value from the arabinose or IPTG-induced condition was normalized to the
specific fluorescence of the uninduced condition, vyielding “relative specific fluorescence”. To
normalize this metric of promoter performance to the base case, the relative specific fluorescence
calculated for each promoter-ZFP (or promoter-biosensor) combination was then normalized to the
same value calculated for that repressor using the “No sites” promoter, yielding a quantity we termed,
“relative expression”. This normalization strategy was utilized in order to implicitly correct for any
minor effects that arabinose, IPTG, or maltose many confer on GFP/ ODgy in @ manner that is
unrelated to expression of the ZFP or biosensor. Thus, when quantifying biosensor performance,
relevant control samples for the “+maltose” case (e.g., the uninduced case and No sites control case)
were also quantified in the presence of maltose. For each metric, error was propagated according to
the division rule to generate reported standard deviations.

Flow cytometry

Flow cytometry was used to quantify fluorescent reporter output on a single cell basis. Cells
were grown and induced as described for the microplate-based fluorescence assays. Samples were
collected after 5 hours of growth. Cells were then placed on ice, diluted 1:2 in chilled phosphate buffer
saline (PBS) supplemented with 5 mM EDTA, and analyzed on an LSR Il flow cytometer (BD). A
minimum of 100,000 events were collected per sample. Mean fluorescent intensity was calculated
using a minimum of 20,000 cells per sample using FlowJo software (Treestar), and relative
expression calculations and error propagation were conducted as described for the microplate assays.
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Statistical analysis of promoter design features

In order to use computational analysis to compare promoter designs, it was necessary to
define quantitative descriptors, or features, that capture distinguishing architectural aspects of each
promoter. Because our goal was to elucidate general design principles, we chose to limit our features
to those describing the quantity and location of the various 9 bp ZFP binding sites. Following this
approach, we defined 17 features that describe the locations of ZFP binding sites relative to both the -
10 box (TATA box) and -35 region and relative positioning amongst the ZFP binding sites. In order to
determine which promoter features were important for explaining variation in performance between
promoters, several feature selection methods were applied to each set of input and output data (both
of which were mean-centered and variance-scaled) to generate rankings of feature importance, noting
that feature independence was not assumed. For these analyses, features always served as the
regression inputs. The output was the “repressibility”, which we defined as the negative of relative
expression, such that a promoter-ZFP combination with a high repressibility exhibits low relative
expression.

Three feature selection techniques were utilized: partial least squares regression (PLSR),
Random Forest, and Lasso. PLSR was executed using the built-in MATLAB function, plsregress. To
determine feature importance, a permutation test was used % Briefly, the output vector was randomly
permuted, and PLSR was executed for this meaningless output vector, such that when this process
was repeated multiple times, we calculated the standard deviation associated with each coefficient
(one coefficient per feature); thereby, the ratio of true coefficient magnitude to the standard deviation
associated with this coefficient provided a metric by which features can be ranked in order of
importance. To implement the Random Forest method, we modified a MATLAB script developed by
Jaiantilal (https://code.google.com/p/randomforest-matlab/), which was based upon a method
originally described by Breiman and Cutler (http://www.stat.berkeley.edu/~breiman/RandomForests/).
The last feature selection method used was Lasso regression, also known as sparse or regularized
regression % Lasso feature selection is generally considered more robust than a permutation test or
Random Forest, because the selection is built into model generation and does not require removing
features from a predictive model. Each of these methods is described in full detail in Supplementary
Methods.

SUPPORTING INFORMATION

Supporting figures, methods, and plasmid sequence files can be found in the supporting information.

ABBREVIATIONS

MBP — Maltose binding protein

ZFP — Zinc finger protein

TALE - Transcription activator-like effector
PLSR — Partial Least squares regression
MSE — Mean squared error

BLA — Beta-lactamase

SZF — Split zinc finger

SP — Split protein

IPTG - Isopropyl 3-D-1-thiogalactopyranoside
LB — Lysogeny broth

OD - Optical density at 600 nm
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Figure 1. Developing novel zinc finger protein-regulated constitutive promoters. (A) Crystal structure
of a Cysy-His; class of zinc finger binding to its cognate 9 bp DNA sequence (PDB #4R2A) (B)
Repression of the constitutive promoter library by BCR-ABL1 (normalized to No Sites control, shown
in red, which lacks BCR-ABL1 binding sites) (C) Relative expression of the top 5 most repressible
promoters was evaluated during both exponential growth (as in panel B) and after reaching stationary
phase. (D) Select promoter constructs were evaluated by flow cytometry to assess variation in
expression and repression across the population; one plot representative of three biological replicates
is shown for each condition. A concentration of 1% arabinose was used to induce the expression of
the BCR-ABL1 zinc finger. Relative expression is defined as the ratio of GFP/OD600 (for any given
promoter) of the induced case relative to that of the uninduced case, divided by this same ratio for the
No Sites promoter (a full description and rationale can be found in the Materials and Methods section).
Relative expression values calculated from these data are explicity compared to comparable
microplate assay-based metrics in Supplementary Figure S4. Microplate data were collected over 7
sequential time points, spanning ~1.5 h of mid-exponential phase growth, and averaged. All data
represent mean values calculated from three independent experiments, and error bars represent one
standard deviation.

Figure 2. Inspection-based evaluation of promoter design rules. Promoters were manually grouped
to represent exploration of design features including (A) presence and location of ZFP binding sites
between the -10 box and -35 region, (B) combinatorial effects of having a pair of binding sites
between the -10 box and -35 region, (C) variations in the locations of individual ZFP binding sites
within the core, (D, E) contributions of additional BCR-ABL1 binding sites either downstream or
upstream of the -10 box and -35 region, (F) spacing between the -10 box and the downstream ZFP
binding sites, (G) combinatorial effects of directly flanking the -10 box and -35 region with ZFP binding
sites. All data are re-plotted from Figure 1B. Abbreviations and conventions: ZF is the 9 bp BCR-ABL1
binding site; 1, 2, and 3 represent the first, second, or third, 3 bp finger binding sites within the BCR-
ABL1 binding site; yellow boxes represent spacer sequences of the indicated length. Microplate data
were collected over 7 sequential time points, spanning ~1.5 h of mid-exponential phase growth, and
averaged. All data represent mean values calculated from three independent experiments, and error
bars represent one standard deviation.

Figure 3. Computational identification of promoter design features conferring ZFP-mediated
repressibility (A) Shorthand names and descriptions of the 17 features chosen to describe the
promoter library. One binding site is defined as the nine base pair ZFP binding site. One pair is
defined as two adjacent binding site sequences. (B) PLSR analysis of the degree to which promoter
features explain variance in the relative expression data (BCR-ABL-mediated repressibility) reported
in Figure 1. Each series evaluates the explanatory power achieved using an increasing number of
features or principle components, each of which is added to the set in ranked order from most to least
important. (C) Lasso regression analysis of the degree to which promoter features explain variance in
the relative expression data reported in Figure 1. This plot displays the number of features with non-
zero coefficients (and the resulting mean squared error) as A is increased, causing less important
features to be eliminated from the regression analysis. The mean squared error was obtained through
10-fold cross validation, which also produced a standard error for the mean squared error, which is
shown as error bars. (D) Relative importance of each feature, vis-a-vis explaining BCR-ABL1-
mediated repressibility as determined by PLSR, Random Forest, and Lasso regression, with the
overall order listed here determined by average rank across the three feature selection methods. The
color each feature name indicates the sign of its regression coefficient: green indicates positive
coefficients (large feature values confer more repressibility) and pink indicates negative coefficients
(small feature values confer more repressibility). Detailed regression coefficients and importance
values are provided in Supplementary Figure S5.

Figure 4. Engineering novel biosensors using the split zinc finger (SZF) and Split Protein (SP)
strategies. (A) This cartoon illustrates the proposed mechanism of action of an SZF biosensor. Gray
loops indicate the ZFP secondary structure, and purple regions indicate a-helices that mediate DNA
recognition. (B) SZF biosensor performance, when paired with the reporter plasmids indicated, was
evaluated by inducing biosensor expression (30 uM IPTG) and evaluating alleviation of repression
upon addition of maltose (100 mM). (C) This cartoon illustrates the proposed mechanism of action of
an SP biosensor. The small yellow regions indicate the positions of linker amino acids. Gray loops
indicate the ZFP secondary structure, and purple regions indicate a-helices that mediate DNA
recognition. (D) SP biosensor performance was evaluated as in panel B. (E) Comparison of the
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repression (i.e., reduction of relative expression) of reporter output upon expression of the SZF and
SP biosensors compared to that mediated by inducing expression of the BCR-ABL1 ZFP alone. (F)
Tradeoff between level of expression of the SP biosensor (IPTG dose) with both repression (-maltose)
and alleviation (+100 mM maltose) of expression from the Go66 reporter. (G) Response of reporter
output to various extracellular concentrations of maltose, under two levels of biosensor expression
(IPTG doses). Light and dark blue horizontal bars indicate the 0 mM maltose case (for 10 uM or 30
uM IPTG, respectively), with the width of each bar indicating one standard deviation. (H) The impact
of the W340A mutation, which is reported to diminish maltose binding 72, on biosensor performance
was evaluated using the Go92 reporter and analyses paralleling those used in panel G. Colored bars
correspond to the indicated biosensor with 0 mM maltose, with the width of each bar indicating one
standard deviation. Microplate data were collected over 7 sequential time points, spanning ~1.5 h of
mid-exponential phase growth, and averaged. Relative expression was utilized in order to implicitly
correct for any minor effects that IPTG or maltose many confer on GFP/ ODgy in @ manner that is
unrelated to expression of the ZFP or biosensor (see Materials and Methods for details). All data
points represent mean values calculated from two independent experiments, each run in biological
triplicate, and error bars represent one standard deviation (**p < 0.01, ***p < 0.001).

Figure 5. Contributions of biosensor biophysical properties to biosensor performance. (A) At top, the
illustration summarizes the biosensor design space explorations described in this figure, using the SP
biosensor as a reference case. SP-Zif268 incorporates the tighter binding Zif268 ZFP in place of
BCR-ABL1. In SP-mC and mC-SP, mCherry was fused to the C-terminus or N-terminus of the SP
biosensor, respectively. Below, biosensor performance, when paired with the Go92 reporter, was
evaluated by inducing biosensor expression (30 uM IPTG) and evaluating alleviation of repression
upon addition of maltose (100 mM). Microplate data were collected over 7 sequential time points,
spanning ~1.5 h of mid-exponential phase growth, and averaged. All data represent mean values
calculated from two independent experiments, each run in biological triplicate, and error bars
represent one standard deviation (*p < 0.05, *** p < 0.001).
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