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A proposal for onboarding dihydrofolate
reductase (DHFR) to the growth-based quantitative
sequencing (GROQ-seq) platform.

Links DHFR activity and abundance to growth using gene circuits.
Measures k_ . and K _in vivo from growth rate data.
Uses calibration variants to enable quantitative inference.

Captures single mutants, key double mutants, and random multimutants
across several sublibraries of bacterial DHFR variants.
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Overview

Our ability to predict enzyme sequence—activity relationships
is constrained by limited biochemical data. To address this, we
will establish a generalizable assay that permits inference of
quantitative catalytic parameters (k_, K ) from growth data in
high throughput. We will use this assay to map sequence—ac-
tivity encodings for the model metabolic enzyme dihydrofolate
reductase (DHFR). Then, we will extend the assay to additional
enzymes with key roles in metabolism and industrial biosynthe-
sis. We anticipate our approach can be used to understand cat-
alytic variation across homologs from different species, charac-
terize variants associated with disease, and design enzymes of
industrial and medicinal utility.
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Significance and Impact

Motivation and key challenges

Enzymes are DNA-encoded catalysts capable of accelerating
chemical reaction rates up to 17 orders of magnitude’. Enzyme
activity underpins all of cellular metabolism, and enzyme muta-
tions play a central role in disease and evolutionary adaptation.
A quantitative understanding of the relationship between en-
zyme sequence variation and catalytic function would improve
our ability to (1) interpret disease-associated mutations, (2) en-
gineer enzymes with modified function, and (3) understand the
molecular origins of catalysis. However, existing computational
tools that predict the biochemical effects of mutation show only
limited quantitative power. We critically need large gold-stan-
dard experimental datasets that comprehensively map the ef-
fect of mutations on catalytic parameters (enzyme abundance
[E], k., and K ) to develop predictive computational models
and better understand the sequence encoding of catalysis.

Standard approaches for determining steady-state Michaelis
Menten biochemical parameters require protein expression,
purification, and in vitro characterization of enzyme velocity
over numerous substrate concentrations. This relatively labo-
rious process requires days to weeks of experiment time per
mutant. Thus, many in vitro studies focus on a few carefully
chosen mutations and cannot broadly explore the connection
between sequence and catalysis. Recently, tools have become
available for high-throughput in vitro biochemical measure-
ments on microfluidic chips?. While very promising, these meth-
ods are currently limited to enzymes that can be coupled to a
fluorescent reporter of activity and are not yet readily available
to non-specialist labs. Moreover, because these assays are per-
formed in vitro, the measured enzymatic parameters may differ
from those in the cellular milieu.

A different strategy for rapid assessment of enzymatic function
lies in growth-coupled assays. In these experiments, cell growth
rate — under assay conditions that select for enzyme function—
is used as a proxy for enzyme activity®*. Because growth rate
can readily be measured for thousands to millions of variants
with next-generation sequencing, these Multiplexed Assays of
Variant Effects (MAVES) can be extraordinarily high throughput®.
At present, limited availability of biochemical data means that
many computational models for sequence—activity relation-
ships are trained to predict fitness scores from these sorts of
growth-based functional assays rather than true biochemical
measurements®®. However, the fitness score does not easily
disambiguate between growth rate defects caused by variation
in enzyme k_, K, or intracellular abundance. For example, an
enzyme mutation with a deleterious fitness score may disrupt
catalytic activity, unfold the protein, or some combination there-
of. Moreover, the reported fitness score depends on specific
conditions of the assay: selection strength, promoter strength,
and strain genetic background can all impact the effect of a
mutation on growth rate®". In our own prior work, we identified
mutations of DHFR that switched from beneficial to deleterious
for growth depending on E. coli strain background®. Given this,
it is not obvious what computational models trained on these
types of fitness data learn. Are the resulting models predicting
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activity, stability, or something else? It is also not obvious that
models trained on fitness scores from one experimental data-
set should generalize to predict mutational effects in a different
strain or assay design.

To address the acute need for more direct characterization of
enzyme catalytic function, we will develop a high-throughput
in vivo assay that reports quantitative biochemical parame-
ters—k_, K, and enzyme abundance [E]-rather than a single
fithess-based measure. Recent work on two peptide binding
proteins (PDZ and SH3) showed that measuring the growth
rate effect of mutations in different assay conditions and ge-
netic backgrounds can constrain inference of quantitative bio-
physical parameters (K, AAG, ) for thousands of mutants®. Key
elements of this approach included: (1) the use of two distinct
assays to separately measure intracellular abundance and
peptide binding and (2) the measurement of mutational effects
in different genetic backgrounds to reveal effects that would
otherwise be masked. Recent work has extended this strategy
to disentangle the impact of mutations on stability and enzy-
matic function, but has yet to resolve quantitative biochemical
parameters like k_ and K . Here, we will follow a new strategy
to learn these parameters from growth rate data.

Assay concept

Our in vivo biochemistry workflow will consist of two assays to
resolve mutational effects on intracellular abundance ([E]) and
catalysis (k_, K ) (Fig. 1). First, to examine mutational effects on
intracellular abundance, we will fuse our gene of interest (GOI)
to an antibiotic resistance marker (e.g., chloramphenicol acyl-
transferase, CAT), and quantify growth rates under varied anti-
biotic concentrations (Fig. 1, gray panel). We refer to the GOI-
CAT fusion construct as the abundance selection plasmid. This
idea follows from a simple approach for selecting on protein
solubility using CAT fusions, originally proposed by Maxwell
et al™ The basic concept is that well-expressed enzyme-CAT
fusions should display higher chloramphenicol resistance than
variants that misfold or show limited solubility. In our assay, the
growth media conditions will be supplemented so that they do
not select for enzymatic function, but instead only report on
expression of the antibiotic resistance marker. Moreover, we
will inoculate the cells at low density and limit selection in anti-
biotic to minimize the potential of shared resistance (e.g., medi-
ated by some cells robustly expressing CAT and reducing the
concentration of chloramphenicol in the culture). The resulting
growth rate data as a function of antibiotic concentration will
provide us with a measure of abundance ([E]).

Then, to quantify the effect of mutation on catalytic parame-
ters, we will follow a strategy akin to in vitro Michaelis—Menten
steady-state kinetics. The idea is to quantify enzyme velocity as
a function of varied substrate concentration. We will titrate in-
tracellular substrate abundance by varying the expression (and
intracellular abundance) of the enzyme immediately upstream
of our gene of interest (Fig. 2A). Practically, this will be imple-
mented by including the gene encoding the upstream enzyme
(UE) on the selection plasmid (alongside the GOI) and varying
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Figure 1: Schematic of the in vivo biochemistry assay.
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abundance with an inducible promoter (Fig. 2B). In the case
of DHFR (our primary model system), the upstream enzyme is
thymidylate synthase (TYMS, encoded by the gene thyA). We
will make use of the Marionette system of high-dynamic-range
inducible promoters to separately control the expression of
DHFR and TYMS15. After consultation with Dr. David Ross, we
propose to use the vanillic acid (P, ) and sodium salicylate
(P, ;17c) Promoters to control expression of DHFR (encoded by
the gene folA) and TYMS (encoded by the gene thyA), respec-
tively. These two promoters show minimal cross-talk upon in-
duction. We refer to this dual-promoter, dual-enzyme construct
as the function selection plasmid. We will measure the growth
rate effect of mutations in the gene of interest (DHFR) while ti-

UE UE
% (e.g. TYMS)
Ol
(e.g. DHFR)

growth growth

Figure 2: Varying upstream enzyme (UE) abundance to control intracellular substrate (S).
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trating the induction (and thus intracellular availability) of TYMS.
Taking growth rate as a proxy for enzyme velocity, we will infer
quantitative biochemical parameters (V__, K ) from the function
selection data. Finally, we will use the abundance selection
data to resolve V__ into the catalytic turnover (k_ ) and concen-
tration ([E]). It is important to note that this approach will yield
data on the K for DHF, but does not consider the K_ for the
NADPH cofactor. Because NADPH is a critical cofactor for many
reactions, we expect that any efforts to titrate intracellular abun-
dance would have pleiotropic (and difficult to interpret) impacts
on growth rate.
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A) A schematic of the approach. Reducing UE abundance decreases intracellular substrate pools and accordingly impacts growth.

B) For the DHFR enzyme (encoded by folA), the UE is thymidylate synthase (encoded by thyA). Both folA and thyA are expressed from a single plasmid
in our selection system. We will vary thyA abundance via induction of a sodium salicylate—responsive promoter. DHFR variants will be associated with

unique DNA barcodes following the enzyme stop codon (see also Gene of Interest Region).
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Model system

To develop our assay, we begin with DHFR, a well-studied, es-
sential metabolic enzyme important to human health and dis-
ease'®. We have selected this enzyme as the starting point for
the biochemistry in vivo assay for three reasons.

First, a rich history of biochemistry and structural biology in this
system provides excellent context for validating and interpret-
ing our results. For example, we have curated a set of 44 mu-
tations with in vitro measurements of k_ and K_from the litera-
ture, which we will use to test and refine our assay®.

Second, DHFR is a frequent target of antibiotics (e.g., trimetho-
prim) and chemotherapeutics (e.g., methotrexate)®. A more
complete understanding of sequence—activity relationships
for this enzyme is important to understanding the evolution of
drug resistance, and could aid in the design of more specific
allosteric inhibitors.
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Finally, DHFR is a model system for understanding the con-
nection between long-range conformational change and ca-
talysis”. E. coli DHFR catalysis proceeds through five chemical
intermediates; this cycle is associated with micro-to millisecond
conformational dynamics distributed throughout the enzyme®.
Consistent with this dynamic view of catalysis, work from our
group has shown that mutations throughout the enzyme can
modify function*®, and that surfaces distal to the active site can
be used to engineer new regulation at latent allosteric “hot
Spots”920,

Yet despite this extensive prior work, it is unclear what pattern
of mutations in DHFR tune specific biochemical properties
such as kK, and stability. The number of positions, structur-
al locations, and overlap among mutations that control these
properties is unknown. The work proposed here will provide a
quantitative map of how mutations throughout the enzyme tune
specific catalytic properties.



DHFR catalyzes the stereospecific reduction of 7,8-dihydrofo-
late (DHF) to 5,6,7,8-tetrahydrofolate (THF) using NADPH as a
cofactor®. THF then serves as a carrier for activated one-car-
bon units in downstream metabolic processes, including the
biosynthesis of purines, thymidine, methionine, and glycine.
Consequently, DHFR activity is strongly linked to cell growth™.
Under appropriate selective conditions, growth rate can serve
as a proxy for enzyme velocity—the product of activity and
abundance. The starting point for our new in vivo biochemistry
method is a high-throughput growth-based assay previously
established in our lab (Fig. 3)?°. Our current assay displays a
strong correlation between DHFR velocity and E. coli growth
rate over four orders of magnitude, but like other MAVES, can-
not discriminate between changes in k_, K , or abundance
(Fig. 3B). We have used this assay to quantify the influence of
genetic background on DHFR mutational tolerance; in total, we
have quantified the growth rate effect of nearly all 3,021 E. coli
DHFR single mutations (19 substitutions at 159 positions) under
two different DHFR expression conditions (altered ribosome
binding sites) and three altered genetic backgrounds (muta-
tions in TYMS)—over 15,000 measurements total*°. This assay
and its accompanying data provide a foundation for now devel-
oping the in vitro biochemistry assay proposed here.
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Figure 3: A growth-based assay for DHFR activity.

A) Logarithm of the relative allele frequency over time for 12 DHFR variants, as determined by next-generation sequencing. These mutants were
selected to span a range of catalytic activities. Error bars indicate standard error across four replicates. The slope of each line of best fit provides the

growth rate difference of a given mutant relative to wild-type (WT).

B) The correlation between relative growth rate as measured in (A) and log(velocity) as measured in vitro. Error bars in y indicate standard error over
four replicates; error bars in x indicate standard deviation across triplicate in vitro measurements.
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While the pilot-scale collection will focus on the well-studied
enzyme DHFR—a system for which we benefit from prior bio-
chemical data and structural information—we expect that the
proposed assay can apply to any growth-linked enzyme. To es-
timate the potential diversity of reactions that our assay might
access, we conducted an analysis of growth-linked enzymatic
reactions in E. coli. There are 352 genes that are essential for
growth in MOPS minimal media?'. These growth-linked genes
present a conservative starting point for our analysis (additional
E. coli genes are also growth-linked but are non-lethal upon
gene deletion). These 352 genes cover 261 unique Enzyme
Commission (EC) numbers and 20% of the enzyme-catalyzed
reactions in E. coli??. Thus, our assay has the potential to extend
to hundreds of diverse reaction types across both primary and
secondary metabolism. In the large-scale collection phase, we
will generalize the assay to at least two other growth-linked en-
zymes in amino acid metabolism. As initial targets, we propose
chorismate mutase (CM, encoded by the gene pheA), and 4-di-
hydroxy-tetrahydrodipicolinate synthase (DapA, dapA). We will
additionally conduct pilot experiments to assess the feasibility
of titrating intracellular substrate abundance for approximate-
ly 10 additional growth-linked enzymes from varied metabolic
processes.
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A mathematical model linking growth
rate to enzyme catalysis

We created a mathematical model to relate high-throughput
growth rate measurements to enzyme catalytic parameters®
(Fig. 4). The model consists of two equations: (1) a function re-
lating DHFR and TYMS catalytic parameters to intracellular THF,
and (2) a function relating intracellular THF to growth rate. By
combining these two equations, one can compute growth rates
for arbitrary variation in DHFR and TYMS k_, K, and abun-
dance. Here, we briefly describe the model logic and mathe-
matics.

To create a simplified, analytically solvable model, we reduced
the larger folate pathway to a cycle in which DHFR and TYMS
catalyze opposing oxidation and reduction reactions (Fig. 4A).
In cells, DHFR produces tetrahydrofolate, and a number of oth-
er folate metabolic enzymes add and remove varied one-car-
bon modifications to this THF substrate. TYMS catalyzes the ox-
idation of 5,10-methylenetetrahydrofolate back to DHF during
deoxythymidine synthesis and is the sole enzyme responsible
for recycling the reduced folate pool back to the oxidized form.
Abstracting the folate pathway to a two-enzyme cycle assumes
that DHFR and TYMS dominate turnover of the DHF and THF
pools, and reduced folates (the set of one-carbon-modified
THF adducts) are considered as a single THF pool. This sim-
plification allows us to solve for the intracellular concentration
of THF as a function of DHFR and TYMS steady-state kinetics
parameters (k K k K DHFR abundance,

cat-DHFR *" "'m-DHFR ’ " “cat-TYMS’ m—TYMS)‘

and TYMS abundance. The solution takes the form of the Gold-

line.

fit. Color coding is identical to (B).

Color coding is identical to (B).
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Figure 4: A mathematical model relating biochemical parameters of DHFR and TYMS to growth rate phenotype.
A) A simplified, abstracted version of the DHFR and TYMS system. Dotted lines indicate multiple intermediate reactions that are summarized with a single

B) Correlation between experimentally measured log10 [10-formyl-THF] relative abundance and the model prediction. Red points indicate five DHFR vari-
ants in the background of TYMS R166Q (a near-catalytically inactive variant) and black indicates the same DHFR variants in the context of WT TYMS. Error
bars are the standard deviation across triplicates for both growth rate (y-axis) and 10-formyl-THF abundance (x-axis). The gray dotted line indicates x =y.

C) The relationship between the experimentally measured relative abundance of [10-formyl-THF] and growth rate. The blue dotted line is the model best

D) Growth rate predictions from biochemical parameters given the two-equation model. Error bars in x indicate the standard deviation across triplicates.
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beter—Koshland equation, which was historically used to de-
scribe opposing kinase and phosphatase reaction cycles?324,
This relatively simplified model showed good correspondence
to metabolomics measurements of intracellular THF (R? = 0.96,
Fig. 4B). The next step is then to relate intracellular THF abun-
dance to E. coli growth rate. Under the conditions of our ex-
periment, we previously observed a hyperbolic dependence
of growth rate on reduced folate abundance?®. Thus, following
a similar approach as Rodrigues et al.?®, we fit a single four-pa-
rameter sigmoidal function relating growth rate to intracellular
THF concentration (Fig. 4C). The complete model well-predicts
growth rates for a training set of five DHFR mutants in two
TYMS backgrounds (R?= 0.93, Fig. 4D) and a test set of seven
DHFR single mutants in four different TYMS backgrounds9 (R? =
0.72)°. In this project, we propose to now run the mathematical
model “in reverse”: rather than predicting growth rates given
in vitro biochemical measurements, we will infer in vitro bio-
chemical measurements from experimental growth rates. While
this model was created with DHFR in mind, we imagine using a
simplified but conceptually similar framework for other growth
linked enzyme families.

Taken together, we have now: (1) established a high-throughput
growth-based assay for DHFR velocity*?; (2) used variation in
TYMS activity to alter intracellular [DHF] over at least two or-
ders of magnitude?®®; and (3) created a well-tested mathemati-
cal model for relating catalytic parameters to growth rate®. The
work proposed here will now assemble these components to
perform high-throughput biochemistry in vivo.
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Key outcomes

Completion of this work is anticipated to yield the following out-
comes:

1. A comprehensive genotype-to-phenotype map for DHFR
that quantifies the effect of all 3,021 possible single muta-
tions on intracellular enzyme abundance [E], catalytic turn-
over (k ), and the substrate Michaelis constant (K )

at’
a. These data will reveal the extent to which [E], k_, and K _
can be separately tuned by mutations, or if these proper-
ties are encoded by overlapping positions.

b. We will use the data to identify allosteric surface sites
that can manipulate enzyme k_ and K . These surfaces
represent potential targets for the design of small-mole-
cule allosteric inhibitors.

c. We will additionally compare the pattern of mutational
tolerance in our experiments to natural sequence variation.
This will reveal how residues tuning k _, K , and [E] are con-
served—or vary—across species with different metabolic
lifestyles (commensal, free-living, etc).

d. We anticipate using these data to train a machine learn-
ing model (e.g., Augmented Potts model) that can predict
mutational effects on specific biochemical parameters.

2. Quantification of biochemical variation in DHFR activity
across enzyme orthologs sampled from diverse species.

a. This will provide a quantitative picture of how catalysis
varies across species.

b. These data will sample a wider breadth of sequence
space, representing a rich training set for machine learning
and deep learning algorithms.

3. A general strategy for high-throughput measurement of
biochemical parameters using growth-based data.

a. We will extend our approach to two additional enzymes
in amino acid metabolism. We expect that this methodol-
ogy should generalize to any enzyme where a growth-
based selection is possible.

DOI: 10.5281/zenodo.15277418
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Anticipated Impact.

We envision a future where bioengineers can reliably design
enzymes that are not just active, but satisfy specified con-
straints on k__, K . and enzyme abundance [E]. Accomplishing
this level of precision requires new computational models—and
centrally, abundant biochemical data for training and testing
these models.

While AlphaFold was trained using 10° structures sampling a di-
versity of folds (from the Protein Data Bank or PDB), the largest
comparable database of biochemical measurements (BREN-
DA) contains about an order of magnitude less data (V38,000
measurements of catalytic power)?”. Moreover, these measure-
ments are spread across 8,424 enzyme classes, meaning that
we lack dense data relating sequence to quantitative biochem-
ical parameters for most enzymes.

Our work has the potential to transform the scale of biochemi-
cal data collection: our proposed method will enable measure-
ments of catalytic parameters (k_, K ) at a scale that exceeds
the entire BRENDA database of literature-curated biochemical
constants in a single experiment.
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Gene of Interest (GOI) Region

For the singleplex and pooled fitness assays, we will make use
of two related constructs: an abundance selection plasmid and
a function selection plasmid. The first construct is necessary
to disentangle the contributions of [E] and k_, to growth. The
second series of constructs is necessary to resolve k_ and K .

The function selection plasmid includes both the GOI (folA) and
the gene encoding the UE (thyA). Each gene will be separate-
ly controlled by an inducible promoter (the vanillic acid-induc-
ible P, . for folA, and the sodium salicylate-inducible P__ ..
for thyA) and followed by a double transcriptional terminator.
To insulate expression of each gene, we have included (1) a
self-cleaving ribozyme and (2) bicistronic leader peptide at the
5" end of each gene?®?°. The ribozyme helps ensure consistent
transcription (and a consistent 5’ end of each transcript), while
the bicistronic leader peptide promotes consistent translation.
Together, these elements will help minimize mutant-to-mutant
expression changes emerging from variation in transcription
and translation.

The assembled plasmid construct has a kanamycin resistance
marker and a low-copy p15A origin suitable for amplicon-based
sequencing experiments. By varying the induction of thyA rel-
ative to folA, we can titrate the intracellular abundance of dihy-
drofolate substrate during our selection experiments. In prior
work, we established that variation in the enzymatic velocity of
TYMS can alter intracellular substrate pools for DHFR over two
orders of magnitude”. For context, DHFR has a K_ of 11 pM for
DHF, and native E. coli have an intracellular concentration of
25 uM DHF.

DTS
BAR term SD2_SD1
I o mm i
BAR BAR

Figure 6: The abundance selection cassette. A complete plasmid map of our proposed abundance selection construct can be found here.
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Figure 5: The function selection cassette. A complete plasmid map of our proposed function selection construct can be found here.
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For this work, our goal is to identify a range of induction condi-
tions that sample intracellular substrate concentrations ranging
from Y01 — 200 uM. This should yield a range of differential
growth rate effects from near-dead to native-like growth for the
WT DHFR enzyme. We will confirm intracellular concentrations
of substrate by mass spectrometry for all promoter/RBS combi-
nations spanning the range of expected growth phenotypes, in
collaboration with Dr. Jun Park at UCLA.

We will include a barcode region following the terminator of
the GOI. This barcode follows the standard design from Align-
Tolnnovate, using two half barcodes to increase the likelihood
of unique barcode assignments during plasmid construction.
Importantly, because our construct uses non-native promoters,
we remove the potential for endogenous transcriptional regula-
tion (e.g., feedback control) that could complicate the interpre-
tation of our experimental results.

The abundance selection plasmid is nearly identical to the
function selection plasmid, but contains a fusion of the GOI
(DHFR) with the resistance marker chloramphenicol acyltrans-
ferase (CAT). Under media conditions that contain chloram-
phenicol but are not selective for DHFR, we can use the growth
rate of strains transformed with this construct as a reporter of
intracellular DHFR abundance. Because growth rates diverge
exponentially over time, this approach has the potential to be
far more sensitive to small variations in intracellular abundance
than tagging the GOI with a fluorescent reporter.
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https://benchling.com/s/seq-vix9RXp3WWkGfnenVmhP?m=slm-1bkdRShUGD7cCpSs64Xy
https://benchling.com/s/seq-zt1QpmEYU6So9YR99788?m=slm-G1hdrFrumQ2RrLdso2L7
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Proposed Hosts and Plasmids

Host strains: Our host strain for DHFR assay development (pi-
lot-scale and large-scale data collection) will be E. coli ER2566
AfolA AthyA®. This E. coli expression strain is a derivative of
BL21(DE3) and contains double knockout for the genes en-
coding DHFR (folA) and the UE TYMS (thyA). We have verified
the genotype of this strain by sequencing and have used it in
the collection of several published deep mutational scanning
datasets®”# We will edit this strain to genomically integrate the
vanillic acid and sodium salicylate sensor cassettes (VanR and
NahR, respectively). We will make these genomic integrations
using ORBIT, a new approach for high-efficiency E. coli genome
editing that we have previously used in our lab®. Continuing
the DHFR selections in the same strain background (but with
the Marionette sensor machinery) will allow us to compare the
new mutational data to our earlier work.

To extend our assay to CM and DapA (during the large-scale
collection phase) we will construct auxotrophic knockouts of

Proposed Protein Targets

For the pilot-scale dataset and a portion of the large-scale data-
set, we will focus on the model metabolic enzyme DHFR. As
described above, we have chosen DHFR as our starting point
because:

1. Extensive experimental data and knowledge of this system
will accelerate assay development and allow robust vali-
dation.

2. DHFR plays a key role in human health and disease. More
complete knowledge of sequence—activity relationships
will assist in the interpretation of drug resistance mutations
and permit identification of potential druggable allosteric
sites.

3. DHFR is a model system for understanding how conforma-
tional change governs catalysis. These data will provide
a comprehensive map of how mutations throughout the
structure govern distinct catalytic properties.

During the pilot-scale stage, we will collect growth rate mea-
surements for an established DHFR saturation mutagenesis
library* (3,021 mutations in total) and a more extensive library
of double mutants (¥30,000 mutations in total). Prior work indi-
cates that measuring the impact of a given single mutation in
approximately 10 different double-mutant backgrounds assists
in disambiguating mutational effects on different underlying
biochemical parameters®. With this in mind, we will design our
double-mutant library to contain all possible single mutations
in the background of ten mutations selected to have moderate
effects on catalysis and stability.

In total, we will obtain approximately a dozen growth rates for
each single and double mutant: six in different chlorampheni-
col concentrations, and six to ten under different levels of UE
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the E. coli K-12 MG1655 strain. The DapA measurement strains
will be deleted for dapA and the upstream enzyme asd, while
the CM measurement strains will be deleted for pheA, tyrA
(which also contains a CM domain), and the upstream enzyme
aroC. Again, we will make these deletions with ORBIT. We will
verify both auxotrophic strains by sequencing the deleted loci
and phenotyping in selective media.

Plasmids: Our plasmid constructs are derived from a Mario-
nette-system plasmid designed by Dr. David Ross at NIST. The
plasmid includes the GOI and UE under the control of inde-
pendently inducible promoters, a kanamycin resistance cas-
sette, and a p15A origin of replication. Expression of both genes
will be insulated using a self-cleaving ribozyme and a bicistron-
ic leader peptide. Complete maps for the proposed function
and abundance selection plasmids are linked above.

induction. These data will be used to infer k _, K and [E] for
each single mutant (see Current Developmental Stage for a de-
scription of our inference strategy and preliminary results). We
propose additional sub-pilots to characterize: (1) a library gener-
ated by error-prone PCR that additionally captures indels, and
(2) deep mutational scanning of two additional DHFR orthologs

(from H. sapiens and C. elegans).

During the large-scale stage, we will additionally measure k_,
K, and [E] for a series of 100 orthologous DHFR sequences
sampled across diverse species. These sequences will be se-
lected to capture increasing amounts of sequence variation: we
will start from E. coli strain-level variation wherein there are only
a few mutations per DHFR, and move to phylum-level variation,
where sequences of DHFR are only 20% identical to each oth-
er.

Together, these data will provide (1) extensive mutational data
in one sequence background and (2) shallow sequence data
across many sequence backgrounds. This combination will be
important for training and testing computational models. For ex-
ample, one can directly test how well a model trained on deep
mutational scanning data from one enzyme can predict the cat-
alytic properties of increasingly sequence-diverged orthologs.

In the large-scale stage we will also extend the assay to at least
two additional enzymes with key roles in metabolism and indus-
trial biosynthesis: (1) chorismate mutase (tyrosine/phenylalanine
biosynthesis) and (2) 4-hydroxy-tetrahydrodipicolinate synthase
(lysine biosynthesis). For these enzymes, we will again first con-
sider single-mutant variation, and then expand our dataset to
sample diversity across orthologs. This will help to establish the
generality of our biochemistry in vivo approach.
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Proposed Controls for Assay Development

Stage O — De-risking

1. Comparison of turbidostat and plate-based culture
conditions

Our current sequencing-based growth rate measurements
are performed under continuous culture conditions in a turbi-
dostat. This approach maintains the cell population in expo-
nential-phase growth and allows for excellent control of en-
vironmental conditions. However, turbidostats are not readily
available to most labs and can be complex to assemble and
maintain. With this in mind, our goal is to transition the sequenc-
ing-based growth rate measurements from continuous culture
to a 96-well plate format. During the de-risking phase, we will
conduct a head-to-head comparison of sequencing-based
growth rate measurements under turbidostat culture conditions
(using our current protocols) and in 96-well plates with serial
passaging (following protocols adapted from Dr. David Ross).

For these experiments, we will use 12 barcoded DHFR variants
that span a range of catalytic activities and growth rate effects
(see mutant list in Table 2). These variants are already cloned
into a plet-Duet vector under control of a T7 promoter, as de-
scribed in published work. We will transform these constructs
into our existing ER2566 AfolA AthyA selection strain.

The mixed population will be cultured either (1) in the turbidostat
or (2) in 96-well plates. We will use 96-well plates identical to
those at NIST and follow an analogous protocol of five seri-
al passages every three hours (15-hour total outgrowth times).
Both experiments will be run in quadruplicate.

We will collect samples every three hours from both the turbi-
dostat and plate-based assay; these samples will be prepared
for NGS. We will then correlate the growth rates measured in
the turbidostat and plate-based selections, with the goal of es-
tablishing a normalization function that scales data from one
platform to align with that of the other. We will also compare the
variation in the measurements between the two culture plat-
forms.

2. Pilot measurements for the protein abundance assay

To establish the feasibility of the abundance assay, we will char-
acterize the growth rate impact of fusing a CAT tag to DHFR.
For these experiments, we will use an existing set of three
constructs wherein DHFR is under the translational control of
different RBS sequences: one with high translational efficiency
(RBSI, AAGGAG’ ), one with medium translation efficiency (RB-
Sll, ‘AAGGAA), and one with low translational efficiency (RBSIII,
AATGAG)).

We have prior Western blot data quantifying the abundance of
all three RBS variants in ER2566 AfolA AthyA grown in selective
conditions. We will create an in-frame C-terminal fusion of the
CAT tag to DHFR in all three RBS backgrounds.

First, we will assess the impact of the CAT tag on DHFR func-
tion. To do this, we will measure the growth rate of strains carry-
ing DHFR with and without the CAT tag (for all three RBS back-
grounds) under conditions selective for DHFR activity. These
experiments will be performed in the absence of chloramphen-
icol. The difference in growth rate between the tagged and un-
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tagged variants will then reflect the impact of the CAT tag on
function.

If the CAT tag has a large effect on growth rate rescue, we
will switch to a different strategy for measuring abundance (an
N-terminal CAT tag or a fluorescent tag). If the CAT tag has a
minimal effect, we will then measure growth rate for all three
RBS backgrounds of DHFR over a range of 12 chloramphenicol
concentrations. These experiments will be performed under
conditions that are non-selective for DHFR activity.

We will then compare the IC, | for chloramphenicol to the DHFR
intracellular abundance for each of the three RBS variants. This
will allow us to test whether strains with higher intracellular
abundance show a higher IC_, for chloramphenicol.

Stage 1- Development and Tuning

During the Development and Tuning stage we will optimize the
dynamic range of both the function selection assay and abun-
dance selection assay. In both cases, we will make use of a
Singleplex Assay that relies on growth curve fithess measure-
ments in 96-well plates. In our current setup, we monitor optical
density at 600 nm over the course of approximately 24 hours in
a BioTek plate reader with stacker, incubated at 37 °C. Cells are
periodically mixed by shaking, and the plates are sealed with
AeraSeal. Growth rates are then fit by linear regression to the

log(OD,,,) vs time relationship.

Tuning for the function selection assay

We will first identify six to ten induction conditions that vary
abundance of the UE (TYMS for DHFR) and achieve intracellu-
lar substrate concentrations ranging from ~0.1 to 200 puM. This
series of conditions should yield a range of growth rate pheno-
types from near-dead to native-like growth for both WT DHFR
and a variant with highly reduced activity (DHFR M42F/G121V).

In general, selection on DHFR should be the most stringent un-
der conditions of high TYMS expression, and the least under
conditions of reduced TYMS expression. Indeed, prior work
shows that inhibition of DHFR can be rescued by strong loss-
of-function mutations in TYMS?>®' and that increases in TYMS
activity restrict mutational variation in DHFRO. This is because
TYMS not only produces the substrate of DHFR but also si-
phons off a substantial portion of the reduced folate pool (the
product of DHFR, THF, by converting it back to DHF, (Fig. 4A).

Prior mathematical modeling in our group provides a quantita-
tive prediction of growth rate dependency on TYMS expres-
sion for both WT DHFR and DHFR M42F/G121V (Fig. 7A, B). This
modeling will help guide our choice of induction conditions and
sets expectations for what we might see experimentally.

We will first clone WT DHFR and DHFR M42F/G121V (two of our
calibration controls) into the function selection plasmid using
Gibson assembly. We will transform this plasmid into the host
strain E. coli ER2566 AfolA AthyA. Then, we will use the Single-
plex growth rate assay to measure the effects of TYMS expres-
sion variation.

We envision a grid-based layout of induction conditions on
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our 96-well plate that combinatorially samples variation in GOI
and UE induction. We will attempt to choose a final set of ap-
proximately six to ten induction conditions that span a range of
growth rate effects for both WT DHFR and DHFR M42F/G121V.
Given that fast enzymes will require higher TYMS expression to
achieve high concentrations of intracellular DHF, it is possible
that we may need to consider two separate sets of induction
conditions that can resolve catalytic parameters for “fast” and
“slow” enzymes.

Finally, we will quantify intracellular folate concentrations (DHF],
[THF)) for strains carrying the function selection plasmid under
each induction condition by mass spectrometry.

Tuning for the abundance selection assay

We will identify a range of chloramphenicol concentrations that
optimize the dynamic range of the abundance selection assay.
To do this, we will consider: WT DHFR, a variant with increased
intracellular abundance (DHFR M42F), and a highly destabilized,
low-abundance variant (DHFR [41A)*. We will clone these three
variants as in-frame fusions with CAT (see also abundance se-
lection plasmid GOI cassette). All plasmids will be transformed
into the host strain E. coli ER2566 AfolA AthyA.

We will then use the Singleplex growth rate assay to measure
growth curve fitness of each construct under a dozen chloram-
phenicol concentrations in nutrient-replete media. From these
data, we will fit a chloramphenicol IC, for each DHFR-CAT fu-
sion. We will select a final set of six to eight chloramphenicol
concentrations that maximize our ability to distinguish between
the low-abundance construct DHFR 141A and the high abun-
dance construct DHFR M42F.
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Figure 7: The relationship between TYMS abundance and growth rate. A) The dependence of growth rate on TYMS abun-
dance for DHFR M42F/G121V; B) The dependence of growth rate on TYMS abundance for WT DHFR.
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DHFR Variant ey A Expected Result
dance

WT DHFR 52 molecules/cell Imermeghate IC,, for chlor-
amphenicol

DHFR M42F 11191 molecules/cell | HI9N IC5, for chloram-
phenicol

DHFR 141A 65.6 moleculesicell | SO ICso for chloram-
phenicol

Table 1: DHFR variants for abundance selection assay tuning, and expected
growth phenotypes in chloramphenicol.

Stage 2 — Normalization and
Calibration Controls

During Stage 2, we will consider additional calibration controls
for both the function selection and abundance assays. Our goal
during this stage is to optimize assay resolution.

For the function selection assay, we will consider 12 DHFR vari-
ants spanning a range of catalytic activities and inspect our abil-
ity to resolve V__ (the product of k , and [E]), and K .

For the abundance selection assay, we will consider 12 DHFR
variants spanning a range of intracellular abundance (as previ-
ously determined by lysate-based assays?). Here we will exam-
ine the relationship between chloramphenicol IC, and intracel-
lular abundance ([E)).

In both cases we will measure relative growth rates using small
scale barcode-based fithess measurements, as these will be
most analogous to our downstream experiments. All measure-
ments will be made in quadruplicate in a single run (day). We



have selected 12 DHFR calibration controls for each assay with
a 96-well plate format in mind; these 12 controls can be arrayed
against 8 induction conditions (for the function singleplex as-
say) or 8 chloramphenicol concentrations (for the abundance
singleplex assay). Thus we can run all calibration controls in
one plate.

For the abundance assay, we will also conduct orthogonal
measurements of abundance using a fluorescent protein tag
(sfGFP) for four DHFR variants spanning a range of abundance
values . Comparing these measurements to those with the CAT
tag will help establish our confidence in the measurements.
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We will also carry out the activity assay for four DHFR variants
spanning a range of catalytic efficiencies in both the presence
and absence of the CAT tag. This will allow us to again quantify
the impact (if any) of the CAT tag on our estimations of activity.

Finally, it may become necessary to consider product inhibi-
tion of DHFR as a separate factor that could impact growth rate
under conditions of high intracellular [THF]. If we observe un-
expectedly large growth rate defects for DHFR variants under
low TYMS expression conditions (which would align with high
intracellular [THF]) we can perform additional in vitro measure-
ments of product inhibition for the mutants of interest.

DHFR Variant k., (s K, (M) Std. devk_, | Std. devK_ DHFR Variant gzgfﬂg/ﬁﬁ)‘mdance gt:\:(;:;i
M42F 7920 13.00 172 100 E154V 37 51
wT 795 110 038 020 L156Y 473 31
F31Y 2061 80.00 212 14.00 wT 52 92
TH3V 32.90 2140 0.50 110 141A 65.6 5.9
L54l 788 35.00 028 340 L24v 836 68
W22H 189 18.00 0.06 120 H455 101.9 101
F31v 8.65 108.00 029 6.80 R98Y 1661 16.2
GV 030 610 0.01 0.60 Qi02L 2395 27
F31Y/L54l 194 168.30 016 2140 M42Y 360.9 26
M42F/G121V 040 7180 0.04 13.20 T3V 4183 191
F31Y/G121V 013 90.60 001 7.40 W47L 558.3 945
D27N 005 330.00 0.01 78.90 M42F mo1 176

Table 2: Calibration controls for the function selection assay.

Pilot-Scale Collection

We have an established DHFR DMS library that covers all
possible single mutants across the 159 amino acid coding se-
quence*. We will barcode this library and clone it in the context
of (1) the function selection plasmid and (2) the abundance se-
lection plasmid (with CAT fusion) using Gibson assembly.

We will additionally construct three other sources of variation:

1. Targeted double mutants (V30K). These will be constructed
to include all possible single mutants in the background of
ten mutations with moderate effects on stability and activity.
This library will be important for disambiguating the impact
of mutations on stability and biochemical parameters in our
analysis.

2. A library of insertions and deletions (indels) and an er-
ror-prone PCR as a source of random variation.
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Table 3: Calibration controls for the abundance selection assay.

3. Saturation mutagenesis across two additional DHFR ortho-
logs (H. sapiens DHFR and C. elegans DHFR). These data
will allow us to compare the pattern of residues that encode
biochemical function across species. Prior structural char-
acterization by NMR indicates that these two DHFR variants
show altered dynamics associated with catalysis relative to
the E. coli enzyme.

For all libraries, we will measure the effect of mutation on growth
rate using barcode-based fithess measurements. All measure-
ments for a given library will be conducted in a single run (day)
in quadruplicate, starting from four independently transformed
replicates. Together, the growth rate data from these libraries
will be used to infer k_, K . and [E] across the entire DHFR se-
quence (see also Current Developmental stage).



Large-Scale Collection

During the large scale collection phase, we propose expanding
the dataset in three ways. First, we will leverage the established
DHFR assay to measure catalytic activities for 100 orthologs sam-
pled across species. Each DHFR sequence can be assembled
from approximately five 200 nucleotide oligos. We will order
these as an oligo pool and include orthogonal priming sites on
the oligos encoding each DHFR variant. Then, we will use PCR
with orthogonal primers to amplify out the oligonucleotides corre-
sponding to each DHFR variant and assemble using overlap-ex-
tension PCR. As described above, these orthologs will be select-
ed to span a range of sequence variation relative to E. coli DHFR.
To our knowledge, this will be the first deep survey of catalytic
variation across an entire protein family. We intend to examine the
association between catalytic proficiency, phylogeny, and bac-
terial lifestyle. Because these data will capture a broader swath
of sequence variation, they will also be important to training and
testing computational models of DHFR enzymatic function.

Second, we will extend the in vivo biochemistry approach to at
least two additional enzymes in amino acid metabolism: Cho-
rismate Mutase (CM, encoded by the gene pheA), and 4-dhy-
droxy-tetrahydrodipicolinate synthase (DapA, dapA) (Fig. 8). Ami-
no acid metabolism enzymes are interesting targets for assay
development because they are essential to growth in minimal
media, and selection can be tuned by the addition of exogenous
amino acids. E. coli knockouts of CM are auxotrophic for tyrosine
and phenylalanine®23, while knockouts of DapA are auxotrop-
hic for lysine®. Moreover, there is a large industrial market for
downstream pathway products. CM is the branch point for the
shikimate pathway, which is used to produce several aromatic
compounds with pharmaceutical value®. Lysine is also used in
pharmaceuticals, animal feedstocks, and cosmetics®. A better
understanding of sequence—activity relationships for enzymes
in these pathways would facilitate biosynthetic engineering and
yield optimization.

The CM domain of pheA is “100 amino acids long and forms a do-
main swapped dimer. This complex catalyzes the conversion of
chorismate to prephenate by a Claisen condensation; prephen-
ate is then used to produce tyrosine and phenylalanine (Fig. 8A).
[t has become a model system for computational enzyme design
due to its small size, ease of selection, and the apparent lack of
covalent interactions between substrate and enzyme3®*’. Similar
to DHFR, the availability of an established growth based selection
and extensive high quality in vitro biochemical data will facilitate
our efforts to establish and validate an in vivo biochemistry assay
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for CM activity.

DapA catalyzes the first biochemical step unique to lysine biosyn-
thesis, condensing pyruvate and L-aspartate 4-semialdehyde to
create 4-hydroxy-2,3,4,5-tetrahydrodipicolinate (Fig. 8B). DapA is
a larger enzyme in comparison to CM and DHFR: it is a tetramer
composed of four 292 amino acid monomers. While perhaps less
well-studied than CM or DHFR, in vitro biochemical data exist for
a number of mutant variants®**°This provides a starting place for
assay optimization and validation. Intriguingly, DapA is subject to
allosteric feedback inhibition by lysine. Several known mutations
disrupt this feedback inhibition*°. This opens the possibility of
mapping mutational effects on both catalysis AND allostery: we
could conduct our assay in parallel for both native DapA and a
DapA mutant lacking feedback inhibition. This would reveal the
pattern of mutations that impact catalysis in the presence and ab-
sence of lysine-mediated feedback.

Finally, we will conduct pilot experiments to establish the feasi-
bility of titrating intracellular substrate concentrations for 5-10
additional growth-linked enzymes. This is necessary to better
characterize the generalizability of our in vivo biochemistry ap-
proach and identify other candidate systems. We will select 10
enzymes from the list of 352 growth coupled enzymes in E. coli,
prioritizing enzymes that are (1) conditionally essential (selection
can be titrated through the addition of an exogenous media sup-
plement), (2) less than 250 amino acids long (to facilitate library
construction), (3) sample diverse metabolic processes, and (4) mo-
nomeric. For each enzyme we will identify candidate upstream
enzymes that could potentially modulate intracellular substrate
abundance (typically the enzyme immediately upstream in the
metabolic pathway). Then, we will use an approach (developed
in my lab) called titratable CRISPRi“to create gradated knock-
downs of the upstream enzyme. We will measure the growth rate
impact of these knockdowns under selective and non-selective
(nutrient-supplemented) conditions. Additionally, we will use tar-
geted metabolomics to measure the impact of gene repression
on intracellular substrate levels. If the upstream enzyme gener-
ates gradated variation in substrate availability upon expression
titration, it suggests that the upstream enzyme/target enzyme pair
is a suitable candidate for our in vivo biochemistry approach. Next
steps in development would include creating a double knockout
strain for selection, assembling the upstream enzyme/target en-
zyme pair onto the Marionette vector, and repeating the tuning/
calibration experiments.

’ - tyrosine
A 5-enolpyruvoyl- ;;str:arg:te chorismate 1
shikimate chorismate —— prephenate .
3-phosphate aroC %
phenylalanine
semialdehyde tetrahydrodipicolinate
L-aspartyl- 2SVI9NS ) aspartate 21725 4-hydroxy-2,3,4,5- ....... » L-lysine

E B Aspartate
; 4-phosphate  asd
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4-hydroxy- E
'
'
'
'

Figure 8: The CM and DapA reactions. Enzyme and gene names are in red, metabolites in black.
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Current Developmental Stage

As an initial test of our ability to infer quantitative biochemical
parameters from growth rate data, we considered an existing
dataset comprising growth rate measurements for DHFR point
mutants in the background of three TYMS variants. These TYMS
variants span a range of catalytic velocities, and thus modulate
intracellular DHF (and THF) concentrations. We asked if this
initial dataset is sufficient to constrain inference of k_ and K .
More specifically, we used Markov Chain Monte Carlo (MCMC)
to sample a wide range of DHFR k_, and K values. For each
parameter pair, we then computed the predicted growth rate in
each of the three TYMS backgrounds using our existing math-
ematical model (see also A mathematical model linking growth
rate to enzyme catalysis). Then, we computed the difference
between the experimentally observed growth rates and com-
putational growth rate predictions for a particular k_ and K_
combination (Fig. 9A). A small difference indicates good agree-
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Figure 9: Inference of biochemical parameters from growth data. A) We computed the RMSD between the experimentally measured and computa-
tionally predicted growth rates over a range of DHFR k_ and K values. Low RMSDs indicate that a particular k_ /K combination leads to predicted
growth rates that are more consistent with the experimental measurements. B-D) Agreement between the in vitro characterized k_ and K values
(red dot) and the model best fit (lowest RMSD, yellow dot) for three DHFR mutants. For some mutants (F31V, D27N) the k  and K values are well-con-
strained by the three available growth rate measurements, in other cases (M42F) more data is needed.

ment between the experiment and model, and suggests that
a given DHFR k _ and K are consistent with the experimental
observations. This process allowed us to estimate quantitative
biochemical parameters and a confidence interval around them
for each mutation. We found that measurements in only three
TYMS backgrounds already substantially constrain the space of
possible DHFR k_ and K values (under assumptions of fixed
[E) for some mutants, however for others we lack sufficient data
to resolve variation (Fig. 9B-D). Model simulations suggest that
collecting additional growth rate data across ~7 measurement
strains (as proposed here) will constrain fits of k  and K_ for
most variants. In our future work, we will additionally assess
Bayesian inference as a more robust approach to estimating
biochemical parameters from our growth rate data.
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Suggested Reading

Below is a suggested curated reading list to better understand this document and its context:

This proposed dataset platform is part of
Align’s Open Dataset Initiative, which pio-
neers new ways to identify, collect, and share
large datasets in life science. Read more
about the Open Datasets initiative here:
“Design of a generalized platform for
gathering protein sequence » function
datasets at scale”

February 2024, Zenodo

Design of a generalized platform for gathering
protein sequence = function datasets at scale
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Read more about the Reynold’s labs’ pri-
or work identifying mutations of DHFR that
switched from beneficial to deleterious for
growth depending on E. coli strain back-
ground here:

“Altered expression of a quality control
protease in E. coli reshapes the in vivo mu-
tational landscape of a model enzyme”

July 2020, elLife
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