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Sensing and responding to signals is a fundamental ability of living systems, but despite
substantial progress in the computational design of new protein structures, there is no general
approach for engineering arbitrary new protein sensors. Here, we describe a generalizable
computational strategy for designing sensor-actuator proteins by building binding sites de novo
into heterodimeric protein-protein interfaces and coupling ligand sensing to modular actuation
through split reporters. Using this approach, we designed protein sensors that respond to
farnesyl pyrophosphate, a metabolic intermediate in the production of valuable compounds. The
sensors are functional in vitro and in cells, and the crystal structure of the engineered binding
site closely matches the design model. Our computational design strategy opens broad avenues

to link biological outputs to new signals.

n the past two decades, computational pro-
tein design has created diverse new protein
structures spanning helical (I-5), alpha-
beta (6-8), and beta-sheet (9, 10) folds. By
contrast, our ability to computationally
design arbitrary protein functions de novo
lags far behind, with relatively few examples
that often require screening of many variants
(11, 12). One unsolved challenge is the de novo
design of small-molecule sensor-actuators in
which ligand binding by a protein directly con-
trols changes in downstream functions, a key
aspect of cellular signal transduction (13).

Sensing and responding to a small-molecule
signal requires both recognition of the target
and linking target recognition to an output
response. Exciting progress has been made
with the design of proteins recognizing new
ligands (10, 11, 14-16). A general solution to
the second problem, coupling ligand recog-
nition to diverse output responses, has re-
mained challenging. Existing approaches
have used a ligand that fluoresces upon
binding (10), engineered the sensor compo-
nents to be unstable and hence inactive in
the absence of the ligand (14, 17), or repur-
posed an allosteric transcription factor (I8).
Each of these strategies places constraints on
the input signals or output responses that
can be used.

Here, we describe a computational strategy
to engineer protein complexes that can sense
a small molecule and respond directly using
different biological outputs, creating modular

sensor-actuator systems. Unlike previous work
(10, 11, 14, 15) that reengineered existing bind-
ing sites or placed ligands into preformed cav-
ities, we build small-molecule binding sites
de novo into heterodimeric protein-protein
interfaces to create new and programmable
chemically induced dimerization systems (CIDs).
This strategy is inspired by naturally occurring
and reengineered CID systems (79) that have
been widely used but are limited to a small
number of existing or similar input molecules.
We aimed to design synthetic CIDs that could
similarly link binding of a small molecule to
modular cellular responses through genetically
encoded fusions of each sensor monomer to
a split reporter (Fig. 1A) but respond to new,
user-defined inputs.

To demonstrate this strategy, we chose
farnesyl pyrophosphate (FPP) as the target
ligand. FPP is an attractive target because it is
a toxic intermediate in a commonly engineered
biosynthesis pathway for the production of
valuable terpenoid compounds (20). Sensors
for FPP could be used, for example, to optimize
pathway enzymes or, when linked to appropri-
ate outputs, to regulate pathway gene expression
in response to changes in metabolite concen-
trations (2I). Our computational strategy (Fig.
1B and supplementary materials and methods)
proceeds in four main steps: (i) defining the
geometries of minimal FPP-binding sites com-
posed of three to four side chains (termed
“motif residues”) that form key interactions
with the target ligand; (ii) modeling these

geometries into a dataset of heterodimeric
protein-protein interfaces (termed “scaffolds”)
and computationally screening for coarsely
compatible scaffolds (22); (iii) optimizing
the binding sites in these scaffolds using
flexible backbone design methods previously
used to predict ligand-binding specificities
(23-25) but not tested in the de novo de-
sign of binding sites (“reshaping”); and (iv)
ranking individual designs for experimen-
tal testing according to several design metrics,
including ligand-binding energy predicted
using the Rosetta force field (26) and ligand
burial.

Starting with five FPP-binding-site geome-
tries and up to 3462 heterodimeric scaffolds,
we selected the highest-ranked designs across
three engineered scaffolds for experimental
testing (Fig. 1B and supplementary materials
and methods): (i) the FKBP-FRB complex orig-
inally responsive to rapamycin (27) (one de-
sign), (ii) a complex of the bacterial proteins
RapF and ComA (28) (four designs), and (iii)
an engineered complex of maltose-binding
protein (MBP) and an ankyrin repeat (AR)
protein (29) (four designs) (Fig. 2A, table S1,
and fig. S1). The ligand was placed into the
rapamycin site in FKBP-FRB, but the binding
sites in the other two complexes were modeled
de novo.

To test these computationally designed FPP
sensors, we genetically fused the engineered
sensor proteins to a well-studied split reporter,
the enzyme murine dihydrofolate reductase
[mDHFR (30); Fig. 2B and supplementary
materials, appendix 1] and expressed the fu-
sion constructs in Escherichia coli. We rea-
soned that functional sensors should exhibit
increased growth through FPP-driven dimer-
ization of the sensor proteins and result-
ing complementation of functional mDHFR
under conditions in which endogenous E. coli
DHFR was specifically inhibited by trime-
thoprim. Because FPP does not efficiently
enter E. coli, we added its metabolic precur-
sor, mevalonate, to the growth medium and
coexpressed an engineered pathway of five
enzymes (20) (Fig. 2B, pMBIS) to produce FPP
from mevalonate in the cells. We then moni-
tored sensor function as change in growth in
the presence or absence of mevalonate under
otherwise identical conditions (Fig. 2B and
supplementary materials and methods). In
the following, we denote designs by their
scaffold (S1, S2, and S3), design generation
(1, 2, and 3), and successive letter (A, B, C, etc.)
(table S1 and fig. S1).
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Although seven of the nine selected designs
showed only a small signal (S2-1A, B, C, D,
S3-1A, B) or no signal (S1-1A), two designs
(S3-1C, D) displayed a robust signal response to
FPP (Fig. 2C and fig. S2). Both designs resulted
from the AR-MBP scaffold (Fig. 2A, S3). For
this scaffold, we also generated two libraries:
library 1 based on our ensemble design predic-
tions (Fig. 2A and table S2) and library 2 using
error-prone polymerase chain reaction (epPCR)
starting from design S3-1C. After an initial
growth-based selection and subsequent plate-
based screens in the presence and absence of
FPP (supplementary materials and methods,
fig. S3), we identified 36 hits from which we
confirmed 27 FPP-responsive sequences by in-
dividual growth assays (figs. S4 and S5). One of
the most active designs identified across both
libraries (S3-2A) was a variant of design S3-1C
with two additional mutations distal from
the designed FPP-binding site introduced
by epPCR. This variant displayed essentially
equal activity as the original S3-1C design

A Ligand (input)  Interface
Protein B
Binding site  Protein A
with key R
side chains Reporter 1

when tested under identical conditions (Fig.
2C, table S1, and fig. S2). These results show
that library screening or epPCR was not nec-
essary to identify functional sensors; instead,
we obtained functional sensors directly by
computational design. However, library 1 pro-
vided additional active sequences from the
sequence tolerance predicted in the ensemble
design simulations (Fig. 2A, table S2, and fig. S4).

To further characterize the identified best
design, S3-2A (table S1), we performed single-
site saturation mutagenesis at (SSM) 11 posi-
tions (table S3). We tested the resulting mu-
tants with the growth-based split mDHFR
reporter in the presence and absence of FPP
under more stringent conditions by increas-
ing the trimethoprim concentration (fig. S6).
Whereas at most positions the originally de-
signed amino acid (Fig. 2A, design S3-1C) ap-
peared to be optimal under these conditions,
we saw considerable improvements for muta-
tions at two positions, R194A (Fig. 2A, design
S3-2B) and R194A/1.85G (Fig. 2A, design S3-2C).
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These two designs displayed increasing re-
sponses to mevalonate at higher trimethoprim
concentrations (Fig. 2D). For the most active
design, S3-2C, we confirmed that the sensor
signal was dependent on the expression of
the sensor proteins [Fig. 2E, -IPTG (isopropyl-
B-D-thiogalactopyranoside)] and the metabolic
pathway that converts added mevalonate to
FPP (Fig. 2E, pMBIS). To test for specificity
for FPP, we confirmed that the sensor signal
was absent when preventing the accumula-
tion of FPP either by inactivating the fifth
enzyme in the pathway by a single point muta-
tion (Fig. 2, B and E, ispA R116A) or by adding
a sixth enzyme that converts FPP to amorpha-
diene (Fig. 2, B and E, pB5K). To test whether
the sensor signal was dependent on the original
four motif side chains, we mutated each indi-
vidually to alanine and observed decreased
sensitivity to the presence of mevalonate for
three of the four motif side chains (Fig. 2F,
L89, F133, and R145, but not W114). Finally,
we tested whether the sensor signal of design

Fig. 1. Computational design. (A) Diagram of

the design strategy. A small-molecule binding
site is built de novo into protein-protein interfaces
(left) to create synthetic CIDs (right). Linking

the designed sensor proteins to split reporters
yields modular CID systems in which different
reporter outputs can be coupled to user-defined
small-molecule input signals. (B) Steps in

the design of a synthetic CID system sensing FPP.
Top: Binding-site geometries with key interacting
side chains selected from FPP-binding proteins
(PDB codes indicated) are computationally
modeled into a large number of protein-protein
interfaces. Middle: Binding sites with feasible
geometries are reshaped and optimized by flexible
backbone design; shown is a conformational
ensemble for a single sequence. Bottom: Top
designs from three different scaffolds selected for
experimental tests (Fig. 2).
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S3-2C was dependent on the concentration of
FPP by titrating the extracellular concentra-
tion of the mevalonate precursor (Fig. 2G).
Although the sensor signal initially increased
with increasing mevalonate concentrations, as
expected, the signal decreased at the highest
mevalonate concentration tested. This behavior
likely arises from FPP-mediated toxicity pre-
viously observed at this mevalonate con-
centration using the same FPP-biosynthesis
pathway (20). We confirmed a consistent de-
pendency of the sensor signal both on sensor
expression (by varying the concentration of
the inducer, IPTG) and on mevalonate con-
centration in the growth medium for seven
of our designs (fig. S7, S3-1A, B, C, D, S3-2A,
B, C). These results confirm that sensor func-
tion in E. coli is specific to FPP produced by
an engineered pathway, dependent on key
residues in the de novo designed binding site,
dose dependent in E. coli, and sensitive to
FPP concentrations in a relevant range (i.e.,
below the toxicity level).

Fig. 2. Sensor function in bacteria. (A) Designed
sequences at key positions for scaffold 3. Gray
shading indicates preferred residues from
flexible backbone reshaping by kinematic closure
[KIC (23, 24)] or coupled moves (25). Orange
shading indicates individual computational
designs selected based on ligand burial
(S3-1A), consensus (S3-1B), optimized ligand
packing (S3-1C), and predicted ligand-binding
score (S3-1D). Blue shading indicates

sensors stabilized by two additional

mutations from SSM (S3-2B and S3-2C

also contained two mutations from epPCR
that were not in the designed FPP-binding
site; fig. S1). (B) Constructs (left; for

details, see supplementary materials,
appendix 1) used in the split mDHFR reporter
assay (right). pDUET, sensor proteins

linked to the split mDHFR reporter; pMBIS,
engineered pathway of five enzymes to
convert mevalonate (MEV) into FPP (20);

ispA R116A, pMBIS containing R116A

mutation in ispA that reduces catalytic
activity 13-fold (37); pB5K, pMBIS with
amorphadiene synthase (ADS) (20). Sensor
signal is quantified as the change in

optical density at wavelength 600 nm
(ODggp) in the presence and absence of
mevalonate. (C) Sensor signal in the split
mDHFR assay for computational designs
based on scaffold 1 (FKBP-FRB12, purple bar),
scaffold 2 (RapF-ComA, yellow bars), and
scaffold 3 (AR-MBP, orange bars). Sensor

To confirm biochemically that FPP increases
the binding affinity of the AR-MBP complex
as designed, we purified the designed AR and
MBP proteins without attached reporters [see
the supplementary materials and methods;
these constructs contained several previously
published mutations to stabilize AR (3I), which
when tested in the split mDHFR reporter assay
led to active sensor S3-2D (table S1, fig. S8, and
supplementary materials, appendix 2)]. We de-
termined the apparent binding affinity of the
designed AR and MBP proteins comprising the
S3-2D sensor (Fig. 3A, table S1, and fig. S1) in
the absence and presence of 200 uM FPP using
biolayer interferometry (Fig. 3B, fig. S9, and
supplementary materials and methods). The
presence of FPP led to a >100-fold stabiliza-
tion of the interaction between the AR and
MBP proteins comprising sensor S3-2D [dis-
sociation constant (Kp) from >200 to 2.1 uM,
Fig. 3C; for comparison, the original AR-MBP
scaffold had a K, of 4.4 nM (29)]. Binding of
FPP to the designed AR component of S3-2D

alone was weak, and binding of FPP to the
designed MBP component of S3-2D alone was
not detectable (Fig. 3D). These results confirm
in vitro with purified components that design
S3-2D functions as a CID system responding
to FPP.

To determine whether FPP is recognized in
the de novo engineered binding site as pre-
dicted by the design model, we determined a
2.2-A resolution crystal structure of the ternary
complex of FPP bound in the engineered
AR-MBP interface (supplementary materials
and methods; table S4). The crystal structure of
the bound complex is in excellent overall agree-
ment with the design model (Fig. 4, A to C).
Despite twinning in the crystals, examining
unbiased omit maps allowed modeling of
unexplained density in the engineered bind-
ing site as FPP (Fig. 4B and fig. S10) and
confirmed the side-chain conformations in
the designed binding pocket (Fig. 4, C and D).
Overall, in a 10-A shell around FPP in the
binding pocket, the Ca root mean square
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S3-2A (identified from library 2 with two mutations distal from the designed FPP-binding site; table S1), is shown for comparison (blue bar). (D) Improvement
of sensor signal by stability-enhancing mutations in S3-2B and S3-2C at increased stringency [trimethoprim concentration 6 uM versus 1 uM in (C)].

(E) Dependence of S3-2C sensor signal on sensor expression (-IPTG) and FPP production (-pMBIS, pB5K, ispA R116A). (F) Dependence of the S3-2C sensor
signal on motif residues. (G) Dependence of the S3-2C sensor signal on the concentration of the FPP precursor mevalonate added extracellularly. Error
bars indicate standard deviation from at least four biological replicates and eight technical replicates for each biological replicate.
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Fig. 3. In vitro sensor characterization and output modularity. (A) Sequence
changes in sensor constructs tested in vitro. Motif residues are also shown. The
starting construct, S3-2D (blue), is identical to S3-2C in the engineered FPP-
binding site but contains additional previously published stabilizing mutations in
AR (31) (shown in table S1). (B to H) In vitro binding measurements from
biolayer interferometry (BLI) using purified protein (B to E) or FPP titrations with
sensors expressed using in vitro TxTI (F to H). (B) Apparent AR interaction
with immobilized MBP in the presence (closed circles) or absence (open squares)
of 200 uM FPP, comparing designs S3-2D (blue) and S3-3A containing the Y197A

FPP concentration (uM) FPP concentration (uM)
mutation (orange). (C) Summary of BLI results for apparent AR-MBP dimerization
with and without FPP. (D) Summary of BLI results for FPP binding to the individual
designed AR and MBP proteins comprising design S3-2D (table S1). (E) Apparent
AR interaction with immobilized MBP for a computationally designed variant
using the S3-2D crystal structure as the input with (purple, S3-3C) or without
(red, S3-3B) the Y197A mutation. (F) Apparent affinity of the S3-2D and S3-3A
sensors for FPP using luminescent or fluorescent reporters in TxTl experiments.
(G and H) FPP titrations in TxTI using the luminescent reporter (G) or the
fluorescent reporter (H). Error bars indicate standard deviations for n = 3.

deviation (rmsd) between the model and the
structure was 0.53 A and the all-heavy-atom
rmsd was 1.13 A. Although crystals formed
only in the presence of FPP, only one of the
two complexes in the asymmetric unit con-
tained FPP in the binding site (fig. S11). This
behavior allowed us to compare apo and holo
states of the complex. Most of the designed
side chains are in identical conformations in
the FPP-bound /0lo and FPP-minus apo states
(Fig. 4E), suggesting favorable preorganiza-
tion of the designed binding site. An exception
is W114 on AR, which is partly disordered in
the apo state (fig. S11), providing a potential
explanation for why a W114A mutation is less
detrimental for sensor activity (Fig. 2F) than
expected based on the observed packing in-
teractions between W114 and FPP in the holo
state. A second slight deviation between the
model and the crystal structure appeared to be
caused by potential steric clashes of the en-
gineered Y197 on MBP with the modeled FPP
conformer, which led to rearrangements in the
FPP structure and a rotamer change in de-
signed residue F133 on MBP (Fig. 4D). Many of
the original models from computational design
favored a smaller alanine side chain at this
position (Fig. 2A). These observations led to
the prediction that a Y197A mutation might
stabilize the ternary complex and, indeed, de-

Glasgow et al., Science 366, 1024-1028 (2019)

sign S3-3A containing the Y197A mutation
showed an increased (>200 fold) stabilization
of the complex with FPP, with an apparent
dissociation constant of 870 + 60 nM for the
designed AR and MBP proteins comprising
sensor S3-3A in the presence of 200 uM FPP
(Fig. 3, B and C). We also confirmed that design
S3-3A (table S1) is active in E. coli (fig. S12). To
further improve the design based on the crystal
structure of design S3-2D, we used an addi-
tional round of flexible backbone design using
the Rosetta coupled-moves method (25) start-
ing from the FPP-bound crystal structure. These
simulations suggested three additional muta-
tions leading to design S3-3B: R145K, K147L,
and D155L (Fig. 3A). These mutations, when
combined with the Y197A mutation (design
S$3-3C), enhanced the apparent binding affin-
ity of the designed AR and MBP proteins com-
prising sensor S3-3C in the presence of 200 uM
FPP to 170 + 20 nM (Fig. 3, C and E), which is
within 40-fold of the original scaffold AR-MBP
interaction affinity (29), but also strengthened
the binding affinity of the protein-protein
dimer in the absence of FPP to 6.2 + 0.3 uM
(fig. S13). The design simulations optimized
sequences for stability of the ternary complex
without also destabilizing the dimer in the
absence of the small molecule. Methods in-
tegrating negative design (32) could be incor-

22 November 2019

porated to improve the dynamic range of the
system (supplementary text).

A key advantage of our CID design strategy
is the ability to link an engineered sensor, the
input of which is specific to a user-defined
small-molecule signal, to a modular output
that can in principle be chosen from many
available split reporters (Fig. 1A). To test this
concept, we linked the engineered CID sensors
S3-2D and S3-3A to two additional outputs: a
dimerization-dependent fluorescent protein
(33) and a split luciferase (34) (Fig. 3, G and
H, and supplementary materials, appendix 3).
We tested input-output responses using an
in vitro transcription-translation system (TxTI)
(35) in which FPP can be added at defined
concentrations to the assay extract, in contrast
to the cell-based split mDHFR assay. The TxTI1
assay revealed a nanomolar FPP sensitivity
(Kp®P®) for our best sensor, S3-3A (Fig. 3F),
that was essentially identical for both reporters
(180 + 50 and 330 + 130 nM by luminescence
and fluorescence detection, respectively; Fig.
3, G and H, and fig. S14), and additionally
confirms the improvements in design S3-3A
containing the Y197A mutation over design
S3-2D (the Kp*P® for S3-2D was 1.6 = 0.5
and 1.4 + 0.5 uM for the luminescence and
fluorescence reporters, respectively; Fig. 3,
F to H). These results show that our CID
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Fig. 4. The S3-2D crystal structure closely
matches the computational design model.

(A) Overlay of the design model (gray) with the
crystal structure (designed AR, cyan; designed MBP,
blue; FPP, pink) showing FPP binding in the

computationally designed binding site at the AR-MBP
interface (circle). The design crystallized in the closed

MBP conformation, whereas MBP was in the open
conformation in the original scaffold on which the

model was based, leading to a difference in rigid-body

orientation (arrow) of one lobe of MBP distal to the
FPP-binding site. (B) FPP overlaid with 2mF, - DF..

electron density map (1.2c, cyan) and ligand 2mF, -
DF. omit map (1.0c, dark blue). Strong density peaks

were present in both maps for the phosphates and
several anchoring hydrophobic groups. (C) Open-
book representation of the FPP-binding site on AR
showing close match of designed side-chain con-
formations to the crystal structure. (D) Open-book
representation of the FPP-binding site on MBP
indicating a clash between the position of MBP Y197
in the crystal structure (blue) and the designed FPP
orientation in the model (gray), causing slight
rearrangements of FPP and F133 (arrows).

(E) Alignment of the holo (cyan) and apo (yellow)
structures of S3-2D showing overall agreement with

the exception of the side chain of W114 (arrows). In (C)

to (E), residues are labeled black when designed and

sensor design strategy is compatible with
modular outputs.

The most critical feature of our approach is
the ability to computationally design small-
molecule binding sites de novo into protein-
protein interfaces. A previous computational
analysis suggested that the appearance of
pockets around artificially generated protein-
protein interfaces may be an intrinsic geomet-
ric feature of protein structure (36), lending
support to the idea that our approach is ex-
tensible to many other small molecules and
interfaces. The design method presented here
thus introduces a generalizable way to create
synthetic sensing systems with different out-
puts that can be used in diverse biological
contexts to respond to user-specified molec-
ular signals.
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Materials and Methods

1. Computational desien methods

Computational methods that resulted in the successful sensor design for scaffold 3 (AR-MBP) are
as described in detail first(38). Differences in the design protocol that resulted in designs for

scaffold 1 (FKBP12-FRB) and scaffold 2 (RapF-ComA) are described further below.

1.1 Selection of protein-protein interface scaffold set. To identify protein interface scaffolds

suitable for accommodating small molecule binding sites, we searched the PDB for heterodimeric
complexes with <95% sequence identity solved at <2.8 A resolution between chains of 75 to 300
residues that were expressed in E. coli. This search resulted in 612 structures (an expanded search
of the PDB resulted in up to 3462 scaffolds, see section 1.7) that were filtered to remove HETATM
records and multiple densities (only the first densities listed were kept). Selenomethionines were

converted to methionines.

1.2 Definition of FPP binding site geometries. We identified 29 X-ray structures of FPP—protein

complexes at <2.8 A resolution in the PDB to serve as templates for binding site geometries. We
visually inspected each protein-FPP complex to identify cases where 4 residues could define an
encompassing portion of the FPP binding surface. 18 structures were discarded because FPP bound
in complex with an inhibitor or other small molecule, forming a binding site that cannot easily be
reproduced by amino acid side-chains. Other cases were discarded because the binding site was
formed by small contributions from too many residues to define a suitable binding site geometry.

Ultimately, 4 template binding site geometries (“motifs”) were selected for subsequent matching



and design (a fifth distinct binding site geometry derived from 3bnx is used in the runs leading to

designs on scaffold 2, see section 1.7):

PDB Protein Motif residues
1kzo Protein farnesyltransferase cha}n Bi R291, ¥251, W303.
chain C: I10.
1104 2C-Methyl-D-Erythritol-2,4- chain A: I101, FO9.
cyclodiphosphate Synthase chain B: F9. chain C: F9.
3bnx Aristolochene synthase chain A: R314, W308, L184, F153.
. chain B: R291, Y251, W303.
3dpy Protein farnesyltransferase chain C: T12008.

Note that for PDB templates 1kzo and 3dpy, one of the motif residues comes from a co-associated
peptide substrate, and the binding site geometry from 1t0a contains residues from a homotrimeric
interface. In all cases non-polar hydrogens were added to FPP, and a single polar hydrogen was
placed on the OS5 oxygen.

The dihedral angles for the conformations of FPP used in the template binding site geometries,

with PDB codes, are included below:

1T0A

018




1KZO

Index Atom 1 Atom 2 Atom 3 Atom 4 Angle
1] OlB PB 03A PA 56.578
2 | O2B PB 03A PA -66.439
31 O3B PB 03A PA 179.393
4 | PB 03A PA Ol1A -9.683
5 | PB 03A PA 02A -132.538
6 | O3A PA OlA 02A -119.396
7 |1 O3A PA 0]} Cl -82.579
8 | PA 0Ol Cl C2 129.629
9 1 01 Cl Cc2 C3 108.359
10 | C1 C2 C3 C4 -0.25
11 ] C2 C3 C5 C6 66.367
12 | C4 C3 C5 Co6 -113.68
13 | C3 C5 C6 C7 173.344
14 | C5 C6 C7 C8 141.175
15 | C6 C7 C8 C10 0
16 | C6 C7 C8 C9 179.895
17 | C7 C8 9 Cl1 -59.234
18 | C8 C9 Cll Cl12 -174.743
19 | C10 C8 c9 Cl1 120.679
20 | C9 Cl1 Cl12 C13 177.13
21 | C11 Cl12 Cl13 Cl4 -0.082
22 | C11 Cl12 Cl13 C15 179.929
1TO0A
Index Atom 1 Atom 2 Atom 3 Atom 4 Angle
1| OIB PB 03A PA -0.78
2 | O2B PB 03A PA -124.633
31 O3B PB 03A PA 121.527
4 | PB 03A PA 02A -69.47
5 | PB 03A PA OlA 60.816
6 | O3A PA Ol1A 02A -130.509
7 | O3A PA 0Ol Cl1 -170.861
8 | PA 0Ol Cl Cc2 -170.407
9 1 01 Cl C2 C3 -152.506
10 | C1 C2 C3 C4 1.032
11 ] C2 C3 C5 C6 84.311
12 | C4 C3 C5 C6 -95.668
13 ] C3 C5 C6 C7 67.587
14 | C5 C6 C7 C8 -102.897
15 | C6 C7 C8 C10 1.709
16 | C6 C7 C8 9 -176.548
17 | C7 C8 C9 Cl1 -102.331
18 | C8 C9 Cl1 Cl12 -46.225
19 | C10 C8 C9 Cl1 79.292




20 | C9 Cl1 Cl12 C13 131.953
21 | C11 Cl12 C13 Cl4 -179.556
22 | Cl11 Cl12 C13 C15 0.225
3BNX
Index Atom 1 Atom 2 Atom 3 Atom 4 Angle
1 | OlB PB 03A PA 3.718
2 | O2B PB 03A PA 123.804
3] 03B PB 03A PA -116.979
4 | PB 03A PA 02A -142.881
5 | PB 03A PA OlA -23.229
6 | O3A PA OlA 02A -119.484
7 | O3A PA 01 Cl 179.743
8 | PA 01 Cl Cc2 -178.706
9 10Ol Cl C2 C3 160.066
10 | C1 Cc2 C3 C4 0.771
11 | C2 C3 C5 C6 -121.614
12 | C4 C3 C5 C6 58.834
13| C3 C5 C6 C7 102.037
14 | C5 C6 C7 C8 -110.856
15| C6 C7 C8 C10 -0.052
16 | C6 C7 C8 9 179.905
17 | C7 C8 Cc9 Cl1 -106.179
18 | C8 C9 Cl1 C12 126.417
19 | C10 C8 9 Cl1 73.778
20 | C9 Cl1 C12 C13 -132.226
21 | C11 Cl12 C13 Cl4 -179.476
22 | C11 C12 C13 C15 0.214
3DPY
Index Atom 1 Atom 2 Atom 3 Atom 4 Angle
1| OIB PB 03A PA 51.274
2 | O2B PB 03A PA -68.156
3 | O3B PB 03A PA 171.897
4 | PB 03A PA 02A -125.8
5 | PB 03A PA O1A -1.447
6 | O3A PA Ol1A 02A -127.941
7 | O3A PA 01 Cl -70.847
8 | PA 0Ol Cl C2 142.79
9 10l Cl Cc2 C3 112.354
10 | C1 C2 C3 C4 -0.697
11 ] C2 C3 C5 C6 -36.839
12 | C4 C3 C5 C6 143.835
13 ] C3 C5 C6 C7 -175.389
14| C5 C6 C7 C8 -137.806
15 ] Cé6 C7 C8 C10 0.636




16 | C6 C7 C8 9 -178.932
17 | C7 C8 C9 Cl1 -8.651
18 | C8 9 Cl1 Ci12 176.477
19 | C10 C8 C9 Cl1 171.775
20 | C9 Cl1 C12 CI13 132.37
21 | C11 Cl12 Cl13 Cl4 -0.463
22 | C11 Cl2 Cl13 CI15 179.575

1.3 Building binding sites de novo into protein-protein interfaces. We scanned the interface

scaffold set for backbones that may accommodate the small molecule target and binding site
geometry using a geometric matching procedure(22). For each binding site geometry, the
relationship between the motif side-chains and the target is uniquely defined by 6 geometric
constraints. The matching algorithm scans the first motif residue constraints across a set of scaffold
residue positions (here, all positions with Ca atoms within 15 A of the other chain). At each
position, the motif residue is placed into rotameric conformations from the Dunbrack backbone-
dependent rotamer library(39). For each side-chain conformation, the small molecule target is
placed relative to the motif residue using the geometric constraints defined from the template
binding site geometry. Conformations that place the target without introducing steric clashes
between the motif side-chain, the target, and the scaffold backbone are recorded. The process is
iterated for the remaining motif residues, comparing the clash-free target positions to those from
the previous motif residues using an efficient geometric hashing technique. Motif side-chain
conformations that place the target within the same geometric ‘bin’ as positions from the previous
motif side-chains are recorded as ‘hits’. At the conclusion, cases where the target is placed into the
same geometric bin for all motif residues are called ‘matches’. Only matches where at least one
motif side-chain is placed on a different chain than the remaining motif side-chains (i.e., across

the scaffold interface) are considered further. Many matches may be found for a set of scaffold



interface residue positions, corresponding to highly similar conformations for the motif residue
side-chains and the target that fall into the same geometric bin. One such match is randomly

selected for design, which is termed a ‘unique match’. The numbers of unique matches arising

from each template binding site geometry for FPP are shown below:

Template PDB Motif residues Number of unique matches
SR 5
1602 Chain 5. £9. chain C: £, 371
3bnx chain A: R314, W308, L184, F153. 370
R

The quality and quantity of matching results are tuned by a number of parameters. To slightly relax
the angle and torsion constraints, we sampled 5 degrees above and below the values computed
from the template binding site geometry. There are also Euclidean and Euler parameters that
determine the bin size for geometric hashing, which we set to 2.0 A and 20.0 degrees, respectively.
A bump tolerance parameter allowed for some steric overlap — to be resolved in the design stage
— which we set to 0.6. We also allowed motif residues to be matched by other residue types with
similar side-chain moieties. The following groups of residues were allowed to be matched by any
residue in the group: “DE”, “LVI”, “FYW?”, and “ST”. We tuned the matching parameters to
produce a reasonable number of unique matches for design (on the order of several hundred).
Evaluating matches directly is not necessarily informative, since a good match (one that faithfully
reproduces the template binding site geometry) may yield poor designs due to an inability of the
‘second shell’ residues to accommodate the binding site geometry and target, while less precise
matches may yield more promising designs after being subjected to rigid body optimization of the

ligand and backbone relaxation of the scaffold. Thus, all unique matches are passed on to design.



A number of parameters control Rosetta-specific matching options, including the number of side-
chain conformations sampled. The command line options used for Rosetta revision 135441 were

as follows:

match.linuxgccrelease -database minirosetta database -s 1SVX.pdb -match:lig name LG1 -
match:grid boundary 1SVX.gridlig -match:scaffold active site residues 1SVX.pos -
match:geometric _constraint file 3bnx.cst -extra_res fa 3bnx LG.fa.params -

output_matches per group 10 -ex1 -ex2 -extrachi_cutoff 0 -euclid bin_size 2.0 -euler bin_size
20.0 -bump_tolerance 0.6 -match:output format PDB -match:consolidate matches -

match:output matchres only

1.4 Initial designs and analysis. The matching algorithm places the motif residues and target into
a scaffold interface while avoiding clashes with the backbone. However, the procedure will likely
introduce unfavorable interactions with the residues surrounding the motif, or ‘second shell’
residues. In order to accommodate the target and binding motif, we applied a protocol that iterates
between rigid body optimization of the ligand(40) and sequence design of the second shell
residues(41, 42). Rigid body optimization of the ligand was performed by sampling from a
Gaussian distribution with mean 2.0 degrees for rotation and from a Gaussian distribution with
mean 0.1A for translation of the ligand, which are the default values for -enzdes:trans magnitude
and -enzdes:rot_magnitude. In the design step, all residues with a Ca atom within 6.0 A of any
ligand heavy atom were designable (they could change residue type), as well as any residue with
a Ca atom within 8.0 A of any ligand heavy atom that also has a Cb atom closer to the ligand than

the Ca atom. Additionally, all residues with a Ca atom within 10.0 A of any ligand heavy atom are



subject to repacking (Metropolis Monte Carlo optimization of side-chain conformations) together
with any residue with a Ca atom within 12.0 A of the ligand with a Cb atom that is closer to the
ligand than the Ca atom. The protocol iterates rigid body optimization and sequence design 3 times,
producing interfaces with more favorable interactions between the motif residues, target, and

second shell residues.

The command line options used for Rosetta revision 136129 were as follows:

EnzdesFixBB.linuxgccrelease -database minirosetta database -s IBH9 R33Y94L120F121.pdb -
extra res fa 3bnx LG.fa.params enzdes:detect design interface -enzdes:cutl 6.0 -enzdes:cut2
8.0 -enzdes:cut3 10.0 -enzdes:cut4 12.0 -enzdes:cst_opt -enzdes:cst_design -enzdes:cst min -
enzdes:cstfile 3bnx.cst -enzdes:bb_min -enzdes:chi_min -enzdes:design _min_cycles 3 -ex1 -ex2

-use_input_sc -nstruct 999 -enzdes:start from random rb conf

For each template binding site geometry we produced on the order of 10* designs and created
distributions over computed physicochemical properties. Four of these distributions from the 3bnx

template binding site geometry are shown below:
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The ligand score (panel a) corresponds to the predicted binding energy between the ligand and
scaffold interface. The ligand solvent accessible surface area (SASA, panel b) score measures the
burial of the ligand from 0.0 (completely solvent exposed) to 1.0 (completely buried). The number
of hydrogen bonds between the scaffold and the ligand (panel c) and the number of buried
unsatisfied hydrogen bonds on the ligand (panel d) are also shown. For FPP, visual inspection of
representative members of the distributions across all designs suggested the following filter for
selecting designs for further refinement: ligand score < -6.0, ligand SASA > 0.6, ligand hydrogen
bonds > 1, unsatisfied buried ligand hydrogen bonds = 0. The number of designs passing the filter

for all FPP binding site geometries is given below:



Template Number of
PDBP Motif residues unique Number of designs passing filter
matches
chain B: R291, Y251,
Tkzo W303. chain C: I10 79 31
chain A: 1101, F9. )
1t0a chain B: F9. chain C: FO. 371 0 (1 if SASA filter relaxed to 0.5)
chain A: R314, W308,
3bnx 1184, F153. 370 81
chain B: R291, Y251, . .
3dpy W303. chain C: 12008. 43 0 (2 if SASA filter relaxed to 0.5)

Passing designs were then further filtered to remove interface scaffolds imposing additional
challenges such as cases with small molecules crystallized at the predicted target binding site and

complexes that were purified from inclusion bodies.

Ultimately, a design passing all filters with the best ligand score on an interface scaffolds, the
complex (PDB 1svx) between an engineered ankyrin repeat protein (AR) and maltose binding
protein (MBP) with a 4-residue binding site geometry from template 3bnx, was selected for

refinement by flexible backbone ensemble design.

1.5 Flexible backbone ensemble design. To model the conformational adjustments that could occur

in concert with sequence mutations, matched scaffold designs were subject to kinematic closure
(KIC(24)) over their entire backbones producing conformational ensembles. In brief, KIC
generates backbone conformations of segments in proteins by sampling backbone phi/psi torsion
angles for n-6 degrees of freedom (“non-pivot” torsions) in a selected segment, and then solving
the remaining 6 “pivot” degrees of freedom analytically to close the loop. To generate a protein
backbone ensemble, different segment start and end points are sampled throughput the protein.
Here, we generated near-native conformational ensembles with KIC (200 conformations with 0.9

A average rmsd to the X-ray structure) using a modified protocol(23) compared to the published

10



de novo loop reconstruction method(24). The ensemble generation protocol skips the low-
resolution centroid stage and fixes the temperature at 1.2 £T. Further, to focus sampling on near-
native conformations, non-pivot torsions are sampled within a vicinity of 3 degrees of the input

value before each kinematic move, instead of sampling from the allowable Ramachandran space.

A second round of Rosetta sequence design was then applied across the ensembles to the side-
chains surrounding the de novo built binding site in order to accommodate the motif residues and
the small molecule target. Designing across a conformational ensemble, rather than a single
backbone, can improve agreement between the geometry of the binding site built into the scaffold
interface and the original geometry in the binding site template, and generates a diversity of

predicted low-energy sequences(23, 43, 44).

The command line used to generate the ensemble with Rosetta 136129 was as follows:
loopmodel.linuxgccrelease -database minirosetta database -loops:refine refine kic -
loops:max_kic_build_attempts 10000 -loops:input pdb

ISVX R134W103L78Y286 DE 19.pdb -loops:loop file

ISVX R134W103L78Y286 DE 19.loop -extra res fa

ISVX R134W103L78Y286 DE 19 LG.fa.params -in:file:extra res cen

ISVX R134W103L78Y286 DE 19 LG.cen.params -in:file:native

ISVX R134W103L78Y286 DE 19.pdb -loops:kic max_seglen 12 -loops:outer cycles 1 -
loops:refine init_temp 1.2 -loops:refine final temp 1.2 -loops:vicinity sampling -

loops:vicinity degree 3 -ex1 -ex2
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A similar protocol for small molecule rigid body optimization and scaffold sequence design from
section 1. 4 was applied to refine every member of the KIC ensemble. Additional rotamers were
included (via the -ex3 -ex4 Rosetta command line flags), and the selection of residues to be
redesigned, fixed, or modeled as wild-type was performed manually rather than selected by
distance cutoffs (redesigned positions for the 1svx scaffold are shown in Figure 2A). Designs
resulting from this step were further optimized for small molecule dependence on complex
formation by requiring a ligand score < -6.0, ligand SASA > 0.7, ligand hydrogen bonds > 1, and
unsatisfied buried ligand hydrogen bonds = 0. In addition to selecting single designs (see below),
designing across a conformational ensemble, rather than a single backbone, produced a sequence
library(45) (Table S2) to be assayed in E. coli for biosensor activity. In KIC ensemble design, we
performed 200 independent design simulations in parallel (one for each backbone) and then
combined the results into a sequence profile computed from the lowest energy sequence and
conformation from simulated annealing Metropolis Monte-Carlo simulations in the design step.
Design calculations minimized the Rosetta full-atom energy (see command lines for version
numbers and options). The most frequently designed amino acid residues at each position are

shown in Fig. 2A.

In addition to KIC ensemble design, we also used a second method for flexible backbone design:
coupled moves(25). In contrast to KIC ensemble design, which first pre-generates an ensemble
and then performs design on each member of the ensemble, coupled moves simultaneously moves
the backbone and side chain of an amino acid (or rigid-body and conformer of the ligand) during
design. In these simulations, we started from the model of design S3-1C (Fig. 2A) with FPP placed

into the AR-MBP scaffold through matching with 4 motif residues (AR: L89, W114, R145; MBP:
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F133), followed by coupled moves design performed as described in (25), allowing the motif
residues and the following additional residues to design: AR: Y81, H85, Y89, W112, M114, T115,
H118,L119,K122, W123, F145,K147,1152, D155; MBP: E130, P133, F194, D197, K200, N201,
K251. Ligand rigid-body rotations and translations were sampled using two Gaussian distributions
with a 1 degree standard deviation for rotations and a 0.1A standard deviation for translations.

3

Coupled moves design simulations were performed using Rosetta rotamer flags “-ex1 -ex2 -
extrachi_cutoff 0 -use input sc” and were run at a constant temperature of 0.6 kT. The backbone
moves used in these simulations were 3-residue “backrub” moves(46) centered on the amino acid

being designed. Amino acid residues preferred in these simulations at key positions are shown in

Figure 2A.
KIC ensemble simulations took approximately 30 minutes on a single processor and were run over
200 nodes, for a total of approximately 100 CPU hours. In comparison, coupled moves simulations

took approximately 4 CPU hours (12 minutes per simulation and 20 simulations total).

1.6 Design ranking and selection. We chose four computational designs for FPP sensors based on

the AR/MBP (PDB 1svx) scaffold for testing:

S3-1A: Computational design ranked most highly by ligand burial

S3-1B:  Computational design consensus sequence, based on most frequently selected amino
acid residues in KIC ensemble design

S3-1C:  Computational design with improved protein-ligand packing interactions

S3-1D: Computational design ranked most highly by predicted interaction affinity with the

ligand
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Models of these designs are shown below in two orientations. The orientation shown on the left
was rotated 45° over the x-axis to attain the orientation shown on the right. AR: cyan, MBP: blue,

FPP: magenta sticks, motif residues: sticks, designed residues: green spheres.
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