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Cyclic peptides are a fascinating class of compounds to use in multiple design

applications due to their small size and ability to be chemically synthesized. Non-canonical

amino acids can be easily incorporated into cyclic peptides to expand their chemistries and make

them resistant to proteolysis. Additionally, cyclic peptides are modular and can be

computationally designed to adopt specific membrane permeable conformations. During my

PhD, I used computationally designed cyclic peptides for two main applications, 1) designing

peptide metal-organic frameworks, and 2) designing peptide inducible dimeric proteins.

First, I explored the use of designed symmetric cyclic peptides to generate new

metal-organic frameworks (MOFs). MOFs have shown great potential in a wide variety of

applications such as small molecule separation, drug delivery, and catalysis. However, these

materials have generally been limited to using small molecule linkers and short two to four



residue peptides. I aimed to computationally design peptide MOFs using symmetric cyclic

peptides. Peptide based MOFs provide advantages since they can bind specifically and

selectively to different substrates and can be used for catalysis. We used the Rosetta Software

Suit to dock and design peptides into metal mediated 3D lattices, then experimentally screened

them for crystal formation. We solved the structures of six peptide materials using single crystal

X-ray diffraction. Although these structures do not match the design models, they demonstrate

fundamental thermodynamic and kinetic rules that govern the formation of such materials. Our

computational pipeline is the first step to computationally design peptide based metal-organic

frameworks and our experimental data provides information to further refine the computational

protocol for more accurate modeling.

Second, to gain insight into the effects of protein oligomerization on cellular functions, I

employed cyclic peptides to induce the formation of protein oligomers. Most chemically

inducible dimeric systems in the literature use clinically approved drugs to induce protein

oligomerization. However, these drugs have off-target effects which makes the results

ambiguous. In order to make CID systems that are orthogonal to cellular machinery, I used

computationally designed de novo proteins and de novo cyclic peptides to make CIDs. I used

Rosetta, Alphafold2, and ProteinMPNN to design and filter peptide binding proteins. The

binding was validated using isothermal calorimetry, and equilibrium dialysis leading to the

identification of multiple nanomolar and micromolar peptide binders. Finally, we can use the

NanoBiT assay to optimize peptide-dependent protein oligomerization.
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CHAPTER 1: INTRODUCTION TO CYCLIC PEPTIDES AND THEIR APPLICATIONS

From complex assemblies to catalytic reactions, proteins have evolved to perform many

complicated tasks in biological systems. Over the past two decades, efforts in expanding

available protein structures through de novo protein design have successfully generated new

scaffolds used for assemblies,1,2 logic,3,4 and enzymology.5,6 However, since proteins are

recombinantly expressed in living cells, they are still mostly limited to the 20 canonical amino

acids, with the ability to add a few non-canonical amino acids at once,7 which limits the

chemistry and backbone diversity available to these proteins.

Peptides provide many advantages unavailable to proteins. Due to their small size

compared to proteins, they can be chemically synthesized to include both canonical and

non-canonical amino acids. This expanded set of building blocks makes peptides less prone to

proteolysis due to changes in the amino acid backbones which are not recognizable by

proteases.8 The use of non-canonical amino acids with diverse side chain chemistries also

enhances the peptides’ abilities to perform different tasks such as metal coordination and

catalysis.9 Finally, peptides can be used in conditions unavailable to proteins such as organic

solvents and high temperatures without losing their stability. 10

Cyclic peptides are a particularly interesting class of compounds. The cyclization leads to

a limited set of conformations available, higher protease stability, and passive membrane

permeability.11 The Rosetta Software Suite has been shown to successfully model structured

cyclic peptides by incorporating backbone constrained amino acids such as proline, D-proline,

and 2- Aminoisobutyric acid and backbone hydrogen bonding.10 Then, it samples hundreds of

thousands of peptide conformations and predicts the lowest energy structure using Rosetta’s

https://paperpile.com/c/oTnxO8/mctt+8S2u
https://paperpile.com/c/oTnxO8/YGjH+8Lnw
https://paperpile.com/c/oTnxO8/o2LC+WRao
https://paperpile.com/c/oTnxO8/I1sf
https://paperpile.com/c/oTnxO8/Tzed
https://paperpile.com/c/oTnxO8/8YXx
https://paperpile.com/c/oTnxO8/9W7D
https://paperpile.com/c/oTnxO8/DCji
https://paperpile.com/c/oTnxO8/9W7D
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energy function. Predicted lowest energy conformations match NMR and crystal structures with

low backbone RMSD.

Cyclic peptides’ structural diversity, stability, and modularity makes them excellent

compounds to generate self assembling materials and use as therapeutics.12,13 In my PhD, I

worked on using de novo designed cyclic peptides to build peptide metal-organic frameworks

and design peptide based chemically inducible dimeric proteins (Figure 1). First, peptides’

inherent chirality and surface area makes them attractive compounds to use in materials such as

metal-organic frameworks. Their size and designability gives them the potential to bind

substrates for functions such as small molecule binding and catalysis. Using Rosetta based

computational modeling, we generated thousands of models of symmetric cyclic peptides in 3D

metal mediated lattices. We empirically tested 48 peptides for crystal formation in the presence

of transition metals and solved the structures of six peptide metal-organic frameworks to atomic

resolution.14 These structures elucidate the importance of dispersion interactions in the formation

of peptide MOFs and greatly expand the available MOF ligands to include the cyclic peptide

class of compounds.

Second, I worked on designing cyclic peptide binding proteins to generate de novo

chemically inducible dimers (CIDs). The peptides’ designability, orthogonality, and membrane

permeability makes them attractive chemical inducers as opposed to clinically approved drugs.

These CID systems can be used to examine signaling pathways with few off-target effects since

they are de novo designed to be orthogonal to natural systems. To make de novo CIDs, I used

Rosetta to redesign homodimeric proteins to bind C2 symmetric peptides. Then, I filtered models

of binders using AlphaFold2 and Rosetta interface filtering.15 Cyclic peptide binding was

experimentally tested using equilibrium dialysis and isothermal calorimetry. This led to the

https://paperpile.com/c/oTnxO8/io6S+mVXB
https://paperpile.com/c/oTnxO8/32c0
https://paperpile.com/c/oTnxO8/DZWL
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validation of multiple peptide binding proteins with nanomolar to micromolar affinity. The

strongest peptide binding protein bound its respective cyclic peptide with 30nM Kd.

Additionally, we solved the crystal structure of this peptide-protein complex which showed close

agreement to the designed model with 0.9 Å Cα RMSD. We are currently mutating the

homodimeric protein interface to optimize for peptide dependent complex formation.

Figure 1. Computationally designed structured cyclic peptides are redesigned to form
metal-organic frameworks and chemically inducible dimeric proteins.



4

CHAPTER 2: DESIGN OF PEPTIDE METAL-ORGANIC FRAMEWORKS

This chapter contains additional background (and limited reproduction of) content previously

published as: Said, M. Y.; Kang, C. S.; Wang, S.; Sheffler, W.; Salveson, P. J.; Bera, A. K.; Kang,

A.; Nguyen, H.; Ballard, R.; Li, X.; Bai, H.; Stewart, L.; Levine, P.; Baker, D. Exploration of

Structured Symmetric Cyclic Peptides as Ligands for Metal-Organic Frameworks. Chem. Mater.

2022, 34 (21), 9736–9744.

2.1 INTRODUCTION

Guided by a set of topological and chemical principles, combinations of organic ligands

and metals have been used to engineer crystals formed from a wide variety of coordination

polymers, including metal−organic frameworks (MOFs).16–21 Recently developed chemically

tailorable organic linkers enable the modification of the pore geometry and internal surface

chemistry of open-framework materials for applications such as adsorption, separation, and

catalysis.22–28 The most commonly explored MOF ligands utilize rigid conjugated aromatic

linkers,29,30 while the development of such materials using larger flexible ligands remains more

limited. Peptidic ligands have recently emerged as an attractive class of MOF building blocks

due to their intrinsic chirality, structural modularity, and biocompatibility.12,31–34 However, the

majority of reported metal-peptide frameworks to date involve short linear peptides (e.g., di- and

tripeptides) identified through the large-scale experimental screening.35–38 Use of longer peptides

as organic linkers in this way has been challenging because of their greater conformational

flexibility.

We previously demonstrated that Rosetta computational design methods could be used to

design cyclic peptides with internally symmetric sequences and structures.39 The crystal

https://paperpile.com/c/oTnxO8/d4x6+mNcE+dbnB+Xiy1+Ifji+pd7i
https://paperpile.com/c/oTnxO8/489y+lZua+EkUU+TrSA+PShV+OV64+Q6nl
https://paperpile.com/c/oTnxO8/gC9I+W4M2
https://paperpile.com/c/oTnxO8/io6S+qB6u+vySR+NoRg+TxUL
https://paperpile.com/c/oTnxO8/OxZq+JeSP+1fR6+wHA4
https://paperpile.com/c/oTnxO8/3clN


5

structures of nine C2, C3, and S2 peptides were very close to the computational design models.

Here, we set out to explore the design of MOFs using these symmetric cyclic peptides with

well-defined backbone structures as metal ligands. These compounds have potential advantages

over previous peptide ligands as they are more rigid and have internal symmetry axes that can be

aligned with crystal lattice symmetry axes, and hence we reasoned that materials generated using

them should be more programmable. We aimed to design specific MOF lattices using

geometrically compatible symmetric peptides and metal sites; the combination of two symmetry

elements in defined orientations generates regularly repeating lattices.40 We reasoned that by

combining the internal symmetries of the cyclic peptide backbones and metal coordination

centers through defined rotations, translations, and dihedral angles associated with the peptide

sidechains coordinating the metal, a wide variety of crystal lattices could be generated.

Experimental characterization of a series of symmetric cyclic peptide-metal systems, which

involve some of the largest peptidic ligands reported to form crystalline coordination polymers

with transition metals to date, reveals limitations in our starting assumptions and highlights a set

of principles underlying the structures of such assemblies.

2.2 EXPERIMENTAL AND COMPUTATIONAL METHODS

2.2.1 Symmetric Backbone Generation.

Backbone structures were generated for C3 and S2 symmetric macrocycles by sampling

the backbone dihedral angles of the asymmetric unit (3 residues for a nine-residue C3 peptide)

using kinematic closure to drive chain closure with internal symmetry as described in Mulligan

et al.39 C2 symmetric macrocycles were generated by systematically sampling the space of

conformations for the asymmetric unit, computing the rigid body transformation associated with

https://paperpile.com/c/oTnxO8/J3Pt
https://paperpile.com/c/oTnxO8/3clN
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these, and selecting those for which duplication generates a closed structure (i.e., those for which

the angle of rotation around the symmetry axis is 180°). The energy of the designed peptide

conformation was calculated using AIMNet.41

2.2.2 Metal-Mediated Crystal Lattice Design.

Peptide backbones generated as described above were placed into metal-mediated lattices

by choosing a set of metal binding sidechains and metal coordination geometries, and then, for

each choice, placing a metal binding sidechain at each position in the asymmetric unit and

sampling the chi angles in 1-degree steps and analytically computing rotation around the

sidechain-metal bond that produces the correct angle between the peptide and metal symmetry

axes, resulting in a macrocycle with 2 (C2 and S2) or 3 (C3) metal coordinating residues. The

crystal lattice is finally generated through the placement of additional copies of the macrocycle

to fill out each metal coordination sphere. Lattices containing clashes between neighboring

macrocycle backbones were removed, and the amino acids not involved in the metal

coordination designed using Rosetta (Listing S7) to favor the internal geometry of the

macrocycle, the packing interactions between macrocycles, and the positioning of the metal

coordinating residues. The resulting designed crystal lattices were filtered based on density

(calculated using the script in Listing S9).

This design approach is similar in principle to that of King et al. and Hsia et al.,42,43

wherein distinct symmetry elements are placed so they propagate into the desired assembly. A

top-down approach was used by King et al., placing proteins with cyclic symmetry along the

axes of the target cage symmetry, for example, C4 and C3 at the faces and corners of a cube, then

sampling the rotations and translations along these axes that preserve symmetry.42 A bottom-up

approach was used in Hsia et al., fusing proteins with cyclic symmetry through helical repeat

https://paperpile.com/c/oTnxO8/0Vgz
https://paperpile.com/c/oTnxO8/WHhn+WBdF
https://paperpile.com/c/oTnxO8/WHhn
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linker elements and searching for fusions which place the symmetry elements relative to each

other to form a target symmetry, for example, forming a cube with C4 and C3 elements 54.7°

apart such that the axes intersect.43 The bottom-up approach we use here to design crystal lattices

starting with symmetric peptides and searching for possible binding geometries that attach a

symmetric metal coordination site goes beyond the previous approaches in several ways. First,

here the relationship between symmetry elements is defined by rotamer and metal binding

geometry rather than protein−protein interactions or backbone−backbone fusion. Second, we

design three-dimensional crystal assemblies requiring more complex geometric criteria,

precision, and careful alignment to the unit cell. Third, we employ small peptide scaffolds with

D- and L-amino acids rather than large all L-proteins. Fourth, we considered D2 symmetry

elements as well as cyclic elements. Consideration of D-amino acids and D2 symmetry elements

expands the space of possible symmetric assemblies and metal binding geometries but is

otherwise straightforward. Placement of symmetry elements to form 3D crystals requires higher

precision than in other symmetric design tasks, as small errors can propagate much further in the

assembly before self reinforcement. For example, C4 elements on the faces of a cube require

only three steps to come back on itself, while a P213 crystal requires 10 steps.

To calculate the void volume in each crystal structure, water was removed from the

structures (Figure S3) and then the percent void in a unit cell was calculated using Mercury’s

default settings as described in Macrae et al.44

https://paperpile.com/c/oTnxO8/WBdF
https://paperpile.com/c/oTnxO8/PRs9
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Figure 1. Computational method for designing metal mediated 3D lattices from rigid symmetric
peptide building blocks. (a) Rotamers of metal coordinating residues such as histidines are
sampled on symmetric peptide backbones. (b) Symmetric metal mediated interactions between
pairs of peptides are sampled according to standard coordination geometry. (c) Peptide
arrangements with dihedral angles between the axis of symmetry of the peptide and the axis of
symmetry of the metal compatible with ideal lattice geometry for particular space groups are
selected. (d) Examples of modeled lattices in space groups P4332, P4132, P23, and I213. (e)
Close up view of the metal coordination for each lattice.

2.2.3 Peptide Synthesis and Purification.

All peptides were purchased from WuXi Apptec or synthesized in-house on a CEM

Liberty Blue microwave synthesizer. All L- and D- amino acids were purchased from P3

Biosystems. Oxyma Pure was purchased from CEM, DIC was purchased from Oakwood

Chemical, diisopropyl ethylamine (DIEA) and piperidine were purchased from SigmaAldrich.

Dimethylformamide (DMF) was purchased from Fisher Scientific and treated with an

Aldraamine trapping pack prior to use. Synthesis was done on a 0.1 mmol scale on CEM
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Cl-TCP(Cl) resin. Five equivalents of each amino acid were activated using 0.1 M Oxyma with

2% (v/v) DIEA in DMF, 15.4% (v/v) DIC, and coupled on resin for 4 min with double coupling

if needed. This was followed by deprotection using 5 mL of 20% piperidine in DMF for 2 min at

95 °C. Completed linear peptides were removed from resin while maintaining side chain

protecting groups by 5 times 5 min incubations of the resin in 1% TFA in dichloromethane

(DCM). The DCM was removed in vacuo and the protected peptides were subjected to

lyophilization in a 1:1 water/acetonitrile (ACN) mixture. The protected peptides were

resuspended in 70 mL of DCM in a 100 mL round bottom flask, treated with 1.1 equivalents of

(7- azabenzotriazol-1-yloxy)tripyrrolidinophosphonium hexafluorophosphate (PyAOP), and

stirred for 30 min before adding 0.2% (v/v) DIEA dropwise. The cyclization reaction proceeded

for 16 h before removing DCM in vacuo and subjecting the peptide to a total deprotection

solution consisting of TFA/H2O/DODT (3,6-dioxa1,8-octanedithiol)/triisopropylsilane

(92.5:2.5:2.5:2.5) for 3 h. This deprotection mixture was precipitated in 30 mL of ice-cold ethyl

ether, centrifuged and decanted, then washed twice more with fresh ether and dried under

nitrogen to yield crude peptide for high pressure liquid chromatography (HPLC) purification.

The crude peptide was dried and dissolved in a mixture of ACN and water where the

entire crude is soluble. This solution was purified on a C18 column in an Agilent HPLC

instrument. A linear gradient of increasing ACN with 0.1% TFA was used to purify the samples.

UV signal was monitored at 214 nm and all peaks were collected. Peaks were checked using ESI

mass spectroscopy for the correct peptide mass. The purified peptide was then lyophilized for

further use. All UPLC and mass spectra are included in the Supporting Information.



10

2.2.4 Crystal Screening.

Peptides were screened using 96 well plates using the conditions shown in Supporting

Information Tables 1 and 2. Stocks of the peptides were made in water, methanol, acetonitrile, or

DMF so that 1.25−5 mM are added to each well. The peptide samples were left to dry on the

plate overnight, then 5 μL of the appropriate solvent was added to each well. Completed plates

were incubated at 4°C overnight and then checked using a light microscope for crystal formation.

If no crystals form, the plates would be placed in a convection oven at 80 °C. Conditions that

grow crystalline material are optimized in polymerase chain reaction tubes through varying

peptide concentration and solvent conditions. Once crystals formed, diffraction data were

collected from a single crystal at synchrotron (on APS 24ID-C) and at 100 K. Unit cell

refinement and data reduction were performed using the XDS and CCP4 suites.45,46 The structure

was identified by direct methods and refined by full-matrix least squares on F2 with anisotropic

displacement parameters for the nonH atoms using SHELXL-2018/3.47,48 Structure analysis was

aided by using Coot/Shelxle.49,50 The hydrogen atoms on heavy atoms were calculated in ideal

positions with isotropic displacement parameters set to 1.2× Ueq of the attached atoms.

Crystallographic structures were deposited into the Cambridge Structural Database (CSD), under

deposition numbers 2160569 (C2-1), 2160570 (C2-2a), 2160571 (C2-2b), 2160572 (C3-1),

2160573 (C3-2), 2160589 (S2-1), and 2160766 (S2-2).

2.3 RESULTS

We previously described a symmetric cyclic peptide design method that generates peptide

sequences predicted to have single low-energy states with internal symmetry.10,39 The method

starts by generating large numbers of cyclic peptide backbones with internal symmetry, searches

https://paperpile.com/c/oTnxO8/g8vn+Vp1y
https://paperpile.com/c/oTnxO8/29xc+3xPj
https://paperpile.com/c/oTnxO8/ZF6W+RplY
https://paperpile.com/c/oTnxO8/3clN+9W7D
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for low energy sequences for these backbones, and then checks by folding simulations that the

lowest energy conformation matches the designed conformation. In our previous work, we

designed large numbers of such compounds in silico. We were able to solve the crystal structures

of 12 of these and found that they were very close to the design models, including one peptide

designed to switch from one conformation into another in the presence of zinc (both

conformations were confirmed crystallographically).39 To generate coordination polymers using

these rigid symmetric structures as building blocks, we incorporated metal liganding amino acid

side chains into the structures, confirming by in silico energy landscape mapping that the lowest

energy predicted states were not affected by the amino acid substitutions (Figure S1).

We developed a computational method for docking and designing such symmetric cyclic

peptides into crystal lattices with metal-mediated interfaces based on three simplifying

assumptions. First, that the internal structures of the peptides would be maintained in the metal

mediated crystal lattices; second, that the peptides would fully coordinate metals with preferred

tetrahedral geometry such as Zn2+ ions; and third that all metal coordinating residues would be

involved in the metal coordination (e.g., that peptides with one histidine and one aspartate

residue would coordinate the metal in a two-His, two-Asp configuration, Figure 1a,b). We took a

bottom-up approach, starting with symmetric peptides and searching through possible interaction

geometries through symmetric metal coordination sites. The peptide and metal symmetry

elements are placed relative to each other based on the coordinating residue position and rotamer,

as well as the metal residue bond (for more detail, see Experimental Section). To form a 3D

crystal, the axes of the component symmetry elements must be placed at precise dihedral angles

(Figure 1c). In cases where the peptide to metal connection is a single residue, the metal-residue

bond can be rotated to form the correct dihedral angle between the axis of symmetry of the

https://paperpile.com/c/oTnxO8/3clN
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peptide and the axis of symmetry of the metal site. In other cases, the correct dihedral angle must

be screened for (Figure 1c). We also considered a two-residue bidentate ASP-HIS binding motif,

forming an overall C2 symmetric metal site around a tetrahedral metal center (Figure 1e).

ASP-HIS pairs were precomputed and indexed, then superimposed on the peptide scaffolds. In

this case, there is no rotatable metal-peptide bond, so not all structures have the appropriate

dihedral angle between symmetry elements, and many must be discarded. To generate a crystal

lattice in a specific crystal space group, in addition to component symmetry elements forming

the correct dihedral angle between their axes, they must be placed at specific locations within the

crystal unit cell, and there must not be clashes between symmetrically related copies; evaluating

these properties is lattice-dependent. In the case of a C3 peptide and a C3 metal center, a P213

crystal can be formed with one C3 axis along [1,1,1] and intersecting the origin, and the other

along [1,1,-1] and intersecting the [0,1,0] axis. The cell dimension is, in this case, defined by the

distance from the origin to the [0,1,0] intersection. In the case of a C3 peptide and a bidentate C2

binding site, an I213 crystal can be formed in a similar manner. In the case of a C3 peptide and a

tetrahedral metal site, the fully coordinated site has D2 local symmetry and can form a P23

crystal by placing the D2 element axis-aligned with the center along the [1,1,0] axis. The C3

element is aligned to [1,1,1], and the system scales such that the C3 axis intersects the [2̅,1,1]

axis. In this third case, the placement of the D2 and C3 elements each imply a unit cell

dimension, and only systems where these cell dimensions agree are valid. This pipeline produced

models in the P4332, P4132, P23, and I213 space groups (Figure 1d,e), which were designed

using Rosetta (Supporting Information methods). Designed lattices with very low energies (as

computed by Rosetta), cell dimensions less than 50 Å, and an approximate solvent fraction of

less than 0.8 were selected for further analysis.51,52

https://paperpile.com/c/oTnxO8/OI3v+QLH3


13

To increase the diversity of structures that could be generated, in addition to the cyclic

peptides whose structures were previously determined crystallographically (in the absence of

metals), we included as potential building blocks the larger in silico set of designs predicted to

adopt low-energy symmetric states. We selected 48 C3 peptide crystals generated from these

compounds in the I213, P23, P4132, and P4332 space groups with Zn2+ as a metal-ligand for

crystal assembly.53 The cyclic peptide ligands were synthesized in-house using the previously

described methods or obtained from WuXi AppTec.39 To sample a wide condition space for

crystallization and reduce the mass of peptide required for each individual reaction, we

performed high-throughput screening experiments in 5 μL of volume using 96-well plates. In a

typical experiment, 1 to 2.5 mM peptide was mixed with a metal source [e.g., Zn(NO3)2,

Fe(NO3)3, Cu(NO3)2, or Co(NO3)2] at various molar ratios, in the presence of aqueous buffer

solution (HEPES pH 7.0−8.5 or MES pH 5.0−7.0), or mixtures of organic solvents (DMF, DEF,

MeOH, EtOH, and/or ACN) (Tables S1 and S2). The reaction mixtures were sealed and reacted

for 24−48 h at either room temperature or at an elevated temperature (e.g., 65 or 80 °C) in a

convection oven.

Crystallization studies reveal that many of the designed peptides formed aggregates in the

presence of metals. However, two peptides crystallized, but the structures could not be solved

due to their low resolution (Table S3 and Figure S4). We were able to solve the structure of one

peptide C3-1 (EhPEhPEhP, Figure 2a), which in the designed crystal lattice (P4332 space group)

was intended to coordinate tetrahedral metals such as zinc with histidines and glutamates (Figure

2b). We were unable to crystallize the peptide using Zn(OAc)2, Zn(NO3)2, or ZnCl2, but in the

presence of Co(NO3)2 in HEPES pH 8.2, crystals grew in the P65 space group over 4 weeks at

room temperature (Figure 2d), and we were able to solve the structure at 0.86 Å resolution. The

https://paperpile.com/c/oTnxO8/jo8F
https://paperpile.com/c/oTnxO8/3clN
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peptide backbone conformation matches the design with a Cα root mean square deviation

(RMSD) of 0.59 Å (Figure 2c). However, in the design model, the metal ion is fully coordinated

by the glutamic acids and histidines, while in the crystal structure each Co2+ cation is

octahedrally coordinated to three water molecules and three histidines from different peptides in

a planar fashion (Figure 2b), and the glutamates do not participate in coordination but fill the

crystal pores. This coordination geometry leads to the formation of 2D planes with 3-fold

symmetry (Figure S6a), which stack at a 60-degree offset angle (Figure S6b) along the c-axis to

form a 6-layer repeat unit (Figure S6b, teal dashed lines). The 3D lattice is stabilized by

dispersion interactions and hydrogen bonding between the peptide planes and is more dense than

the design model (void volume of 40% compared to 91%, see Experimental Section for void

calculations).44 Thus, while the internal conformation of the peptide matches the design model,

the interactions between peptides are quite different than in the design model, with favorable

peptide−peptide interactions outweighing the energetic gain from full metal coordination. These

results suggest that our assumption that the lowest energy states would involve full metal

coordination may not hold generally.

To gain further insight into the balance between peptide−peptide and peptide-metal

interactions in determining MOF structures, we carried out a bottom-up exploration of peptides

with variable symmetries (C2, C3, and S2), incorporated non-canonical metal coordinating

residues [3-(4-pyridyl)-alanine, DOPA, or 4-carboxy-phenylalanine], and generated five

additional structures, which we describe in the following sections.

A nine-residue peptide (DhmDhmDhm, C3-2, Figure 3a), crystallized in the P41212 space

group in the presence of 1 equivalent of Zn(NO3)2 in MES pH 6, at 80 °C for 24 h (Figure 3c). In

contrast to the C3-1 crystal, in which the peptide conformation was nearly identical to the design

https://paperpile.com/c/oTnxO8/PRs9
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model, the C3-2 peptide conformation in the metal-mediated crystal is different from the original

design model. This is due to a change in the torsional angle of the coordinating histidine (Figure

3b); such metal-induced changes have been observed previously.39,54 The backbone conformation

is still C3 symmetric, but the side chain rotamers are not symmetric. The zinc ion is internally

coordinated with three histidines from one peptide and aspartic acid from an adjacent peptide.

The crystal is composed of 1D metal-mediated peptide chains that intercross to form a dense 3D

lattice (18% calculated void volume). In the crystal, two peptide-metal chains are intertwined via

dispersion interactions (Figure S7a), and the other uncoordinated aspartic acid side chains form

polar interactions with the peptide backbones (Figure S7a, purple dashed circle). Such

interactions are also observed with the poly-proline-containing peptide-metal frameworks

synthesized by Schnitzer and colleagues.31

To reduce the chance of backbone conformational changes and to explore a broader range

of geometries and metal coordination ligands, we used a geometric hashing approach to design

two pyridine-containing 6-mer peptides with AIMNet ground states having C2 symmetry (Figure

S1a,b) and were able to obtain crystals with metal in multiple conditions after heating at 80 °C

for 2 days. The structures of the crystals formed with 1 equivalent Zn(NO3)2 are shown in Figure

4. C2-1 (Figure 4a) formed crystals in the presence of HEPES pH 7.5 in the P1 (Figure 4c) space

group, and C2-2 (Figure 4d) formed crystals in both the C121/P1211 space groups (Figure 4f). In

both cases, crystallization was driven by Zn pyridine interactions, which formed 1D

metal-peptide chains (Figure S8a,b) that hierarchically thread into 3D crystals.

In the lattice formed by the C2-1 ligand [3-(4-pyridyl)-

alanine−β-homoproline−α-aminobutyric acid−3-(4-pyridyl)-alanine−β-homoproline−

https://paperpile.com/c/oTnxO8/3clN+Skvq
https://paperpile.com/c/oTnxO8/qB6u
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α-aminobutyric acid], each zinc ion is linked to two peptides through pyridine coordination,

while two water molecules fill the other positions for full tetrahedral coordination (Figure 4c).

The resulting peptide chains form 3D crystals through peptide stacking that is mediated by

dispersion interactions and hydrogen bonding with participating water molecules. The 1D

metal-peptide coordination chains grow along two different directions and intersect with each

other, tiling the ab plane; non-covalent interactions mediate the stacking of these layers into 3D

crystals. Water filled pores between the coordination chains make up 25% of the calculated unit

cell volume. The internal hydrogen bonds in the peptide design model (Figure 4a) are broken in

the crystal (Figure 4b); AIMNet calculates the crystal conformation to be 4.7 kcal/mol higher in

energy than the designed conformation, suggesting that the lattice stabilizes the higher energy

state (Figure S1; we cannot exclude the possibility that the AIMNet calculations are incorrect,

but given the large energy difference, and the low expected error (1.1 kcal/mol)41, crystal packing

interactions are likely to distort the monomer ground state).

The crystal structure of peptide C2-2 (3-(4-pyridyl)-

alanine−1,2,3,4-tetrahydroisoquinoline-3-carboxylic acid−3-aminobutanoic acid−3-(4-pyridyl)-

alanine−1,2,3,4-tetrahydroisoquinoline-3-carboxylic acid−3-aminobutanoic acid) in the absence

of metal in methanol matches that of the design model (Figure S2). However, crystal structures

in the presence of Zn2+ reveal a different peptide conformation 3.4 kcal/mol higher than the

designed conformation according to AIMNet (Figure 4d,e). The first crystal (P1211 space group,

Figure 4ftop) formed in HEPES pH 8.0 and 2% PEG2000 has a void volume of 35.3%. The

second crystal (C121 space group, Figure 4f-bottom) formed in HEPES pH 8.0 and 2% PEP and

has a void volume of 16%. As in the C2-1 case, in both crystals, the Zn2+ ions are tetrahedrally

coordinated with two pyridine ligands and two water molecules and form 1D chains (Figure 4f),

https://paperpile.com/c/oTnxO8/0Vgz
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but the packing is slightly different. For the C121 crystal, 1D chains first arrange in a parallel

fashion into bilayer planes, which then stack to form the 3D crystal lattice. The P1211 crystal

shares an identical peptide-zinc coordination configuration, but the 1D chains stack at different

angles between the adjacent 2D planes. Thus, for this peptide, metal mediated interactions

generate 1D chains, and higher order structures such as 2D planes and 3D crystals are stabilized

by dispersion interactions through extensive interchain peptide−peptide packing.

We next explored metal-mediated crystals built from achiral S2 symmetric peptides.

These peptides have a two-fold improper rotation across their axis of symmetry, allowing access

to centrosymmetric space groups, which increases the likelihood of crystallization.55 Crystal

structures determined in the absence of metal are very close to the design models.39

S2-1 (ppKvEPPkVe), is a 10 residue S2 symmetric cyclic peptide containing one lysine

and one glutamate per asymmetric unit (Figure 5a). The apo structure matches the design to 0.53

Å RMSD. S2-1 formed crystals upon heating at 80 °C for 24 h in DMF with one equivalent of

Cu(NO3)2 in the P1̅space group (Figure 5b) with very small pores making up 7% of the unit cell

volume. A single Cu2+ is coordinated between two peptides via two lysines and two glutamates

in a square planar geometry (Figure 5b). Each peptide forms a bidentate interaction with two

Cu2+ ions that assemble into a crystal through peptide backbone hydrogen bonding. Despite the

copper coordination, the peptide backbone conformation matches that of the design and the apo

structure. The crystal lattice also matches that of the apo crystal with an expansion of a and b

axis by 1 Å each to allow for metal incorporation into the structure.39

The 12 residue S2-2 peptide (aNkhPeAnKHpE, Figure 5c) contains one lysine, one

histidine, and one glutamic acid per asymmetric unit available for metal coordination. The apo

structure of this peptide matches the design to 0.43 Å RMSD.39 In the presence of 1 equivalent of

https://paperpile.com/c/oTnxO8/JnSJ
https://paperpile.com/c/oTnxO8/3clN
https://paperpile.com/c/oTnxO8/3clN
https://paperpile.com/c/oTnxO8/3clN
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ZnCl2, S2-2 crystallizes in isopropanol at room temperature in the R3 space group (Figure 5d). In

the crystal structure, peptide−peptide interactions mediate crystal packing, while the large open

channels along the c axis make up 40% of the unit cell volume (Figure S3f), which are filled

with water-coordinated Zn2+ ions (Figure 5d). A comparison of the structure of S2-2 obtained in

the absence and presence of metals indicates that the addition of Zn2+ did not change the overall

crystal packing, since the Zn2+ ions occupied empty open channels in the crystal and are not

coordinated to any of the aforementioned metal-binding residues. The peptide−peptide

interactions in this crystal lattice are evidently more favorable than the metal coordination in the

crystal conditions screened.

Figure 2.  Structure of the C3-1 (EhPEhPEhP) - Co2+ crystal. (a) Computational design of the
monomeric peptide. (b) Computational design of the peptide in P4332 lattice. The inset shows
the tetrahedral metal coordination in the design model. (c) Crystal structure of the C3-1 ligand
(blue) aligned with the design model (gray) with a 0.59 Å Cα RMSD. (d) Crystal structure of
C3-1 in P65 space group. The inset shows the three histidines and three water molecules
coordination of C3-1 in the crystal structure.
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Figure 3. Structure of the C3-2 (DhmDhmDhm): Zn2+ crystal. (a) Design model of peptide C3-2.
(b) Crystal structure of peptide C3-2. (c) Crystal structure of the peptide in P41212 space group.
Inset view shows tetrahedrally coordinated zinc in the crystal structure with three histidines from
one peptide and one aspartate from an adjacent peptide.

Figure 4. Structures of lattices formed by C2 pyridine-containing peptides. (a) Computational
model of C2-1 [3-(4-pyridyl)-alanine−β-homoproline−α-aminobutyric
acid–3-(4-pyridyl)-alanine−β-homoproline−α-aminobutyric acid] ligand. (b) Crystal structure of
the C2-1 ligand. (c) Crystal structure of the peptide in the P1 space group. Inset view of the
Zn2+-C2-1 1D tetrahedral coordination using two pyridines and two waters. (d) Computational
model of C2-2 [3-(4-pyridyl)-alanine–1,2,3,4-tetrahydroisoquinoline-3-carboxylic
acid–3-aminobutanoic acid–3-(4-pyridyl)-alanine–1,2,3,4-tetrahydroisoquinoline-3-carboxylic
acid–3-aminobutanoic acid] ligand. (e) Crystal structure of the C2-2 ligand. (f) Crystal structure
of C2-2 in the P1211 space group (top). Inset shows a zoomed view of the Zn2+-C2-1 tetrahedral
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coordination. The crystal structure of peptide C2-2 in the C121 space group is shown on the
bottom. Inset is a zoomed view of the Zn2+-C2-1 coordination.

Figure 5. Lattices formed by cyclic peptides with S2 symmetry.  (a) S2-1 (ppKvEPPkVe) ligand
apo crystal (gray) overlaid with the metal coordinating crystal (pink) with a 0.53 Å Cα RMSD.
(b) crystal structure of peptide S2-1 in P-1 space group. Inset shows a single Cu2+ ion
coordinated with two peptides via two lysines and two glutamates in a square planar geometry.
(c) S2-2 (aNkhPeAnKHpE) ligand apo crystal (gray) overlaid with the metal containing crystal
(green) with a 0.43 Å Cα RMSD. (d) crystal structure of peptide S2-2 in R3 space group. Inset
shows two zinc atoms coordinated by water molecules.

2.4 DISCUSSION

Computational design provides a stringent test of the understanding of a physical or

biological system: one formulates a set of hypotheses, implements a computational method based

on these hypotheses, uses the method to design new molecular structures, and determines

whether the experimental structures match the computational designs. Discrepancies between the

computations and experimental data can then guide increases in understanding of the systems.
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What can we learn from the discrepancies between the designs and the experiment observed

here? While we designed and sought to crystallize 48 designs in the I213, P23, P4132, and P4332

space groups, only one crystallized and was in a different space group from the design. We

cannot exclude the possibility that we did not find the appropriate crystallization conditions for

the designs. But the simplest explanation, supported by the set of crystal structures we were able

to obtain in our subsequent broad exploration of cyclic peptide ligands, is that the assumptions

underlying our MOF design approach do not generally hold. First, we assumed that the designed

peptide backbone conformation, in many cases supported by previous metal-free crystal

structures, would be maintained in the metal mediated crystals. While this was true for some

peptides, many adopted likely higher energy conformations stabilized by metal and dispersion

crystal packing interactions. Second, we assumed that, as with smaller MOF ligands, the peptides

would fully coordinate the metals with amino acid sidechains and that this coordination would

drive the assembly into the crystal. Instead, we observed consistent partial coordination of the

metals with water and direct peptide−peptide mediated crystal packing interactions. This likely

occurs because our ligands are much larger than the aromatic small molecules commonly used in

MOF synthesis and can pack against each other using multiple dispersion and hydrogen bonding

interactions, which can outweigh purely metal-mediated interactions. Full metal coordination by

peptide groups, while on its own more favorable than water coordination of the metals, is

out-competed by dispersion and hydrogen bonding interactions between these large peptides in

the crystal lattice. These observations suggest that for the successful design of cyclic

peptide-mediated MOFs, it will be necessary to relax the fixed backbone assumption and allow

backbone sampling along with rigid body and sidechain sampling, perhaps using approaches

similar to the RIF docking approach used for designing protein−protein interactions.56 It will also

https://paperpile.com/c/oTnxO8/dLvm
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be necessary to sample a wider range of different crystal packing arrangements, both those

involving peptide metal coordination and those in which the primary crystal interactions are

between the peptides, to more accurately determine whether the designed MOF is indeed the

thermodynamically favorable structure. Development of improved computational design

methods along these lines should enable a much more accurate design of macrocyclic based

MOFs, which could have a wide variety of applications.

2.5 CONCLUSIONS

While MOFs have been previously described using short linear peptides, larger peptide

ligands with internal symmetry have not, to our knowledge, been previously explored. We report

the first structures of symmetric cyclic 6 to 12 residue peptide MOFs with both proper and

improper symmetries (C2, C3, and S2), employing metal-chelation histidine, cysteine, aspartate,

glutamate, and non-canonical amino acids containing pyridine and DOPA side chains. Our

crystal structures of six peptide MOFs with different metals (Zn2+, Co2+, and Cu2+) and space

groups (P1, P65, C121, P1211, R3, P41212, and P1̅) contain a rich variety of 1D and 2D

metal-mediated structures with pore shapes and sizes ranging from 7 to 40% void volume (some

of these features have been observed in previous peptide-metal crystal structures, e.g., six residue

poly-proline peptides can assemble into strings mediated by zinc and form dense frameworks

through proline−proline packing).31 The up to 12 residue cyclic peptide ligands studied here are

to our knowledge, the largest peptidic ligands reported that form crystalline coordination

polymers to date. An essentially unlimited number of rigid symmetric cyclic peptides can be

designed using the methods described in Mulligan et al.,39 and hence the crystal lattices

described here are the first representatives of a very large class of new metal−organic crystals

https://paperpile.com/c/oTnxO8/qB6u
https://paperpile.com/c/oTnxO8/3clN
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that could provide new peptide materials for biocompatible, chiral, and catalytic applications.

The large surface area and pore sizes of these peptide-metal lattices make them particularly

interesting for downstream applications such as catalysis and sensing, and the wide variety of

both natural and unnatural sidechains available allows facile customization of the chemistry

lining the pores and other structural features of the crystals. The lattices frequently contain open

metal coordination sites (Figure S5), around which substrate binding pockets could be built by

further computational design, providing access to a new class of catalytic materials combining

the features of MOFs and enzymes.
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2.6 SUPPLEMENTAL INFORMATION

2.6.1 Supplementary Figures

Figure S1. Predicted energy landscape for each designed peptide. The first column shows the
designed conformation, while the second column shows the energy landscape calculated using
either AIMNet (a-b) or Rosetta (c-f). Backbone RMSD is calculated to the designed
conformation on the left. (a) AIMNet energy landscape for C2-1. (b) AIMNet energy landscape
for C2-2. (c) Rosetta energy landscape for C3-2. (d) Rosetta energy landscape for S2-1. (e)
Rosetta energy landscape for S2-2. (f) Rosetta energy landscape for C3-1.

Figure S2. Alignment of C2-2 apo design (green) to crystal structure (gray) with 0.5 Å Cα
RMSD.
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Figure S3. Mercury calculated void volume shown in yellow surface for each peptide crystal. (a)
C2-1 crystal shown along the c axis. (b) C2-2 crystal 1 (left) and crystal 2 (right) shown along
the b axis. (c) C3-1 crystal shown along the b axis. (d) C3-2 crystal shown along the b axis. (e)
S2-1 crystal shown along the a axis. (f) S2-2 crystal shown along the c axis.

Figure S4. (a) Example of a 96 well plate used to screen one peptide. Wells that form precipitate
are labeled with a ‘P’, dark particles are ‘dc’, crystalline materials are ‘c’. (b) Example of a
precipitated peptide. (c) Example of particles. (d) Example of crystalline peptide.
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Figure S5. View along the b axis of C2-2 crystal. (a) Zoomed in view of the solvent accessible
cavity with partially coordinated zinc ions (purple). (b) View of one pore going through the
crystal lattice. (c) Multiple space units of C2-2 in the P1211 space group.

Figure S6. (a) View of a single layer of Co2+-C3-1 2D sheet with C3 symmetry. (b) View along
the b axis showing six layers of 2D planes stacked in a twisted way (teal dashed curves).

Figure S7. (a) Adjacent Zn-C3-2 1D chains interact via dispersion interactions. (b) 1D Metal
coordinating peptide chain of C3-2.
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Figure S8. (a) view of the Zn2+-C2-1 1D chain (two coordinated water molecules are omitted). (b) view
of the Zn2+-C2-2 1D chain (two coordinated water molecules are omitted).

2.6.2 Supplementary Tables

Table S1: Organic conditions to screen for crystal formation using a 96 well plate.
​​

5mM
Zn(NO3)2

5mM
Cu(NO3)2

5mM
Zn(OAc)2

5mM
Cu(OAc)2

5mM
ZnCl2

5mM
CuCl2

5mM
Zn(NO3)2

5mM
Cu(NO3)2

5mM
Zn(OAc)2

5mM
Cu(OAc)2 5mM ZnCl2 5mM CuCl2

1 2 3 4 5 6 7 8 9 10 11 12
A DMF DMF DMF DMF DMF DMF MeOH MeOH MeOH MeOH MeOH MeOH

B
1:1

water:DMF
1:1

water:DMF
1:1

water:DMF
1:1

water:DMF
1:1

water:DMF
1:1

water:DMF
1:1

water:MeOH
1:1

water:MeOH
1:1

water:MeOH
1:1

water:MeOH
1:1

water:MeOH
1:1

water:MeOH

C

2:1:1
DMF:water:

ACN

2:1:1
DMF:water:

ACN

2:1:1
DMF:water:

ACN

2:1:1
DMF:water:

ACN

2:1:1
DMF:water:

ACN

2:1:1
DMF:water:

ACN

2:1:1
MeOH:water

:ACN

2:1:1
MeOH:water:

ACN

2:1:1
MeOH:water:

ACN

2:1:1
MeOH:water

:ACN

2:1:1
MeOH:water

:ACN

2:1:1
MeOH:water:

ACN

D

1:2:1
DMF:water:

ACN

1:2:1
DMF:water:

ACN

1:2:1
DMF:water:

ACN

1:2:1
DMF:water:

ACN

1:2:1
DMF:water:

ACN

1:2:1
DMF:water:

ACN

1:2:1
MeOH:water

:ACN

1:2:1
MeOH:water:

ACN

1:2:1
MeOH:water:

ACN

1:2:1
MeOH:water

:ACN

1:2:1
MeOH:water

:ACN

1:2:1
MeOH:water:

ACN

E DEF DEF DEF DEF DEF DEF EtOH EtOH EtOH EtOH EtOH EtOH

F
2:1

DEF:water
2:1

DEF:water
2:1

DEF:water
2:1

DEF:water
2:1

DEF:water
2:1

DEF:water
1:1

water:EtOH
1:1

water:EtOH
1:1

water:EtOH
1:1

water:EtOH
1:1

water:EtOH
1:1

water:EtOH

G
1:1

water:DEF
1:1

water:DEF
1:1

water:DEF
1:1

water:DEF
1:1

water:DEF
1:1

water:DEF IPA IPA IPA IPA IPA IPA

H
1:2

DEF:water
1:2

DEF:water
1:2

DEF:water
1:2

DEF:water
1:2

DEF:water
1:2

DEF:water
1:1

water:IPA 1:1 water:IPA 1:1 water:IPA
1:1

water:IPA
1:1

water:IPA 1:1 water:IPA
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Table S2: Aqueous conditions to screen for crystal formation using a 96 well plate.

5mM Zn(NO3)2 5mM Fe(NO3)3

25mM
MES pH

5.5
25 mM

MES pH 6

25 mM
MES pH

6.5

25 mM
HEPES

pH 7

25 mM
HEPES
pH 7.5

25 mM
HEPES

pH 8

25mM
MES pH

5.5
25 mM

MES pH 6

25 mM
MES pH

6.5

25 mM
HEPES

pH 7

25 mM
HEPES
pH 7.5

25 mM
HEPES

pH 8

1 2 3 4 5 6 7 8 9 10 11 12
A - - - - - - - - - - - -

B PEG300 2% PEG300 2% PEG300 2% PEG300 2% PEG300 2% PEG300 2% PEG300 2% PEG300 2% PEG300 2% PEG300 2% PEG300 2% PEG300 2%

C
PEG1000

2%
PEG1000

2%
PEG1000

2%
PEG1000

2%
PEG1000

2%
PEG1000

2%
PEG1000

2%
PEG1000

2%
PEG1000

2%
PEG1000

2%
PEG1000

2%
PEG1000

2%

D
PEG2000

2%
PEG2000

2%
PEG2000

2%
PEG2000

2%
PEG2000

2%
PEG2000

2%
PEG2000

2%
PEG2000

2%
PEG2000

2%
PEG2000

2%
PEG2000

2%
PEG2000

2%

E
PEG4000

2%
PEG4000

2%
PEG4000

2%
PEG4000

2%
PEG4000

2%
PEG4000

2%
PEG4000

2%
PEG4000

2%
PEG4000

2%
PEG4000

2%
PEG4000

2%
PEG4000

2%

F PEP 2% PEP 2% PEP 2% PEP 2% PEP 2% PEP 2% PEP 2% PEP 2% PEP 2% PEP 2% PEP 2% PEP 2%

G EtOH 25% EtOH 25% EtOH 25% EtOH 25% EtOH 25% EtOH 25% EtOH 25% EtOH 25% EtOH 25% EtOH 25% EtOH 25% EtOH 25%

H MeOH 25% MeOH 25% MeOH 25% MeOH 25% MeOH 25% MeOH 25% MeOH 25% MeOH 25% MeOH 25% MeOH 25% MeOH 25% MeOH 25%

Table S3: Observational notes for screened peptides.

peptide sequence precipitate particles crystalline

6.3_123_cell029

CYS DHIS PRO
CYS DHIS PRO
CYS DHIS PRO

DMF (Zn(NO3)2), MeOH (Zn(NO3)2), 1:4 water:DMF
((Zn(NO3)2)),

11.4_1240_cell02
8

GLU DHIS SER
GLU DHIS SER
GLU DHIS SER

DMF (Zn(NO3)2), MeOH (Zn(NO3)2), 1:4 water:DMF
(Zn(NO3)2), H2O (Zn(OAc)2, 100mM HEPES (Cu(OAc)2)

6.10_1223_cell02
8

CYS DHIS MET
CYS DHIS MET
CYS DHIS MET

1:1 water:MeOH (Zn(NO3)2, DMF (Zn(OAc)2, ZnCl2), 1:1
water:DMF (Cu(OAc)2), DEF (Zn(NO3)2, ZnCl2), 2:1
DEF:water (Zn(NO3)2), 1:1 water:DEF (Cu(NO3)2,
Cu(OAc)2), 1:2 DEF:water (Cu(NO3)2, Cu(OAc)2)

7.1_192_cell026

DCYS MET HIS
DCYS MET HIS
DCYS MET HIS

DMF (Zn(NO3)2, Cu(NO3)2), 1:4 water:DMF (Zn(NO3)2,
Cu(NO3)2), 1:1 water:MeOH (Zn(NO3)2, Cu(NO3)2) DMF
(ZnCl2, CuCl2), MeOH (Zn(NO3)2, Cu(NO3)2), 1:1
water:DMF (ZnCl2, CuCl2), DEF (Zn(NO3)2, CuCl2), 2:1
DEF:water (CuCl2), 1:1 water:DEF (Cu(NO3)2, CuCl2), 1:2
DEF:water (CuCl2)

7.10_194_cell034

CYS PRO HIS
CYS PRO HIS
CYS PRO HIS

DMF (Zn(NO3)2, Cu(NO3)2), 1:4 water:DMF (Zn(NO3)2,
Cu(NO3)2), MeOH (Zn(OAc)2, ZnCl2, CuCl2), 1:1 water:MeOH
(ZnCl2), 2:1:1 DMF:water:ACN (ZnCl2), 2:1:1
MeOH:water:ACN (Cu(NO3)2, CuCl2), 1:2:1 DMF:water:ACN
(ZnCl2), 1:2:1 MeOH:water:ACN (ZnCl2), EtOH (Cu(NO3)2,
Zn(OAc)2, Cu(OAc)2, ZnCl2, CuCl2), 1:1 water:etOH (ZnCl2,
CuCl2), 1:1 water:DEF (Cu(OAc)2), IPA (Zn(OAc)2, Cu(OAc)2,
ZnCl2), 1:2 DEF:water (Cu(OAc)2), 1:1 water:IPA (Cu(NO3)2,
Zn(OAc)2)

1.3_176_cell037

ASP DHIS DMET
ASP DHIS DMET
ASP DHIS DMET

DMF (Zn(NO3)2, Cu(NO3)2, ZnCl2), MeOH (Zn(NO3)2,
Cu(NO3)2, Zn(OAc)2), 1:1 water:DMF (ZnCl2), 1:1
water:MeOH (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2), 2:1:1
DMF:water:ACN (Cu(NO3)2, Zn(OAc)2, ZnCl2, CuCl2), 2:1:1
MeOH:water:ACN (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2), 1:2:1
DMF:water:ACN (Cu(NO3)2, ZnCl2, CuCl2), 1:2:1
MeOH:water:ACN (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2), DEF

1:1 water:DEF (Cu(NO3)2,
Cu(OAc)2, ZnCl2), IPA
(CuCl2), 1:2 DEF:water
(Cu(NO3)2, Cu(OAc)2,
ZnCl2)

DEF (Zn(NO3)2), 10mM
MES pH 6 (Zn(NO3)2),
20mM HEPES pH 7
(Zn(NO3)2)



29

(Zn(OAc)2, CuCl2), EtOH (Zn(NO3)2, Cu(NO3)2, CuCl2), 2:1
DEF:water (Zn(OAc)2, ZnCl2), 1:1 water:EtOH (Zn(OAC)2,
Cu(NO3)2, Zn(NO3)2), IPA (Cu(OAc)2, ZnCl2, CuCl2), 1:2
DEF:water (CuCl2), 1:1 water:IPA (Zn(NO3)2, Cu(NO3)2)

1.3_70_cell037

MET DHIS DASP
MET DHIS DASP
MET DHIS DASP

DMF(Zn(NO3)2), 1:4 water:DMF (Zn(NO3)2), 1:1
water:MeOH (Zn(NO3)2), DMF (ZnCl2), MeOH (Zn(OAc)2),
1:1 water:DMF (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2), 2:1:1
DMF:water:ACN (Zn(NO3)2), DEF (Zn(NO3)2, Zn(OAc)2,
Cu(OAc)2, ZnCl2), 2:1 DEF:water (Zn(NO3)2, Cu(NO3)2,
Cu(OAc)2), 1:1 water:DEF (CuCl2), IPA (Cu(NO3)2,
Zn(OAc)2, Cu(OAc)2, ZnCl2)

12.6_637_cell047

GLU DHIS PRO
GLU DHIS PRO
GLU DHIS PRO

1:1 water:DMF (Zn(OAc)2, Cu(OAc)2, Cu(NO3)2), DMF
(Zn(OAc)2,

DMF (Zn(NO3)2), 20mM
HEPES pH 7 (Cu(NO3)2,
Co(NO3)2)), 20mM HEPES
pH 8.2 (Co(NO3)2)

34.8_0_cell028

dHIS ALA ASP
SER dHIS ALA
ASP SER dHIS
ALA ASP SER

DMF (Zn(NO3)2, Cu(OAc)2), 1:1 water:DMF (Zn(NO3)2,
Cu(OAc)2), DEF (CU(OAc)2, CuCl2), EtOH (Cu(NO3)2,
Cu(OAc)2), 2:1 DEF:water (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2,
Cu(OAc)2, IPA (Cu(OAc)2) 1:1 water:DEF (Zn(OAc)2) 1:1 water:DMF (Zn(OAc)2)

25.8_19_cell031

MET DHIS PRO
DASP MET DHIS
PRO DASP MET
DHIS PRO DASP

DMF(Zn(OAc)2, Cu(OAc)2), 1:1 water:DMF (Zn(OAc)2,
Cu(OAc)2), 1:1 water:MeOH (Zn(OAc)2, Cu(OAc)2, 20mM
HEPES pH 7 (ZN(OAc)2, Zn(NO3)2, Cu(NO3)2, Cu(OAc)2),
20mM HEPES pH 8 (Zn(OAc)2, Zn(NO3)2, Cu(OAc)2)

7.7_120_cell034

DASP HIS MET
DASP HIS MET
DASP HIS MET

DMF (Zn(OAc)2, Cu(OAc)2, ZnCl2), 1:1 water:DMF
(Zn(OAc)2), 1:1 water:MeOH (Zn(NO3)2), 2:1:1
DMF:water:ACN (Zn(OAc)2), 2:1:1 MeOH:water:ACN
(Zn(NO3)2), 1:2:1 DMF:water:ACN (Zn(OAc)2), 1:2:1
MeOH:water:ACN (Zn(NO3)2), DEF (Zn(NO3)2, ZnCl2), 2:1
DEF:water (Zn(NO3)2, Zn(OAc)2), 1:1 water:EtOH
(Zn(NO3)2, Cu(NO3)2), 1:1 water:DEF (Zn(NO3)2), IPA
(Cu(NO3)2, Cu(OAc)2, CuCl2), 1:2 DEF:water (Zn(OAc)2),
1:1 water:IPA (Zn(NO3)2, Zn(OAc)2, CuCl2)

2:1 DEF:water (ZnCl2),
DEF(Cu(OAc)2), 1:1
water:DEF (Cu(OAc)2,
ZnCl2), 1:2 DEF:water
(Cu(OAc)2, ZnCl2)

DMF (Zn(NO3)2, DEF
(Cu(NO3)2)

3.4_196_cell030

DASP DGLN HIS
DASP DGLN HIS
DASP DGLN HIS

DMF (Zn(NO3)2, CU(NO3)2), MeOH (Zn(NO3)2, Zn(OAc)2,
Cu(OAc)2, ZnCl2, CuCl2), 1:1 water:DMF (Zn(NO3)2,
Cu(NO3)2, Zn(OAc)2, ZnCl2), 1:1 water:MeOH (Zn(NO3)2,
Zn(OAc)2, Cu(NO3)2, Cu(OAc)2, ZnCl2, CuCl2), 2:1:1
DMF:water:ACN (Zn(NO3)2, Zn(OAc)2, Cu(NO3)2,
Cu(OAc)2, ZnCl2, CuCl2), 2:1:1 MeOH:water:ACN
(Zn(NO3)2, Zn(OAc)2, Cu(NO3)2, Cu(OAc)2, ZnCl2, CuCl2),
1:2:1 DMF:water:ACN (Zn(NO3)2, Zn(OAc)2, Cu(NO3)2,
Cu(OAc)2), 1:2:1 MeOH:water:ACN (Zn(OAc)2, Cu(OAc)2,
ZnCl2, CuCl2), DEF (Zn(OAc)2, Cu(NO3)2, Cu(OAc)2),
DMF (Zn(NO3)2, Zn(OAc)2, Cu(OAc)2, CuCl2), EtOH
(Zn(NO3)2, Zn(OAc)2, Cu(NO3)2, Cu(OAc)2, ZnCl2, CuCl2),
2:1 DEF:water (Zn(NO3)2, Zn(OAc)2, Cu(NO3)2, Cu(OAc)2,
ZnCl2), 1:1 water:etOH (Zn(NO3)2, Zn(OAc)2, Cu(NO3)2,
Cu(OAc)2, ZnCl2), 1:1 water:DEF (Zn(NO3)2, Zn(OAc)2,
Cu(NO3)2, Cu(OAc)2, ZnCl2), IPA (Zn(NO3)2, Zn(OAc)2,
Cu(OAc)2, ZnCl2, CuCl2), 1:2 DEF:water (Zn(NO3)2,
Zn(OAc)2, Cu(NO3)2, Cu(OAc)2, ZnCl2), 20mM HEPES
pH7 (Zn(OAc)2, Zn(NO3)2, Cu(OAc)2, Cu(NO3)2), 20mM
HEPES pH 8 (Zn(OAc)2, Zn(NO3)2)

DMF (Cu(NO3)2), 1:1
MeOH:water (Zn(NO3)2)

3.5_187_cell031

DASP DTRP HIS
DASP DTRP HIS
DASP DTRP HIS

DMF (Zn(NO3)2, Zn(NO3)2), MeOH (Cu(NO3)2), 1:1
water:MeOH (Cu(NO3)2), 2:1:1 DMF:water:ACN (CuCl2),
2:1:1 MeOH:water:ACN (Cu(NO3)2, ZnCl2), 1:2:1
DMF:water:ACN (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2,
Cu(OAc)2, CuCl2), 1:2:1 MeOH:water:ACN (Zn(NO3)2,

MeOH (Zn(NO3)2, 1:1
water:MeOH (CuCl2)
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Cu(NO3)2, Zn(OAc)2), DEF (Zn(NO3)2, Zn(OAc)2), EtOH
(Cu(NO3)2, Cu(OAc)2, CuCl2), 2:1 DEF:water (Zn(NO3)2),
1:1 water:EtOH (Zn(NO3)2, Zn(OAc)2, Cu(NO3)2, Cu(OAc)2,
ZnCl2, CuCl2), 1:1 water:DEF (Cu(NO3)2, Zn(OAc)2), IPA
(Zn(NO3)2, Zn(OAc)2, Cu(NO3)2, Cu(OAc)2, ZnCl2, CuCl2),
1:2 DEF:water (Cu(NO3)2, Zn(OAc)2, Cu(OAc)2, ZnCl2,
CuCl2), 1:1 water:IPA (Zn(NO3)2, Cu(NO3)2, Cu(OAc)2,
ZnCl2), 20mM HEPES pH 7 (Zn(OAc)2, Zn(NO3)2,
Cu(NO3)2, Cu(OAc)2, Co(NO3)2), 20mM HEPES pH 8
(Zn(OAc)2, Zn(NO3)2, Cu(OAc)2, Cu(NO3)2, FeCl3,
Co(NO3)2)

28.6_2_cell032_p
eak 2

THR MET DCYS
DHIS THR MET
DCYS DHIS THR
MET DCYS DHIS

MeOH (Zn(OAc)2, 1:1 water:DMF (Zn(NO3)2, Cu(NO3)2,
ZnCl2), 2:1:1 DMF:water:ACN (Cu(OAc)2, ZnCl2), 2:1:1
DMF:water:ACN (Zn(OAc)2), 1:2:1 DMF:water:ACN
(Cu(NO3)2, Cu(OAc)2, ZnCl2), 1:2:1 MeOH:water:ACN
(Zn(NO3)2, CuCl2), DEF (Zn(NO3)2), EtOH (Zn(NO3)2,
Zn(OAc)2, ZnCl2, CuCl2), 1:1 water:EtOH (Zn(NO3)2,
ZnCl2), 1:1 water:DEF (Zn(OAc)2), IPA (Zn(NO3)2,
Zn(OAc)2, Cu(NO3)2, Cu(OAc)2, ZnCl2, CuCl2), 1:2
DEF:water (Zn(NO3)2, Zn(OAc)2, Cu(NO3)2, Cu(OAc)2,
ZnCl2), 1:1 water:IPA (Zn(NO3)2, Zn(OAc)2, CuCl2), 20mM
HEPES pH 7 (Zn(OAc)2, Cu(OAc)2, Cu(NO3)2, FeCl3,
Zn(NO3)2,CaCl2, Co(NO3)2), 20mM HEPES pH 8
(Zn(NO3)2, Zn(OAc)2, Cu(OAc)2, Cu(NO3)2, FeCl3,
Co(NO3)2, CaCl2) DMF (CuCl2)

34.3_0_cell032

MET DHIS DCYS
PRO MET DHIS
DCYS PRO MET
DHIS DCYS PRO

MeOH (CuNO3)2), 1:! water:DMF (Cu(NO3)2, CuCl2), 1:1
water:MeOH (CuCl2), DEF (Cu(OAc)2), 2:1 DEF:water
(Cu(OAc)2), 1:1 water:DEF (Cu(NO3)2, Zn(OAc)2), IPA
(Zn(NO3)2, Zn(OAc)2, Cu(NO3)2, Cu(OAc)2, ZnCl2, CuCl2),
1:2 DEF:water (Zn(OAc)2, Cu(OAc)2), 10mM MES pH 6
(Zn(NO3)2, Cu(NO3)2), 20mM HEPES pH 7 (Zn(NO3)2,
Zn(OAc)2, Cu(NO3)2, Cu(OAc)2, FeCl3), 20mM HEPES pH
8 (Zn(NO3)2, Zn(OAc)2, Cu(NO3)2, Cu(OAc)2, FeCl3,
Co(NO3)2)

8.2_26_cell029

DCYS ALA PRO
DASP DCYS ALA
PRO DASP DCYS
ALA PRO DASP

MeOH(Cu(OAc)2, ZnCl2), 1:1 water:MeOH (Cu(OAc)2),
2:1:1 MeOH:water:ACN (ZnCl2), 1:2:1 DMF: water:ACN
(CuCl2), DEF (Cu(NO3)2), EtOH (Cu(NO3)2), 2:1 DEF:water
(Zn(NO3)2), 1:1 water:EtOH (Cu(OAc)2), IPA (CuCl2), 1:1
water:IPA (CuCl2)

2:1:1 DMF:water:ACN
(Cu(NO3)2), 1:2:1
DMF:water:ACN (Cu(NO3)2),
1:1 water:DEF (Cu(OAc)2),
1:2 DEF:water (Cu(NO3)2,
Cu(OAc)2), 1:1 water:IPA
(Cu(NO3)2)

1:1 water:DMF (Cu(OAc)2),
1:2:1 DMF:water:ACN
(Cu(OAc)2), 1:1 water:DEF
(Cu(NO3)2)

1.3_470_cell032

HIS DASP DMET
HIS DASP DMET
HIS DASP DMET

DMF(Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2), DEF
(Zn(NO3)2), MeOH (Zn(OAc)2, Cu(OAc)2, CuCl2), 1:1
water:DMF (Zn(OAc)2), 1:1 water:MeOH (Zn(NO3)2,
Zn(OAc)2, Cu(OAc)2), 2:1:1 DMF:water:ACN (Zn(OAc)2),
2:1:1 MeOH:water:ACN (Zn(OAc)2, Cu(OAc)2), 1:2:1
MeOH:water:ACN (Cu(NO3)2, Zn(OAc)2, Cu(OAc)2), EtOH
(Zn(OAc)2, Cu(OAc)2, CuCl2), 2:1 DEF:water (Zn(OAc)2,
Cu(OAc)2), 1:1 water:EtOH (Zn(OAc)2, Cu(OAc)2, CuCl2),
1:1 water:DEF (Cu(OAc)2, CuCl2), IPA(Zn(OAc)2,
Cu(OAc)2), 1:2 DEF:water (Cu(NO3)2, Zn(OAc)2, CuCl2),
1:1 water:IPA (Zn(OAc)2, Cu(OAc)2)

1.5_72_cell034

MET DASP CYS
MET DASP CYS
MET DASP CYS

DMF (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2, ZnCl2,
CuCl2), MeOH (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2,
ZnCl2, CuCl2), 1:1 water:DMF (Zn(NO3)2, Cu(NO3)2,
Zn(OAc)2, Cu(OAc)2, ZnCl2, CuCl2), 1:1 water:MeOH
(Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2, ZnCl2, CuCl2),
2:1:1 DMF:water:ACN (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2,
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Cu(OAc)2, ZnCl2, CuCl2), 2:1:1 MeOH:water:ACN
(Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2, ZnCl2, CuCl2),
1:2:1 DMF:water:ACN (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2,
Cu(OAc)2, ZnCl2, CuCl2), 1:2:1 MeOH:water:ACN
(Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2, ZnCl2, CuCl2),
DEF (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2, ZnCl2,
CuCl2), EtOH (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2,
ZnCl2, CuCl2), 2:1 DEF:water (Zn(NO3)2, Cu(NO3)2,
Zn(OAc)2, Cu(OAc)2, ZnCl2, CuCl2), 1:1 water:EtOH
(Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2, ZnCl2, CuCl2),
1:1 water:DEF (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2,
ZnCl2, CuCl2), IPA (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2,
Cu(OAc)2, ZnCl2, CuCl2), 1:2 DEF:water (Zn(NO3)2,
Cu(NO3)2, Zn(OAc)2, Cu(OAc)2, ZnCl2, CuCl2), 1:1
water:IPA (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2, Cu(OAc)2,
ZnCl2, CuCl2)

10.1_32_cell030

HIS DVAL DASP
HIS DVAL DASP
HIS DVAL DASP

DMF (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2), MeOH (Zn(NO3)2,
Cu(NO3)2, Cu(OAc)2, ZnCl2, CuCl2), 1:1 water:DMF
(Zn(NO3)2, Cu(NO3)2), 1:1 water:MeOH (Zn(NO3)2, ZnCl2),
2:1:1 DMF:water:ACN (Zn(NO3)2, Cu(NO3)2), 2:1:1
MeOH:water:ACN (Zn(NO3)2, CuCl2), 1:2:1
DMF:water:ACN (CuCl2), 1:2:1 MeOH:water:ACN
(Zn(NO3)2), DEF (Cu(NO3)2, Zn(OAc)2), EtOH(Zn(NO3)2,
Cu(NO3)2), 2:1 DEF:water (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2),
1:1 water:DEF (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2), 1:2
DEF:water (Zn(NO3)2, Cu(NO3)2, Zn(OAc)2), 1:1 water:IPA
(Zn(NO3)2, Cu(NO3)2, ZnCl2)

1:2:1 DMF:water:ACN
(Zn(NO3)2, Cu(OAc)2), DEF
(Zn(NO3)2), 20mM HEPES
pH 8 (Co(NO3)2)

10.5_9_I213_199

DASP PRO DASP
DASP PRO DASP
DASP PRO DASP 1:2 water:DEF (Zn(OAc)2)

MeOH (Cu(OAc)2, CuCl2),
1:1 Water:DMF (Cu(OAc)2,
ZnCl2),

11.10_9_I213_16

ASP DPRO ASP
ASP DPRO ASP
ASP DPRO ASP

1:1 water:DMF (Cu(NO3)2), 1:1 water:MeOH (CuOAc)2, 2:1
DEF:water (Cu(OAc)2, 1:1 water:EtOH (Zn(OAc)2), 29mM
HEPES pH 7 (FeCl3) MeOH(Cu(OAc)2, CuCl2)

2:1:1 DMF:water:ACN
(Cu(OAc)2)

2.2_9_I213_166

DASP DASP TYR
DASP DASP TYR
DASP DASP TYR DMF (Zn(OAc)2, Cu(OAc)2), 20mM HEPES pH 8 (FeCl3)

MeOH (Cu(OAc)2,
Cu(NO3)2), EtOH (Cu(NO3)2,
Cu(OAc)2)

DMF(CuCl2), MeOH
(ZnCl2), 2:1:1
DMF:water:ACN (Zn(OAc)2,
1:2:1 DMF:water:ACN
(Zn(NO3)2),

3.9_9_I213_260

VAL DASP DASP
VAL DASP DASP
VAL DASP DASP

MeOH(Cu(NO3)2,
Cu(OAc)2), 1:1 water:MeOH
(Cu(NO3)2),

1.4_9_I213_51

ASP ASP DTYR
ASP ASP DTYR
ASP ASP DTYR DMF (ZnCl2)

DMF (Cu(NO3)2, ZnCl2),
MeOH (Cu(NO3)2,
Cu(OAc)2), 1:1 water:DMF
(CuNO3)2), 1:1 water:MeOH
(Cu(NO3)2, Cu(OAc)2), 2:1:1
MeOH:water:ACN
(Zn(OAc)2), 1:2:1
DMF:water:ACN (Zn(OAc)2),
1:2:1 MeOH:water:ACN
(Cu(OAc)2), DEF(Zn(OAc)2,
EtOH (Cu(OAc)2)

2:1:1 MeOH:water:ACN
(Zn(NO3)2), 1:2:1
MeOH:water:ACN
(Cu(NO3)2), EtOH
(Cu(NO3)2)

3.9_9_I213_134

SER DASP DASP
SER DASP DASP
SER DASP DASP

MeOH (Cu(NO3)2,
Cu(OAc)2), 1:1 Water:MeOH
(Cu(NO3)2),

17.2_12_P4132_1 GLU DPRO GLU 1:1 water:DMF (Zn(NO3)2, Cu(NO3)2, ZnCl2, CuCl2), 1:2:1 2:1 DEF:water (CuCl2), 1:1 DMF (Cu(OAc)2), MeOH
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34 DASN GLU DPRO
GLU DASN GLU
DPRO GLU DASN

DMF:water:ACN (Cu(NO3)2), MeOH (Cu(NO3)2,
Cu(OAc)2), 1:1 water:MeOH (Cu(OAc)2)

water:DEF (Cu(OAc)2),
DMF (CaCl2), 1:1
water:MeOH (Cu(NO3)2)

(Cu(OAc)2), MeOH
(Cu(NO3)2), 1:1
water:MeOH (Cu(NO3)2)

64.10_12_P4132_
2659

SER GLU PRO
GLU SER GLU
PRO GLU SER
GLU PRO GLU

DMF (Cu(NO3)2), 1:1
water:DMF (Cu(NO3)2),
2:1:1 DMF:water:ACN
(Cu(NO3)2), 1:2:1
DMF:water:ACN (Cu(NO3)2),
DEF (Cu(NO3)2), 1:1
water:DEF (Cu(NO3)2), 1:2
DEF:water (Cu(NO3)2,
Cu(OAc)2)

28.1_12_P4132_1
64

ASP ASP DMET
DPRO ASP ASP
DMET DPRO ASP
ASP DMET DPRO

MeOH (Cu(OAc)2), 1:2
DEF:H2O (Cu(OAc)2)

90.1_12_I213_109
9

DASP PRO DASP
SER DASP PRO
DASP SER DASP
PRO DASP SER

DMF (Zn(NO3)2, Cu(NO3)2),
1:1 water:DMF (Cu(NO3)2),
1:2:1 DMF:water:ACN
(Cu(NO3)2, Cu(OAc)2), 1:2:1
MeOH:water:ACN
(Cu(NO3)2, Cu(OAc)2), DEF
(Cu(OAc)2), EtOH
(Cu(OAc)2), 2:1 DEF:water
(Cu(OAc)2), 1:1 water:DEF
(Cu(OAc)2), IPA (Cu(NO3)2),
1:2 DEF:water (Cu(NO3)2),

34.4_12_I213_499

ASP DTYR ASP
DPRO ASP DTYR
ASP DPRO ASP
DTYR ASP DPRO

MeOH (Cu(NO3)2), MeOH
(Cu(OAc)2)

11.3_20_3_1in

dASP MET GLN
dASP MET GLN
dASP MET GLN

20mM HEPES pH 7 and 8 (Cu(OAc)2), 20mM HEPES pH
7 and 8 (Cu(NO3)2), 20mM HEPES pH 7 and 8 (FeCl3),
20mM HEPES pH 8 (Zn(NO3)2)

7.7_22_13

SER GLU dSER
SER GLU dSER
SER GLU dSER

20mM HEPES pH 8 (Cu(OAc)2), 20mM HEPES pH 7 and
8 (Cu(NO3)2), 20mM HEPES pH 7 and 8 (FeCl3), 20mM
HEPES pH 8 ((Zn(NO3)2))

11.9_20_0

ASP dMET THR
ASP dMET THR
ASP dMET THR

20mM HEPES pH 8 (Cu(OAc)2), 20mM HEPES pH 8
(Cu(NO3)2), 20mM HEPES pH 7 and 8 (FeCl3)

33.5_12_P4132_3
404

GLU DMET LYS
GLU GLU DMET
LYS GLU GLU
DMET LYS GLU

10.10_12_I213_19
3

THR MET DASP
DASP THR MET
DASP DASP THR
MET DASP DASP

12.4_12_I213_261

ASP DMET DSER
ASP ASP DMET
DSER ASP ASP
DMET DSER ASP

38.10_12_I213_15
5

DASP THR DASP
DVAL DASP THR
DASP DVAL DASP
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THR DASP DVAL

57.1_12_I213_234

GLU GLU DTHR
DMET GLU GLU
DTHR DMET GLU
GLU DTHR DMET

80.1_12_I213_270

DASP MET DSER
DASP DASP MET
DSER DASP
DASP MET DSER
DASP

3.9_18_0

dASP dALA SER
dASP dALA SER
dASP dALA SER

11.3_20_3

dASP MET THR
dASP MET THR
dASP MET THR

2.1_20_39

MET dSER GLU
MET dSER GLU
MET dSER GLU

10.7_21_58

MET dSER dGLU
MET dSER dGLU
MET dSER dGLU

10.7_20_2

ASP dVAL dSER
ASP dVAL dSER
ASP dVAL dSER

1.2_18_18

GLU MET dALA
GLU MET dALA
GLU MET dALA

2.6.3 Computational Methods

All scripts for metal crystal lattice design  are available in the following repository:
https://github.com/willsheffler/mof/tree/master/mof and shown in the following listings.

Listing S1: The following script samples rotamers of metal chelating residues such as aspartate, histidine,
cystine, and glutamate around different metal geometries.

import numpy as np, rpxdock as rp, copy, os, mof
from mof import util
from mof.pyrosetta_init import make_1res_pose, get_sfxn, rVec, xform_pose, Pose
from abc import ABC, abstractmethod
"""
CONCERNS:
how to handle multiple metal binding sides not covered by rotamers, as in GLU
how to handle CYS chi2, which is based on HG being free-ish to rotate
"""

def get_rotclouds(**kw):
kw = rp.Bunch(kw)

https://github.com/willsheffler/mof/tree/master/mof
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chiresl_asp1 = kw.chiresl_asp1 / kw.scale_number_of_rotamers
chiresl_asp2 = kw.chiresl_asp2 / kw.scale_number_of_rotamers
chiresl_cys1 = kw.chiresl_cys1 / kw.scale_number_of_rotamers
chiresl_cys2 = kw.chiresl_cys2 / kw.scale_number_of_rotamers
chiresl_his1 = kw.chiresl_his1 / kw.scale_number_of_rotamers
chiresl_his2 = kw.chiresl_his2 / kw.scale_number_of_rotamers
chiresl_glu1 = kw.chiresl_glu1 / kw.scale_number_of_rotamers
chiresl_glu2 = kw.chiresl_glu2 / kw.scale_number_of_rotamers
chiresl_glu3 = kw.chiresl_glu3 / kw.scale_number_of_rotamers

os.makedirs(kw.rotcloud_cache, exist_ok=True)

params = (kw.chiresl_his1, kw.chiresl_his2, kw.chiresl_cys1, kw.chiresl_cys2,
kw.chiresl_asp1,

kw.chiresl_asp2, kw.chiresl_glu1, kw.chiresl_glu2, kw.chiresl_glu3,
kw.maxdun_cys,

kw.maxdun_asp, kw.maxdun_glu, kw.maxdun_his,
kw.scale_number_of_rotamers)

ident = mof.util.hash_str_to_int(str(params))

cache_file = kw.rotcloud_cache + '/%i.pickle' % ident
if os.path.exists(cache_file):

lC, lD, lE, lH, lJ, dC, dD, dE, dH, dJ, lB = rp.util.load(cache_file)
else:

print('building rotamer clouds')
chi_range = lambda resl: np.arange(-180, 180, resl)
chi_asp = [chi_range(x) for x in (chiresl_asp1, chiresl_asp2)]
chi_cys = [chi_range(x) for x in (chiresl_cys1, chiresl_cys2)]
chi_his = [chi_range(x) for x in (chiresl_his1, chiresl_his2)]
chi_glu = [chi_range(x) for x in (chiresl_glu1, chiresl_glu2, chiresl_glu3)]

lC = mof.rotamer_cloud.RotCloudCysZN(grid=chi_cys, max_dun_score=4.0 * 1.5)
lD = mof.rotamer_cloud.RotCloudAspZN(grid=chi_asp, max_dun_score=5.0 * 1.5)
lE = mof.rotamer_cloud.RotCloudGluZN(grid=chi_glu, max_dun_score=5.0 * 1.5)
lH = mof.rotamer_cloud.RotCloudHisZN(grid=chi_his, max_dun_score=5.0 * 1.5)
lJ = mof.rotamer_cloud.RotCloudHisdZN(grid=chi_his, max_dun_score=5.0 * 1.5)
dC = mof.rotamer_cloud.RotCloudDCysZN(grid=chi_cys, max_dun_score=4.0 * 1.5)
dD = mof.rotamer_cloud.RotCloudDAspZN(grid=chi_asp, max_dun_score=5.0 * 1.5)
dE = mof.rotamer_cloud.RotCloudDGluZN(grid=chi_glu, max_dun_score=5.0 * 1.5)
dH = mof.rotamer_cloud.RotCloudDHisZN(grid=chi_his, max_dun_score=5.0 * 1.5)
dJ = mof.rotamer_cloud.RotCloudDHisdZN(grid=chi_his, max_dun_score=5.0 * 1.5)

lB = mof.rotamer_cloud.RotCloudBPY(grid=chi_his, max_dun_score=3.0)

rp.util.dump([lC, lD, lE, lH, lJ, dC, dD, dE, dH, dJ, lB], cache_file)

return dict(lC=lC, lD=lD, lE=lE, lH=lH, lJ=lJ, dC=dC, dD=dD, dE=dE, dH=dH, dJ=dJ,
lB=lB)

class RotamerCloud(ABC):
"""holds transforms for a set of rotamers positioned at the origin"""
def __init__(

self,
amino_acid,
rotchi=None,
max_dun_score=4.0,
grid=None,

):
super(RotamerCloud, self).__init__()
self.amino_acid = amino_acid
sfxn_rotamer = get_sfxn('rotamer')
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pose = make_1res_pose(amino_acid)
if rotchi is None:

if grid is None:
rotchi = util.get_rotamers(pose.residue(1))
rotchi = np.array([list(x) for x in rotchi])

else:
mesh = np.meshgrid(*grid, indexing='ij')
rotchi = np.stack(mesh, axis=len(mesh))
rotchi = rotchi.reshape(-1, len(mesh))

assert len(rotchi), 'no chi angles specified'
self.original_rotchi = rotchi
self.original_origin = _get_stub_1res(pose)
xform_pose(pose, np.linalg.inv(self.original_origin))
self.rotchi = list()
self.rotbin = list()
self.rotscore = list()
self.frameidx = list()
self.rotframes = list()
for irot, chis in enumerate(rotchi):

for ichi, chi in enumerate(chis):
pose.set_chi(ichi + 1, 1, chi)

dun = sfxn_rotamer(pose)
if dun > max_dun_score: continue

for iframe, frame in enumerate(self.get_effector_frame(pose.residue(1))):
print(irot, iframe, chis)
self.rotbin.append(irot)
self.rotchi.append(chis)
self.rotscore.append(dun)
self.frameidx.append(iframe)
self.rotframes.append(frame)

assert self.rotbin, 'no chi angles pass dun cut'

self.rotbin = np.array(self.rotbin)
self.rotscore = np.array(self.rotscore)
self.rotchi = np.stack(self.rotchi)
self.frameidx = np.stack(self.frameidx)
self.rotframes = np.stack(self.rotframes)

print(
f'created RotamerCloud {self.amino_acid} nrots:

{len(np.unique(self.rotbin))} nframes: {len(self.rotbin)}'
)

def make_pose1res(self):
pose = make_1res_pose(self.amino_acid)
xform_pose(pose, np.linalg.inv(self.original_origin))
return pose

def subset(self, which):
new_one = copy.copy(self)
new_one.rotchi = self.rotchi[which]
new_one.rotbin = self.rotbin[which]
new_one.rotscore = self.rotscore[which]
new_one.rotframes = self.rotframes[which]
return new_one

@abstractmethod
def get_effector_frame(self, residue):

pass
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def dump_pdb(self, path=None, position=np.eye(4), which=None, append=False):
if path is None: path = self.amino_acid + '.pdb'
res = self.make_pose1res().residue(1)
natm = res.natoms()
F = rp.io.pdb_format_atom
with open(path, 'a' if append else 'w') as out:

loopey_doodle = enumerate(self.rotchi)
if which is not None:

loopey_doodle = ((which, self.rotchi[which]), )
for irot, chis in loopey_doodle:

out.write('MODEL %i\n' % irot)
for ichi, chi in enumerate(chis):

res.set_chi(ichi + 1, chi)
for ia in range(1, natm + 1):

xyz = res.xyz(ia)
xyz = position @ np.array([xyz[0], xyz[1], xyz[2], 1])
line = F(ia=ia, ir=1, an=res.atom_name(ia), rn=res.name3(), c='A',

xyz=xyz)
out.write(line)

orig = self.rotframes[irot, :, 3]
x = orig + 0.5 * self.rotframes[irot, :, 0]
y = orig + 0.5 * self.rotframes[irot, :, 1]
z = orig + 0.5 * self.rotframes[irot, :, 2]
orig = position @ orig
x = position @ x
y = position @ y
z = position @ z
out.write(F(ia=natm + 1, ir=1, an='ORIG', rn='END', c='B', xyz=orig))
out.write(F(ia=natm + 2, ir=1, an='XDIR', rn='END', c='B', xyz=x,

elem='O'))
out.write(F(ia=natm + 3, ir=1, an='YDIR', rn='END', c='B', xyz=y,

elem='CL'))
out.write(F(ia=natm + 4, ir=1, an='ZDIR', rn='END', c='B', xyz=z,

elem='N'))
out.write('ENDMDL\n')

def __len__(self):
return len(self.rotchi)

class RotCloudHisZN(RotamerCloud):
def __init__(self, *args, **kw):

super().__init__('HIS', *args, **kw)

def get_effector_frame(self, residue):
cd = residue.xyz('CD2')
ce = residue.xyz('CE1')
ne = residue.xyz('NE2')

zn = rVec(0, 0, 0)
for i in range(3):

zn[i] = ne[i] - (cd[i] + ce[i]) / 2
zn.normalize()
for i in range(3):

zn[i] = ne[i] + 2.2 * zn[i]

return [rp.motif.frames.stub_from_points(zn, ne, ce).squeeze()]

class RotCloudDHisZN(RotCloudHisZN):
def __init__(self, *args, **kw):
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RotamerCloud.__init__(self, 'DHIS', *args, **kw)

class RotCloudHisdZN(RotamerCloud):
def __init__(self, *args, **kw):

super(RotCloudHisdZN, self).__init__('HIS_D', *args, **kw)

def get_effector_frame(self, residue):
cg = residue.xyz('CG')
ce = residue.xyz('CE1')
nd = residue.xyz('ND1')

zn = rVec(0, 0, 0)
for i in range(3):

zn[i] = nd[i] - (cg[i] + ce[i]) / 2
zn /= np.linalg.norm(zn)
for i in range(3):

zn[i] = nd[i] + 2.2 * zn[i]

return [rp.motif.frames.stub_from_points(zn, nd, ce).squeeze()]

class RotCloudDHisdZN(RotCloudHisdZN):
def __init__(self, *args, **kw):

RotamerCloud.__init__(self, 'DHIS_D', *args, **kw)

class RotCloudCysZN(RotamerCloud):
def __init__(self, *args, **kw):

super(RotCloudCysZN, self).__init__('CYS', *args, **kw)

def get_effector_frame(self, residue):
hg = residue.xyz('HG')
sg = residue.xyz('SG')
cb = residue.xyz('CB')
orig = (hg - sg).normalized()
for i in range(3):

orig[i] = orig[i] * 2.32 + sg[i]
frame = rp.motif.frames.stub_from_points(orig, sg, cb).squeeze()
return [frame]

class RotCloudBPY(RotamerCloud):
def __init__(self, *args, **kw):

RotamerCloud.__init__(self, 'BPY', *args, **kw)

def get_effector_frame(self, residue):
ne1 = residue.xyz('NE1')
nn1 = residue.xyz('NN1')
fe = residue.xyz('FE')

x = rp.homog.align_vectors([1, 0, 0], [0, 1, 0], ne1 - fe, nn1 - fe)
x[:3, 3] = fe.x, fe.y, fe.z
x1 = x @ rp.homog.align_vector([1, -1, 1], [0, 0, 1])
x2 = x @ rp.homog.align_vector([1, -1, -1], [0, 0, 1])

return [x1]  #, x2]

class RotCloudDCysZN(RotCloudCysZN):
def __init__(self, *args, **kw):

RotamerCloud.__init__(self, 'DCYS', *args, **kw)

class RotCloudAspZN(RotamerCloud):
def __init__(self, *args, **kw):

super(RotCloudAspZN, self).__init__('ASP', *args, **kw)
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def get_effector_frame(self, residue):
return _asp_glu_effectors(residue)

class RotCloudDAspZN(RotCloudAspZN):
def __init__(self, *args, **kw):

RotamerCloud.__init__(self, 'DASP', *args, **kw)

class RotCloudGluZN(RotamerCloud):
def __init__(self, *args, **kw):

super(RotCloudGluZN, self).__init__('GLU', *args, **kw)

def get_effector_frame(self, residue):
return _asp_glu_effectors(residue)

class RotCloudDGluZN(RotCloudGluZN):
def __init__(self, *args, **kw):

RotamerCloud.__init__(self, 'DGLU', *args, **kw)

def _asp_glu_effectors(residue):
if residue.name() in ('ASP', 'DASP'):

names = 'CG', 'OD1', 'OD2'
elif residue.name() in ('GLU', 'DGLU'):

names = 'CD', 'OE1', 'OE2'
else:

raise NotImplementedError

c = np.array(residue.xyz(names[0])).reshape(1, 3)
o1 = np.array(residue.xyz(names[1])).reshape(1, 3)
o2 = np.array(residue.xyz(names[2])).reshape(1, 3)

orig = (c - o2) / np.linalg.norm(c - o2)
orig = o1 + orig * 2.1

c = rp.homog.hpoint(c)
o1 = rp.homog.hpoint(o1)
o2 = rp.homog.hpoint(o2)
orig = rp.homog.hpoint(orig)
rotaxis = rp.homog.hcross(o1 - c, o2 - c)
rot = rp.homog.hrot(rotaxis, 10, o1, degrees=True).squeeze()
frames = list()
for irot in range(13):

frame = rp.motif.frames.stub_from_points(orig, o1, c).squeeze()
frames.append(frame)
orig = (rot @ orig.squeeze()).reshape(1, 4)

return frames

def _get_stub_1res(pose):
res = pose.residue(1)
n = res.xyz('N')
ca = res.xyz('CA')
c = res.xyz('C')
return rp.motif.frames.bb_stubs(

np.array([[n[0], n[1], n[2]]]),
np.array([[ca[0], ca[1], ca[2]]]),
np.array([[c[0], c[1], c[2]]]),

).squeeze()

# for pickle test file compatibility... this is very lazy... should regen
RotamerCloudAspZN = RotCloudAspZN
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RotamerCloudCysZN = RotCloudCysZN
RotamerCloudGluZN = RotCloudGluZN
RotamerCloudHisZN = RotCloudHisZN

Listing S2: We define geometric parameters for each space group such as the axes for the symmetry
components.

import numpy as np, rpxdock as rp
from rpxdock import homog as hm
from mof.data import data_dir

class XtalSpec:
pass

class XtalSpecCC(XtalSpec):
def __init__(

self,
spacegroup,
nfold1,
axis1,
orig1,
nfold2,
axis2,
orig2,
nsubs,

):

self.spacegroup = spacegroup
self.nfold1 = int(nfold1)
self.sym1 = 'C%i' % nfold1
self.axis1 = hm.hnormalized(hm.hvec(axis1))
self.orig1 = hm.hpoint(orig1)
self.nfold2 = int(nfold2)
self.sym2 = 'C%i' % nfold2
self.axis2 = hm.hnormalized(hm.hvec(axis2))
if hm.angle(self.axis1, self.axis2) > np.pi / 2:

self.axis2[:3] = -self.axis2[:3]
assert 90 > hm.angle_degrees(self.axis1, self.axis2)
self.orig2 = hm.hpoint(orig2)
self.nsubs = nsubs
self.dihedral = np.degrees(hm.angle(axis1, axis2))
self.axis1d = None
self.axis2d = None
try:

self.frames = rp.load(_frames_files[spacegroup])
except:

self.frames = None

class XtalSpecCD(XtalSpec):
def __init__(

self,
spacegroup,
nfold1,
axis1,
orig1,
nfold2,
axis2,
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orig2,
axis2d,
nsubs,

):
self.spacegroup = spacegroup
self.nfold1 = int(nfold1)
self.sym1 = 'C%i' % nfold1
self.axis1 = hm.hnormalized(hm.hvec(axis1))
self.orig1 = hm.hpoint(orig1)
self.nfold2 = int(nfold2)
self.sym2 = 'C%i' % nfold2
self.axis2 = hm.hnormalized(hm.hvec(axis2))
if hm.angle(self.axis1, self.axis2) > np.pi / 2:

self.axis2[:3] = -self.axis2[:3]
assert 90 > hm.angle_degrees(self.axis1, self.axis2)

self.orig2 = hm.hpoint(orig2)
self.nsubs = nsubs
self.dihedral = np.degrees(hm.angle(axis1, axis2))
self.axis1d = None
self.axis2d = hm.hnormalized(hm.hvec(axis2d))
try:

self.frames = rp.load(_frames_files[spacegroup])
except:

self.frames = None

_frames_files = {
'I 21 3': data_dir + '/i213_redundant111_n16_maxrad2.pickle',
'P 41 3 2': data_dir + '/p4132_trionly_n12_maxrad3.pickle',
'P 43 3 2': data_dir + '/p4132_trionly_n12_maxrad3.pickle',

}

def get_xtal_spec(name):
try:

return _xspec[name.lower()]
except KeyError:

print(f'spacegroup {name} not implemented')

_xspec = dict(
f432=XtalSpecCC(

'F 4 3 2',
3,
[1, 1, 1],
[0.5, 0.5, 0],
4,
[1, 0, 0],
[0, 0, 0],
24,

),
p213=XtalSpecCC(

'P 21 3',
3,
[+1, +1, +1],
[0, 0, 0],
3,
[-1, +1, +1],
[+0., +0, +0.5],
12,

),
i213=XtalSpecCC(

'I 21 3',
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3,
[1, 1, 1],
[0, 0, 0],
2,
[0, 0, 1],
[0, -0.25, 0],
12,

),

p4132=XtalSpecCC(
'P 41 3 2',
3,
[-1, -1, 1],
[-0.5, 0, -0.5],
2,
[0, -1, 1],
[-0.125, -0.125, -0.125],
24,

),
p4332=XtalSpecCC(

'P 43 3 2',
3,
[-1, -1, 1],
[-0.5, 0, -0.5],
2,
[0, -1, 1],
[-0.375, -0.125, -0.125],
24,

),
p23=XtalSpecCD(

'P 2 3',
3,
[1, -1, 1],
[-2 / 3, -1 / 3, 1 / 3],
2,
[0, 1, 0],
[-1 / 2, -1 / 2, 0],
[1, 0, 0],
12,

))

Listing S3: We dock C3 peptides and C3 octahedral metal sites into space group P213.

import mof, os, numpy as np, rpxdock as rp, rpxdock.homog as hm
from mof.pyrosetta_init import (rosetta, makelattice, get_sfxn, xform_pose,
make_residue)
from mof.util import align_cx_pose_to_z, variant_remove
from pyrosetta.rosetta.numeric import xyzVector_double_t as xyzVec
from pyrosetta import AtomID, get_score_function

def main_loop():

kw = mof.app.options_setup(get_test_kw, verbose=False)

if kw.postprocess:
return mof.app.postprocess(kw)

pept_axis = np.array([0, 0, 1, 0])
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pept_orig = np.array([0, 0, 0, 1])

results = list()
rfname = f'{kw.output_prefix}results.pickle'
print('fname prefix:', kw.output_prefix)
print('result fname:', rfname)

sfxn = get_score_function()

results = list()

for ipdbpath, pdbpath in enumerate(kw.inputs):

pose = rosetta.core.import_pose.pose_from_file(pdbpath)
if not align_cx_pose_to_z(pose, pdbpath):

print(f"WARNING failed align_cx_pose_to_z: {pdbpath}")
variant_remove(pose)
rpxbody = rp.Body(pose)

rotclouds = mof.rotamer_cloud.get_rotclouds(**kw)

minscore = 9e9

print()
print(f'{" %i of %i "%(ipdbpath+1 , len(kw.inputs)):#^80}')
print(pdbpath)
print(f'{"":#^80}')

for spacegroup in kw.spacegroups:

search_spec = mof.xtal_search.XtalSearchSpec(
spacegroup=spacegroup,
pept_orig=np.array([0, 0, 0, 1]),
pept_axis=np.array([0, 0, 1, 0]),
# are these necessary:
sym_of_ligand=dict(HZ3='C3', DHZ3='C3', HZ4='C4', DHZ4='C4', HZD='D2',

DHZD='D2',
BPY='C3'),

ligands=['HZ3', 'DHZ3'],
**kw,

)
xspec = search_spec.xtal_spec
target_angle = hm.line_angle_degrees(xspec.axis1, xspec.axis2)

sym_num = xspec.nfold1
nresasym = len(pose.residues) // sym_num

for iaa, aa in enumerate(kw.aa_labels):

rotcloud = rotclouds[mof.app.lblmap[aa]]

for ires in range(nresasym):

print(f'{f" LOOP {spacegroup} {aa} {ires} ":*^80}')
stub = rpxbody.stub[ires]

rotframes = stub @ rotcloud.rotframes

for irot, rotframe in enumerate(rotframes):
ligsymaxis = rotframe[:, 2]  # z axis

if np.pi / 2 < hm.angle(pept_axis, ligsymaxis):
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ligsymaxis *= -1

angle = hm.angle_degrees(pept_axis, ligsymaxis)
if abs(angle - target_angle) > kw.angle_err_tolerance:

continue

orig_metal_pos = rotframe[:, 3]

xalign, delta = hm.align_lines_isect_axis2(
pept_orig, pept_axis, orig_metal_pos, ligsymaxis, xspec.axis1,

xspec.orig1,
xspec.axis2, xspec.orig2 - xspec.orig1, strict=False)

aligned_pept_axis = xalign @ pept_axis
aligned_ligsym_axis = xalign @ ligsymaxis
aligned_metal_pos = xalign @ orig_metal_pos
assert np.allclose(aligned_pept_axis, xspec.axis1,

atol=kw.angle_err_tolerance)
assert np.allclose(aligned_ligsym_axis, xspec.axis2,

atol=kw.angle_err_tolerance)

_, isect = hm.line_line_closest_points_pa(aligned_metal_pos,
aligned_ligsym_axis, [0,

0, 0, 1],
xspec.orig2 -

xspec.orig1)
cell_spacing = abs(isect[2] / xspec.orig2[2])
if cell_spacing < 10 or cell_spacing > 25:

continue

outpose0 = mof.util.mutate_one_res(pose, ires + 1, aa,
rotcloud.rotchi[irot],

sym_num)
xform_pose(outpose0, xalign)
outasym = rosetta.protocols.grafting.return_region(outpose0, 1,

nresasym)
ci = rosetta.core.io.CrystInfo()
ci.A(cell_spacing) # cell dimensions
ci.B(cell_spacing)
ci.C(cell_spacing)
ci.alpha(90) # cell angles n
ci.beta(90)
ci.gamma(90)
ci.spacegroup(xspec.spacegroup) # sace group
pi = rosetta.core.pose.PDBInfo(outasym)
pi.set_crystinfo(ci)
outasym.pdb_info(pi)

sympose = outasym.clone()
rosetta.protocols.cryst.MakeLatticeMover().apply(sympose)
conf = sympose.conformation().clone()
assert rosetta.core.conformation.symmetry.is_symmetric(conf)
syminfo = rosetta.core.pose.symmetry.symmetry_info(sympose)

nasym = outasym.size()
conf.declare_chemical_bond(nasym, 'C', 1, 'N')
sympose.set_new_conformation(conf)
sympose.set_new_energies_object(
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rosetta.core.scoring.symmetry.SymmetricEnergies())

sc = sfxn.score(sympose)
minscore = min(minscore, sc)
if sc > 7000:

continue

syminfo = rosetta.core.pose.symmetry.symmetry_info(sympose)
surfvol = rosetta.core.scoring.packing.get_surf_vol(sympose, 1.4)
peptvol = 0.0
for ir in range(1, syminfo.get_nres_subunit() + 1):

res = sympose.residue(ir)
ir = ir + 1 # rosetta numbering
for ia in range(1, res.natoms() + 1):

v = surfvol.vol[AtomID(ia, ir)]
if not np.isnan(v): peptvol += v

peptvol *= xspec.nsubs
print(f'peptvol {peptvol} {peptvol / cell_spacing**3}')
solv_frac = max(0.0, 1.0 - peptvol / cell_spacing**3)

tag = ''.join([
f'_cell{int(cell_spacing):03}_',
f'_sc{int(sc):05}_',
f'_solv{int(solv_frac*100):02}_',
f'{os.path.basename(pdbpath)}',
f'_nres{nresasym}',
f'{aa}_',
f'{len(results):06}',

])
fn = kw.output_prefix + tag + '.pdb'

print('HIT %7.3f' % sc, outasym)
results.append([sc, cell_spacing, sympose])
if True:

outasym.dump_pdb(fn)

print('minscore', minscore)

results.sort

if not results:
print(f'{"":!^100}')
print('NO RESULTS!!!')
print(f'{"":!^100}')
print('DONE')

return results

validated_c3 = [
'<path_to_validated_peptides/peptide.pdb>',

]

def get_test_kw(kw):
if not kw.inputs:

kw.inputs = ['mof/data/peptides/c.2.6_0001.pdb']
# kw.inputs = validated_c3
print(f'{"":!^80}')
print(f'{"no pdb list input, using test only_one":!^80}')
print(f'{str(kw.inputs):!^80}')
print(f'{"":!^80}')

kw.spacegroups = ['p213']
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kw.aa_labels = ['BPY']
kw.output_prefix = '_mof_test_c3c3' + '_'.join(kw.spacegroups) + '/'
kw.angle_err_tolerance = 3
kw.scale_number_of_rotamers = 0.25
kw.max_bb_redundancy = 2.0
kw.max_dun_score = 4.0
kw.clash_dis = 3.3
kw.contact_dis = 7.0
kw.min_contacts = 0
kw.max_score_minimized = 40.0
kw.min_cell_size = 0
kw.max_cell_size = 50
kw.max_solv_frac = 0.80
kw.debug = True
# kw.continue_from_checkpoints = False
return kw

Listing S4: We dock C3 peptides and D2 tetrahedral metal sites into P23 space group.

import mof, os, numpy as np, rpxdock as rp, rpxdock.homog as hm
from mof.pyrosetta_init import (rosetta, makelattice, get_sfxn, xform_pose,
make_residue)
from mof.util import align_cx_pose_to_z, variant_remove
from pyrosetta.rosetta.numeric import xyzVector_double_t as xyzVec
from pyrosetta import AtomID, get_score_function

def main_loop():

kw = mof.app.options_setup(get_test_kw, verbose=False)

if kw.postprocess:
return mof.app.postprocess(kw)

pept_axis = np.array([0, 0, 1, 0])
pept_orig = np.array([0, 0, 0, 1])

results = list()
rfname = f'{kw.output_prefix}results.pickle'
print('fname prefix:', kw.output_prefix)
print('result fname:', rfname)

sfxn = get_score_function()

results = list()

for ipdbpath, pdbpath in enumerate(kw.inputs):

pose = rosetta.core.import_pose.pose_from_file(pdbpath)
if not align_cx_pose_to_z(pose, pdbpath):

print(f"WARNING failed align_cx_pose_to_z: {pdbpath}")
variant_remove(pose)
rpxbody = rp.Body(pose)

rotclouds = mof.rotamer_cloud.get_rotclouds(**kw)

minscore = 9e9

print()
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print(f'{" %i of %i "%(ipdbpath+1 , len(kw.inputs)):#^80}')
print(pdbpath)
print(f'{"":#^80}')

for spacegroup in kw.spacegroups:

search_spec = mof.xtal_search.XtalSearchSpec(
spacegroup=spacegroup,
pept_orig=np.array([0, 0, 0, 1]),
pept_axis=np.array([0, 0, 1, 0]),
# are these necessary:
sym_of_ligand=dict(HZ3='C3', DHZ3='C3', HZ4='C4', DHZ4='C4', HZD='D2',

DHZD='D2',
BPY='C3'),

ligands=['HZ3', 'DHZ3'],
**kw,

)
xspec = search_spec.xtal_spec
target_angle = hm.line_angle_degrees(xspec.axis1, xspec.axis2)

sym_num = xspec.nfold1
nresasym = len(pose.residues) // sym_num

for iaa, aa in enumerate(kw.aa_labels):

rotcloud = rotclouds[mof.app.lblmap[aa]]

for ires in range(nresasym):

print(f'{f" LOOP {spacegroup} {aa} {ires} ":*^80}')
stub = rpxbody.stub[ires]

rotframes = stub @ rotcloud.rotframes

for irot, rotframe in enumerate(rotframes):
ligsymaxis = rotframe[:, 2]  # z axis

if np.pi / 2 < hm.angle(pept_axis, ligsymaxis):
ligsymaxis *= -1

angle = hm.angle_degrees(pept_axis, ligsymaxis)
if abs(angle - target_angle) > kw.angle_err_tolerance:

continue

xalign, delta = hm.align_lines_isect_axis2(
pept_orig, pept_axis, orig_metal_pos, ligsymaxis, xspec.axis1,

xspec.orig1,
xspec.axis2, xspec.orig2 - xspec.orig1, strict=False)

aligned_pept_axis = xalign @ pept_axis
aligned_ligsym_axis = xalign @ ligsymaxis
aligned_metal_pos = xalign @ orig_metal_pos
assert np.allclose(aligned_pept_axis, xspec.axis1,

atol=kw.angle_err_tolerance)
assert np.allclose(aligned_ligsym_axis, xspec.axis2,

atol=kw.angle_err_tolerance)

_, isect = hm.line_line_closest_points_pa(aligned_metal_pos,
aligned_ligsym_axis, [0,

0, 0, 1],
xspec.orig2 -
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xspec.orig1)
cell_spacing = abs(isect[2] / xspec.orig2[2])
if cell_spacing < 10 or cell_spacing > 25:

continue

outpose0 = mof.util.mutate_one_res(pose, ires + 1, aa,
rotcloud.rotchi[irot],

sym_num)
xform_pose(outpose0, xalign)
outasym = rosetta.protocols.grafting.return_region(outpose0, 1,

nresasym)
ci = rosetta.core.io.CrystInfo()
ci.A(cell_spacing)  # cell dimensions
ci.B(cell_spacing)
ci.C(cell_spacing)
ci.alpha(90)  # cell angles n
ci.beta(90)
ci.gamma(90)
ci.spacegroup(xspec.spacegroup)  # sace group
pi = rosetta.core.pose.PDBInfo(outasym)
pi.set_crystinfo(ci)
outasym.pdb_info(pi)

sympose = outasym.clone()
rosetta.protocols.cryst.MakeLatticeMover().apply(sympose)
conf = sympose.conformation().clone()
assert rosetta.core.conformation.symmetry.is_symmetric(conf)
syminfo = rosetta.core.pose.symmetry.symmetry_info(sympose)

nasym = outasym.size()
conf.declare_chemical_bond(nasym, 'C', 1, 'N')
sympose.set_new_conformation(conf)
sympose.set_new_energies_object(

rosetta.core.scoring.symmetry.SymmetricEnergies())

sc = sfxn.score(sympose)
minscore = min(minscore, sc)
if sc > 7000:

continue

syminfo = rosetta.core.pose.symmetry.symmetry_info(sympose)
surfvol = rosetta.core.scoring.packing.get_surf_vol(sympose, 1.4)
peptvol = 0.0
for ir in range(1, syminfo.get_nres_subunit() + 1):

res = sympose.residue(ir)
ir = ir + 1 # rosetta numbering
for ia in range(1, res.natoms() + 1):

v = surfvol.vol[AtomID(ia, ir)]
if not np.isnan(v): peptvol += v

peptvol *= xspec.nsubs
print(f'peptvol {peptvol} {peptvol / cell_spacing**3}')
solv_frac = max(0.0, 1.0 - peptvol / cell_spacing**3)

tag = ''.join([
f'_cell{int(cell_spacing):03}_',
f'_sc{int(sc):05}_',
f'_solv{int(solv_frac*100):02}_',
f'{os.path.basename(pdbpath)}',
f'_nres{nresasym}',
f'{aa}_',
f'{len(results):06}',

])
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fn = kw.output_prefix + tag + '.pdb'

print('HIT %7.3f' % sc, outasym)
results.append([sc, cell_spacing, sympose])
if True:

outasym.dump_pdb(fn)

print('minscore', minscore)

results.sort

if not results:
print(f'{"":!^100}')
print('NO RESULTS!!!')
print(f'{"":!^100}')
print('DONE')

return results

validated_c3 = [
'<path_to_validated_pdbs/peptide.pdb>',
]

def get_test_kw(kw):
if not kw.inputs:

kw.inputs = ['mof/data/peptides/c.2.6_0001.pdb']
print(f'{"":!^80}')
print(f'{"no pdb list input, using test only_one":!^80}')
print(f'{str(kw.inputs):!^80}')
print(f'{"":!^80}')

kw.spacegroups = ['p213']
kw.aa_labels = ['BPY']
kw.output_prefix = '_mof_test_c3c3' + '_'.join(kw.spacegroups) + '/'
kw.angle_err_tolerance = 3
kw.scale_number_of_rotamers = 0.25
kw.max_bb_redundancy = 2.0
kw.max_dun_score = 4.0
kw.clash_dis = 3.3
kw.contact_dis = 7.0
kw.min_contacts = 0
kw.max_score_minimized = 40.0
kw.min_cell_size = 0
kw.max_cell_size = 50
kw.max_solv_frac = 0.80
kw.debug = True
# kw.continue_from_checkpoints = False
return kw

Listing S5: We dock C3 peptides and C2 metal sites into three space groups ( I213, P4132 and P4332 ).

import mof, rpxdock as rp, numpy as np
from rpxdock import homog as hm

from mof.pyrosetta_init import get_sfxn
from pyrosetta import rosetta as rosetta
from pyrosetta.rosetta.core.pose import Pose
from pyrosetta.rosetta.core.id import AtomID
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from pyrosetta.rosetta.numeric import xyzVector_double_t as rVec
from pyrosetta import rosetta as rt, init as pyrosetta_init

class XtalSearchSpec(object):
"""stuff needed for pepdide xtal search"""
def __init__(

self,
spacegroup,
pept_axis,
pept_orig,
ligands,
sym_of_ligand,
max_dun_score,
**kw,

):
super(XtalSearchSpec, self).__init__()
kw = rp.Bunch(kw)
self.spacegroup = spacegroup
self.pept_axis = pept_axis
self.pept_orig = pept_orig
self.ligands = ligands
self.sym_of_ligand = sym_of_ligand
self.max_dun_score = max_dun_score
self.xtal_spec = mof.xtal_spec.get_xtal_spec(self.spacegroup)
self.chm = rt.core.chemical.ChemicalManager.get_instance()
self.rts = self.chm.residue_type_set('fa_standard')

self.sfxn_rotamer = get_sfxn('rotamer')

self.sfxn_sterics = get_sfxn('sterics')

self.sfxn_minimize = get_sfxn('minimize')

def xtal_search_two_residues(
search_spec,
pose,
rotcloud1base,
rotcloud2base,
err_tolerance,
dist_err_tolerance,
angle_err_tolerance,
min_dist_to_z_axis,
sym_axes_angle_tolerance,
angle_to_cart_err_ratio,
debug=False,
**kw,

):
kw = rp.Bunch(kw)
if not kw.timer: kw.timer = rp.Timer().start()
kw.timer.checkpoint()

spec = search_spec
xspec = spec.xtal_spec
aa1 = rotcloud1base.amino_acid
aa2 = rotcloud2base.amino_acid

results = list()

dont_replace_these_aas = [spec.rts.name_map(aa) for aa in
kw.dont_replace_these_aas]
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farep_orig = search_spec.sfxn_sterics(pose)

p_n = pose.pdb_info().name().split('/')[-1]
# gets rid of the ".pdb" at the end of the pdb name
pdb_name = p_n[:-4]

print(f'  {pdb_name} searching', aa1, aa2)

# check the symmetry type of the pdb
last_res = rt.core.pose.chain_end_res(pose).pop()
total_res = int(last_res)

sym_num = 3
sym = 3
if sym_num < 2:

print('bad pdb', p_n)
return list()

asym_nres = int(total_res / sym)
peptide_sym = "C%i" % sym_num

rpxbody = rp.Body(pose)

for ires1 in range(1, asym_nres + 1):
if pose.residue_type(ires1) in dont_replace_these_aas: continue
stub1 = rpxbody.stub[ires1 - 1]

kw.timer.checkpoint('xtal_search')
rots1ok = min_dist_to_z_axis < np.linalg.norm(

(stub1 @ rotcloud1base.rotframes)[:, :2, 3], axis=1)
if 0 == np.sum(rots1ok): continue
rotcloud1 = rotcloud1base.subset(rots1ok)
rotframes1 = stub1 @ rotcloud1.rotframes

kw.timer.checkpoint('position rotcloud')

range2 = range(1, int(total_res) + 1)
if rotcloud1base is rotcloud2base: range2 = range(ires1 + 1, int(total_res) +

1)
for ires2 in range2:

if ires1 == ((ires2 - 1) % asym_nres + 1): continue
if pose.residue_type(ires2) in dont_replace_these_aas:

continue
stub2 = rpxbody.stub[ires2 - 1]

kw.timer.checkpoint('xtal_search')
rots2ok = min_dist_to_z_axis < np.linalg.norm(

(stub2 @ rotcloud2base.rotframes)[:, :2, 3], axis=1)
if 0 == np.sum(rots2ok): continue
rotcloud2 = rotcloud2base.subset(rots2ok)
rotframes2 = stub2 @ rotcloud2.rotframes

kw.timer.checkpoint('rotcloud positioning')

dist = rotframes1[:, :, 3].reshape(-1, 1, 4) - rotframes2[:, :,
3].reshape(1, -1, 4)

dist = np.linalg.norm(dist, axis=2)

kw.timer.checkpoint('rotcloud dist')

dot = np.sum(
rotframes1[:, :, 0].reshape(-1, 1, 4) * rotframes2[:, :, 0].reshape(1,

-1, 4), axis=2)
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ang = np.degrees(np.arccos(np.clip(dot, -1, 1)))
ang_delta = np.abs(ang - 109.4712206)

kw.timer.checkpoint('rotcloud ang')

err = np.sqrt((ang_delta / angle_to_cart_err_ratio)**2 + dist**2)
rot1err2 = np.min(err, axis=1)
bestrot2 = np.argmin(err, axis=1)
disterr = dist[np.arange(len(bestrot2)), bestrot2]
angerr = ang_delta[np.arange(len(bestrot2)), bestrot2]
ok = (rot1err2 < err_tolerance)
ok *= (angerr < angle_err_tolerance)
ok *= (disterr < dist_err_tolerance)

hits1 = np.argwhere(ok).reshape(-1)

kw.timer.checkpoint('rotcloud match check')

if len(hits1):
hits2 = bestrot2[hits1]
hits = np.stack([hits1, hits2], axis=1)
for ihit, hit in enumerate(hits):

frame1 = rotframes1[hit[0]]
frame2 = rotframes2[hit[1]]

kw.timer.checkpoint('xtal_search')

parl = (frame1[:, 0] + frame2[:, 0]) / 2.0
perp = rp.homog.hcross(frame1[:, 0], frame2[:, 0])
metalaxis1 = rp.homog.hrot(parl, +45) @ perp
metalaxis2 = rp.homog.hrot(parl, -45) @ perp
symang1 = rp.homog.line_angle(metalaxis1, spec.pept_axis)
symang2 = rp.homog.line_angle(metalaxis2, spec.pept_axis)
match1 = np.abs(np.degrees(symang1) - xspec.dihedral) <

sym_axes_angle_tolerance
match2 = np.abs(np.degrees(symang2) - xspec.dihedral) <

sym_axes_angle_tolerance
if not (match1 or match2): continue
matchsymang = symang1 if match1 else symang2
metal_axis = metalaxis1 if match1 else metalaxis2
if rp.homog.angle(metal_axis, spec.pept_axis) > np.pi / 2:

metal_axis[:3] = -metal_axis[:3]
metal_pos = (rotframes1[hit[0], :, 3] + rotframes2[hit[1], :, 3]) /

2.0

correction_axis = rp.homog.hcross(metal_axis, spec.pept_axis)
correction_angle = np.abs(matchsymang - np.radians(xspec.dihedral))

for why_do_i_need_this in (-correction_angle, correction_angle):
metal_axis_try = rp.homog.hrot(correction_axis,

why_do_i_need_this) @ metal_axis
if np.allclose(rp.homog.angle_degrees(metal_axis_try,

spec.pept_axis),
xspec.dihedral, atol=0.001):

metal_axis = metal_axis_try
break

assert np.allclose(rp.homog.angle_degrees(metal_axis,
spec.pept_axis),

xspec.dihedral, atol=0.001)
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kw.timer.checkpoint('axes geom checks')

pose2mut = mof.util.mutate_two_res(pose, ires1, aa1,
rotcloud1.rotchi[hit[0]],

ires2, aa2,
rotcloud2.rotchi[hit[1]], sym_num)

search_spec.sfxn_sterics(pose2mut)
sc_2res = (pose2mut.energies().residue_total_energy(ires1) +

pose2mut.energies().residue_total_energy(ires2))
sc_2res_orig = (pose.energies().residue_total_energy(ires1) +

pose.energies().residue_total_energy(ires2))

kw.timer.checkpoint('mut_two_res')

if sc_2res - sc_2res_orig > kw.max_2res_score: continue

tag = ('hit_%s_%s_%i_%i_%i' % (aa1, aa2, ires1, ires2, ihit))

kw.timer.checkpoint('xtal_search')

xtal_poses = mof.xtal_build.xtal_build(
pdb_name,
xspec,
aa1,
aa2,
pose2mut,
peptide_sym,
spec.pept_orig,
spec.pept_axis,
'C2',
metal_pos,
metal_axis,
rpxbody,
tag,
**kw,

)
if not xtal_poses: continue

kw.timer.checkpoint('xtal_search')

for ixtal, (xalign, xtal_pose, body_pdb, ncontact, enonbonded,
solv_frac) in enumerate(xtal_poses):

xtal_pose_min, mininfo = mof.minimize.minimize_mof_xtal(
spec.sfxn_minimize,
xspec,
xtal_pose,
**kw,

)
if not xtal_pose_min:

continue
if kw.max_score_minimized < mininfo.score:

continue
print('     ', xspec.spacegroup, pdb_name, aa1, aa2, 'a on

minimzied score',
mininfo.score)

continue
celldim = xtal_pose.pdb_info().crystinfo().A()
label = f"{pdb_name}_{xspec.spacegroup.replace('
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','_')}_{tag}_cell{int(celldim):03}_ncontact{ncontact:02}_score{int(enonbonded):03}"

info = mininfo.sub(  # adding to mininfo
label=label,
xalign=xalign,
ncontact=ncontact,
enonbonded=enonbonded,
sequence=','.join(r.name() for r in xtal_pose.residues),
solv_frac=solv_frac,
celldim=celldim,
spacegroup=xspec.spacegroup,
nsubunits=xspec.nsubs,
nres=xtal_pose_min.size() - 1,

)
bbcoords = np.array(

[(v[0], v[1], v[2]) for v in [[r.xyz(n)
for n in ('N', 'CA', 'C')]
for r in

xtal_pose_min.residues[:-1]]])
bbpad = np.zeros(shape=(kw.max_pept_size - xtal_pose_min.size() +

1, 3, 3))
info['bbcoords'] = np.concatenate([bbcoords, bbpad])

results.append(
rp.Bunch(

xspec=xspec,
asym_pose_min=xtal_pose_min,
info=info,

))
### debug crap
if results:

print('  * HIT %10s %7s %7s %3i %3i %9s %-7.3f %5.3f %s' % (
xspec.spacegroup.replace(' ', '_'),
aa1,
aa2,
ires1,
ires2,
xtal_pose_min.sequence(),
info.score,
info.solv_frac,
pdb_name,

))
### end debug crap

kw.timer.checkpoint('build_result')

kw.timer.checkpoint('xtal_search')

return results

def xtal_search_single_residue(search_spec, pose, **kw):
raise NotImplemntedError('xtal_search_single_residue needs updating')
kw = rp.Bunch(kw)

spec = search_spec
xspec = spec.xtal_spec

results = list()

p_n = pose.pdb_info().name().split('/')[-1]
pdb_name = p_n[:-4]
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print(f'{pdb_name} searching')

# check the symmetry type of the pdb
last_res = rt.core.pose.chain_end_res(pose).pop()
total_res = int(last_res)
sym_num = pose.chain(last_res)
if sym_num < 2:

print('bad pdb', p_n)
return list()

sym = int(sym_num)
peptide_sym = "C%i" % sym_num

for ires in range(1, int(total_res / sym) + 1):
if pose.residue_type(ires) not in (spec.rts.name_map('GLY'),

spec.rts.name_map('ALA'),
spec.rts.name_map('DALA')):

continue
lig_poses = util.mut_to_ligand(pose, ires, spec.ligands, spec.sym_of_ligand)
bad_rots = 0
for ilig, lig_pose in enumerate(lig_poses):

mut_res_name, lig_sym = lig_poses[lig_pose]

rotamers = lig_pose.residue(ires).get_rotamers()
rotamers = util.extra_rotamers(rotamers, lb=-20, ub=21, bs=20)

pose_num = 1
for irot, rotamer in enumerate(rotamers):

for i in range(len(rotamer)):
lig_pose.residue(ires).set_chi(i + 1, rotamer[i])

rot_pose = rt.protocols.grafting.return_region(lig_pose, 1,
lig_pose.size())

if kw.debug:
rot_pose.set_xyz(AtomID(rot_pose.residue(ires).atom_index('1HB'),

ires),
rVec(0, 0, -2))

rot_pose.set_xyz(AtomID(rot_pose.residue(ires).atom_index('CB'),
ires),

rVec(0, 0, +0.0))
rot_pose.set_xyz(AtomID(rot_pose.residue(ires).atom_index('2HB'),

ires),
rVec(0, 0, +2))

spec.sfxn_rotamer(rot_pose)
dun_score = rot_pose.energies().residue_total_energy(ires)
if dun_score >= spec.max_dun_score:

bad_rots += 1
continue

rpxbody = rp.Body(rot_pose)

metal_orig = hm.hpoint(util.coord_find(rot_pose, ires, 'VZN'))
hz = hm.hpoint(util.coord_find(rot_pose, ires, 'HZ'))
ne = hm.hpoint(util.coord_find(rot_pose, ires, 'VNE'))
metal_his_bond = hm.hnormalized(metal_orig - ne)
metal_sym_axis0 = hm.hnormalized(hz - metal_orig)
dihedral = xspec.dihedral

rots_around_nezn = hm.xform_around_dof_for_vector_target_angle(
fix=spec.pept_axis, mov=metal_sym_axis0, dof=metal_his_bond,
target_angle=np.radians(dihedral))
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for idof, rot_around_nezn in enumerate(rots_around_nezn):
metal_sym_axis = rot_around_nezn @ metal_sym_axis0
assert np.allclose(hm.line_angle(metal_sym_axis, spec.pept_axis),

np.radians(dihedral))

newhz = util.coord_find(rot_pose, ires, 'VZN') + 2 *
metal_sym_axis[:3]

aid = rt.core.id.AtomID(rot_pose.residue(ires).atom_index('HZ'),
ires)

xyz = rVec(newhz[0], newhz[1], newhz[2])
rot_pose.set_xyz(aid, xyz)

tag = f'{pdb_name}_{ires}_{lig_poses[lig_pose][0]}_{idof}_{pose_num}'
xtal_poses = mof.xtal_build.xtal_build(

pdb_name,
xspec,
aa1,
aa2,
rot_pose,
peptide_sym,
spec.pept_orig,
spec.pept_axis,
lig_sym,
metal_orig,
metal_sym_axis,
rpxbody,
tag,

)

if False and xtal_poses:
print('hoaktolfhtoia')
print(rot_pose)
print(pdb_name)
print(xspec)
rot_pose.dump_pdb('test_xtal_build_p213.pdb')
print(ires)
print(peptide_sym)
print(spec.pept_orig)
print(spec.pept_axis)
print(lig_sym)
print(metal_orig)
print(metal_sym_axis)
print('rp.Body(pose)')

xalign, xpose, bodypdb = xtal_poses[0]
print(xalign)
xpose.dump_pdb('xtal_pose.pdb')

assert 0

for ixtal, (xalign, xtal_pose, body_pdb) in enumerate(xtal_poses):
celldim = xtal_pose.pdb_info().crystinfo().A()
fname = f"{xspec.spacegroup.replace('

','_')}_cell{int(celldim):03}_{tag}"
results.append(

mof.result.Result(
xspec,
fname,
xalign,
rpxbody,
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xtal_pose,
body_pdb,

))

pose_num += 1

return results

def hokey_position_atoms(pose, ires1, ires2, metal_pos, metalaxispos):
znres1, znres2 = None, None
znres1 = ires1
znres2 = ires2
znatom1 = '1HB'
znatom2 = '1HB'
axisatom1 = '2HB'
axisatom2 = '2HB'
for znres, znatom, axisatom in [(znres1, znatom1, axisatom1), (znres2, znatom2,

axisatom2)]:
pose.set_xyz(AtomID(pose.residue(znres).atom_index(znatom), znres),

rVec(metal_pos[0], metal_pos[1], metal_pos[2]))
pose.set_xyz(AtomID(pose.residue(znres).atom_index(axisatom), znres),

rVec(metalaxispos[0], metalaxispos[1], metalaxispos[2]))

Listing S6: Crystal parameters such as resolution of amino acid rotamer sampling and deviation from
ideal metal coordination geometry are specified.

import sys, argparse, rpxdock as rp

def default_cli_parser(parent=None, **kw):
parser = parent if parent else argparse.ArgumentParser(allow_abbrev=False)
addarg = rp.app.options.add_argument_unless_exists(parser)

addarg("inputs", nargs="*", type=str, default=[], help='input structures')

addarg('--aa_labels', type=str, nargs='*',                   default='CYS DCYS ASP
DASP GLU DGLU HIS DHIS HISD DHISD'.split(),

help='choices: CYS DCYS ASP DASP GLU DGLU HIS DHIS HISD DHISD',)
addarg('--aa_pair_labels', type=str, nargs='*',              default=['ALL'],

help='give in pairs (--aa_pair_labels A B C D yields A-B and C-B pairs) choices: CYS
DCYS ASP DASP GLU DGLU HIS DHIS HISD DHISD')
addarg('--angle_err_tolerance', type=float,                  default=15,

help='max allowed angular deviation from ideal metal binding. applied early, so ok
to be generous')
addarg('--angle_to_cart_err_ratio', type=float,              default=20.0,

help='lever distance to equate angular and cartesian errors. probably no reason to
change, unless you know why')
addarg('--chiresl_asp1', type=float,                         default=8.0,

help='resolution of scanning for asp chi1')
addarg('--chiresl_asp2', type=float,                         default=5.0,

help='resolution of scanning for asp chi2')
addarg('--chiresl_cys1', type=float,                         default=6.0,

help='resolution of scanning for cys chi1')
addarg('--chiresl_cys2', type=float,                         default=8.0,

help='resolution of scanning for cys chi2')
addarg('--chiresl_glu1', type=float,                         default=6.0,

help='resolution of scanning for glu chi1')
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addarg('--chiresl_glu2', type=float,                         default=12.0,
help='resolution of scanning for glu chi2')
addarg('--chiresl_glu3', type=float,                         default=6.0,

help='resolution of scanning for glu chi3')
addarg('--chiresl_his1', type=float,                         default=3.0,

help='resolution of scanning for his chi1')
addarg('--chiresl_his2', type=float,                         default=8.0,

help='resolution of scanning for his chi2')
addarg('--clash_dis', type=float,                            default=3.3,

help='distance below which atoms "clash"')
addarg('--cluster', action="store_true",                   default=False,

help='')
addarg('--contact_dis', type=float,                          default=7.0,

help='max CB-CB distance between residue "neighbors"')
addarg('--cst_ang_metal', type=float,                        default=109.47,

help='desired angle between metal liganding atoms')
addarg('--cst_dis_metal', type=float,                        default=2.2,

help='desired distance from metal to liganding atoms')

addarg('--cst_sd_cut_ang', type=float,                       default=0.01,
help='std dev of angular cutpoint constraint (lower is stronger constraint)')
addarg('--cst_sd_cut_dih', type=float,                       default=0.1,

help='std dev of dihedral cutpoint constraint (lower is stronger constraint)')
addarg('--cst_sd_cut_dis', type=float,                       default=0.01,

help='std dev of distance cutpoint constraint (lower is stronger constraint)')

addarg('--cst_sd_metal_coo', type=float,                     default=0.5,
help='std dev of metal-O-C-O dihedral constraint (lower is stronger constraint)')
addarg('--cst_sd_metal_dir', type=float,                     default=0.4,

help='std dev of ligand "orbital points at metal" angle constraint (lower is
stronger constraint)')
addarg('--cst_sd_metal_lig_ang', type=float,                 default=0.4,

help='std dev of lig-metal-lig angle constraint (lower is stronger constraint)')
addarg('--cst_sd_metal_lig_dist', type=float,                default=0.2,

help='std dev of metal-lig distance constraint (lower is stronger constraint)')
addarg('--cst_sd_metal_olap', type=float,                    default=0.03,

help='std dev of distance between symmetric copies of metal constraint (lower is
stronger constraint)')

addarg('--test_run', action="store_true",                       default=False,
help='ignores most flags and inputs, set to test values')
addarg('--debug', action="store_true",                       default=False,

help='extra output and maybe modified behavior')
addarg('--dist_err_tolerance', type=float,                   default=1.0,

help='max allowed deviation of symmetric metal overlap from 0. applied early, so ok
to be generous')
addarg("--dont_replace_these_aas", nargs="*", type=str,      default=['PRO'],

help='AAs which should not be changed')
addarg('--err_tolerance', type=float,                        default=2.0,

help='max allowed combination of dist_err and angle_err. applied early, so ok to be
generous')
addarg('--max_2res_score', type=float,                       default=10.0,

help='max score delta upon placing rotamers')
addarg('--max_bb_redundancy', type=float,                    default=0.1,

help='max non-aligned rms distance between any outputs')
addarg('--max_cell_size', type=float,                        default=50,

help='maximum cell size (will be correlated to peptide size, maybe use
--max_solv_frac if you have mixed size peptides')
addarg('--max_dun_score', type=float,                        default=6.0,

help='overall maximum DUN score ever allowed for consideration')
addarg('--max_pept_size', type=int,                          default=10,

help='reserve output space for this many residues (keep same to match run results
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together)')
addarg('--max_score_minimized', type=float,                  default=50.0,

help='maximum score after minimization (including cst and all)')
addarg('--max_solv_frac', type=float,                        default=0.8,

help='maximum solvent fraction accepted. this is highly approximate... recommend
spot-checking and adjusting as needed')
addarg('--max_sym_score', type=float,                        default=100.0,

help='max nonbonded energy across xtal contacts (induding clash)')
addarg('--maxdun_asp', type=float,                           default=5.0,

help='max dunbrak score for asp')
addarg('--maxdun_cys', type=float,                           default=4.0,

help='max dunbrak score for cys')
addarg('--maxdun_glu', type=float,                           default=5.0,

help='max dunbrak score for glu')
addarg('--maxdun_his', type=float,                           default=5.0,

help='max dunbrak score for his')
addarg('--min_cell_size', type=float,                        default=0,

help='minimum cell size')
addarg('--min_contacts', type=float,                         default=0,

help='minimun number of res-res contacts across symmetric units')
addarg('--min_dist_to_z_axis', type=float,                   default=5.0,

help='maybe dont change this')
addarg('--output_prefix', type=str,

default='results/mofdock_',  help='prefix to output filenames')
addarg('--overwrite', action="store_true",                   default=False,

help='')
addarg('--rotcloud_cache', type=str,

default='.rotcloud_cache',   help='cache file location')
addarg('--scale_number_of_rotamers', type=float,             default=1.0,

help='modify resolution of rotamers')
addarg('--sfxn_minimize_weights', type=str,

default='minimize.wts',      help='minimization score func wts file')
addarg('--sfxn_rotamer_weights', type=str,

default='rotamer.wts',       help='rotamer scanning score func wts file')
addarg('--sfxn_sterics_weights', type=str,

default='sterics.wts',       help='clash checking score func wts file')
addarg('--spacegroups', nargs='*', type=str,                 default=[],

help='list of spacegroups')
addarg('--sym_axes_angle_tolerance', type=float,             default=5.0,

help='max deviation from crystal "magic angle"')
addarg('--bb_break_dist', type=float,             default=3.0)

addarg('--postprocess', action="store_true",                 default=False,
help='')
addarg('--strip_rosetta_content_from_results', action="store_true",

default=False,               help='')

parser.has_mof_args = True
return parser

def get_cli_args(argv=None, parent=None, **kw):
parser = default_cli_parser(parent, **kw)
argv = sys.argv[1:] if argv is None else argv
argv = rp.app.options.make_argv_with_atfiles(argv, **kw)
options = parser.parse_args(argv)
return rp.Bunch(options)

def defaults():
return get_cli_args([])
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Listing S7: Rosetta minimizes the resulting modeled lattices.

import os, mof, numpy as np, rpxdock as rp
from mof.pyrosetta_init import (rosetta as r, rts, makelattice, addcst_dis,
addcst_ang,

addcst_dih, name2aid, printscores)
from pyrosetta import AtomID
from pyrosetta.rosetta.numeric import xyzVector_double_t as xyzVec

def print_nonzero_energies(sfxn, pose):
for st in sfxn.get_nonzero_weighted_scoretypes():

print(st)

def minimize_mof_xtal(sfxn, xspec, pose, debug=False, **kw):
kw = rp.Bunch(kw)

nresasym = pose.size()
beg = 1
end = nresasym - 1
metalres = rts.name_map('ZN')
metalname = 'ZN'
metalresnos = [nresasym, 2 * nresasym]  # TODO.. make not stupid
metalnbonds = 4

metalaid = AtomID(1, metalresnos[0])

pose = pose.clone()
r.core.pose.remove_lower_terminus_type_from_pose_residue(pose, beg)
r.core.pose.remove_upper_terminus_type_from_pose_residue(pose, end)
for ir in range(1, pose.size() + 1):

if 'HIS' in pose.residue(ir).name():
newname = pose.residue(ir).name().replace('HIS', 'HIS_D')
newname = newname.replace('_D_D', '')
r.core.pose.replace_pose_residue_copying_existing_coordinates(

pose, ir, rts.name_map(newname))

if False:
tmp = pose.clone()
r.core.pose.replace_pose_residue_copying_existing_coordinates(tmp,

metalresnos[0], metalres)
makelattice(tmp)
tmp.dump_pdb('before.pdb')

makelattice(pose)
if debug: print(f'minimize.py score initial....................

{sfxn(pose):10.3f}')

syminfo = r.core.pose.symmetry.symmetry_info(pose)
symdofs = syminfo.get_dofs()
allowed_jumps = list()

nxyz = pose.residue(beg).xyz('N')
cxyz = pose.residue(end).xyz('C')
nac, cac = None, None  # (N/C)-(a)djacent (c)hain
for isub in range(1, syminfo.subunits()):

othern = pose.residue((isub + 0) * nresasym + 1).xyz('N')
otherc = pose.residue((isub + 1) * nresasym - 1).xyz('C')
if nxyz.distance(otherc) < 2.0: cac = (isub + 1) * nresasym - 1
if cxyz.distance(othern) < 2.0: nac = (isub + 0) * nresasym + 1
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assert nac and cac, 'backbone is weird?'
if debug: print('peptide connection 1:', cac, beg)
if debug: print('peptide_connection 2:', end, nac)

f_metal_lig_dist = r.core.scoring.func.HarmonicFunc(kw.cst_dis_metal,
kw.cst_sd_metal_lig_dist)

f_metal_lig_ang = r.core.scoring.func.HarmonicFunc(np.radians(kw.cst_ang_metal),
kw.cst_sd_metal_lig_ang)

f_metal_olap = r.core.scoring.func.HarmonicFunc(0.0, kw.cst_sd_metal_olap)
f_point_at_metal = r.core.scoring.func.HarmonicFunc(0.0, kw.cst_sd_metal_dir)
f_metal_coo = r.core.scoring.func.CircularHarmonicFunc(0.0, kw.cst_sd_metal_coo)
f_cut_dis = r.core.scoring.func.HarmonicFunc(1.328685, kw.cst_sd_cut_dis)
f_cut_ang_cacn = r.core.scoring.func.HarmonicFunc(2.028, kw.cst_sd_cut_ang)
f_cut_ang_cnca = r.core.scoring.func.HarmonicFunc(2.124, kw.cst_sd_cut_ang)
f_cut_dih = r.core.scoring.func.CircularHarmonicFunc(np.pi, kw.cst_sd_cut_dih)
f_cut_dihO = r.core.scoring.func.CircularHarmonicFunc(0.00, kw.cst_sd_cut_dih)

################### check cutpoint ##################

conf = pose.conformation().clone()
assert r.core.conformation.symmetry.is_symmetric(conf)
pi = pose.pdb_info()
conf.declare_chemical_bond(cac, 'C', beg, 'N')
pose.set_new_conformation(conf)
pose.set_new_energies_object(r.core.scoring.symmetry.SymmetricEnergies())
pose.pdb_info(pi)
if debug: print(f'minimize.py: score after chem bonds..........

{sfxn(pose):10.3f}')

#############################################

cst_cut, cst_lig_dis, cst_lig_ang, cst_lig_ori = list(), list(), list(), list()

############### chainbreaks ################

cst_cut.append(addcst_dis(pose, cac, 'C ', beg, 'N', f_cut_dis))
cst_cut.append(addcst_dis(pose, end, 'C ', nac, 'N', f_cut_dis))
if debug: print(f'minimize.py: score after chainbreak dis......

{sfxn(pose):10.3f}')
cst_cut.append(addcst_ang(pose, cac, 'CA', cac, 'C', beg, 'N ', f_cut_ang_cacn))
cst_cut.append(addcst_ang(pose, cac, 'C ', beg, 'N', beg, 'CA', f_cut_ang_cnca))
cst_cut.append(addcst_ang(pose, end, 'CA', end, 'C', nac, 'N ', f_cut_ang_cacn))
cst_cut.append(addcst_ang(pose, end, 'C ', nac, 'N', nac, 'CA', f_cut_ang_cnca))
if debug: print(f'minimize.py: score after chainbreak ang......

{sfxn(pose):10.3f}')

cst_cut.append(addcst_dih(pose, cac, 'CA', cac, 'C', beg, 'N ', beg, 'CA',
f_cut_dih))

cst_cut.append(addcst_dih(pose, end, 'CA', end, 'C', nac, 'N ', nac, 'CA',
f_cut_dih))

cst_cut.append(addcst_dih(pose, cac, 'O ', cac, 'C', beg, 'N ', beg, 'CA',
f_cut_dihO))

cst_cut.append(addcst_dih(pose, end, 'O ', end, 'C', nac, 'N ', nac, 'CA',
f_cut_dihO))

if debug: print(f'minimize.py: score after chainbreak dihedral.
{sfxn(pose):10.3f}')

############## metal constraints ################

for i, j in [(i, j) for i in metalresnos for j in metalresnos if i < j]:
addcst_dis(pose, i, metalname, j, metalname, f_metal_olap)
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if debug:
print(f'minimize.py: score after metal olap ......... {sfxn(pose):10.3f}')

allowed_elems = 'NOS'
znpos = pose.residue(metalresnos[0]).xyz(1)
znbonded = list()
for ir in range(1, len(pose.residues) + 1):

res = pose.residue(ir)
if not res.is_protein(): continue
for ia in range(5, res.nheavyatoms() + 1):

aid = AtomID(ia, ir)
elem = res.atom_name(ia).strip()[0]
if elem in allowed_elems:

xyz = pose.xyz(aid)
dist = xyz.distance(znpos)
if dist < 3.5:

if res.atom_name(ia) in (' OD2', ' OE2'):  # other COO O sometimes
closeish

continue
znbonded.append(aid)

if len(znbonded) != metalnbonds:
print('WRONG NO OF LIGANDING ATOMS', len(znbonded))
if debug:

for aid in znbonded:
print(pose.residue(aid.rsd()).name(),

pose.residue(aid.rsd()).atom_name(aid.atomno()))
pose.dump_pdb('WRONG_NO_OF_LIGANDING_ATOMS.pdb')
return None, None

for i, aid in enumerate(znbonded):
cst = r.core.scoring.constraints.AtomPairConstraint(metalaid, aid,

f_metal_lig_dist)
cst_lig_dis.append(cst)
pose.add_constraint(cst)

if debug: print(f'minimize.py: score after metal dist .........
{sfxn(pose):10.3f}')

for i, aid in enumerate(znbonded):
ir, res = aid.rsd(), pose.residue(aid.rsd())
if all(_ not in res.name() for _ in 'ASP CYS HIS GLU'.split()):

assert 0, f'unrecognized res {res.name()}'
if any(_ in res.name() for _ in 'ASP GLU'.split()):

# metal comes off of OD1/OE1
ir, coo = aid.rsd(), ('OD1 CG OD2' if 'ASP' in res.name() else 'OE1 CD

OE2').split()
cst_lig_ori.append(

addcst_dih(pose, ir, coo[0], ir, coo[1], ir, coo[2], metalaid.rsd(),
metalname,

f_metal_coo))
else:

if 'HIS' in res.name(): aname = 'HD1' if res.has('HD1') else 'HE2'
if 'CYS' in res.name(): aname = 'HG'
cst_lig_ori.append(

addcst_ang(pose, ir, res.atom_name(aid.atomno()), metalaid.rsd(),
metalname, ir,

aname, f_point_at_metal))

if debug: print(f'minimize.py: score after metal dir...........
{sfxn(pose):10.3f}')

for i, iaid in enumerate(znbonded):
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for j, jaid in enumerate(znbonded[:i]):
cst = r.core.scoring.constraints.AngleConstraint(iaid, metalaid, jaid,

f_metal_lig_ang)
cst_lig_ang.append(cst)
pose.add_constraint(cst)

if debug: print(f'minimize.py: score after lig angle added.....
{sfxn(pose):10.3f}')

################ minimization #########################

movemap = r.core.kinematics.MoveMap()
movemap.set_bb(True)
movemap.set_chi(True)
movemap.set_jump(False)
for i in allowed_jumps:

movemap.set_jump(True, i)
minimizer = r.protocols.minimization_packing.symmetry.SymMinMover(

movemap, sfxn, 'lbfgs_armijo_nonmonotone', 0.01, True) # tol, nblist
if sfxn.has_nonzero_weight(r.core.scoring.ScoreType.cart_bonded):

minimizer.cartesian(True)
minimizer.apply(pose)
if debug: print(f'minimize.py: score after min no scale........

{sfxn(pose):10.3f}')

kw.timer.checkpoint(f'min scale 1.0')

asym = r.core.pose.Pose()
r.core.pose.symmetry.extract_asymmetric_unit(pose, asym, False)
r.core.pose.replace_pose_residue_copying_existing_coordinates(asym,

metalresnos[0], metalres)

if debug: print(kw.timer)

info = rp.Bunch()
info.score = sfxn(pose)

############### score component stuff ################
st = r.core.scoring.ScoreType
etot = pose.energies().total_energies()
info.score_fa_atr = (etot[st.fa_atr])
info.score_fa_rep = (etot[st.fa_rep])
info.score_fa_sol = (etot[st.fa_sol])
info.score_lk_ball = (etot[st.lk_ball] + etot[st.lk_ball_iso] +

etot[st.lk_ball_bridge] +
etot[st.lk_ball_bridge_uncpl])

info.score_fa_elec = (etot[st.fa_elec] + etot[st.fa_intra_elec])
info.score_hbond_sr_bb = (etot[st.hbond_sr_bb] + etot[st.hbond_lr_bb] +

etot[st.hbond_bb_sc] +
etot[st.hbond_sc])

info.score_dslf_fa13 = (etot[st.dslf_fa13])
info.score_atom_pair_constraint = (etot[st.atom_pair_constraint])
info.score_angle_constraint = (etot[st.angle_constraint])
info.score_dihedral_constraint = (etot[st.dihedral_constraint])
info.score_omega = (etot[st.omega])
info.score_rotamer = (etot[st.fa_dun] + etot[st.fa_dun_dev] + etot[st.fa_dun_rot]

+
etot[st.fa_dun_semi] + etot[st.fa_intra_elec] +

etot[st.fa_intra_rep] +
etot[st.fa_intra_atr_xover4] + etot[st.fa_intra_rep_xover4]

+
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etot[st.fa_intra_sol_xover4])
info.score_ref = (etot[st.ref])
info.score_rama_prepro = (etot[st.rama_prepro])
info.score_cart_bonded = (etot[st.cart_bonded])
info.score_gen_bonded = (etot[st.gen_bonded])

pose.remove_constraints()
info.score_wo_cst = sfxn(pose)

[pose.add_constraint(cst) for cst in cst_cut]
info.score_cst_cut = sfxn(pose) - info.score_wo_cst
pose.remove_constraints()

[pose.add_constraint(cst) for cst in cst_lig_dis]
[pose.add_constraint(cst) for cst in cst_lig_ang]
[pose.add_constraint(cst) for cst in cst_lig_ori]
info.score_cst_lig_ori = sfxn(pose) - info.score_wo_cst
pose.remove_constraints()

[pose.add_constraint(cst) for cst in cst_lig_dis]
info.score_cst_lig_dis = sfxn(pose) - info.score_wo_cst
pose.remove_constraints()

[pose.add_constraint(cst) for cst in cst_lig_ang]
info.score_cst_lig_ang = sfxn(pose) - info.score_wo_cst
pose.remove_constraints()

[pose.add_constraint(cst) for cst in cst_lig_ori]
info.score_cst_lig_ori = sfxn(pose) - info.score_wo_cst
pose.remove_constraints()

return asym, info

Designing non-coordinating residues: Once the crystals are modeled and filtered for clashing,
amino acids not involved in the metal coordination are designed using Rosetta. This optimizes
the sequence for the best packing in the context of the crystal lattice while constraining the metal
coordinating residues.

Listing S8: The following xml protocol is used to design macrocycles in the context of the 3D lattices.

<ROSETTASCRIPTS>
<SCOREFXNS>

<ScoreFunction name="beta" weights="ref2015" symmetric="1" />

<ScoreFunction name="beta_ncs" weights="ref2015" symmetric="1" >
<Reweight scoretype="dihedral_constraint" weight="1.0" />

</ScoreFunction>

<ScoreFunction name="beta_soft" weights="ref2015" symmetric="1" >
<Reweight scoretype="fa_rep" weight="0.05" />

</ScoreFunction>

<ScoreFunction name="beta_cst_highhbond" weights="ref2015_cst.wts"
symmetric="true" >

<Reweight scoretype="chainbreak" weight="25.0" />
<Reweight scoretype="hbond_sr_bb" weight="10.0" />
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<Reweight scoretype="hbond_lr_bb" weight="10.0" />
</ScoreFunction>

<ScoreFunction name="beta_cst_highhbond_comp" weights="ref2015_cst.wts"
symmetric="true" >

<Reweight scoretype="chainbreak" weight="25.0" />
<Reweight scoretype="hbond_sr_bb" weight="10.0" />
<Reweight scoretype="hbond_lr_bb" weight="10.0" />
<Reweight scoretype="aa_composition" weight="1.0" />
<Reweight scoretype="aspartimide_penalty" weight="1.0" />

</ScoreFunction>
</SCOREFXNS>

<RESIDUE_SELECTORS>
<ResidueName name="metal_binding"

residue_name3="ASP,GLU,HIS,CYS,DAS,DGU,DHI,DCS" />
<Not name="designable" selector="metal_binding" />
<Phi name="pos_phi" select_positive_phi="true"

ignore_unconnected_upper="false"/>
<Not name="neg_phi" selector="pos_phi" />
<And name="designable_posphi" selectors="designable,pos_phi" />
<And name="designable_negphi" selectors="designable,neg_phi" />
<Index name="asym_unit" resnums="1-3" />
<Index name="select_first_res" resnums="1" />
<Index name="select_last_res" resnums="3" />
<And name="designable_asym_unit" selectors="designable,asym_unit" />

</RESIDUE_SELECTORS>

<PACKER_PALETTES>
<CustomBaseTypePackerPalette name="palette"

additional_residue_types="AIB,DALA,DPHE,DILE,DLYS,DLEU,DMET,DASN,DPRO,DGLN,DARG,DSER
,DTHR,DVAL,DTRP,DTYR"/>

</PACKER_PALETTES>

<TASKOPERATIONS>

<ExtraRotamersGeneric name="extrarot" ex1="true" ex2="true" ex3="false"
ex4="false" extrachi_cutoff="3" />

<ReadResfile name="laa" filename="inputs/laa.resfile"
selector="designable_negphi" />

<ReadResfile name="daa" filename="inputs/daa.resfile"
selector="designable_posphi" />

<OperateOnResidueSubset name="no_design_metal_binding_positions"
selector="metal_binding" >

<PreventRepackingRLT/>
</OperateOnResidueSubset>

</TASKOPERATIONS>

<FILTERS>
<ShapeComplementarity name="sc_filt" jump="1" verbose="1" min_sc="0.2"

write_int_area="1" confidence="0"/>
<ScoreType name="fa_rep" score_type="fa_rep" threshold="4000"

scorefxn="beta" confidence="1" />
<ScoreType name="fa_rep_reporter" score_type="fa_rep" threshold="2000"

scorefxn="beta" confidence="0" />
<ScoreType name="total_score_reporter" score_type="total_score"

threshold="2000" scorefxn="beta" confidence="0" />

<OversaturatedHbondAcceptorFilter name="oversat"
max_allowed_oversaturated="0" hbond_energy_cutoff="-0.1"
consider_mainchain_only="true" scorefxn="beta" />

</FILTERS>
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<MOVERS>
<MakeLatticeMover name="make_lattice" contact_dist="20" />
TaskAwareSymMinMover name="min" scorefxn="beta" bb="0" chi="1" rb="1"

symdofs="A,B" task_operations="design_task" />

<ModifyVariantType name="upper_cutpoints" add_type="CUTPOINT_UPPER"
residue_selector="select_first_res" />

<ModifyVariantType name="lower_cutpoints" add_type="CUTPOINT_LOWER"
residue_selector="select_last_res" />

<DeclareBond name="bond1" res1="9" res2="1" atom1="C" atom2="N"
add_termini="false" />

<Small name="small_perturbation" angle_max="5.0" scorefxn="beta" />
<FastRelax name="frlx1" repeats="1" scorefxn="beta_cst_highhbond"

min_type="dfpmin">
<MoveMap name="frlx_mm1" >

<Span begin="1" end="999" bb="false" chi="false" />
</MoveMap>

</FastRelax>
<FastRelax name="frlx2" repeats="1" scorefxn="beta_cst_highhbond"

min_type="dfpmin">
<MoveMap name="frlx_mm2" >

<Span begin="1" end="999" bb="true" chi="true" />
</MoveMap>

</FastRelax>
<AddCompositionConstraintMover name="aacomp_all" filename="inputs/all.comp"

selector="designable_asym_unit" />

<PackRotamersMover name="fdes1" scorefxn="beta_cst_highhbond_comp"
task_operations="laa,daa,no_design_metal_binding_positions" packer_palette="palette"
/>

<FastRelax name="frlx3" repeats="1" scorefxn="beta" min_type="dfpmin"
task_operations="extrarot" >

<MoveMap name="frlx_mm3" >
<Span begin="1" end="999" bb="true" chi="true" />

</MoveMap>
</FastRelax>

</MOVERS>
<APPLY_TO_POSE>
</APPLY_TO_POSE>
<PROTOCOLS>

<Add mover="make_lattice" />
<Add filter="sc_filt" />
<Add filter="fa_rep" />
<Add filter="fa_rep_reporter" />
<Add filter="total_score_reporter" />
<Add mover="small_perturbation" />
<Add mover="aacomp_all" />
<Add mover="fdes1" />
<Add filter="sc_filt" />
<Add filter="fa_rep" />

</PROTOCOLS>
</ROSETTASCRIPTS>

Listing S9: The following flags file specifies the options used while designing the lattices.
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-l inputs/all.list
-nstruct 1
-in:file:extra_res_fa HZD.params
-parser:protocol inputs/working_peptide_xtal_design.xml
-crystal_refine
-ex1
-ex2
-out:file:scorefile score.sc
-matdes::num_subs_building_block 2
-no_his_his_pairE
-per_chain_renumbering
-out:path:all output/
-detect_disulf false
-symmetry_definition CRYST1
-overwrite
-out:path:pdb outputs

Filtering modeled lattices: Modeled crystal lattices were filtered based on density and energy
calculations. The density of each crystal model was calculated using the following script. Here
the peptides are split into asymmetric units (i.e. a C3 peptide has three repeating asymmetric
units). The mass of the asymmetric unit is calculated and multiplied by the number of
asymmetric units in a unit cell. Then, the volume of the unit cell is also calculated and density is
determined by dividing the mass by the volume and saved in a list.

Listing S10: Density calculations for designed crystal lattices.

## This script takes a list of pdb names without a path or a '.pdb' at the end.
## The mass of an asymmetric unit (aka one chain) is calculated.
## The unit cell volume is calculated based on CRYST1 line

from pyrosetta import *
import re
import argparse
import glob
import sys
import math
from pathlib import Path
from astropy.table import Table
from astropy.io import ascii

#takes a list of pdb names
def parse_arguments(argv):

parser = argparse.ArgumentParser(description="takes list of peptide names")
parser.add_argument('PEP_LIST', nargs = 1, type = str, help = 'List of pdb

names')
args = parser.parse_args()
return args

#calculates the cubic volume of the unit cell. Takes in the file path to a pdb
def unit_cell_volume (pdb_file_path):

file_path = Path(pdb_file_path)
with open (file_path) as pdb:

#read Cryst1 line
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cryst1 = []
for line in pdb:

if line.startswith("CRYST1"):
cryst1 = (line).split()

print("CRYST! LINE IS: ", cryst1)
#extract x,y,z, and angles from cryst1 based on digit patterns
x_y_z = [float(i) for i in cryst1[1:7]]

#determine crystal system
if x_y_z[0] == x_y_z[1] == x_y_z[2] and x_y_z[3] == x_y_z[4] == x_y_z[5] ==

90.00:
crystal_system = "cubic"

elif x_y_z[0] == x_y_z[1] != x_y_z[2] and x_y_z[3] == x_y_z[4] == 90.00 and
x_y_z[5] == 120.00:

crystal_system = "hexagonal"
elif x_y_z[0] == x_y_z[1] != x_y_z[2] and x_y_z[3] == x_y_z[4] == x_y_z[5]

== 90.00:
crystal_system = "tetragonal"

elif x_y_z[0] == x_y_z[1] == x_y_z[2] and x_y_z[3] == x_y_z[4] == x_y_z[5]
!= 90.00:

crystal_system = "rhombohedral"
elif x_y_z[0] != x_y_z[1] != x_y_z[2] and x_y_z[3] == x_y_z[4] == x_y_z[5]

== 90.00:
crystal_system = "orthorhombic"

elif x_y_z[0] != x_y_z[2] and x_y_z[3] == x_y_z[4] == 90.00 and x_y_z[5] !=
90.00:

crystal_system = "monoclinic"
elif x_y_z[0] != x_y_z[1] != x_y_z[2] and x_y_z[3] != x_y_z[4] != x_y_z[5]:

crystal_system = "triclinic"

#determine lattice centering and number of asu in a unit cell
if cryst1[7] == "P":

lattice_centering = "primitive"
N_asu = "1"

elif cryst1[7] == "I":
lattice_centering = "body centered"
N_asu = "2"

elif cryst1[7] == "F":
lattice_centering = "face centered"
N_asu = "4"

elif cryst1[7] == "A" or cryst1[7] == "B" or cryst1[7]== "C":
lattice_centering = "base centered"
N_asu = "2"

elif cryst1[7] == "R":
lattice_centering = "D centered"
N_asu = "1"

#calculate cubic volume of unit cell
if crystal_system == "cubic":

volume = x_y_z[0] * x_y_z[1] * x_y_z[2]
return volume

elif crystal_system == "hexagonal":
volume = 0.866 * x_y_z[0] * x_y_z[0] * x_y_z[2]
return volume

elif crystal_system == "tetragonal":
volume = x_y_z[0] * x_y_z[0] * x_y_z[2]
return volume

elif crystal_system == "rhombohedral":
volume = [sqrt(1- 3 * (math.cos(x_y_z[3]))**2 + 2 *

(math.cos(x_y_z[3]))**3)] * (x_y_z[0] ** 3)
return volume

elif crystal_system == "orthorhombic":
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volume = x_y_z[0] * x_y_z[1] * x_y_z[2]
return volume

elif crystal_system == "monoclinic":
volume = x_y_z[0] * x_y_z[1] * x_y_z[2] * math.sin(x_y_z[4])
return volume

elif crystal_system == "triclinic":
volume = x_y_z[0] * x_y_z[1] * x_y_z[2]

return volume

#calculates the mass of one chain. Takes in the file path to a pdb and the length of
the asymmetric unit.
def get_mass_asym_unit (pdb_file_path):

file_path = Path(pdb_file_path)

with open (file_path) as pdb:

#read Cryst1 line
cryst1=[]
for line in pdb:

if line.startswith("CRYST1"):
cryst1 = (line).split()

#extract x,y,z, and angles from cryst1 based on digit patterns
x_y_z = cryst1[1]

#use ref 2015 score function
sfxn = get_score_function()

#creates pose from one chain as the asymmetric unit
pose = pose_from_pdb(pdb_file_path)

#make a list of atom types in a pose and count the number of atoms in that list.
Atoms = []
for res in pose:

for i in range(1, len(res.atoms())+1):
Atoms.append(res.atom_name(i))

#calculate mass of asym unit pose in grams/pose not moles
mass = pyrosetta.rosetta.core.pose.mass(1,3,pose) / (6.022*10**23)

#returns the mass and energy of the unit cell
return [mass, sfxn(pose)]

if __name__ == '__main__':
pyrosetta.init('-crystal_refine -in:file:extra_res_fa

/projects/peptides/mofs/params_files/HDZ.params' )

args = parse_arguments(sys.argv)

#takes in a list of pdb names. ex tmp.list
input_file = args.PEP_LIST[0]

data_rows = []

with open (input_file) as f:
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for lines in f:

designed_name = 'input/' + lines.rstrip()
print('THIS IS THE PATH!!!!!' + designed_name)

vol = (unit_cell_volume(designed_name))

###################REMEMBER TO CHANGE BASED ON SPACE GROUP#######################
####density of P23 space group using multi = 12  ################################
##################################################################################

density = round((get_mass_asym_unit(designed_name)[0]*12)/(vol*10**-24),
6)

data_rows.append((lines.rstrip(), vol,  density) )

#saves data in a table format
data = Table(rows=data_rows, names= ('PDB', 'UNIT_CELL_VOLUME',

'Density_g/cm^3'))

#export data as energy_data.list so it can be sorted and filtered later.
ascii.write(data, 'energy_data_g_cm.list', overwrite=True, format='fixed_width'

)

Listing S11: The lattice energy landscape is estimated by draping the peptide sequence on all modeled
lattices, then scoring the results using Rosetta’s energy function.

import pyrosetta
from pyrosetta import rosetta

import numpy as np

pyrosetta.init('-extra_res_fa /home/csykang/scripts/Params/HZD.params
-in:file:fullatom -symmetry_definition CRYST1')
path_to_scaffolds =
str("/projects/peptides/mofs/mof_design/xtal_matches_WS/P4332_c3_9res_20200608/")

# This script will grab the sequences from the designed pdbs and determine the
extent to which a given sequence is favored by a given peptide xtal lattice
# This will be done by draping each sequence and circular permutations of the
sequence over a series of lattices, then scoring each draped sequence to see which
peptide + scaffold combinations work the best.

_DEBUG = False

#takes a list of pdb names
def read_in_pdbs():

# Reads a pdbs.list file to get the paths to all of the pdbs I want to test,
# then opens the pdbs with import_pose.pose_from_file
# Returns a list, raw_pose_list, that contains all of the poses
raw_pose_path_list = []
raw_pose_list = []
pdbslist = open("pdbs.list", "r")
lines = pdbslist.read().splitlines()
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for line in lines:
raw_pose_path_list.append(line)

for path in raw_pose_path_list:
raw_pose = rosetta.core.import_pose.pose_from_file(path)
raw_pose_list.append(raw_pose)

return raw_pose_list

def cyc_align(pose):
# Takes in a pose, cyclizes it, then aligns it to the z-axis
# Returns a pose
pcm = rosetta.protocols.cyclic_peptide.PeptideCyclizeMover()
ata=rosetta.protocols.cyclic_peptide.SymmetricCycpepAlign()
pcm.apply(pose)
ata.apply(pose)
return pose

def mutate_residues(t,r,p):
mut = rosetta.protocols.simple_moves.MutateResidue()
mut.set_target(t)
mut.set_res_name(r)
mut.set_preserve_atom_coords(False)
mut.apply(p)
return p

def fix_HZD_termini(s):
substring = ":"
if s == "HZD":

return "HIS"
elif substring in s:

return s.split(':')[0]
else:

return s

def output_data(seq_pdb, scaff_score_dictionary):
seq_name = seq_pdb.split(".pdb")[0]

file_name = 'drape_seq_summaries/sequence_{}_scores.txt'.format(seq_name)
o = open(file_name, "w")
o.write("DESIGNED SEQ PDB NAME: %s\n" % seq_pdb)

for scaff in scaff_score_dictionary:
o.write("SCAFFOLD: %s\t\t" % scaff)
o.write("SEQ_PERMUTATION, SCORE: %s\n" % scaff_score_dictionary[scaff])

def minimize(p,sfxn):
movemap = rosetta.core.kinematics.MoveMap()
movemap.set_chi(True)
movemap.set_bb(False)
movemap.set_jump(False)
minmover = pyrosetta.rosetta.protocols.minimization_packing.MinMover(movemap,

sfxn, 'linmin', 0.001, True)
for i in range(5):

minmover.apply(p)

def cyclic_perm(list_of_seq):
n = len(list_of_seq)
result = []
for j in range(n):

def f(l, k=j):
return list(map(lambda i: l[i - k], range(n)))
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result.append(f)
return result

def check_and_remove_variant(input_pose):
''' util function to remove the terminal variant

in order to correctly calculate the distances between fragment pairs
and find the correct atom (for example, "N", "C") to declare bond and

determine connecting direction
'''
for in_idx in range(1, input_pose.size()+1):

upper =
input_pose.residue(in_idx).has_variant_type(pyrosetta.rosetta.core.chemical.VariantT
ype.UPPER_TERMINUS_VARIANT)

if upper:
pyrosetta.rosetta.core.pose.remove_variant_type_from_pose_residue(

input_pose, pyrosetta.rosetta.core.chemical.UPPER_TERMINUS_VARIANT, in_idx)

lower =
input_pose.residue(in_idx).has_variant_type(pyrosetta.rosetta.core.chemical.VariantT
ype.LOWER_TERMINUS_VARIANT)

if lower:
pyrosetta.rosetta.core.pose.remove_variant_type_from_pose_residue(

input_pose, pyrosetta.rosetta.core.chemical.LOWER_TERMINUS_VARIANT, in_idx)

def create_xyz_array(input_pose):
''' go through all the heavyatoms of the pose

extract the xyz coordinate, and put it into a hugh xyz numpy array
and use a dictionary to keep track the residue and atom index for each numpy

array entry
'''
xyz_list = []
idx_info_dict = {}
count = 0
for res_i in range(1, input_pose.size()+1):

this_res = input_pose.residue(res_i)
if this_res.is_virtual_residue(): continue
this_aa3  = this_res.name3().strip()
if this_aa3 == "ZN":continue
for atom_i in range(1, 5):

this_atom_name = this_res.atom_name(atom_i).strip()
this_xyz = this_res.atom(this_atom_name).xyz()
this_array = [this_xyz.x, this_xyz.y, this_xyz.z]
xyz_list.append(this_array)
idx_info_dict[count] = [res_i, atom_i, this_atom_name]
count += 1

return np.array(xyz_list), idx_info_dict

def connect_downstream_frag(input_lattice, ref_frag_key = 1, dist_cutoff = 2.0):
from scipy.spatial.distance import cdist
''' This function will find the downstream fragment of a specified fragment in a

lattice
And declare a bond between the fragment and the found downstream one.
The purpose of the bond declaration is for correctly energy calculation

'''
## ------- step1 extract all the fragments, and clean up by removing all the

terminal variants --------- ##
fragments = input_lattice.split_by_chain()
for frag_key, each_frag in enumerate(fragments, start=1):

check_and_remove_variant(each_frag)

## go through fragments, create a dictionary storing the fragment information
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## fragment key is actually also the chain index of the lattice, 1-based index
frag_dict = {}
for frag_key, each_frag in enumerate(fragments, start=1):

xyz_array, idx_info_dict = create_xyz_array(each_frag)
frag_dict[frag_key] = (each_frag, xyz_array, idx_info_dict)

## go through fragment,
## and find the fragment corresponding to the specified fragment (reference

fragment)
## and find its neighbor fragments
## it only need to connect the downstream one, due to the symmetry
connections = {}
for frag_key, frag_value in frag_dict.items():

## skip the specified fragment
if frag_key == ref_frag_key: continue

## collect the query and ref information
query_xyz       = frag_value[1]
query_info_dict = frag_value[2]

ref_xyz       = frag_dict[ref_frag_key][1]
ref_info_dict = frag_dict[ref_frag_key][2]

if query_xyz.size > 0:
pair_dist = cdist(query_xyz, ref_xyz)
query_indices, ref_indices = np.where(pair_dist < dist_cutoff)
for query_idx, ref_idx in zip(query_indices, ref_indices):

query_atom = query_info_dict[query_idx][2]
ref_atom   =   ref_info_dict[  ref_idx][2]

query_resnum = query_info_dict[query_idx][0]
ref_resnum   =   ref_info_dict[  ref_idx][0]

if f"{ref_atom}{query_atom}" == "CN":
if ref_frag_key == 1:

res1 = ref_resnum
else:

res1 = input_lattice.chain_end(ref_frag_key-1) + ref_resnum
atom1 = ref_atom
if frag_key == 1:

res2 = query_resnum
else:

res2 = input_lattice.chain_end(frag_key-1) + query_resnum
atom2 = query_atom
connections["down"] = ((ref_frag_key, frag_key), (res1, atom1,

res2, atom2))

declare_bond = pyrosetta.rosetta.protocols.cyclic_peptide.DeclareBond()
print(f'Declaring bond of the specified fragment {connections["down"][0][0]} to

the downstream fragment: {connections["down"][0][1]}')
declare_bond.set(connections["down"][1][0], connections["down"][1][1],

connections["down"][1][2], connections["down"][1][3], add_termini = False)
declare_bond.apply(input_lattice)
return None

def connect_downstream_frag_simplified(input_lattice, ref_frag_key = 1, dist_cutoff
= 2.0):

from scipy.spatial.distance import cdist
''' This function will find the downstream fragment of a specified fragment in a

lattice
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And declare a bond between this fragment and the found downstream one.
The purpose of the bond declaration is for correctly energy calculation

'''
## ------- step1 extract all the fragments --------- ##
fragments = input_lattice.split_by_chain()

ref_frag  = fragments[ref_frag_key]
ref_indices = [x for x in range(1, ref_frag.size()+1) if

ref_frag.residue(x).is_protein()]
if not ref_indices:

print("please choose another ref fragment")
return None

ref_frag.sequence()
ref_C_res = ref_frag.residue(ref_indices[-1])
ref_C_xyz = ref_C_res.atom("C").xyz()
## go through fragments, create a list storing the connections between N and C
connections = []
for frag_key, each_frag in enumerate(fragments, start=1):

if frag_key == ref_frag_key: continue
frag_indices = [x for x in range(1, each_frag.size()+1) if

each_frag.residue(x).is_protein()]
if not frag_indices: continue
N_res = each_frag.residue(frag_indices[0])
N_xyz = N_res.atom("N").xyz()
CN_dist = np.linalg.norm(ref_C_xyz - N_xyz)
if CN_dist < dist_cutoff:

if ref_frag_key == 1:
res1 = ref_indices[-1]

else:
res1 = input_lattice.chain_end(ref_frag_key-1) + ref_indices[-1]

atom1 = "C"
res2 = input_lattice.chain_end(frag_key-1) + frag_indices[0]
atom2 = "N"
connections.append( ((ref_frag_key, frag_key), (res1, atom1, res2,

atom2)) )

declare_bond = pyrosetta.rosetta.protocols.cyclic_peptide.DeclareBond()
for keys, connection in connections:

print(f'Declaring bond of the specified fragment {keys[0]} to the downstream
fragment: {keys[1]}')

declare_bond.set(connection[0], connection[1], connection[2], connection[3],
add_termini = False)

declare_bond.apply(input_lattice)
return None

##----------------------------------------------------------------------------------
---------##

# Read in designed pdbs
designed_pdbs = read_in_pdbs() # imports poses - requires a "pdbs.list" file
containing paths
sfxn = rosetta.core.scoring.ScoreFunctionFactory.create_score_function('ref2015')

# Make xml objs for specific Movers
xml = rosetta.protocols.rosetta_scripts.XmlObjects.create_from_string("""
<RESIDUE_SELECTORS>

<Index name="peptide" resnums="1-9" />
</RESIDUE_SELECTORS>
<MOVERS>

<MakeLatticeMover name="mlm" contact_dist="20" />
</MOVERS>
""")
mlm = xml.get_mover("mlm")
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# Put designed sequences into a dictionary
dictionary_designed = {}
for pdb in designed_pdbs:

pdb_name = pdb.pdb_info().name().split('/')[-1] # gets the pdb name for outputs
later

res_index = list(range(1,rosetta.core.pose.chain_end_res(pdb,1)+1))

seq_list = []
for res in range(1, rosetta.core.pose.chain_end_res(pdb, 1)+1):

seq_list.append(fix_HZD_termini(pdb.residue(res).name()))

print("SEQ_LIST:", seq_list)

seq_nozn_list = [x for x in seq_list if x != "ZN"]

print("SEQ_LIST_NOZN:", seq_nozn_list)

cp_seq_list = []
for seq in cyclic_perm(seq_nozn_list): # cyclic permutations

cp_seq_list.append(seq(seq_nozn_list))
print(seq)

dictionary_designed.update(dict({pdb_name : cp_seq_list}))

# depending on what you want, this could be either all of the scaffolds, or just the
scaffolds that are comparable (same metal binding ligands)
ext = str(".pdb")
dictionary_scaff = {}

for key in dictionary_designed.keys():
list_of_tuples = []
k = key.split('_0001.pdb')[0] # Needs to be checked to make sure the names still

work
k_n = "".join((k,ext))
s_l = "".join((path_to_scaffolds,k_n))
scaff = rosetta.core.import_pose.pose_from_file(str(s_l))

for resnum in range(1, int(rosetta.core.pose.chain_end_res(scaff,1))):
print(resnum, scaff)
mutate_residues(resnum,'GLY',scaff)

mlm.apply(scaff) # apply MakeLatticeMover
# This would be the best place to declare bonds on the poly gly lattices so that

they're fixed before being put into my dictionary of scaffolds, dictionary_scaff.

connect_downstream_frag_simplified(scaff, ref_frag_key = 1, dist_cutoff = 2.0)

polygly_score = round(sfxn(scaff), 2)

list_of_tuples.append((scaff, polygly_score))
dictionary_scaff.update(dict({k_n : list_of_tuples})) # key = name of the

scaffold, value = list of tuples containing (poly gly lattice pose (called "scaff")
and the score of "scaff")

# Mutate each scaffold to the sequence saved in the dictionary
dictionary_scores = {}
for pep_seq in dictionary_designed:

dictionary_seq_scaff = {}
for scaff, info in dictionary_scaff.items():

for scaff_pdb in info:
permutation_counter = 1
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list_of_tuples = []
for seq_permutation in dictionary_designed[pep_seq]:

for resnum in range(1,
int(rosetta.core.pose.chain_end_res(scaff_pdb[0],1))):

mutated_pose =
mutate_residues(resnum,seq_permutation[resnum-1],scaff_pdb[0])

#dbm.apply(mutated_pose)
minimize(mutated_pose,sfxn) # to fix the wonky side chains

mut_score = round(sfxn(mutated_pose), 2) # score the peptide, round
makes it output to 2 decimal places

# Subtracting the poly_gly score from the "total_score" value so
that we're only looking at the effects of the designed residues.

total_score = mut_score - scaff_pdb[1]

if _DEBUG:
total_energies = mutated_pose.energies().total_energies()
fa_rep =

mutated_pose.energies().total_energies()[pyrosetta.rosetta.core.scoring.ScoreType.fa
_rep]

print("POLY_GLY_only_score: ", scaff_pdb[1])
print("TOTAL:", total_score)

mutated_pose.dump_pdb('sequence_{}_permutation_number_{}_in_scaffold_{}'.format(pep_
seq.split(".pdb")[0].split("mofdock_asym_")[1],permutation_counter, scaff))

list_of_tuples.append((permutation_counter, total_score))
dictionary_seq_scaff.update(dict({scaff : list_of_tuples}))

permutation_counter +=1

output_data(pep_seq, dictionary_seq_scaff) # output data to a .txt file.
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2.6.4 Supplementary Data

Analytical UPLC and LCMS spectra for each peptide
Percent purity is calculated based on area integration of the analytical plot.

Peptide C2-1: (3-(4-Pyridyl)-alanine - β-Homoproline - α-Aminobutyric acid - 3-(4-Pyridyl)-alanine -
β-Homoproline - α-Aminobutyric acid)

Peptide C2-2: (3-(4-Pyridyl)-alanine -1,2,3,4-tetrahydroisoquinoline-3-carboxylic acid -
3-Aminobutanoic acid -3-(4-Pyridyl)-alanine - 1,2,3,4-tetrahydroisoquinoline-3-carboxylic acid -
3-Aminobutanoic acid)



77

Peptide C3-1: (EhPEhPEhP)

Peptide C3-2: (DhmDhmDhm)
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Peptide S2-1: (ppKvEPPkVe)

Peptide S2-2: (aNkhPeAnKHpE)
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CHAPTER 3: DESIGN OF PEPTIDE INDUCIBLE DIMERIZATION OF PROTEINS

3.1 INTRODUCTION

Structured cyclic peptides can be used to induce the oligomerization of proteins. Protein

oligomerization is critically important for proper cellular functions.57 It is involved in controlling

most cellular processes such as gene expression, signal transduction, and protein transport.58

Over the past two decades, synthetic biologists have been mimicking and interrogating these

interactions using chemically inducible dimers (CIDs).58–60 Through the modification of natural

proteins, scientist have gained spatial and temporal control over cell signals in order to examine

complicated cellular pathways in the lab.61–63 Additionally, CIDs are used to control therapeutic

drug activity such as making a toggle switch for chimeric antigen receptors (CARs) t-cell

therapy.64 CARs are engineered receptors clinically approved to induce an immune response

against cancer. However, one limitation of this therapy is that it is constitutively turned on after

administration. This leads to toxicities due to autoimmune response.65

The majority of existing CID systems are rapamycin based.58,59 Rapamycin is a natural

macrocyclic compound that is clinically approved as an immunosuppressant drug. Although the

binding of rapamycin to its binding proteins FKBP and FRB makes a robust chemically induced

dimer, its many off-target effects make it difficult to use for therapeutic and experimental

purposes.66 In addition to rapamycin based CIDs, multiple CID systems have recently been

developed using clinically approved drugs as the chemical inducer. 59,63,67–69 Although successful

in controlling protein dimerization, the use of natural proteins and small molecule drugs as

chemically inducible dimers introduces undesired off-target effects and toxicities obscuring the

results.

https://paperpile.com/c/oTnxO8/dSef
https://paperpile.com/c/oTnxO8/A0YQ
https://paperpile.com/c/oTnxO8/FQt3+A0YQ+Ltgn
https://paperpile.com/c/oTnxO8/fsbS+6CQx+PYLZ
https://paperpile.com/c/oTnxO8/SVnT
https://paperpile.com/c/oTnxO8/ubEp
https://paperpile.com/c/oTnxO8/A0YQ+FQt3
https://paperpile.com/c/oTnxO8/g69Z
https://paperpile.com/c/oTnxO8/FQt3+PYLZ+egj9+VwuR+mL9y
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We aimed to design completely de novo chemically inducible dimers using de novo

designed helical proteins and cyclic peptides. De novo chemically inducible dimeric proteins

provide the advantages of thermal stability and orthogonality to biological systems. Additionally,

our cyclic peptides are designed to be membrane permeable in order to target intracellular

proteins.11 C2 symmetric peptide induced homodimerization of proteins can be used to control

natural protein homodimers, such as tyrosine kinases, caspases, and CAR T-cells for the

exploration and regulation of cell signals.

Members of the lab have generated C2 symmetric homodimeric proteins and C2

symmetric peptide using Rosetta molecular modeling. These proteins and peptides have been

validated using x-ray crystallography with some matching the designed models to below 2Å Cα

RMSD.39,70 I used Rosetta to dock cyclic peptides into protein pockets and redesign the

protein-peptide interface to optimize binding energy. Finally, the designed models were filtered

using Rosetta and AlphaFold2. The best designed scaffolds were experimentally tested using

equilibrium dialysis and isothermal calorimetry, leading to the validation of multiple low

micromolar and nanomolar peptide binders with structural validation using X-ray

crystallography. These validated binders can now be optimized for chemical inducibility using a

split luciferase assay.

3.2 EXPERIMENTAL AND COMPUTATIONAL METHODS

3.2.1 Computational protocol

We used the Rifgen/Rifdock protocol described in Cao et al. to design peptide binding

proteins.71 Taking crystal structure validated cyclic peptides and AlphaFold2 validated proteins,15

we use Rifgen to save the inverse rotamers of amino acids with positive interactions with target

https://paperpile.com/c/oTnxO8/DCji
https://paperpile.com/c/oTnxO8/rboE+3clN
https://paperpile.com/c/oTnxO8/ah6n
https://paperpile.com/c/oTnxO8/DZWL
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peptides into a searchable hash table. Then, we use Rifdock to place the peptide on the C2

symmetry axis of the homodimeric proteins and sample translational and rotational perturbations

in the docking model. Docks with high contact surface area between the peptide and the protein

and at least six Rifgen matching residues are saved for further interface design to improve the

predicted binding affinity.

Chosen docks are designed using Rosetta’s FastDesign protocol.71 The peptide’s

backbone positions are constrained in the protein pocket. Then, two rounds of FastDesign

FastRelax are used to sample various amino acid rotamers and identities on the protein-peptide

interface. During this process, the peptide sidechains are allowed to repack but not redesign.

Rosetta interface filters such as ddG, ContactMolecularSurface, and SASA are used to extract

the top designs.71 These protein designs are further filtered using AlphaFold2 for structure

prediction. If AlphaFold2 predicts a structure that matches the design model with low RMSD

and high pLDDT, that design is considered to pass the filter and can be visually scrutinized.

Once we have 20-40 filtered designs for each design run, genes encoding the filtered proteins are

ordered from IDT for experimental validation. The exact computational protocol is available

upon request and will be published with the associated manuscript.

3.2.2 Experimental protocol

The protein expression and purification protocol follows the protocol described in

Hicks et al.70 Genes are ordered as eblocks from IDT and are expressed in BL21 E. coli strain

from NEB. The golden gate reaction is used to assemble genes into a vector containing a

histidine tag as described in Wicky et al.72 Proteins are purified using nickel column affinity

chromatography, then size exclusion chromatography. Proteins are concentrated in 25mM Tris

https://paperpile.com/c/oTnxO8/ah6n
https://paperpile.com/c/oTnxO8/ah6n
https://paperpile.com/c/oTnxO8/rboE
https://paperpile.com/c/oTnxO8/Yl8T
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HCL 100mM NaCl buffer pH 8.0 and protein purity and identity is validated using SDS PAGE

gel and electrospray ionization mass spectrometry.

Peptide binding is validated using equilibrium dialysis and isothermal titration

calorimetry (ITC). 73,74 For equilibrium dialysis, 6 uM peptide is dissolved in 5% DMSO in

25mM Tris HCL 100mM NaCl buffer pH 8.0. The peptide is incubated on one side of an

equilibrium dialysis membrane with 100uM protein in the same buffer incubated on the other

side of the membrane. The equilibrium dialysis plate is left shaking at 250 RPM at room

temperature overnight. Then 20 uL from each side of the membrane is added to 140 uL

acetonitrile 0.1% formic acid. This mixture is spun down at 10,000 RPM for 10 minutes to crash

down the protein. Peptide concentration in the remaining supernatant is quantified using ESI

mass spectrometry and a peptide calibration curve. The ratio of peptide concentration detected on

the protein side of the membrane to the peptide concentration detected on the buffer side of the

membrane indicates binding affinity of each protein. Proteins that show binding using

equilibrium dialysis are further validated using isothermal titration calorimetry (ITC). ITC

estimates the binding affinity using 100 uM protein and 250-1000 uM peptide which are each

dissolved in 5% DMSO in 25mM Tris HCL 100mM NaCl buffer pH 8.0 each. Finally peptide

binding proteins are screened for crystal formation using Hampton Research crystal screening

plates. Crystals are sent for X-ray diffraction and data is collected on ALS beamline. Crystal

structures are solved as described in Hicks et al. 70

3.3 RESULTS

Rosetta based computational methods have previously been shown to successfully

design symmetric cyclic peptides and C2 homo-oligomeric proteins.10,39,70 Taking these scaffolds

as original starting points, We dock and design peptides to bind homo-oligomeric proteins. Then,

https://paperpile.com/c/oTnxO8/I2uR+mBnf
https://paperpile.com/c/oTnxO8/rboE
https://paperpile.com/c/oTnxO8/9W7D+3clN+rboE
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we weaken the protein-protein interface to achieve peptide induced oligomerization (Figure 1).

In order to redesign the protein pores to bind cyclic peptides, we use Rifgen and Rifdock to

generate favorable interactions with the peptide and dock it into thousands of AlphaFold2

validated protein scaffolds (Figure 2a-b and section 3.2.1). Docked protein-peptide complexes

are redesigned using Rosetta’s FastDesign protocol to optimize peptide-protein interaction based

on Rosetta’s energy function (Figure 2c). Finally, designs are filtered using Rosetta interface

filters and AlphaFold2 filters (Figure 2d-e). We use Rosetta’s ddG filter to predict binding

energy between the dimeric protein and the peptide, ContactMolecularSurface to predict the

interaction surface area between the peptide and the protein, and ShapeComplementarity to

predict the interface shape complementarity. These filters are adjusted for each peptide target to

filter out the bottom 90% of designs. The best designs are further filtered using AlphaFold2 to

select proteins that are predicted to fold within 1.6 Å RMSD to the design model with above 80

pLDDT.

This pipeline was applied to three C2 symmetric peptides. We expressed and purified

over a hundred proteins to bind these peptides which were soluble and dimeric by SEC. We used

equilibrium dialysis to test for peptide binding. Approximately 10% of tested proteins show

some peptide binding by equilibrium dialysis (example for one set of tested proteins is shown in

Figure 3). Proteins that show peptide binding using equilibrium dialysis are further validated

using ITC. This led to the validation of binders that range from 30 nM Kd to 200 uM Kd. Finally,

we use protein crystallization screens to validate the structure of peptide binding proteins. The

structure of one peptide binding protein was solved to 2.75 Å resolution (Figure 4). This crystal

matches the design model of the protein-peptide complex to 0.9 Å Cα RMSD showing the

impressive improvements in protein structure prediction and design.
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Figure 1. Schematic of the design approach to generate chemically inducible dimers. (a) We use
de novo designed constitutive homodimer proteins. (b) De novo designed C2 symmetric cyclic
peptides are docked into the protein pockets and the protein is designed using Rosetta to form
favorable interactions with the peptide. (c) The protein-protein interface is weakened through
redesign to achieve peptide dependent oligomerization.

Figure 2. Computational pipeline for designing peptide binding proteins. (a) First, we use Rifgen
to generate inverse rotamer clouds for amino acids that form favorable interactions with the
cyclic peptide. (b) The peptide is docked into the protein pockets with rotation and translation
perturbation around the axis of symmetry using Rifdock. (c) Rosetta is used to design the protein
while maintaining C2 symmetry.  (d) Designs are filtered using Rosetta interface filters such as
interface shape complementarity, ddG, and contact molecular surface. (e) Designs are filtered
using AlphaFold2 structure prediction based on RMSD, pLDDT, and pTM filters.
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Figure 3. Equilibrium dialysis results for one set of proteins designed to bind an eight residue
cyclic peptide. (a) Calibration curve for the peptide as detected by mass spectrometry. (b)
Equilibrium dialysis results for 25 designed proteins. 6uM peptide was incubated against 100 uM
protein on either side of an equilibrium dialysis membrane. The x-axis shows the results for
different protein scaffolds while the y-axis shows the ratio of detected peptide on the protein side
of the membrane to the detected peptide on the buffer side of the membrane. The black line at
peptide ratio is the control with no protein.

Figure 4. Super position of the Crystal structure (purple) of one peptide binding protein to the
designed model (gray). The crystal structure matches the designed model to  0.9 Å Cα RMSD.
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3.4 DISCUSSION

Protein structure prediction has advanced significantly in recent years due to the

development of deep learning methods such as AlphaFold2 and RoseTTAFold.15,75 This

improvement in structure prediction accuracy allows us to design thousands of homo-oligomeric

proteins that match the crystal structure with close agreement and can be used for many

applications.72 These advances aided our efforts to design peptide binding proteins. We

successfully designed cyclic peptide binding proteins with micromolar and nanomolar binding

affinities. We also crystallized protein homodimers that are within 1Å RMSD to the design

model.

Although these advances have improved protein design, accurate peptide binding

affinity prediction is still a limitation. It is difficult to model cyclic peptides’ dynamics,

flexibility, and solvent effects using our current physics base methods on a large scale.

Furthermore, due to the cyclic nature of the peptide and the incorporation of non-canonical

amino acids, current deep learning protein structure prediction tools are unable to predict or

score peptide binding complexes. A variety of new approaches have been developed to solve the

ligand docking and affinity prediction problems. Although these approaches show exciting

potential to solve the ligand docking problem, they still have some limitations.76,77 First, there is

a tradeoff between prediction accuracy and computational cost for the different methods.

Additionally, while deep learning approaches have advanced ligand docking and scoring greatly

in the past year, they are still not very generalizable and have limited accuracy.77

Although nanomolar peptide binding is very exciting, generating more CID systems

will require more high affinity peptide binding proteins. In order to achieve higher affinity

peptide binding, we are currently working on designing high throughput yeast display libraries.

https://paperpile.com/c/oTnxO8/DZWL+UAnH
https://paperpile.com/c/oTnxO8/Yl8T
https://paperpile.com/c/oTnxO8/oMis+eis1
https://paperpile.com/c/oTnxO8/eis1
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We predict that the use of both advanced computational tools and high throughput screening will

lead to more tight peptide binding. We could also use this information to develop deep learning

algorithms to accurately predict cyclic peptide binding affinity.

Additionally, members of the lab are working on weakening the protein-protein

interface (PPI) of current peptide binding homodimeric proteins to establish chemical

inducibility. ProteinMPNN is used to redesign the interface with added alanines and polar

residues to weaken the interaction energy while maintaining backbone structure. 78 PPI redesigns

are then tested using a nanobit assay to validate inducibility. 79 Detailed methods and results for

this chapter will be available with the associated manuscript upon publication.

3.5 CONCLUSION

Although there are multiple chemically inducible dimeric proteins available in the

literature, they have limitations due to off target effects and toxicity. We set out to develop the

first completely de novo CID system using computationally designed de novo proteins and cyclic

peptides. We use in silico validated homodimeric proteins to bind C2 symmetric cyclic peptides.

Using a Rifgen/Rifdock and Roestta design approach, we generate hundreds of thousands of

peptide binding protein models, we test over a hundred proteins experimentally leading to

multiple micromolar and nanomolar peptide binding homodimeric proteins. We also have a

crystal structure of one such complex that matches the design model to 0.9 Å Cα RMSD

suggesting that our computational protein modeling and peptide docking are accurate to sub

angstrom RMSD. While the results are exciting and show the great advances in protein structure

prediction and design, more work is needed to design multiple de novo CIDs. We are currently

working on using high throughput screening methods to achieve higher affinity peptide binding

https://paperpile.com/c/oTnxO8/7NML
https://paperpile.com/c/oTnxO8/Jf4h
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to generate orthogonal CID systems. We are also reengineering proteins so that their

dimerization is dependent on peptide binding to achieve inducibility.
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