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Peptidomimetic macrocycles have the potential to regulate chal-
lenging therapeutic targets. Structures of this type having precise
shapes and drug-like character are particularly coveted, but are
relatively difficult to synthesize. Our laboratory has developed ro-
bust methods that integrate small-peptide units into designed
scaffolds. These methods create macrocycles and embed con-
densed heterocycles to diversify outcomes and improve pharma-
cological properties. The hypothetical scope of the methodology is
vast and far outpaces the capacity of our experimental format. We
now describe a computational rendering of our methodology that
creates an in silico three-dimensional library of composite peptidic
macrocycles. Our open-source platform, CPMG (Composite Peptide
Macrocycle Generator), has algorithmically generated a library of
2,020,794,198 macrocycles that can result from the multistep reac-
tion sequences we have developed. Structures are generated
based on predicted site reactivity and filtered on the basis of phys-
ical and three-dimensional properties to identify maximally di-
verse compounds for prioritization. For conformational analyses,
we also introduce ConfBuster++, an RDKit port of the open-source
software ConfBuster, which allows facile integration with CPMG
and ready parallelization for better scalability. Our approach
deeply probes ligand space accessible via our synthetic methodol-
ogy and provides a resource for large-scale virtual screening.

macrocyclic peptides | reaction product prediction | conformational analysis

Macrocyclic compounds have been identified as enzyme in-
hibitors, as GPCR (G protein-coupled receptor) agonists

and antagonists, inhibitors of protein–protein interactions, and
as modulators of various other biological pathways. The ring
structures of macrocycles contribute to structural preorganiza-
tion, lowering entropic penalties for binding to biological targets
(1–3). Peptide-derived macrocycles are especially attractive for
targeting protein surfaces because the embedded peptide can
mimic native protein structure and recognition elements (4, 5).
The advent of several high-throughput biosynthetic platforms has
transformed macrocyclic peptides into a powerful ligand discovery
modality (6–10). However, key challenges remain (11). In the forty
years since the discovery of cyclosporine as a membrane-
permeable and orally bioavailable drug, efforts to anticipate re-
lated structures with comparable properties have had limited
success (12). Nevertheless, some general trends have emerged.
Empirical analysis of data suggests macrocycles having molecular
weight (MW) < 1,000 Da, total polar surface area (TPSA) <
250 Å2, clogP < 10, and fewer than five hydrogen bond donors are
more likely to be bioavailable. Molecular shape and conforma-
tional dynamics have also been cited as important factors for
achieving this end (2,12–14).
Our laboratory seeks to identify structural settings in which

macrocycles can retain ancillary polar groups yet achieve a useful
balance of cell permeability and aqueous solubility (Fig. 1). We
have designed scaffolding reagents that are easily integrated into
peptide structure to afford diverse ring connectivities and em-
bedded heterocyclic motifs (15–20). These structural features
have been shown to improve target binding, the ability to passively
transverse lipid membranes and resist proteolytic degradation

(12). Our methodology uses multiply reactive templates, G1–G3,
which are activated in stages to react with unprotected polyamides
to form macrocyclic composites (Fig. 1). The methodology was
designed to allow systematic alteration of product topology and
properties by engaging a broad range of native peptide functional
groups in carbon–heteroatom and carbon–carbon bond-forming
reactions. Our experimental studies have demonstrated that
templates G1–G3 engage aromatic side chains (including but not
limited to phenol, indole, and imidazole) on the polyamides to
participate in Friedel Crafts alkylation, metal-catalyzed allylic substi-
tutions (also known as Tsuji–Trost reactions), and N-acyliminium
ion-mediated cyclizations (15–20). For example, macrocyclization
under Pd0-catalysis affords C-O or C-N bonded macrocycles,
wherein chemoselectivity is switchable by the addition of Cs2CO3
(1 or 2). Macrocyclization under acidic conditions generates C-C
bonded products (3–9) via electrophilic aromatic substitution
(EAS), many of which also incorporate polycyclic motifs via se-
quential, diastereoselective N-acyliminium ion cyclization of the
P1 side chain along with macrocyclization (4–6, 9). G3 is able to
itself participate in N-acyliminium ion-promoted EAS reactions
in the absence of an aromatic side chain at P1 to yield struc-
tures such as 7–8. Reaction of G1 and G2 with Trp-Trp-Tyr pro-
duces N-acyliminium ion-mediated bridged endopyrroloindolines
3 and 5.

Significance

We describe computations to anticipate products of multistep
reaction sequences. The work is based on experimental meth-
ods developed earlier to amalgamate synthetic scaffolding re-
agents with small linear peptides. Hybrid products retain
molecular recognition elements in the peptide, but display that
functionality as part of amphipathic macrocycles having de-
fined conformations and improved pharmacological properties.
The hypothetical scope of the chemistry is large and far out-
paces the experimental format. To explore the structure space
more extensively, we devised algorithms to predict outcomes
of more than 2 billion processing sequences. Software was also
developed to generate accurate three-dimensional structures
for each product. The resultant virtual library is a resource that
can be deployed broadly in search of novel ligands for protein
receptors.
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Within the well-established reactivity patterns exemplified by
G1–G3, we envisioned a platform, wherein the methodology
could be extended to a much broader range of oligomers. These
would be assembled not only from α-amino acids, but also β2-
and β3-amino acids in both enantiomeric forms. The side chains
on these monomers could conceivably harbor diverse, drug-like
heterocycles, chosen for their susceptibility to engagements by
G1–G3. Such alterations could provide property advantages over
products of biosynthetic methods which largely arise from nat-
ural amino acids. This thought experiment presented a unique
challenge—the possible outcomes far outpaced our experimental
capabilities. We therefore turned to a computational rendering
of our synthesis platform (Fig. 2) to systematically assess the
scope of reaction outcomes. Herein we describe our program,

CPMG (Composite Peptide Macrocycle Generator), which we
have used to generate an in silico library of >2 billion composite
macrocycles resultant from multistep reaction sequences. We
have also adapted conformational search methods (21) to create
Confbuster++, which is able to generate three-dimensional
(3D) conformations of library members rapidly. The ultimate
goal for this work is to enable virtual ligand discovery for diverse
structurally characterized protein targets.

Results and Discussion
Our computational platform consists of two components: 1)
CPMG, for generating a library of two-dimensional (2D) mac-
rocycle structures from a set of user-defined building blocks, and

Fig. 1. Generalized schematic and representative outcomes of our synthesis platform. Templates indicated in blue and oligomers indicated in gray.
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2) ConfBuster++, for generating the conformers for each mac-
rocycle. Both of these components are written in Python 3.6.8 and
rely primarily on the open-source framework RDKit (22) (see
Methods for details).
The platform is described in detail in the following sections;

for a general workflow, see Fig. 4. In brief, our library is generated
using a pool of amino acid derivatives incorporating several drug-
like and conformationally restricting motifs (Fig. 3). These
building blocks are systematically permuted by CPMG to generate
linear oligopeptides that are subsequently bound to templates
G1–G3. Template-bound sequences are then converted to mac-
rocyclic structures based on rules derived from experimen-
tal observations and calculations for site reactivity. The macrocycles
are finally filtered according to property criteria and ana-
lyzed using Confbuster++ for assessments of shape diversity
(Fig. 4).

Library Generation. Heterocycles 9–25 in Fig. 3 were extracted
from the VEHICLe (virtual exploratory heterocyclic library)
database built by Pitt et al. (23) This database contains a set of
24,847 aromatic ring systems generated using a random forest-
based method, of which over 3,000 ring systems were predicted
by a decision tree method to be synthetically tractable. Some of
these motifs have been experimentally synthesized since the time
of publication, but many remain hypothetical. In choosing our
heterocycles, we arranged VEHICLe by the number of hits the
structures generated in the Beilstein database, based upon
their incorporation into drug-like molecules. Heterocycles with

a nitrogen-centered lone pair oriented orthogonal to the π
plane of the aromatic system were not considered based on the
assumption these would protonate under acidic conditions and
resist EAS—consistent with our experimental observations. Since
many of the chosen VEHICLe heterocycles were not character-
ized in the literature, DFT (density-functional theory) optimiza-
tions using ωB97X-D/def2TZVP (Gaussian 16 RevA.03) (24, 25)
were performed on all structures having multiple tautomeric
forms. The most energetically favorable tautomeric state was in-
cluded in subsequent calculations. The set of VEHICLe hetero-
cycles were supplemented with known motifs 26–30 based upon
their likely participation in EAS reactions.
Using RDKit, each heterocycle in the final pool was formu-

lated into amino acids by first attaching alkyl linkers (methylene,
ethylene) to the atoms highlighted in green in Fig. 3. These
congeners were subsequently formulated into L-α-, L-β2-, and
L-β3-amino acids and their corresponding enantiomers. Protei-
nogenic amino acids (both D and L forms), along with a set of
known, conformationally restricting proline analogs 31–40 (see
SI Appendix, Fig. S1 for full list), were added to the set of
building blocks. Peptides of varying length (3–5 monomer units)
were produced from the Cartesian product of the set with the
rule that each must contain at least one cyclization-competent
nucleophile. Trimers were allowed to harbor at most two het-
erocyclic side chains, and tetra- and pentamers were allowed to
contain no more than three heterocyclic side chains. Addition-
ally, the C-terminal carboxyl group of all trimers and tetramers
was capped with an N-ethyl-R unit (R = 1–30 in Fig. 3).

Fig. 2. A computational rendering of our synthesis platform.
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Pentamers were excluded from this last step in anticipation of
molecular weight cutoffs.
The macrocycle enumeration step in CPMG replicates our

synthetic processing sequences whereby macrocyclic composites
are afforded from Friedel Crafts alkylations, metal-catalyzed
allylic substitutions (Tsuji–Trost), and N-acyliminium ion-mediated
cyclizations. In enumerating macrocyclic products, CPMG first adds
templates G1–G3 to each oligopeptide in the substrate library,
wherein the templates are atom-mapped to form two bonds with the
peptides—1) an amide bond with the peptide N-terminus or amine-
bearing side chain and 2) a bond between the distal cinnamyl carbon
atom and a nucleophilic side chain. Experimentally—the latter may
be formed via Friedel Crafts alkylation or Tsuji–Trost substitution,
and the linkage at the amide bond can be further diversified into

condensed ring polycycles via N-acyliminium ion-mediated cycliza-
tions when using templates G2 and G3.
The in silico enumeration of macrocycles is simplified by the

predictable nature of our incremental synthesis. For instance, all
C-C bond formations depend entirely on EAS reactivity. The
open-source program, RegioSQM, published by Jørgensen et al.,
is able to identify the most reactive nucleophilic atoms in het-
erocycles by systematic simulated protonation of all carbon atoms
followed by a comparison of the relative free energies of incipient
ionic states (26). We analyzed heterocycles 9–31 using RegioSQM,
and results were incorporated into CPMG as site selectivity pre-
dictors. Since regioisomeric outcomes are experimentally observed
in oligopeptides having multiple reactive sites, all such outcomes
are also allowed in CPMG. Generated data were fully consistent

Fig. 3. Substrate library (see SI Appendix for full list). Green dots indicate points of incorporation into amino acids.
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with experimental observations where available. Pictet–Spengler
products were generated by allowing bond formations at
RegioSQM-predicted nucleophilic sites exactly six atoms away in
G2 (e.g., 4–6 in Fig. 1), or five or six atoms away inG3 (e.g., 7–8 or
9, respectively, in Fig. 1), from the α-carbon of intermediate N-acyl
iminium ions. In situations whereN-acyliminium ion capture is not
possible in G2, we allow formation of unsaturated N-alkyl pyrro-
lidinones. This is not implemented in G3 as the quaternary center
prevents formation of the same. Rules were also encoded for
indole-containing oligopeptides to reflect experimental outcomes
(e.g., 4 in Fig. 1), wherein ansa-bridged pyrroloindolines are
formed through main-chain capture of indolenium ion interme-
diates formed by cinnamylation at the indole 3-position.
Since RegioSQM does not extend to predicting sites of het-

eroatomic nucleophilicity, compounds containing heteroatomic
linkages resultant from allylic substitutions were generated on
the basis of computed pKa values, The underlying assumption is
that a nucleophile attached to a sufficiently acidic hydrogen will
participate effectively in the Tsuji–Trost catalytic cycle, consis-
tent with literature precedent and in-house data (27). Hetero-
cycles in the substrate library having heteroatom-bound hydrogen
atoms were analyzed using the Jaguar module of Schrödinger
Maestro in H2O at pH 7.4 (28). Computed values were incorpo-
rated into CPMG such that heteroatom-bound hydrogens with
pKa ≤ 13.5 (in H2O) were allowed to bond to the distal cinnamyl
carbon atom in G1–G3. To increase the probability of the library
being populated with structures having useful pharmacological
properties, the initial collection was filtered using guidelines ad-
vocated for achieving cellular permeability and oral bioavailability
(2,12–14). Scanning mono-N-methylation of secondary amides
was applied to all generated macrocycles, and only structures
having MW ≤ 1,200 g mol−1, number of rotatable bonds ≤ 10, and
TPSA ≤ 200 Å2 were retained.

Conformational Search: ConfBuster++. The identification of shape-
diverse molecules necessitated the employment of a rapid con-
formational search algorithm. The use of traditional conforma-
tional sampling algorithms for large-scale macrocyclic conformer
generation is challenging due to the torsional complexity of
macrocyclic ring architectures. Native RDKit conformer search
methods, as demonstrated by Ebejer, have been shown to quickly
produce reasonable 3D structures (29). However, the authors
note that these are not well suited to macrocycles. Moreover, the
native RDKit conformer search methods treat alkenes as iso-
merizable units and are biased toward generating cis-alkenes when
applied to cyclic alkenes, regardless of the input 2D structure. This
is problematic when applied to our library as experimentally we
only observe trans-alkenes in the macrocycles generated from
G1–G3. To overcome this deficiency, we implemented the filtra-
tion method outlined by Landrum (30) for filtering out 3D struc-
tures with inverted double-bond stereochemistries. While this worked
for most structures, it failed to produce any conformers for a subset of
macrocycles despite several attempts with various native RDKit

embedding methods (ETKDGv2 and random coordinate genera-
tion). We subsequently shifted our focus to the following family of
conformational search algorithms.
An algorithm introduced by Jacobson et al. (31) for predicting

protein loop structure has shown success in generating low-
energy macrocycle conformers by a different analysis. This method
involves cleavage of macrocycle rings into an acyclic form, confor-
mational searches, and then systematic sampling of dihedral angles
in order to permit reformation of the bond that was cleaved. Any
resulting conformers that have atom clashes or torsions in non-
allowed Ramachandran regions are filtered out for cyclic proteins.
Thereafter, side-chain conformations are optimized by a similar
process before a final energy minimization step. This general
conformational sampling method has been adapted into two other
variants: Posy et al.’s proprietary MacroModel (32) and Barbeau
et al.’s open-source ConfBuster (21). In order to maintain conti-
nuity with CPMG, we have ported ConfBuster to an RDKit-based
implementation, which we call ConfBuster++. The RDKit
implementation of ConfBuster++ allows us to more easily
maintain data associated with our macrocycles through the con-
formational sampling stage, as well as easier parallelization on our
cluster. A detailed discussion of the algorithm is included
under Methods.
To demonstrate the ability of ConfBuster++ to generate low-

energy macrocycle conformers it was compared to published
conformation search methods (33–37). The two cyclopeptides,
cyclo-(Pro-Ser-leu-Asp-Val) and cyclo-(Arg-Gly-Asp-phe-([N-Me]
Val)) (also known as cilengitide), were used as model systems to
maintain consistency with published data (33–36). A tool for an
extensive conformer search is CREST (37). This software package
provides a conformer search at a higher level of theory using the
GFN2-xTB tight-binding DFT functional (38) in combination with
a metadynamic sampling and genetic z-matrix crossing approach.
ConfBuster++ was able to find macrocyclic conformers for both
model systems with only small deviation in the backbone when
compared to CREST. Overlays of optimized lowest-energy con-
formers generated by CREST and ConfBuster++ for both model
systems are shown in Fig. 5. The backbone rmsd for cyclo-
(Pro-Ser-leu-Asp-Val) and cyclo-(Arg-Gly-Asp-phe-([N-Me]Val))
are 0.43 and 0.21 Å, respectively. We have further demonstrated
the ability of ConfBuster++ to generate correct backbone con-
formations in comparison to another published method based on
molecular mechanic force fields (36), wherein ConfBuster++ is
much less computationally expensive (SI Appendix, Fig. S4).
Execution times for ConfBuster++ were benchmarked on

University of California, Los Angeles’ computer cluster using a
subset of 106 macrocycles randomly selected from our library.
The conformational sampling was done in parallel using a job
array of 4,500 jobs, where each job was allocated a parallel

Fig. 4. Schematized workflow for CPMG.

Fig. 5. Overlay of the lowest-energy conformer found by ConfBuster++
(blue) and CREST (pink) for (A) cyclo-(Pro-Ser-leu-Asp-Val) and (B) cyclo-
(Arg-Gly-Asp-phe-([N-Me]Val)). The macrocycle backbone structures are
highlighted.
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environment of eight shared memory-processing units and 25 GB
of RAM (random-access memory). As a result, each job pro-
cessed 222 macrocycles. The average runtime per macrocycle at
each peptide length is as follows: 275 s for trimers, 355 s for
tetramers, and 407 s for pentamers. Larger macrocycles have
longer runtimes due to the increased number of cleavable bonds
within the macrocycle ring, which necessitate more iterations of
the main algorithm (see Methods and Fig. 9). In comparison, the
extensive conformer search in CREST took 96 and 48 CPU
(central processing unit) hours for cyclo-(Pro-Ser-leu-Asp-Val)
and cyclo-(Arg-Gly-Asp-phe-([N-Me]Val)), respectively.

Shape Diversity of Library Members. A given biological macro-
molecule imposes a shape selection for binding partners, and
molecules possessing shape complementarity would thus be
expected to display higher binding affinities. Molecular shape has
been further demonstrated to be a key factor in promoting passive
permeation (12, 13, 39). Although clear guidelines in this regard
are yet to be established, shape diversity of small-molecule li-
braries has been cited as a fundamental indicator of functional
diversity (40). With future screening applications in mind, we
sought to probe the shape diversity within our own library.
In order to conduct shape assessment, we randomly chose a

subset of 1 million structures to serve as representatives of the
entire library. A commonly used method for measuring molecular
space coverage is the calculation of normalized principal moment-
of-inertia (PMI) ratios. Upon calculation of these values for the 1
million randomly chosen structures, we were pleased to find
coverage of the PMI plot in almost its entirety (Fig. 6B). This is in
contrast to other virtual databases and experimental datasets in
the literature, wherein there exists a preponderance of rod-shaped
molecules (41–44). Our macrocycles occupy unexplored regions of
chemical space and present opportunities for identifying ligands.
To make visual assessment of some of these structures more

practical, we decided to probe a smaller set of 10,000 structures
while still retaining this spread. Toward this, we conducted
principal component analysis (PCA) on the 1 million structures
using five 3D molecular descriptors in RDKit to generate two
principal components. Intuitively, a subset of maximally diverse
structures, when represented in Euclidean space, would incorporate

those that make up the smallest convex shape containing the
data. The convex hull algorithm is an efficient algorithm for
finding the sets of points that enclose this convex shape. We thus
implemented this on the generated PCA data. The PMI plot for
the algorithmically chosen 10,000 structures is shown in Fig. 6B,
wherein, as desired, the spread of the original set has been
retained. Table 1 displays examples of structures at each vertex
of the triangle and for each template G1–G3. Descriptions of the
PMI, PCA, and convex hull algorithms employed are detailed in
Methods. Histograms for property distributions within our filters
are shown in Fig. 6A.
Conformational dynamics are key drivers of passive permeability

and target binding. As exemplified by cyclosporine A, “chameleonic”
molecules that can alternately shield or expose polar functionality
depending on solvent environment may be both membrane-
permeable and water-soluble (12, 13, 39). Equally, however,
conformational rigidity minimizes entropic costs upon target
binding, enabling a molecule to achieve higher affinities (1–3).
Thus, an interplay between these often contrasting properties is
key to the success of an inhibitor. We were pleased to observe a
broad range of conformational rigidity across library members, as
illustrated by the structural overlays of the five lowest-energy
conformations for each molecule in Table 1. Conformational
variations largely arise from side-chain bond rotations rather than
deviations in the macrocyclic backbones. Furthermore, as antici-
pated, structures bearing proline residues (R2, D1, D3, and S2) are
less flexible than structures lacking the same. The number of
conformations observed under our chosen thresholds (within 5
kcal/mol of the lowest-energy conformation and > 0.5 rmsd be-
tween conformers) vary based on the number and lengths of side
chains.
The larger objective of this work is to use constrained mac-

rocycle libraries as a resource for virtual screening. For those
studies to be successful, predicted binding interactions will need
to be experimentally validated. Our prior experimental results
suggest a majority of macrocyclization reactions simulated by
CPMG will proceed (15–20). In a series of studies, we demon-
strated that the phenol of tyrosine and the indole of tryptophan
react internally with the cinnamyl carbocation—regardless of the

Fig. 6. (A) Histograms showing distributions of (Left to Right) molecular weight, total polar surface area, and rotatable bonds across the subset of 10,000
structures. (B) (Left to Right) PMI plot for 1 million randomly chosen structures; PMI plot for algorithmically selected subset of 10,000 structures.

24684 | www.pnas.org/cgi/doi/10.1073/pnas.2007304117 Saha et al.

https://www.pnas.org/cgi/doi/10.1073/pnas.2007304117


Table 1. Representative structures at vertices of the PMI triangle

R, D, and S under “shape” stand for rod, disk, and sphere shapes, respectively. Numbers 1, 2, and 3 under “shape” represent the presence of G1, G2, and G3
templates, respectively, in the shown molecules. Structural overlays shown for the five lowest-energy conformations. Molecular weight (g/mol) and number of
conformations (conf) observed within our used ConBuster++ thresholds (within 5 kcal/mol of the lowest-energy conformer and over 0.5 rmsd of each other)
are listed under “shape.”
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distance between reacting positions in acyclic precursors (17, 19).
Heterocycles shown at the top of Fig. 4 were chosen as ap-
proximate isosteres of phenol or indole, such that CPMG would
be predicting variable structures with the reactivity framework
previously established using tyrosine and tryptophan. The mac-
rocycles in Table 1 are revisited in Fig. 7, wherein this compar-
ison is supported by more rigorous computations.
DFT calculations (ωB97X-D-SMD(methanol)/6–31G(d)) in

Gaussian16 RevA.03 were performed to quantify the free energy
of activation, ΔG‡, of the rate-determining step of EAS between
each heterocycle and an allyl cation model reactant, TS. From
these calculations we find the sites predicted by RegioSQM (26)

on almost all heterocycles to be under or within a few kcal/mol of
ΔG‡ values observed at reactive sites on phenol and indole. This
suggests facile engagement of the heterocycles relative to known
participants, as anticipated by CPMG, and thereby makes suc-
cessful synthesis of library members probable. Moreover, our
experimentally studied sequences were assembled almost exclu-
sively from α-amino acids, whereas CPMG further incorporates
β-residues. The extra methylene units serve to increase transla-
tional degrees of freedom and thereby reduce incipient ring
strain during macrocyclization events.
To demonstrate access to library members, consider entry D2

in Table 1. ΔG‡ of the thiazolopyridinone in D2 is determined to

Fig. 7. Calculated free energies of activation (ΔG‡) for the reaction of the indicated heterocyclic positions with the allyl cation, TS. ΔG‡ values in kcal/mol.
Reaction sites with ΔG‡ values comparable to those calculated for phenol and indole are likely participants in ring-forming electrophilic aromatic substi-
tutions. CPMG oligomers harboring multiple reactive sites result in regioisomeric macrocycles, analogous to experimental outcomes. Asterisks (*) denote sites
where DFT calculations (ωB97X-D-SMD(methanol)/6–31G(d)) indicate barrierless, entropically controlled reactions.
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be 4.2 kcal/mol (Fig. 7), 2 kcal/mol lower than for the reaction
with phenol at the ortho position (SI Appendix, Fig. S5). CPMG
thus predicts a structure fully consistent with experimental methods
data. D2 would derive from L-N-Me threonine carboxamide, two
unnatural amino acids (Scheme 1) and template G2. Solid-phase
assembly of monomers followed by N-terminal acylation with G2
would provide 41. Treatment with aqueous acetic acid would then
initiate hydrolytic degradation of the tetrahydrooxazine ring to form
an intermediate N-acyl iminium ion that could capture the proximal
pyrrole. Concentration and subsequent exposure to trifluoroacetic
acid (TFA) in MeNO2 would heterolyze the cinnamyl carbonate,
and the resultant carbocation would engage the thiazolopyridinone
in an electrophilic substitution reaction to afford D2. This molecule
could be made on milligram scales in three facile steps from a
machine-made tripeptide. The structure could be readily reduced,
oxidized, and derivatized. Moreover, replacing G2 with G3 in the
processing sequence would give a modified macrocycle displaying a
terminal alkyne for derivatizations and tagging, enabling further
analysis of structure activity relationships in binding and functional
assays. We expect any member of the CPMG library to be
similarly accessible and manipulated.
In the case of D2, no regioisomeric macrocycles are antici-

pated. For macrocycles having multiple reactive sites, we would
obtain distributions of products arising from macrocyclizations at
each reactive nucleophilic position (as for D1, S2, R3, and S3 in
Fig. 7). C-O linked S1 would be afforded under Pd catalysis,
whereas a C-C bonded regioisomer would be formed under acidic
conditions upon engagement of the phenothiazine.

Conclusions and Outlook
There is a trend toward increasing complexity in small-molecule
drug discovery research (40). The functions sought for small
molecules are increasingly sophisticated. Among diverse che-
motypes studied as drug leads, peptidomimetics and cyclic pep-
tides are prominent (1–3, 11). They are obvious candidates for
protein binding, and the field has surged with the use of DNA-
templated reactions, in vitro biosynthesis, codon-reprogramming,
and phage display (6–10). These powerful technologies generate
large product libraries. In the case of cyclic peptides, however,
they often produce large, conformationally flexible structures with
poor pharmacological properties. We have developed a synthetic
alternative, wherein small linear peptides are amalgamated with
design inserts. Our composite products retain molecular recogni-
tion elements in the peptide while displaying that functionality as
part of stable, conformationally defined polycyclic structures. The
potential scope of the chemistry is enormous, but the experimental
format has throughput limitations. To fully explore possible

products, we developed CPMG as a computational rendering,
wherein our synthetic methodology is simulated on a scale com-
parable to output numbers of biosynthetic libraries.
Our experimental methods were designed to be general, and

CPMG tests the limits of that generality. Monomeric building blocks
were created using all natural and 53 unnatural side chains in 12
backbone variations (α/β2/β3, L-/D-, methylene/ethylene-appended)
of each. Oligopeptides were combinatorically generated, resulting
in 2,020,794,198 macrocyclic structures of multistep sequences
using designed templates G1–G3. Using ConfBuster++, we were
additionally able to conduct rapid, large-scale conformational
analyses.
Fragment-based databases have been utilized in the literature

to generate unique small-molecule structures (45). However, we
are aware of only a limited number of open-source tools to gen-
erate and analyze libraries of compounds at this level of molecular
complexity. Moreover, CPMG is a means to augment and focus
experiments in an integrated discovery platform—by computa-
tionally assessing, within constraints of property filters, which of
these 109 molecules have potential to selectively interact with
target protein surfaces. Recent improvements in both hardware
and software make possible high-fidelity, high-speed docking
simulations of millions of conformationally dynamic structures.
Physics-based scoring functions such as DOCK, AutoDock Vina
and smina have demonstrated predictive value (45–47). In recent
years, deep learning models for ligand docking, scoring functions,
and virtual screening have also emerged (48, 49). Convolutional
neural networks have been advocated for protein-ligand scoring
due to the number of parameters these systems generate relative
to traditional scoring functions. As understanding deepens and
docking implementations are refined, CPMG/ConfBuster++
could provide a unique ligand discovery resource for all types of
structurally characterized proteins.

Methods
CPMG and ConfBuster++ are both written in Python 3.6.8 and rely primarily
on the open-source framework RDKit (release 2019.03.2) (23). Additionally,
CPMG incorporates data generated using third-party software RegioSQM
and Jaguar, and ConfBuster++ employs OpenBabel 3.0.0. CPMG code can
be found at: https://github.com/e-dang/Composite-Peptide-Macrocycle-
Generator and ConfBuster++ code can be found at: https://github.com/e-dang/
ConfBusterPlusPlus.

A note on reaction implementation in RDKit:
RDKit recognizes and implements reactions based on so-called “reaction

templates.” To avoid confusing this with our experimental templates, re-
ferred to as G1–G3 in this manuscript, we will refer to the RDKit reaction
template as RRT in the following text.

Me

OHH2N
O

NMe

O

N

S

O

N
O

N

NH

O

F

O

N

S

OH2N

HO

Me

OH

H2N

O

NHMe

HO

O

NH2

N

+

+

oligomer assembly &
N-terminal acylation
with G2

Me

OH

NH2

O

N
Me

O

N

S

O

NHO

N

H
N O

F

tBuO2CO

O NBoc

b) TFA/MeNO2

a) AcOH:H2O

2CO2
t-BuOH

isobutylene
aminopropanol

D2
step a

step b

41

Scheme 1. CPMG generates complex structures that can be synthesized readily from amino acid monomers and functionalized templates.
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CPMG. Virtual library generation was performed using CPMG, which follows
the schema outlined in Fig. 8. CPMG requires four types of user-defined
building blocks from which all macrocycles derive: electrophilic templates,
linking motifs (SI Appendix, Fig. S1), amino acid backbones, and heterocy-
cles. G1–G3 in Fig. 1 were used as our set of electrophilic templates, CH2 and
CH2CH2 chains were used at linking motifs with α, β2, β3 amino acid

backbones. Heterocycles were chosen as described under Results and Dis-
cussion. Optionally, CPMG may accept intact, user-defined monomers to be
used for peptide generation. These may or may not participate in reactions
with the templates.

The set of selected heterocycles (Fig. 3 and SI Appendix, Fig. S1), along
with the linkage motifs (SI Appendix, Fig. S2), were input to the SideChain

Fig. 8. Graphical representation of CPMG and its components.
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Mutator component of CPMG, which not only allows methylene but also any
other user-defined linking motifs (Fig. 8). The side chains along with the
user-defined set of amino acid backbones (SI Appendix, Fig. S3) were sub-
sequently passed to the MonomerGenerator component which produces a
monomer for each combination of side-chain and amino acid backbone
(Fig. 8). Monomers produced in this step were left with undefined stereo-
chemistry, deferring stereochemical resolution to the macrocycle enumera-
tion step (vide infra). The EAS regioselectivity and heteroatomic pKa values
for all aromatic-containing side chains and monomers (both CPMG-generated
and user-defined) were incorporated from RegioSQM and Jaguar, respectively.
RegioSQM calculations were simulated in e = 35.87 in order to approximate
experimental nitromethane conditions. pKa values were generated for all
acidic hydrogen-containing heterocycles as described under Results and
Discussion.

Using these predictions, RRTs were generated by CPMG’s ReactionGen-
erator (Fig. 8) for N-acyliminium ion capture, EAS, heteroatomic allylic sub-
stitution reactions between the cinnamyl electrophile and all predicted
nucleophiles. The side-chain mutation, monomer and reaction generation
steps were performed together as a single serial job with 1 GB of RAM.

Peptides of specified length (trimer, tetramer, and pentamers) were as-
sembled by the PeptideGenerator (Fig. 8) using the set of monomers. Each
monomer was uniformly selected at random for each position of the pep-
tide, with the constraint that all peptides must have at least one monomer
capable of participating in an EAS reaction. Additionally, trimers and tet-
ramers were allowed to contain at most two heterocycles, and pentamers
were allowed three. The PeptideGenerator was also encoded to generate
peptides that are C-terminally “capped” with N-ethyl-R units where R was
uniformly selected at random (R = 1–30, Fig. 3). Each eligible peptide was
duplicated and C-terminally capped in oligopeptides where the maximum
number of heterocycles had not been reached.

The set of peptides were then combined with G1–G3, Fig. 1, via amide
linkage in the TemplatePeptideGenerator, forming template-bound oligo-
mers (Fig. 8). This procedure produces at least three cinnamyl template-
peptide hybrids for each peptide. However, more can be made if there are
any primary or secondary amine-containing side chains (not including gua-
nidine) present on the peptide. This allows for peptides containing residues
such as lysine to produce more than three cinnamyl template-peptides.
Peptide and template-peptide generation was performed together in an
array of three jobs (one job for each peptide length), where each job was
allocated an 8-slot parallel environment with 16 GB of RAM.

The cinnamyl-bound oligomers were then input to the MacrocycleGenerator,
which applies the relevant RRTs to each cinnamyl-bound oligomer in sequence,
producing the set of macrocycles (Fig. 8). Additionally, the MacrocycleGenerator
applied monomethylation and carboxyl to amide transformations to each mac-
rocycle and permuted the stereochemistry at each stereocenter forming all
combinations of enantiomers. The MacrocycleGenerator then filtered out
any resultant macrocycle that had a molecular weight ≥ 1,200 Da, number of
rotatable bonds ≥ 10, or TPSA ≥ 200 Å2. Macrocycle generation was performed
with 1,500 job job array (500 jobs per peptide length) where each job was al-
located an 8-slot parallel environment and 12 GB of RAM.

ConfBuster++. Conformers for a subset of 1 × 106 randomly selected mac-
rocycles were generated using ConfBuster++. Fig. 9 depicts the pseudocode
for the main algorithm in ConfBuster++, which we extracted from Conf-
Buster. Implementation details have been left as function calls within the
pseudocode, as how they are accomplished greatly depends on the molec-
ular representation one is working with (Fig. 9).

The algorithm begins by identifying all cleavable bonds within the mac-
rocyclic ring, where a cleavable bond is defined as any single bond, that when
cleaved, will result in a linearized molecule. A constraint requires the single
bond to not be between double bonds or two chiral atoms (Fig. 9, line 1). The
latter constraint is to prevent stereochemical inversion at those stereo-
centers. For each cleavable bond, the following sequence of operations are
performed on the macrocycle (Fig. 9, line 2). First the bond is cleaved, and
the dihedral angles composed of the atoms that were in the macrocycle ring
are identified on the resultant linearized molecule (Fig. 9, lines 3–4). These
dihedral angles are then rotated systematically, starting from the dihedrals
farthest from the cleaved atoms and ending on the dihedrals that contain
the cleaved atoms (Fig. 9, line 5). Once the cleaved atoms are brought into a
distance between 1.0 and 2.5 Å of each other, the resulting conformation is

retained, and the process repeats until Nr = 15 number of conformers are
generated in this manner (Fig. 9, line 5). For each of the Nr conformers, the
cleaved bond is reformed, and each resultant macrocycle conformer is fed
into OpenBabel’s genetic algorithm, producing Ng = 5 conformers (Fig. 9,
line 8). Each Ng conformer is then subjected to energy minimization using
RDKit’s MMFF94s force field (Fig. 9, lines 9–10). The resulting conformers are
then filtered based on rmsd and energy, where all conformers must have
greater than Dmin = 0.5 Å rmsd and no greater than Emax = 5 kcal/mol energy
from the lowest-energy conformer (Fig. 9, line 12). The set of all filtered
conformers are stored in conformersk[], which is eventually returned to cli-
ent (Fig. 9, line 15). Conformer generation was performed with an array of
4,500 jobs (1,500 jobs per length of peptide) where each job was allocated
an 8-slot parallel environment and 9.6 GB of RAM.

CREST. Conformer searches in CREST Version 2.7.1 (37) were performed using
the iMTD-GC workflow in combination with the GFN2-xTB tight-binding DFT
functional (38) as implemented in XTB Version 6.2 (50). Default settings were
used except for an energy window of 5 kcal/mol.

Algorithms for Analysis. PCA was implemented using the Scikit-learn Python
library to generate two principal components. The features chosen for
conducting PCA were calculated using the RDKit Chem.Descriptors3D mod-
ule and are as follows: Asphericity, Eccentricity, Inertial Shape Factor, Radius
of Gyration, and Sphericity Index. The variance ratio for the amount of
variance explained by each component was 57:27. The principal axes in
feature space for the aforementioned features across the two components,
respectively, were as follows:

[[0.51630555 0.44168347 0.56647178 0.4563838 0.09574887]

[−0.22203754 0.0528527 −0.11022665 0.5093864 −0.82236337]]

Following PCA, the convex hull algorithm was applied iteratively to the
set of coordinates produced. At each iteration, macrocycles corresponding to
the convex hull of the data were added to the set of maximally diverse
structures. These points were subsequently removed from the data, and the
process was repeated until a set of at least 10,000 structures were chosen by
the algorithm. PMI plots were generated using the Matplotlib library in
Python. Normalized principal moments ratios were calculated in RDKit using
the Chem.Descriptors3D module.

Data Availability. All study data are included in the article and SI Appendix.
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